Materials and Methods

Mouse models

All animal experiments in this study were performed in accordance with protocols approved by
the Memorial Sloan Kettering Institutional Animal Care and Use Committee (approval number:
11-06-018). Mice were maintained under specific pathogen-free conditions, and food and water
were provided ad libitum. In all experiments with PDAC models, tumors did not exceed a
maximum volume corresponding to 10% of the mouse’s body weight (typically 12 mm
diameter). Mice were evaluated daily for signs of distress or end-point criteria. Specifically, mice
were immediately euthanized if they presented signs of cachexia, weight loss of more than 20%
of initial weight or breathing difficulties, or if they developed tumors of 12 mm in diameter. No

tumors exceeded this limit.

Generation and authentication of KC-shll33 embryonic stem cell clones: KC-sh//33 mouse
embryonic stem (mES) cells were generated by targeting established KC embryonic stem (ES)
cells (Ptfla-cre;LSL-Kras®'?P;RIK; CHC (70)) with two independent GFP-linked //33 shRNAs
(shll33.668 and shll33.327) cloned into miRE-based targeting constructs (7/), as previously
described (70, 72). Targeted ES cells were selected and functionally tested for single integration
of the GFP-linked shRNA element into the CHC locus as previously described (72). Before
injection, ES cells were cultured briefly for expansion in KOSR+2i medium (73). Two clones
(KC- shll33.668 clone 3 and KC-shll33.327 clone 2) were used for cohort generation, single-cell
omics and phenotypic analyses. The identity and genotype of the ES cells, resulting chimaeric
mice and their progeny were authenticated by genomic PCR using a common Collal primer (5'-
CACCCTGAAAACTTTGCCCC-3") paired with a transgene specific primer: shRen.713: 5'-

GTATAGATAAGCATTATAATTCCTA-3'; shll133.668: 5'-TTCAAATGAAACAAAGTCC-3';
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shll133.327: 5'-TTAAAAGTGAAGTTCCTTGGA-3', yielding a product of around ~250 bp. ES

cells were confirmed to be negative for mycoplasma and other microorganisms before injection.

Mouse alleles: All alleles have been previously described. Ptfla-cre (27), LSL-Kras®'*P (74),
p53" (30, 75), CHC (76), and LSL-rtTA3-IRES-mKate2 (RIK) (77) strains were interbred and
maintained on mixed B16/129J backgrounds. Combinations of these alleles enable selective
isolation of epithelial cells from pancreatic tissues. Specifically, we used the pancreas-specific
Cre driver Ptfla-cre and the lineage-tracing allele R/K that, by themselves or in combination

with a Cre-activatable Kras®'?P

allele, enable tagging of pancreatic epithelial cells that contain
wild-type or mutant Kras by the fluorescent reporter mKate2. An additional p53 floxed (p53"")

or mutant (p53%/7°H) allele accelerates the transition to malignancy (30, 75). Table S11

summarizes the nomenclature used for multiallelic strains used in this work.

Cohort generation: C, KC and KPC mice were generated by strain intercrossing. To generate
KC-shRen and KC-sh//33 mice, chimaeric cohorts of male mice derived from the ES cells
described above were generated by the Center for Pancreatic Cancer Research (CPCR) at
Memorial Sloan Kettering Cancer Center (MSKCC) or the Rodent Genetic Engineering Core at
New York University as previously described (70). Only mice with a coat color chimaerism of

over 95% were included for experiments.

Acute pancreatitis: To compare the effects of tissue injury in the transcriptional and chromatin
accessibility landscapes of mutant-Kras-and wild-type-Kras-expressing pancreatic epithelial
cells, C, KC, KC-shRen or KC-sh/l33 5-week-old male mice were treated with eight-hourly

intraperitoneal injections of 80 pg per kg of caerulein (Bachem) or PBS for two consecutive
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days. Mice from the same genotype and age groups were randomly assigned to PBS and

caerulein sex-matched groups.

Epithelial-specific //33 perturbation: For induction of shRNA expression, KC-shRen or KC-
sh//33 mice were switched to a doxycycline diet (625 mg per kg, Harlan Teklad) that was
changed twice weekly at 4 weeks of age to induce shRNA expression, and were subsequently
treated with caerulein (acute pancreatitis protocol) 6 days thereafter to study contribution to cell-

cell networks and tissue phenotype during injury (pancreatitis)-accelerated neoplasia.

Sample collection timepoints: Samples were collected to span the entire range of PDAC
progression, from initiation to metastasis. In malignant tissue states (K5, K6), PDAC cells were
isolated from primary or metastatic cancer lesions arising in autochthonous transgenic models
(KPC) that were macro-dissected away from pre-malignant or normal tissue. Table S8

summarizes the conditions and timepoints of sample collection.

Immunofluorescence, immunohistochemical and H&E staining

Data collection: Tissues were fixed overnight in 10% neutral buffered formalin (Richard-Allan
Scientific), embedded in paraffin, cut into 5 um sections, and immunofluorescence (IF),
immunohistochemical (IHC) or H&E stainings were performed following standard protocols, as
previously described (23). The following antibodies were used: mKate2 (Evrogen Cat# AB233,
RRID:AB 2571743, 1:1000), CD45 (Abcam Cat# ab25386, RRID:AB_470499, 1:100), TFF1
(Cedarlane/OriGene Technologies Cat# TA322883, 1:100), GFP (Abcam Cat# ab13970,

RRID:AB 300798, 1:1000), IL-33 (R and D Systems Cat# AF3626, RRID:AB 884269, 1:150),



FoxP3 (Thermo Fisher Scientific Cat# 14-5773-82, RRID:AB 467576, 1:100), MSN
(Proteintech Cat# 26053-1-AP, RRID:AB 2880353, 1:100), E-cadherin (BD Biosciences Cat#
610181, RRID:AB 397580, 1:500), AGR2 (Novus Biologicals Cat# NBP2-27393, 1:200). CD45
IHC was performed on a Bond Rx autostainer (Leica Biosystems) with Histowiz. H&E and IHC
slide scanning was performed with Histowiz. IF images were acquired on a Zeiss Axiolmager
microscope using a 10x (Zeiss NA 0.3) or 20x (Zeiss NA 0.17) objective, an ORCA/ER CCD

camera (Hamamatsu Photonics), and Axiovision or Zeiss (ZEN 2.3) software.

Computational image analysis: To analyze IF images (Fig. SC,D), we first segmented them into
individual cells. For segmentation, we sharpened the nuclear staining DAPI channel by
subtracting a smoothed version of the image, blurred with Gaussian with a standard deviation of
20, followed by logging with a pseudo-count of 1, thresholding to the bottom 10th and top 99th
percentiles, and scaling between 0 and 1. Mesmer (66), the current state-of-the-art bioimage
segmentation algorithm, requires both a nuclear and membrane marker. As we lack an explicit
membrane marker, we sought to forge a pseudo-channel from the reciprocal of the processed
DAPI image under the assumption that in dense tissues such as the pancreas, there would most
likely be a cell membrane wherever there are no nuclei. We visually inspected that Mesmer
under this configuration works well, and from the segmentation masks, measured the average

raw marker intensity in each segmented cell.

As fluorescent intensities varied between samples, we carried on individual analysis for each and
phenotyped cells based on deviations from average expression within each sample. Based on z-
scored logged expression profiles, with a pseudo-count of 0.1, our positivity threshold for FoxP3,

CD3, IL-33 and ECAD was 2.3, 0.5, 1 and 0.5 respectively. Cells which were positive for both



FoxP3 and CD3 we marked as Tregs, cells positive for ECAD and IL-33 as IL-33" Epi, and cells

ECAD" and IL-33" as IL-33" Epi.

To ascertain whether Tregs were in proximity to IL-33" Epi cells, we measured the distance from
each Treg to its closest IL-33" Epi cell. We subset only to Tregs that were no further than 32.5
um from any epithelial cells, to remove confounding effects from cells which were too far to
interact with either IL-33" or IL-33" Epi cells. For a comparative null distribution, we randomly
sample n epithelia cells, where n is the number of IL-33" Epi cells in the sample, and measured
the distance of each Treg to the closest cell in the random sample, doing so 100 times, each time
selecting a new random sample for increased statistical power. Using a two-sided t-test, we
found that Tregs were significantly closer to IL-33" Epi cells compared to IL-33" Epi cells in all 7
images across 5 individual mice, with the largest p-value being p = 1.493 - 10~3. When looking

at the distances measured from all samples, the p-value was p = 1.565 - 107131,

Imaging Mass Cytometry (IMC)

Antibodies were optimized via immunofluorescence and conjugations were carried out in house
and by the Single Cell and Imaging Mass Cytometry Platform at the Goodman Cancer Research
Centre (McGill University), using Maxpar Conjugation Kits (Fluidigm), according to
manufacturer’s instructions. Deparaffinization and heat-induced epitope retrieval were
performed using the Ventana Discovery Ultra auto-stainer platform (Roche Diagnostics). FFPE
slides were incubated in EZ Prep solution (preformulated, Roche Diagnostics) at 70 °C to

deparaffinize, followed by antigen-retrieval in standard Cell Conditioning 1 solution (CCl1,
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preformulated; Roche Diagnostics) at 95 °C. Slides were then washed in 1x PBS, blocked in
Dako Serum-free Protein Block solution (Agilent), followed by antibody staining overnight at

4 °C as described by Fluidigm for FFPE tissues. Tissues were stained with a panel of multiplexed
metal-conjugated antibodies (Table S9 specifies the antibodies and metals shown in Fig. S13).
IMC images were acquired at a resolution of roughly 1 pm, frequency of 200 Hz and area of

1 mm?, with Hyperion Imaging System and CyTOF Software v7.0.8493.0. (Fluidigm).

Sliding windows were used to extract regional information from the Imaging Mass Cytometry
image data. The size of the window was 30x30 pixels. The images were padded with 0 values to
be exact division of the window size. The average value of a maker is used to represent the

marker expression in the window (Fig. S13C,D).

Single Molecule Fluorescence in situ Hybridization (smFISH) collection

Probe design for multiplex single molecule FISH: We built upon published software (78, 79) to
design custom panels for single molecule mRNA FISH. This design strategy relies on pre-
computation of all possible 30 mer sequences found in mouse cDNAs (Ensembl GRCm38.p6),
augmented with coding sequences of fluorescent proteins engineered into our mouse model. We
excluded pseudogenes from the potential pool of mRNAs to design probes for. We compute
multiple scores for each 30 mer, including Tm, GC content, and potential for hybridization with
rRNAs and tRNAs. We used the following parameters to include a 30 mer into our candidate
probe-set: GC-content (43-63%), Tm (66-76C), excluding 30 mers that contain at least a 15 mer

present in a rRNA or tRNA.



In addition, we computed expression-informed penalties to estimate the specificity of each
candidate probe. We adapted published software (78, 79) to include single-cell information into
the estimation of specificities scores. We reasoned that incorporating single-cell information
would decrease the chances of selecting probes with off-target binding to highly-expressed genes
in rare cell populations. To do so, we considered our single-cell data from epithelial and immune
compartments of the injured pancreas. Furthermore, we leveraged published single-cell profiling
of pancreatic tissue in a timecourse of Kras-driven transformation to incorporate information
about fibroblast, pericyte and endothelial gene expression (52). Since our spatial analysis is
focused on the pre-malignant-stage of pancreatic tumorigenesis, we excluded cancer-associated

samples for the purpose of computing specificity scores.

To summarize single-cell gene expression as a function of cell-state in distinct cellular
compartments (epithelial, immune, fibroblast, pericyte and endothelial), we used SEACells
(v0.2.0), a recently developed algorithm for the identification of compact single-cell
neighborhoods, or metacells, that collectively recapitulate heterogeneity in single-cell data,
including rare cell-states (47). For each cellular compartment, we used standard log library-size
normalization and dimensionality reduction using principal component analysis (PCA)
(n_pcs=100) for pre-processing. Next, we ran SEACells, using the following parameters:
n_waypoint_eigs = 10 (default) and waypoint proportion = 0.9 (default). Since cellular
compartments differ in terms of dataset size and cell-state heterogeneity, we selected the number
of metacells per compartment such that the median number of individual cells per metacell was

comparable between cellular compartments:

e Epithelial: 300 metacells, median size = 79 individual cells



e Immune: 150 metacells, median size = 69.5 individual cells

e Fibroblasts: 100 metacells, median size = 88 individual cells

e Pericytes: 15 metacells, median size = 63 individual cells

e Endothelial: 50 metacells, median size = 85.5 individual cells

Next, we computed a summarized gene expression matrix X of dimensions n x m, where n is the
number of metacells across all cellular compartments, and m is the number of genes in the
dataset. In this matrix, xij is the average normalized linear counts of gene j across individual cells
in metacell i. We normalized our summarized expression matrix X by dividing each row by the
total counts per metacell, and scaled by an arbitrary factor of 2000. Lastly, we identified the
maximum expression per gene across all metacells, and used these as inputs to compute
specificity penalties during probe design. This strategy penalizes off-target binding to highly

expressed genes, even when such high expression occurs in a rare subpopulation of cells.

Transcription-wide specificity was computed as published (78), with the exception that we
assumed that all isoforms of a given gene contribute uniformly to its total expression. We
operated under this assumption because our single-cell datasets lack isoform-specific expression
information. To compute the specificity score, each 30 mer was represented as a collection of
overlapping 17 mer sequences (sliding windows with 1 bp shift). For each 17 mer, we calculated
the fraction of times such sequence came from the on-target gene (any isoform) out all the times
it appeared in the transcriptome, weighing occurrences by gene expression, to penalize off-target
binding to highly-expressed genes. A final score was computed for each 30 mer by averaging the

specificity scores of its constituent 17 mers. This specificity score ranges from 0 (when none of
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the occurrences would come from the on-target gene) to 1 (when all occurrences come from the
on-target gene). Following suggested parameters from the original MERFISH publications (78,
79), we considered 30 mers with a specificity score greater than 0.75 as candidates for our

panels.

Pre-computed 30 mer sequences that passed the aforementioned filters were used to compile
primary probes for a select list of query genes. We selected Ensembl canonical isoforms to
design probes against a particular gene. We aimed to select 92 non-overlapping probes per gene.
Whenever this wasn’t possible due to transcript length, homology to other genes, or other
sequence properties, we allowed a maximum overlap of 20 bp between probes. The use of
overlapping probes was previously reported to maximize smFISH signal (80) due to the
probabilistic nature of probe-mRNA binding. Lastly, we appended readout sequences to each
probe, which serve as recognition sequences for fluorescently labeled readout probes. In the case
of genes for which we were not able to generate at least 75 probes, we added two or four copies
of the selected readout sequence in order to amplify the fluorescent signal coming from such

probes. Sequences of probes used in this study are included in Table S10.

Sample preparation for multiplex single molecule FISH: Dissected pancreata were rinsed in 1X
PBS at room temperature, and fixed with 4% PFA 1X PBS solution for 3-4 h at 4 °C. Tissues
were then transferred to 4% PFA 30% sucrose 1X PBS, and incubated overnight at 4 °C (81).
For long-term preservation, fixed tissues were rinsed in 1X PBS, gently dried with a Kimwipe,
and submerged in Tissue Plus O.C.T. Compound (Fisher Healthcare, 4585) in a cryomold
(Tissue-Tek, 4557). Molds were placed on dry ice until all O.C.T. was visibly frozen, and stored

at -80 °C long-term.



Coverslip preparation for smFISH staining: Coverslips for smFISH staining were prepared as
previously described (82). Briefly, 40 mm-diameter #1.5 coverslips (Bioptechs, 0420-0323-2)
were cleaned in batches by arranging them in a wafer boat (Entegris A23-0215) and immersing
them in a 1:1 mix of 37% HCI and methanol at room temperature for 30 min. Coverslips were
then washed 2 times with Milli-Q water, and one time with 70% ethanol, followed by gently
drying with nitrogen gas. Cleaned coverslips were coated with a silane layer to allow
stabilization of a polyacrylamide gel during smFISH staining, following published protocols
(82). To do so, coverslips were submerged in 0.1% (vol/vol) triethylamine (Millipore, TX1200)
and 0.2% (vol/vol) allyltrichlorosilane (Sigma, 107778) in chloroform for 30 min at room
temperature. They were washed once with chloroform, once with 100% ethanol and dried up

using nitrogen gas. Coverslips were stored long-term in a desiccated chamber.

Poly-lysine coating of coverslips: To prepare coverslips for staining individual samples, silinized
coverslips were coated with 0.1 mg/mL Poly-D lysine (Thermo Scientific A3890401) at room
temperature for 1 h in a 6 cm tissue culture plate. They were then washed 1 time with 1X PBS,
and 3 times with nuclease-free water. Coverslips were lifted after each wash, using either
tweezers or a needle, to ensure that both sides of the coverslips were exposed to the solution.
Coverslips were left to dry for at least 2 h in a tissue culture hood before proceeding to tissue

sectioning.

Tissue sectioning, fixation and permeabilization for smFISH staining: Tissue section preparation
was conducted following published protocols (87). Tissue sections of 10 um thickness were
collected using a cryostat, and mounted into poly-D lysine coated coverslips. Coverslips and

tissue sections were placed face-up on a 6 cm tissue culture dish, which was used as a vessel



format for all subsequent wash/incubation steps. Coverslips were dried for 5-10 min at 50 °C and
placed on dry ice until completion of sectioning of all samples. Next, plates with coverslips were
transferred to ice, and treated with 3 mL 1X PBS to melt the O.C.T., and fixed at room
temperature with 4% PFA 1X PBS for 10 min. Coverslips were then washed three times with 1X
PBS, and treated with ice-cold 70% ethanol and maintained at 4 °C overnight for

permeabilization.

Pre-staining treatment of permeabilized tissues: After overnight incubation with 70% ethanol,
coverslips were rehydrated with 1X PBS on ice for 10 min. To bleach endogenous fluorescence
of lineage reporters, tissues were exposed to a bleaching solution composed of 3% hydrogen
peroxide (Fisher, H325-500), 1:600 37% HCI (vol/vol) 1X PBS, and placed under a heat lamp
for 1 h (83). They were then washed 2 times with 1X PBS, and one time with 2X SSC. Next,
they were treated with pre-warmed (37 °C) digestion solution containing a final concentration of
20 pg/mL proteinase K (Sigma, 3115836001) 2X SSC solution, and incubated at 37 °C for 10
min. This step is suggested for enhancing permeabilization of probes in an optimized protocol
for RNA staining in pancreatic tissue (87). To remove proteinase K, coverslips were washed 3
times with 2X SSC. To prepare coverslips for hybridization, they were treated with pre-
hybridization solution, composed of 30% formamide (Thermo Scientific, AM9344) 2X SSC and

incubated for at least 3 h at 37 °C, as previously described (87).

Staining with primary probes: Primary probes were diluted at a 100 nM final concentration per
probe in 3H staining buffer, composed of 30% formamide, 10% dextran sulfate (Sigma Aldrich,
D8906-50G), 1 mg/mL yeast tRNA (Thermo Fisher Scientific, 15401029) 2X SSC (82). In

addition, this staining solution had a final concentration of 2 uM anchor probe, a 15 nt sequence



of alternating dT and thymidine-locked nucleic acid (dT+) with a 5'-acrydite modification
(Integrated DNA Technologies), designed to anchor all poly-adenylated RNAs to a
polyacrylamide gel in subsequent steps. Next, hybridization chambers were prepared by
attaching parafilm on the surface of a 6 cm tissue culture dish. Upon completion of pre-
hybridization incubation, a 100 puL droplet of hybridization solution + probes (100 nM per probe)
was placed on the center of the hybridization chamber, and coverslips were placed face down so
that the hybridization solution uniformly covered the tissue, taking care of removing bubbles that
may have formed in the parafilm-coverslip interface. Hybridization chambers were placed on a

15 cm dish, with a wet Kimwipe used as a humidity buffer, and incubated at 37 °C for 36 h-48 h.

Post-hybridization wash: Upon completion of incubation with primary staining solution, post-
hybridization wash buffer composed of 30% formamide 2X SSC was prepared, and pre-heated to
37 °C. Coverslips were then washed face-up with post-hybridization wash buffer at 47 °C for 30
min. This washing step was repeated for a second 30 min incubation with fresh post-
hybridization wash buffer. Lastly, coverslips were transferred to 2X SSC solution and

maintained at 4 °C until the next step.

Gel embedding: Samples were embedded on a thin layer of polyacrylamide gel, to allow
subsequent tissue-clearing through digestion of protein and lipids. To prepare the workspace for
gel embedding, microscope glass slides (Premier, 6101) were washed with 70% ethanol and
RNAse away (Fisher Scientific, 21-402-178), placed on top of a lab bench, and covered with 0.5
mL gel slick (Lonza, 50640), the excess of which was cleaned with a Kimwipe. The gel solution
was composed of 4% (vol/vol) of 19:1 acrylamide/bis-acrylamide (BioRad, 1610144), 60 mM

Tris-HCI pH 8 (Invitrogen, 15568-025), 0.3 M NaCl (Boston Bioproducts, R-244), supplemented



with the polymerizing agents ammonium persulfate (Sigma, 09913) and TEMED (Sigma,
T7024) at final concentrations of 0.03% (wt/vol) and 0.15% (vol/vol), respectively, as previously
described (82). The solution was then degassed using a vacuum chamber (Thermo Scientific,
53050609) until bubbles stopped rising to the surface of the solution. Coverslips were rinsed two
times with gel solution. A 100 uL droplet of gel solution was placed on a glass slide, and
coverslips were placed face-down on the slide so that the gel solution spread evenly at the slide-
coverslip interface. Polymerization completed in the course 2 h at room temperature, after which
gel-embedded coverslips were lifted from the glass slide with the aid of a razor-blade, and

transferred to a 6 cm tissue culture dish with 2X SSC.

Digestion: Gel embedded samples were subjected to an overnight treatment with digestion
solution, aimed at clearing proteins and lipids from the samples, improving the signal to noise for
RNA detection. Digestion solution was composed of 2% SDS (Invitrogen, AM9822), 0.25 %
TritonX (Acros organics, 327371000), 1:100 dilution of proteinase K (NEB, P8107S) 2X SSC.
Samples were incubated overnight in digestion solution at 37 °C. Following overnight digestion,
samples were rinsed one time with 2X SSC, transferred into a separate plate with 2X SSC, and
washed for 30 min with gentle agitation. The 2X SSC solution was replaced, for a second 30 min

wash.

Staining with secondary probes: We used readout probes constituted by a 20 bp oligonucleotide
conjugated to a fluorophore (Alexa Fluor 488, Cy3B, Cy5 or Alexa Fluor 750) via a disulfide bond.
Fluorescent conjugated probes were purchased from Biosynthesis Inc. The secondary staining
solution was composed of 5% ethylene carbonate (Sigma Aldrich, E26258-100G) 2X SSC. The

secondary staining solution was supplemented by a secondary readout probe for each fluorescent



color at a 3 nM final concentration, and with DAPI at a 1 uM final concentration. Secondary
staining was conducted following the same procedure for the primary staining step with the
exception that it was conducted for 20 min at room temperature, covering samples with aluminum
foil. Following hybridization, samples were washed once with a 10% ethylene carbonate 2X SSC

solution for 20 min with gentle agitation, and three times with 2X SSC for 5 min per wash.

Iterative smFISH imaging: We prepared the following buffers for iterative smFISH imaging: (1)
Wash buffer: 10% ethylene carbonate 2X SSC, 2.5 mL per staining round; (2) Cleavage buffer:
10% TCEP (Sigma-Aldrich, 646547-10X1ML) 2X SSC, 3 mL per cleavage round. TCEP in the
cleavage buffer allows reduction of disulfide bond linking fluorophores to oligonucleotides in
readout probes for rapid extinction of fluorescent signal; (3) Imaging buffer: 10% glucose 2X
SSC, supplemented with catalase (Sigma-Aldrich C3515, 17.5 pg/mL final concentration) and
glucose oxidase (Sigma-Aldrich, G2133; 1.4 mg/mL final concentration), 2 mL per imaging
round. Imaging buffer was stored under a layer of 1.5 mL mineral oil to minimize oxygen in
solution during sequential rounds of staining and imaging; (4) 2X SSC, 40-50 mL per
experiment. Furthermore, we prepared readout probe mixes for each round of staining. Readout
probes were diluted to a final 3 nM concentration per probe, in 5% ethylene carbonate 2X SSC,
supplemented with Murine RNAse inhibitor (NEB, M03148S; 1:400 dilution). Combinations of
readout sequences and target mRNA species are defined in Table S10. Buffers and readout
probe mixes were loaded into a custom-build fluidics control system (84) that can interface with

the NIS Elements image acquisition software (v 5.31.02) using custom macros.

Coverslips were mounted in a commercial flow chamber (Bioptechs, FCS2) sandwitched
between a 0.75 mm-thick flow chamber gaskets (Bioptechs, 1907-100; DIE, F18524), a micro-
aqueduct slide (Bioptechs, 130119-5NC) and a second 0.75 mm-thick flow chamber gaskets
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(Bioptechs, 1907-100; DIE, 449673-A), as previously described (78). To mount samples into the
flow chamber, we first cut the gel so that it would fit in its entirety within the rectangular
opening of the flow chamber gasket. We placed the flow chamber for imaging on a Nikon Ti2
inverted microscope using the FCS2 stage adapter (Bioptechs, 060319-2-2611), and used our
fluidics system to flow in 20X SSC into the sample in order to eliminate bubbles in the tubbing
and chamber. Next, we flowed imaging buffer into the sample and generated a low magnification
map of the entire tissue using a 20X Plan APO objective (Nikon, MRD00205). We then switch
objectives to a high magnification 60X Plan APO immersion oil objective (N.A. 1.4, W.D. 0.13
mm, FOV 25 mm; Nikon, MRD01605) required to resolve individual mRNAs. We used tape to
minimize the movement of the plate-holder during sequential rounds of imaging, which we

found to be important to prevent positional drift throughout the experiment.

Imaging cycles were conducted using the following parameters:

e Staining. Flow staining buffer for 4 min at a rate of 0.5 mL/min. Incubate for 20 min.

e Wash. Flow wash buffer for 5 min at a rate of 0.4 mL/min.

e Imaging. Flow imaging buffer for 3 min 40 seconds at a rate of 0.5 mL/min. Take 7 z-
stacks per field of view, using a 1 um step size, for a coverage of -3 um to 3 um around

the mid-plane, using perfect focus throughout the entire experiment.

o C(leavage. Flow cleavage buffer for 4 min at a rate of 0.5 mL/min. Flow cleavage buffer
for 10 min at a rate of 0.1 mL per min. Incubate for 10 min. Flow 2 X SCC for 5 min at a

rate of 0.5 mL per minute.
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To verify that each cleavage round effectively eliminated fluorescent signals, and to allow
identification and computational subtraction of autofluorescence from non-cleavable sources, we
took images after each staining and cleavage round. In addition, we collected images from FOVs
without tissue or sources of bright autofluorescence that would allow us to estimate non-uniform
illumination and detection profiles in each fluorescent channel, and correct for these in

downstream image processing steps.

smFISH image processing and analysis

Initial processing: To collapse z-stacks into a single 2D image, maximum projection images were
generated using the Nikon Elements software’s maximum projection function. After each round
of FISH imaging, we took an additional image with cleaved fluorophores to capture the
background signal for each channel. As the microscope has unequal sensitivity to the 5 different
fluorophores, we also imaged each fluorophore’s flat field to capture its bias. We corrected raw
FISH images by subtracting the background signal of each gene and then dividing by the flatfield

bias of the conjugated fluorophore, then thresholding to 0 to correct any negative-valued pixels.

We used the DAPI image from the first round of staining to perform nuclear segmentation on our
corrected iterative FISH data. For accurate segmentation, we first sharpened the DAPI staining
by applying an inverse blur filter, subtracting the original image blurred with a Gaussian with
standard deviation of 20 pixels from the original images, multiplying by a factor of 2, and adding
that to the original images. We rectified any pixels with values below zero, log-transformed the

image with a pseudocount of 1 to sharpen, thresholded the log-transformed image to between the



20th and 95th percentile, and scaled resulting pixel values to between 0 and 1. We applied
Mesmer (66) for segmentation with the approach described above in “Immunofluorescence,

immunohistochemical and H&E staining.”

Segmented cell phenotyping: To analyze individual cells in our smFISH data, we summarized
gene expression per cell by averaging the signal for each gene over all pixels within each
segmentation boundary. The resulting cell-by-gene expression matrix was subjected to PCA for
dimensionality reduction. The first PC correlated strongly with the total signal per cell (sum of
signal across all genes), an artifact which may relate to technical distortions across or within
single FOVs. We thus performed all downstream analysis on the first 50 PCs excluding PC1 to
limit the impact of this technical bias. We also excluded 6 out of 47 FOVs which appeared as
outliers in embeddings even with PC1 exclusion. Known co-expressed markers (Msn, Nes, and
Cd44, all of which mark progenitor-like cells) were much more coherent in 2D embeddings
compared to embeddings that include PC1, which would otherwise be heavily skewed by total
signal per cell. In particular, by excluding PC1, RIK allele expression marking epithelial cells
became clearly separated from non-epithelial (stromal and immune) populations in 2D space.
This enabled coarse phenotyping of each population by first selecting epithelial cells with high
RIK expression (signal > 0.5, determined by inspection of the total RIK distribution and

thresholding for the upper mode).

We re-computed PCA on epithelial cells, discarding PCs with high total signal correlation as
above. In a 2D embedding built on these PCs, we noticed a continuum spanning progenitor-like
(Msn*, Nes™) and gastric-like (Anxal0*, Gknl") populations, with many cells apparently

intermediate for markers of both or lacking expression of either. To annotate cells, we thus



inspected the relative expression of these marker sets across cells to determine four categories:
progenitor-like, gastric-like, transitional (spanning progenitor and gastric phenotypes), or neither.
This was accomplished by first clustering epithelial cells with PhenoGraph (k = 30) (85) based
on log-expression (pseudocount = 0.1) of these 4 markers. This clustering was found to more
faithfully capture the distinction between states than clustering based on all markers imaged,
which contributed noise in cases where markers were not expressed highly or robustly. As such,
inspection of per-cluster marker expression allowed annotation of the four aforementioned
classes, visualized in Fig. S3E. Gastric and progenitor annotations were used for downstream

spatial proximity analyses described below.

Spatial Proximity Analysis: We sought to explore the spatial distribution of several cell-states
identified using single-cell RNA-seq data, including those identified with the Calligraphy
algorithm (see “Heterotypic cell-cell communication analysis with Calligraphy” below) as
participating in specific receptor-ligand-driven communication events. In particular, we set out to
determine whether computationally predicted “sending” gastric populations (expressing ligands
Sppl, 1118) and the “recipient” progenitor cells (expressing receptors Cd44, I118r1) are in close
spatial proximity based on smFISH data (see Fig. 4F). To this end, we leveraged gastric and
progenitor cell annotations above along with expression of receptor and ligand genes to identify
sending and receiving cells. We began by ensuring that gastric and progenitor marker genes used
for phenotyping (see “Segmented cell phenotyping” above) are indeed expressed in the same
cells as the receptors and ligands of interest (Fig. S7B). Then, within each gastric or progenitor
category, we identified cells with high levels of expression of both ligands or both receptors
respectively. Specifically, each gastric cell expressing both ligands above their 25th percentile

was considered a sending cell, and each progenitor cell expressing both receptors above their
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25th percentile is likewise considered a receiving cell. This approach identified 1,503 sending
cells and 1,989 receiving cells out of 8,789 total epithelial cells, several of which are visualized

in close spatial proximity in Fig. 4G.

To test the significance of spatial proximity between pairs of cell-states, we first computed the
distance between each receiving progenitor cell (double positive for both receptors) and its
closest sending gastric cell (double positive for both ligands). As a negative control, we
computed the distance between the receiving cell and 100 randomly selected non-sending gastric
cells (not positive for both ligands) within the same FOV. If fewer non-sending (control) cells
than sending cells existed in a particular FOV, we discarded that receiving cell from the analysis,
so as to not bias the results based on regions with low heterogeneity. We then applied an un-
paired t-test to determine the statistical significance of the difference between distances spanning

receiving cells and sending versus non-sending cells (Fig. 4H).

Tissue dissociation and single cell analyses (scRNA-seq, scATAC-seq, bulk ATAC-seq)

For scRNA-seq and scATAC-seq collection, lineage-traced (mKate2 ") epithelial cells or CD45"
immune cells were freshly isolated from pancreatic tissues from C, KC, KPC, or KC-shRNA
mice by FACS sorting. Specifically, pancreases were finely chopped with scissors and incubated
with digestion buffer containing 1 mg/mL collagenase V (Sigma-Aldrich, C9263), 2 U/mL
Dispase (Life Technologies, 17105041) dissolved in HBSS with Mg?" and Ca** (Thermo Fisher
Scientific, 14025076) supplemented with 0.1 mg/mL DNase I (Sigma, DN25-100MG) and 0.1

mg/mL soybean trypsin inhibitor (STI) (Sigma, T9003), in gentleMACS C Tubes (Miltenyi
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Biotec) for 42 min at 37 °C using the gentleMACS Octo Dissociator. Normal (non-fibrotic)
pancreas samples were dissociated as above, except that the digestion buffer contained 1 mg/mL
collagenase D (Sigma-Aldrich, 11088858001) instead of collagenase V. After enzymatic
dissociation, samples were washed with PBS and further digested with a 0.05% solution of
Trypsin-EDTA (15400054, Thermo Fisher Scientific) diluted in PBS for 5 min at 37 °C. Trypsin
digestion was neutralized with FACS buffer (10 mM EGTA and 2% FBS in PBS) containing
DNase I and STI. Samples were then washed in FACS buffer containing DNase I and STI, and
filtered through a 100 pum strainer. Cell suspensions were blocked for 5 min at room temperature
with rat anti-mouse CD16/CD32 with Fcblock (BD Biosciences, Clone 2.4G2) in FACS buffer
containing DNase I and STI, and an APC-conjugated CD45 antibody (Clone 30-F11, Biolegend,
1:200) or APC-Cy7 CD45 antibody (Clone 30-F11, Biolegend, 1:200) was then added and
incubated for 10 min at 4 °C. Cells were then washed once in FACS buffer containing DNase |
and STI, filtered through a 40 pum strainer and resuspended in FACS buffer containing DNase |
and STI and 300 nM DAPI as a live-cell marker. Sorts were performed on BD FACSAria I or
BD FACSAria III cell sorters (Becton Dickinson) for mKate2 (co-expressing GFP for on-
doxycycline shRNA mice), excluding DAPI" and CD45" cells. FACS-sorted cells were collected

in 2 % FBS in PBS.

FACS-based Immunophenotyping

Collection of immune cells for immunophenotyping followed the dissociation protocol used to
isolate epithelial cells, with the following differences: (i) digestion buffer did not include

dispase, and (i1) trypsin digestion step was not performed, to optimally preserve surface epitopes.
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For multi-parametric flow cytometry analysis, cell suspensions were stained with LIVE/DEAD
fixable viability dye (Invitrogen) for 30 min at 4 °C. After this, cells were washed, incubated
with Fc block (BD, 1:200) for 15 min at 4 °C, and then stained with a cocktail of conjugated
antibodies for 30 min at 4 °C. After staining cells were washed and fixed (BD Cytofix) for 20
min at 4 °C, washed again, and stored for analysis. Samples were analyzed in a BD LSRFortessa

with 5 lasers, where gates were set by use of fluorescence-minus-one (FMO) controls.

The following antibodies were used to quantify the fraction and identity of ILIRL1 ST2 receptor
expressing cells: AF700 CD45 (clone 30-F11; BioLegend Cat# 103128, RRID:AB_493715),
BUV395 CD11b (clone M1/70; BD Biosciences Cat# 563553, RRID:AB 2738276), PerCP
Cy5.5 Nkp46 (clone 29A1.4; BioLegend Cat# 137609, RRID:AB_10642684), PE eFluor 610
CD3e (clone 145-2C11; Thermo Fisher Scientific Cat# 61-0031-82, RRID:AB 2574514), PE
Cy7 CDS (clone 53-6.7; BioLegend Cat# 100722, RRID:AB_31276), Strep BUV661 (BD
Biosciences Cat# 612979, RRID:AB_2870251), biotin-ST2 (clone RMST2-33; Thermo Fisher
Scientific Cat# 13-9333-82, RRID:AB 2572809), BV650 CD19 (clone 1D3; BD Biosciences
Cat# 563235, RRID:AB_2738085), APC-Cy7 Grl (clone RB6-8C5; BioLegend Cat# 108424,
RRID:AB 2137485), BV605 CD4 (clone RM4.5; BD Biosciences Cat# 563151,

RRID:AB 2687549), APC F4/80 (clone BMS; BioLegend, 123116), BV785 CD44 (clone IM7;
BioLegend Cat# 103041, RRID:AB 11218802), BV711 EpCAM (clone G8.8; BioLegend Cat#
118233, RRID:AB _2632775), PE CD11c (clone N418; BioLegend Cat# 117307,

RRID:AB 313776), FITC MHCII (clone M5/114.15.2; Thermo Fisher Scientific Cat# 11-5321-

82, RRID:AB 465232).
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Encapsulation and sequencing of scRNA-seq samples

Cells were resuspended in 1X PBS and BSA (0.04%) and checked for viability using 0.2% (w/v)
Trypan Blue staining (Countess II). All sequencing experiments were performed on samples with
a minimum of 80% viable cells. Single-cell encapsulation and scRNA-seq library prep of FACS-
sorted cell suspensions was performed on the Chromium instrument (10x Genomics) following
the user manual (Reagent Kit 3’ v2). Each sample loaded onto the cartridge contained
approximately 5,000 cells at a final dilution of ~500 cells/pul. Transcriptomes of encapsulated
cells were barcoded during reverse transcription and the resulting cDNA was purified with
DynaBeads, followed by amplification per the user manual. Next, the PCR-amplified product
was fragmented, A-tailed, purified with 1.2X SPRI beads, ligated to sequencing adapters and
indexed by PCR. Indexed DNA libraries were double-size purified (0.6-0.8X) with SPRI beads
and sequenced on an Illumina sequencer (R1 — 26 cycles, 17 — 8 cycles, R2 — 70 cycles or higher)
to a depth of >50 million reads per sample (>13,000 reads/cell) at MSKCC’s Integrated

Genomics Operation Core Facility.

Encapsulation and sequencing of scATAC-seq samples

Approximately 50,000 mKate2" epithelial (mKate2";CD457;DAPI") cells were isolated from

pre-malignant pancreata by FACS and subjected to scATAC-seq protocol (10X Genomics,
CGO000168 RevA) (86). In brief, FACS-sorted cells were lysed in cold lysis buffer (0.1% NP-40,
0.1% Tween 20, 0.01% digitonin, 10 mM NaCl, 3 mM MgCl; and 10 mM Tris-HCI (pH 7.4)),

washed and processed according to ‘Nuclei Isolation for Single-Cell ATAC Sequencing’
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protocol (CG000169 RevD), according to the manufacturer’s instructions. The resulting nuclei
suspension was subjected to transposition reaction for 60 min at 37 °C and then encapsulated in
microfluidic droplets using a 10X Chromium instrument following the manufacturer’s
instructions with a targeted nuclei recovery of approximately 5,000. Barcoded DNA material was
cleaned and prepared for sequencing according to the Chromium Single Cell ATAC Reagent
Kits User Guide (10X Genomics; CG000168 RevA). Purified libraries were assessed using a
Bioanalyzer High-Sensitivity DNA Analysis kit (Agilent) and sequenced on an Illumina platform
at approximately 150 million reads (R1 50 bp, R2 50 bp, 17 8 bp, 15 16 bp) per 1 sample (around

5,000 nuclei) at MSKCC'’s Integrated Genomics Operation Core.

Single-cell RNA-seq data processing and basic analysis

Custom cluster-based filtering pipeline: All scRNA-seq datasets were initially processed (de-
multiplexed, barcode-corrected, aligned, UMI-corrected) with SEQC (64) using mouse genome
mm10 and default parameters for the v2 3° scRNA-seq kit. After constructing a preliminary
molecule count matrix from all barcodes, SEQC filters empty drops and poor quality cells using
four main criteria: cell library sizes (total transcript counts), cell coverage (average reads per
molecule), mitochondrial (MT) RNA content reflecting dead or dying cells, and library
complexity (number of unique genes captured by library size). However, we find that SCRNA-
seq data from pancreas are prone to increased technical noise, including higher MT RNA
expression; thus, we opted to bypass SEQC’s automated filtering to ensure our analysis did not
inadvertently discard relevant cells. Instead, we developed a manual, cluster-based filtering

pipeline that relies on the metrics listed above plus additional inclusion criteria for calling real,
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high-quality cell populations. The guiding principle of this pipeline is that low quality or dying
cells tend to form distinct phenotypic clusters with poor technical characteristics, which can be
removed by iterative rounds of clustering and filtering. Manual filtering also has the advantage
of allowing system-specific biological knowledge to guide filtering decisions, which is especially
important when rare populations may be confounded with technical features of the data (for
example, smaller cells correlate with low library sizes, or specialized cell types express a

restricted set of genes, resulting in low library complexity).

We first performed a liberal per-sample filtering step to remove obvious empty drops.
Specifically, we retained the 15,000 barcodes with highest total transcript counts (~5,000 cells
were loaded into the lane), a permissive threshold that avoids excluding real cells with lower
library size. We then clustered our data with PhenoGraph (85) and nominated clusters potentially
comprising empty drops or dying cells based on one or more SEQC metrics of coverage, MT
content and library complexity. To further assess nominated low-quality clusters, we constructed
per-cluster gene-gene correlation matrices and inspected the matrix block structure, which
represents co-regulated gene modules. We reason that the tight regulatory programs driving
biological functions are loosened in dying cells, which should be reflected in a breakdown of
modularity in gene-gene co-expression matrices. To suggest potential real populations, we also
looked for coherent expression of pancreas or immune marker gene programs in each population.
Finally, we removed clusters that 1) had substantially poorer-than-average SEQC metrics, and/or
2) lacked co-regulated gene modules and evidence of coherently expressed gene programs. We

retained any clusters for which there was uncertainty.
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After filtering each sample individually, we pooled sets of samples to increase our power to
detect rare populations, and repeated clustering and filtering iteratively until only high-quality
cells remained. Following the iterative filtering of pooled sets, filtered count matrices were
generated independently for each sample. To guide pooling and downstream analyses, samples
were grouped into three pre-defined cohorts which address questions associated with (1) full
tumor progression (“Progression Cohort”), (2) the impacts of //33 perturbation on particular
stages of progression (“Perturbation Cohort”), and (3) involvement of the immune
microenvironment in both of these cases (“Immune Cohort”) (see Table S12 for assigned

cohorts, filtering groups and filtered count matrix statistics).

The following sections describe the cohort-specific analysis of filtered count matrices, including

data integration, normalization, dimensionality reduction, and visualization:

Progression Cohort (N1-K6 epithelial cells, sorted based on mKate2"): The Progression Cohort
(Table S12) contains all epithelial datasets from normal and regenerating pancreata (N1, N2),
Kras-mutant pre-malignant pancreata with and without injury (K1-K4), and Kras/p53-altered
malignant tumors (K5, K6), forming the basis for our investigation of tumor progression at
various scales. All filtered datasets from this cohort were combined into a single data matrix
without additional data harmonization, given the high degree of similarity and overlap between
our biological replicates (Fig. S2D), thus allowing us to preserve the original counts. Standard
log library size normalization was applied to the combined data using a scaling factor of 10,000
in lieu of median library size. We removed ribosomal genes, MT genes, Malatl, and genes

expressed in fewer than 20 cells, resulting in a count matrix containing 16,828 genes.
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An additional round of filtering was performed to remove low-quality cells which do not form
separate clusters and hence passed the custom filtering described above. We inspected the log-
library-size distribution of each sample separately and filtered cells below a manually determined
threshold for the lower mode. By performing cluster-level analysis first (allowing us to detect
populations that can only be discovered upon sample aggregation), we could ensure that entire
cell types were not lost in subsequent cell-level filtering of each sample by library size. Finally,
we clustered cells with PhenoGraph and removed 3 remaining outlier clusters with very low
library sizes, mainly consisting of acinar cells from the basal pancreas (N1) condition. The

resulting dataset comprised 30,661 high-quality cells.

After removing putative empty drops and low-quality cells, we ran DoubletDetection (87) for
each sample individually with default parameters. Given that we expected this data to contain
cells residing along continuous trajectories, we were conservative in doublet filtering so as not to
remove false positives arising from true intermediate cell-states. Hence, we removed only
discrete PhenoGraph clusters (k = 40, computed on all samples in the combined count matrix)
which contained a high fraction (>15%) of doublets, for a total of 214 cells across samples.
Finally, we removed clusters that express mesenchymal markers typically associated with
fibroblasts (Acta2, Collal, Lum), representing potential stromal contaminants. Four clearly
stroma-like clusters were filtered, resulting in a final dataset of 28,131 high-confidence mKate2"

epithelial cells.

Next, highly variable gene (HVG) selection was performed in a similar fashion to (88). Briefly,
for each gene, we computed the mean and standard deviation of normalized (unlogged)

expression across all cells, then fit a Lowess regression model to the trend of log(coefficients of
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variation, pseudocount = 0.1) vs. log(mean expression). HVGs were identified by coefficients of
variation that substantially exceed mean expression according to this trend, generating high
residuals in the regression. To avoid biasing toward highly expressed genes, we binned genes by
mean expression (40 total bins of expressed genes) and selected the top 200 with high residuals
in each bin, resulting in a total of 8,000 genes for downstream analysis. We included a large
number of HVGs for Progression Cohort analysis to ensure that we retained important pancreas
and cancer-associated genes and captured the spectrum of normal and disease states. To analyze
subsets of this cohort, including specific stages or clusters, we chose fewer HVGs to focus on

variability specific to that set (see Table S13 for description of each analysis and parameters).

Next, we performed PCA on the filtered, log-normalized Progression Cohort matrix restricted to
8,000 HVGs. We used automatic knee point detection based on the cumulative variance
explained per component to determine a cutoff for the number of PCs to carry forward, selecting
49 top PCs which explained ~41% of the variance. We further verified that adding subsequent
PCs has trivial impact on the overall variance explained (inclusion of 50 additional PCs explains
<3% further variance). To visualize the full map in 2 dimensions, we ran tSNE using the bhtSNE
package (89) on selected PCs with perplexity = 150 and theta = 0.5. We then ran diffusion maps
and selected 13 diffusion components (DCs) via Eigen gap to obtain a non-linear embedding of

cells for downstream analysis.

To assess whether the DCs represent known PDAC biology, we examined how published
signatures of normal regeneration and disease states were distributed across DCs. We obtained
published gene sets derived from bulk RNA-seq of human tumors and matched normal samples.

Differentially expressed genes (DEGs) between human PDAC vs human normal samples were

28



determined by > 2-fold change in gene expression with adjusted p value < 0.05; (34, 35), as well
as in complementary mouse models (DEGs between murine PDAC vs. normal, determined by >
2-fold change in gene expression with adjusted p value < 0.05; (23)). For human gene sets, we
mapped orthologous gene names to obtain equivalent mouse gene sets with Ensembl annotations.
We then obtained z-scores for each gene to scale log-normalized features for comparison, and
computed the average z-score across all captured genes per set. We visualized these scores for
each gene set and sorted cells by DC 1, which roughly captures the order of progression
determined from our scRNA-seq data (Fig. 1C). This visualization supports that diffusion maps
derived from our unbiased Progression Cohort analysis effectively capture biologically

meaningful axes of disease state variation.

Our next step was to define discrete cell types within the phenotypic map by clustering with
PhenoGraph on selected PCs using the Leiden algorithm for community detection. First, we
performed a grid search over values of & and clustering resolution to ensure robustness to these
parameters. Specifically, we computed the pairwise Rand index between each pair of clusterings
and found that the clusters are similar within small windows of parameters (small perturbations
in k had little impact on the clustering within reason; Rand index > 0.9 for nearly all
combinations of £ = 35 ... 50 for fixed resolution = 0.5). We chose one coarse clustering (k = 35,
resolution = 0.5), which captures major populations (for instance, grouping all neuroendocrine
populations) (Fig. S1B) and one more refined clustering (k = 50, resolution = 1.0) which
captures highly resolved structure (separating clusters along resting-to-injured axes) (Fig. S1C).
We annotated clusters (Figs. 1B and S1B,C) by inspecting DEGs and boxplots of log-normalized
gene expression across clusters to identify cell types based on the marker lists in Table S2. For

known intermediate cell-states (for example, Acinar-to-ductal metaplasia, or ADM), a
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combination of these markers may be expressed. Other markers are expressed by a more specific
subset of the cells assigned to each coarse state (for example, /ns expressed in rare pancreatic
cells amongst Neuroendocrine-like cells). Drop-out is observed for lowly expressed genes (such

as transcription factors Ptfla and Bhlhal5 in acinar cells).

Finally, we also computed separate embeddings and analyses on subsets of the Progression
Cohort, including individual stages or clusters (Table S13). In all cases, we performed the same
steps above for gene selection, dimensionality reduction and visualization on the log-normalized
count matrix of that subset, so as to capture the HVGs and major axes of variation within each
group. To maintain consistent cell type annotations, however, each subset analysis retained the
original PhenoGraph clusters computed on the entire Progression Cohort (Fig. S1B). In some
cases, we chose to visualize a subset with a force-directed layout (FDL) built on a cell-cell
affinity graph which accounts for uneven densities along the cellular manifold as in MAGIC
(69). In brief, we first computed a k-nearest neighbor (kNN) graph on cells based on Euclidean
distance between points in PC space using k = 30 by default. This kNN graph was then converted
to a cell-cell affinity matrix by applying an adaptive Gaussian kernel (width = 10 for k = 30) to
edges on the graph and symmetrizing the graph, from which an FDL was computed using
Harmony’s plot.force directed layout function (90). This visualization emphasizes the non-
linear continuous structure of the phenotypic manifold measured by a graph, as opposed to tSNE
built on PCs, which emphasizes separation of cell-states across linear dimensions. The choice
between FDL and tSNE for each visualization was based on the expected continuity of discrete
cell-states across the progression. For instance, acinar cells of the basal pancreas are expected to
be extremely distinct from cell-states of the malignant pancreas. In this case, any spurious edges

in the cell-cell affinity graph connecting basal acinar cells to pre-malignant or malignant (K 1—
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K6) cells may inappropriately display a continuity between these populations. Parameters used
for each visualization and analysis metrics for the Progression Cohort subsets are noted in Table

S13.

Perturbation Cohort, shIL.33 epithelial cells sorted on mKate2*GFP*CD45: The Perturbation
Cohort consists of epithelial //33 depleted and control samples to address the effects of cytokine
signaling on progression. Individual datasets from this cohort were combined according to stage
(K2/K2-sh//33 and K3/K3-sh//33) to compare across perturbation and control conditions at each
time point, resulting in separate K2 and K3 matrices. We filtered data from each stage for low
library size and contaminating mesenchymal cells, as well as for lowly expressed genes
(captured in <20 cells) and for ribosomal and MT genes, and log-normalized as described for the
Progression Cohort. PCA was applied to 5,000 HVGs in each stage determined using the
approach from (88) as above. Using automatic knee point detection, we retained 53 PCs
describing 28% of the variance for stage K2 and 51 PCs describing 33% of the variance for stage

K3.

Immune Cohort (K1-K5 & shIL33 immune cells, sorted based on CD45"mKate2"): The immune
data was processed with slightly different steps compared to the epithelial data, due to its distinct
structural features and the extensive knowledge available on immune subsets. Briefly, we
performed the initial preprocessing in two different batches hereafter referred to as Immune
Cohorts 1 and 2 (corresponding to Filtering Groups 5 and 6, respectively, Table S12) because
these samples were acquired at different timepoints. After removing low quality cells and
doublets in each Immune Cohort, we merged Immune Cohorts 1 and 2 to jointly annotate cell

types thereby increasing power in detecting rare cell types and ensuring consistent annotations
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across samples. Cell type annotation was performed in a hierarchical manner first annotating
major immune subtypes (T cells, B/plasma cells, myeloid cells) by clustering on the dominant
PCs only. After partitioning the data into major immune subtypes, re-normalizing and re-
clustering the data on a higher number of PCs, we annotated granular cell types within each
major immune subtype. The annotated data was then combined with the epithelial data for the

cellular crosstalk analysis. The detailed parameters of this analysis are outlined below.

Immune cohorts 1 and 2 were processed separately as outlined for the Progression Cohort above.
After this initial processing, we detected heterotypic doublets (for example, cells expressing both
Cd3e/Cd3f/Cd3g and Cd19/Ms4al/Ighd) and therefore introduced a doublet filtering step. Our
strategy was based on the idea that doublets will form distinct clusters in phenotypic space, and
we chose to cluster cells from all samples within each Group (rather than individually) to ensure

that smaller clusters would not be lost.

To prepare for clustering, we filtered genes detected in fewer than 20 cells, as well as MT and
ribosomal genes, and cells expressing fewer than 200 genes. We normalized gene expression to
median library size and log1p-transformed the data instead of employing scran normalization
(used for cell type annotation, below) to avoid nonsensical scran size factors (size factor <0)
which may be assigned to a minority of low-quality cells. We then computed HVGs using
scanpy’s scanpy.pp.highly variable genes function with the seurat v3 method on raw gene
expression counts. However, this method tends to discard genes relevant to cell type annotation,
which results in worse cell type separation among the resulting clusters. We therefore added a
manually curated list of marker genes to the computed list of HVGs for downstream applications

including PC calculation and tSNE embedding (Table S14). This list includes 425 key genes for
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discriminating cell identities or functions of T cells, innate lymphoid cells including NK cells, B
cells including plasma cells, and myeloid cells including dendritic cells. After testing a range of
5,000-15,000 HVGs and all genes, we selected 10,000 HVGs and added the 425 marker genes to
calculate PCs for both Immune Cohorts, as this led to the best separation of easily confounded
cell types in clustering (particularly dendritic cells, mast cells, innate lymphoid cells and plasma

cells).

We then clustered the data on PCs using PhenoGraph, selecting the number of PCs by the knee
point of the PC vs. explained variance curve (calculated using the kneed package v0.7.0), or the
fewest PCs that explain >20% of total variance, whichever is higher. Based on this procedure,
PhenoGraph was calculated on the first 9 PCs explaining 23.2% or 6 PCs explaining 22.8% of
total variance for Immune Cohorts 1 and 2 respectively. We selected £ = 10 for kNN graph
construction because this most clearly delineated clusters containing 20% or more doublets from

those with lower doublet content.

To call doublets, we applied DoubletDetection to each immune cohort, and in addition, re-ran
DoubletDetection for each sample in Immune Cohort 2 because this detected additional doublets.
To filter called doublets, we first eliminated entire clusters comprising >20% doublets, then
removed all remaining annotated doublets. We made sure not to remove entire cell
subpopulations with biologically sensical phenotypes. Moreover, we removed remaining clusters
of obvious heterotypic doublets manually (for example, cells expressing both Cd3e/Cd3f/Cd3g
and Cd19/Ms4al/Ighd); these generally overlapped with DoubletDetection annotations but did
not reach the 20% threshold. Using this procedure, we removed 3,062 and 349 cells, yielding a

final dataset of 22,658 and 12,768 cells for Immune Cohorts 1 and 2, respectively.

33



To prepare for cell type annotation (Fig. S9A), we combined Immune Cohorts 1 and 2 to
increase the power to detect rare immune subsets, and to maintain consistent annotation across
analyses. We first partitioned the immune data into major subsets (T/ILC/NK cell, B cell,
myeloid cells), focusing on the first few dominant PCs which separated these subsets, and

performed finer clustering and annotation on each subset individually as outlined below.

We used scran to normalize the count matrix of the combined Immune Cohort, because median
library size normalization can artificially generate differential expression between cells with
highly differing library sizes and rates of drop-out, such as leukocytes. Scran circumvents this
problem by normalizing cells using cluster-specific size factors (97). After normalizing raw
counts by scran and loglp-transforming the data, we re-calculated HVGs and added the 425
marker genes to the top 7,500 highly-variable genes, which we used to calculate the top 6 PCs
explaining 23.6% of total variance. This small number of dominant PCs was used to define the
major immune subtypes, whereas normalization and clustering of refined subsets involved many
more PCs (see below and Table S15 for parameters used in Calligraphy analysis). We clustered
the data in PC space using the immune cell workflow described above and PhenoGraph k = 50,
and ensured that the clustering was stable in a window of adjacent parameters as explained above

with a pairwise Rand index of > 0.7.

To assign cell type labels, we manually assessed patterns of mean z-scored marker gene
expression in clusters using our custom marker genes (Table S14). We also calculated DEGs for
each cluster versus all other clusters with scanpy’s scanpy.tl.rank gene groups function using
the Wilcoxon rank sum test with Benjamini-Hochberg correction. This simple differential

expression method was chosen for scalability, given the number of comparisons required for cell
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type annotation. We then calculated a Szymkiewicz-Simpson overlap coefficient (size of the
intersection divided by size of the smaller set) between the top 1,000 DEGs and each marker
gene set to assign cell type labels to clusters. This procedure separated leukocytes into three

major populations: T/ILC/NK, B/plasma and myeloid cells.

To prepare for more granular cell annotations, we partitioned immune subpopulations and
repeated normalization and clustering for each subset separately. We normalized raw counts
using scran, loglp-transformed the data, then repeated the calculation of HVGs and added cell-
type-specific marker genes (T/ILC/NK, B or myeloid markers) to the top 7,500 HVGs. PCA
yielded 48 PCs explaining 20.09% variance for T/ILC/NK cells, 69 PCs explaining 20.05%
variance for B cells and 50 PCs explaining 28.9% variance for myeloid cells. We re-clustered the
data with PhenoGraph with k = 40 for T/ILC/NK cells, k = 30 for B cells and k = 50 for myeloid
cells, choosing a k value that gives stable clustering in a window of adjacent k parameters as

explained above (pairwise Rand indices > 0.7).

We next iterated our annotation procedure using marker genes specific to subtypes of T/ILC/NK,
B or myeloid cells (Table S14). The rationale for our iterative partitioning approach is based on
(1) computational considerations, as it removes major cell-type-specific signals which may
confound more granular subtyping, and (2) our biological knowledge of granular cell type
markers, which is often limited to comparisons within major subpopulations; for example,
differentially expressed markers between tissue-resident memory (TRM) and naive T cells are
well defined, but we know less about how naive T cell markers and TRM markers differ from
plasmacytoid dendritic cell markers. A notable drawback of this approach is that during re-

normalization with scran, some cells with lower library sizes (including granulocytes and naive T
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cells) can obtain nonsensical negative size factors, leading to automatic removal. These cells
could not be annotated on a more granular level and were removed from further analyses (1.04 %
of all cells, mostly lower-quality T cells). We also made sure that no known immune cell
subpopulations were removed in their entirety by this caveat of scran normalization. Final
immune cell annotations are presented in Fig. S9A, along with their marker expression patterns

in Fig. S9C.

Finally, downstream crosstalk analyses were based on these annotated immune cell subsets
derived from samples selected for comparison with pre-malignant Progression Cohort ( “pre-

malignant immune integration” set) with distinct processing parameters described in Table S13.

Combined embedding of immune and epithelial data: In addition to the above analyses, we
generated one combined embedding including subsets of both Immune and Progression Cohorts
to visualize patterns of crosstalk between epithelial cells and their microenvironment (see
“Heterotypic cell-cell communication analysis” below). For this analysis, we combined cells of
the Progression Cohort pre-malignant Immune Integration (K1-K3) set (Table S13) and the
three immune subsets above (Table S15). We log-normalized the combined data with standard
library size normalization, computed 8,000 HVGs as above, and performed PCA selecting 40
PCs explaining ~36% of the overall variance. tSNE was applied to these PCs with perplexity =

150.

Human scRNA-seq data analysis: In addition to the above GEMM-derived data sets collected in
this study, we analyzed previously published data from primary tumors of patients and normal

pancreas. We acquired a processed scRNA-seq count matrix combining across samples from
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(32). Median library size normalization was performed. MT and ribosomal genes were removed,

as well as genes expressed in fewer than 20 cells and MALATI.

The dataset contained both abundant stromal cells including fibroblasts and endothelial cells as
well as immune cells expressing CD45. To exclude these from the analysis for comparison with
our epithelial (mKate2") murine datasets, we performed PhenoGraph clustering with k=100 to
capture major subsets and removed stromal clusters (expressing LUM, PLVAP, and low levels of
epithelial markers CDH1 and EPCAM) and immune clusters (expressing CD45 plus subset
specific markers such as CD794, CD3E, MS4A1). The resulting dataset consisted of 20,386

epithelial cells and 20,830 genes for downstream analysis.

Ptfla-CreER scRNA-seq data analysis: We sought to validate the heterogeneity observed in our
mouse model (with Cre- driven embryonic activation of mutant Kras) in an alternative model
with adult activation of oncogenic Kras (Ptfla-CreER). To this end, we obtained a publicly-
available scRNA-seq count matrix from Schlesinger and colleagues (52). Using the cell count
matrix and cell-type annotations from the original paper, we began by first filtering non-
epithelial clusters, retaining only clusters 4, 15, 18, 9. We applied an additional filter to remove
any remaining cells negative for tdTomato expression, which marks Ptf1a-expressing acinar cells
with mutant Kras. With these filters, we are left with a set of 5,303 cells comparable to those
collected in the current study (acinar originating -epithelial cells), but with adult activation of
Kras mutation. We then applied basic processing steps as above, first filtering any genes
expressed in fewer than 20 cells, removing Malatl, and log library size normalizing to a scale of
10,000 counts per cell. With the approach above described in (88), we selected 1,000 highly

variable genes, on which we computed 61 PCs explaining 62.35% of the variance.
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To compare the heterogeneity within this published dataset to that observed in newly-generated
scRNA-seq data, we began by clustering published data on selected PCs using PhenoGraph with
default parameters (k=30). We took the intersection of genes identified in both datasets, and
computed the Pearson correlation pairwise between each cluster in the published dataset and
each in the newly -collected data (coarse PhenoGraph clusters in Fig. S1B, restricting to most
comparable conditions K1-K3). This was done excluding clusters in the newly collected data
which were exceedingly rare in conditions K1-K3 (<200 cells). These pairwise correlations are
presented in Fig. S8A, which shows a high degree of correspondence between cell-states across

each dataset.

Comparing across cell annotation sets: The above scRNA-seq analyses generate layers of
annotations for each cell based on sample of origin (for example, cells collected from mice
harboring Kras-mutant allele and subjected to pancreatic injury are labeled “K2”) and on the
outputs of our analyses (for example, each cell is assigned to both a refined and coarse
PhenoGraph cluster). We leverage different annotation sets (sometimes more than one)
depending on the goal of each downstream analysis, with the specific annotation(s) labeled in the
corresponding figure panel, legend, or methods description. While the different annotations do
not map one-to-one, they are related; we clarify how they overlap by visualizing each on our
entire Progression Cohort dataset, coloring each cell by a single annotation in Figs. 1B (stage of
progression), S1B (coarse PhenoGraph cluster), S1C (refined PhenoGraph cluster), and S2D
(individual biological replicate). Most refined clusters largely map to a single coarser cluster, as
visualized in Fig. S1B,C, which indicates nomenclature used in the manuscript. The clusters

span multiple states in our experimental design and the text indicates when these are stage-
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specific or stage-enriched. We also quantify overlap between these sets by visualizing

distributions of cell stage per PhenoGraph cluster in Fig. S1D.

Each of the four apex states (see section “Prediction of initiating pre-malignant states with
scVelo and CellRank™) can be mapped exclusively to a coarse cluster: apex “Nes” Origin” to
cluster 1, apex “Tff2" Origin” to cluster 0, apex “Aldh1b1™ or “Neuroendocrine-like Origin” to
cluster 9, and apex “Differentiated Acinar Origin” to cluster 3 (see Fig. 2A). No apex cells are
derived from any cluster beyond these four. Metacells (see section “Metacells algorithm”) are
assigned to a single, dominant refined cluster for downstream analysis. The refined clusters for
each metacell are color-coded based on cell-state annotation in Fig. S6A and in the top row and
right column in Fig. 3C, such that metacells from two distinct clusters will be colored the same

when their annotation is the same.

Prediction of initiating pre-malignant states with scVelo and CellRank

Unbiased analysis of the Progression Cohort with diffusion maps reproduced the general
chronology from normal (N1) to malignant (K5, K6) states (Fig. 1C). However, substantial
heterogeneity within each pre-malignant condition, as well as overlapping cell-states across
distant time points (for example, mixing of neuroendocrine-like cells across K1-K3 conditions),
suggests that cells are undergoing state transitions that cannot be defined by time series
information alone. Most pseudo-time approaches assume cell-states transition from less to more
differentiated states from a known origin (6/). However, regeneration and tumorigenesis involve

both differentiation and de-differentiation and origins are not well characterized. Thus, we chose
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to use CellRank (39), an approach which integrates multiple lines of information to infer
directionality in an unbiased manner (without strong assumptions about origin populations or

directionality typically required for trajectory inference (617)).

The first input to CellRank are RNA velocity (39, 47) vectors, which have been shown to
successfully infer directionality in systems of differentiating cells using ratios of spliced and
unspliced transcripts. The RNA velocity vector of a given cell predicts which genes are currently
being up- or downregulated and points towards the likely future state of that cell. However, RNA
velocity is only able to capture short term transcriptional dynamics (~1 day) and we therefore
limited our analysis to the earliest time points (K1 and K2). We used the pre-processing
functions of Velocyto (41) to efficiently separate reads from K1 and K2 BAM files into spliced
and unspliced count matrices, and to generate loom files for downstream velocity algorithms.
However, Velocyto assumes that a subset of cells are in steady state, which is unlikely to be true
of cells responding to oncogene activation and/or injury as in our case; we thus opted to use the
scVelo algorithm (40), which can model expression dynamics which are not in steady state. We
first applied log-normalization and filtering of lowly expressed genes (<20 spliced and/or <20
unspliced transcripts) in scVelo to retain 9,294 genes. We then applied the scVelo velocity

estimation in “dynamic” mode with default parameters on this subset of genes.

However, individual velocity estimates are known to be very noisy and these individual vectors
do not reveal origin states. Moreover, projecting the high-dimensional velocity vectors to 2D
often fails to faithfully capture the global transcriptional dynamics. To infer global dynamics of
the system, CellRank combines gene expression similarity with RNA velocity to robustly

estimate directed trajectories of cells. The robustness is gained through the use of the similarity-
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based neighbor graph and cell-state transitions are modeled as directed random walks along this
graph. The more a neighboring cell lies in the direction of the velocity vector, the higher its
transition probability. However, unlike RNA velocity, all transitions are enforced to remain
within the phenotypic manifold. By globally modeling the cell-state transitions as a Markov
chain, CellRank is able to successfully identify initial (‘apex’) states, inferred to be the sources

of the cell-states observed in the data.

Previous authors have noted that velocity algorithms are most appropriate for capturing time
scales on the order of hours (4/). For this reason, we limited CellRank analysis to early
timepoints (K1-K2) which are most relevant for this time scale. K1-K2 timepoints are also
expected to be the most dynamic, as cells are actively responding to acute inflammation.
Importantly, because we only applied CellRank in these early timepoints (where robust
endpoints may not be present), we chose not to apply full trajectory analysis (identification of
distinct branches and endpoints) to avoid spurious detection of endpoints. We thus ran CellRank
strictly for initial state detection with default parameters, identifying four high-confidence
originating apex populations with an initial state probability cutoff automatically determined by
the algorithm’s eigengap-based threshold (Figs. 2A and S3B). These four apex states overlap
exclusively with coarse PhenoGraph clusters 0, 1, 3, and 9 (see Fig. S1B). In other words, all
cells annotated as apex states by CellRank’s initial state probability cutoff belong to these
clusters. A set of marker genes, derived from populations whose initiating potential was
discerned through Cre-mediated lineage tracing of neoplastic pancreas in previous works (26,
42—45), exhibited strong concordance with CellRank-predicted initial states (Fig. S3C). As a

control, the above steps were followed identically for application of CellRank to regenerating
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pancreatic epithelia (N1-N2). This identified only a single high-probability apex state associated

with an acinar-like state.

We ensured robustness of this approach by performing a downsampling analysis, each time
randomly sampling the dataset to 75% of its original size and repeating the above steps for
velocity and CellRank inference. For each of 500 such trials, we recorded the CellRank initial
state probabilities and the individual apex states found by thresholding these probabilities. We
found that CellRank’s per-cell initial state probability (probability that a cell is an apex state) is
highly stable (average Pearson correlation vs. full dataset inference 1=0.6474). The discrete states
that come out from thresholding this probability are concordantly very stable: an acinar initial
state (corresponding to coarse PhenoGraph cluster 3) exists in 100% of the trials, and a Nes”
progenitor state (corresponding to coarse PhenoGraph cluster 1) exists in 90% of the trials. No
additional apex states beyond those reported in the paper were found in the vast majority (90%)

of trials.

Bulk ATAC-seq data generation, processing and integration

The substantial heterogeneity generated from high-potential oncogenic states identified by
CellRank occurs rapidly (24—48 hpi), a time scale that is more consistent with changes in
chromatin accessibility than genetic mutation. To test whether epigenetic features can explain
observed scRNA-seq heterogeneity, we integrated bulk ATAC-seq data from published studies
for stages N1-N2, K1-K2, and K5 (23). We also collected additional samples from intermediate

pre-malignant conditions K3-K4 to complete the Progression series. To do so, we generated new
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epigenomic data from mKate2" cells FACS-isolated from benign neoplasia (PanIN) tissue states
(K3, K4), as previously described (23), and analyzed it with previously generated bulk ATAC-
seq profiles from mKate2" cells isolated from pancreata representing normal (N1), regenerating

(N2), pre-neoplastic (K1, K2) and malignant (K5) states (extracted from GSE132440).

These data sets were processed as described in (23). Briefly, trimmed paired-end reads were
aligned to mm9, peaks were called for each sample individually with MACS2 (92), and a global
atlas was derived by merging peaks from each sample within 500 bp of one another. Read counts
within each peak were normalized with DEseq?2 (93) to account for differences in per-sample

sequencing depth.

Identification of chromatin modules describing progression: We sought to learn broad
accessibility patterns over stages, and to map these to single cells. We first called differentially
accessible peaks across early stages (N1-N2, K1-K4) in our bulk ATAC-seq data using DEseq2
(log-transformed fold change > 0.58 and FDR < 0.1). To identify global progression trends
relevant to early progression, we performed PCA on normalized differential peaks contrasting all
pre-malignant conditions pairwise, then visualized the first two PCs explaining ~54% of total
variance (Fig. 2B). The distribution of samples in this embedding suggests consistent, distinct

genome-wide accessibility patterns defining replicates (individual mice) of the same stage.

Next, to study the specific accessibility patterns underlying these trends, we applied kmeans with
n = 15 clusters to peaks based on the z-scored accessibility across samples. This clustering
organized peaks into several dominant patterns of regulatory dynamics (henceforth “chromatin
modules”), comprising peaks only accessible in normal pancreas (Normal chromatin module, n =

20,140 peaks), peaks which become most accessible in early PanINs (Benign Neoplasia
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chromatin module, n =26,122 peaks), and peaks which become most accessible in PDAC
(Malignant chromatin module, n = 23,145 peaks) (Fig. 2C). Notably, we observed that peaks of
the Benign Neoplasia module are closed in malignancy, despite the chronological relationship
between pre-malignant PanIN lesions (K3, K4) and their eventual malignant PDAC states (K5,
K6). However, some trends exist across modules: both Benign Neoplasia and Malignancy-
associated peaks are accessible to some extent in K1 and/or K2 before becoming predominantly

accessible in K3-K4 and K5-K6, respectively.

To group peak clusters according to these patterns, we removed clusters from downstream
analysis if they did not clearly fit in one of the 3 modules of interest (discarding 11,483 peaks),
and visualized the resulting peak groups by heatmap, where values are normalized with DEseq2
and z-scored for each row to highlight changes in accessibility along progression (Fig. 2C).
Manual curation was preferred over automated cluster grouping to ensure that clusters lacking

coherent patterns over progression were not included in each module.

Integration of bulk chromatin with single-cell RNA-seq: We investigated chromatin-directed
gene expression at the single-cell level by integrating bulk-derived chromatin modules with K1—
K6 scRNA-seq data from the Progression Cohort (Table S13). First, we mapped peaks to
associated genes based on distance as in (23). We then aggregated all genes mapping to peaks
associated with each module, yielding three module-associated gene signatures. We identified
distinct genes in each signature to define mutually exclusive patterns associated with each
chromatin module (Table S3). Finally, we z-scored the expression of each individual gene across
each cell to emphasize those that are relatively overexpressed in each cell, and visualized each

module’s relative activity as the average z-score of the genes in that module (Fig. 2C, right).
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Predictive model of late-stage fates

Our analyses of chromatin dynamics generated three complementary observations: (1) a
divergence in PC space between Benign Neoplasia (K3, K4) and Malignant (K5, K6) stages
(Fig. 2B), (2) an early increase in accessibility (K1, K2) of regulatory elements that become
highly accessible in Benign Neoplasia and Malignant modules (Fig. 2C), and (3) an association
of early (K1, K2) cell-state expression with one or more late-stage modules. Based on this, we
hypothesized that Kras-mutant cells are epigenetically primed, such that their early chromatin
accessibility patterns establish propensities for Benign and/or Malignant fates. To define
epigenetic priming in concrete terms, we assert that cells primed for different fates can be
discerned by the presence of open chromatin proximal to fate-specific genes, prior to the

establishment of fate-associated states.

To quantitatively evaluate this hypothesis, we first assumed that gene expression is a reasonable
surrogate for accessibility of that gene’s regulatory elements for at least a subset of genes, an
assumption which derives from the observed correspondence between expression state and
chromatin modules derived from bulk ATAC-seq (Fig. 2C). We thus aimed to devise a
computational framework which can identify transcriptional signatures that discriminate between
Benign and Malignant phenotypes, then use it to probe for these programs in early
tumorigenesis. To this end, we trained a classifier to distinguish Benign and Malignant fate
labels using single-cell samples from late timepoints (PanIN K3, K4 and PDAC K5, K6). The
resulting expression-based predictive model of cellular fate was used to interrogate cells from

early pre-neoplastic time points (K1, K2) for these fate-associated programs. We assume the
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inferred probability distribution of distinct fates for each early cell reveals its tendency to skew

toward particular expression endpoints.

Specifically, we used a logistic regression multi-class classifier on log-normalized expression
features to predict stage labels. We randomly split late-stage cells (K3—K6) into a training set
(10,758 cells, or 80% of late-stage data) and a held-out validation set (2,689 cells/20%). We
trained the model with sklearn (94), which provides a maximum likelihood estimate of logistic
regression parameters to predict stage labels (K3, K4, K5, or K6) in the training data. Our model
performed well on held-out data (accuracy = 0.9966, precision = 0.9973), suggesting that gene
expression features are informative of late-stage cell fates and that our classification strategy
captures fate-relevant patterns. We further inspected coefficients of our fitted models to identify
strongly predictive genes for each late-stage phenotype, finding expected programs such as EMT
(Epcam and Vim), MY C activity, and tumor suppressor activity distinguishing Benign from

Malignant phenotypes (Fig. S4B).

Next, we applied our trained classifier to pre-neoplastic (K1, K2) cells, and visualized the per-
cell probabilities of each fate category. We collapsed the classifier into Benign and Malignant
probabilities by summing probabilities for K3-K4 and K5-K6 cells, respectively (Figs. 2D and
S4C). We then binned early cells into categories: highly associated with a Benign state
(Malignant probability <0.4); highly associated with a Malignant state (Malignant probability
>0.6); and mixed state (0.4 <= Malignant probability <= 0.6), representing rare cells (<5% of
K1-K2 cells) that express a composite Benign-Malignant program (Fig. 2D). We find uninjured
(K1) cells are enriched in the Benign class, while injured cells are enriched in the Malignant

class (Fisher’s exact test, odds ratio = 17.3671, p value = ~0.0), recapitulating previous reports
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that injury shifts the oncogenic pancreas epithelia toward a cancer-like state (23). To visualize
intermediate states, we computed the density of these cells in PC space (using selected PCs,
described above in “Single-cell RNA-seq data processing”) with a Gaussian kernel density
estimate via scipy.stats.gaussian_kde with default bandwidth parameters, which we visualized in

two dimensions on a FDL (Fig. S4D).

Intermediate or fuzzy classification to one or more states can occur for one of two reasons: cells
either simultaneously express programs of more than one class, or cells can express neither class-
associated program. As such, it was important to ensure that both Benign and Malignant
programs were detectable in a majority of our mixed probability cells (0.4 <= Malignant
probability <= 0.6) to designate them as composite states. We developed a gene signature for
each program by extracting the genes with the top 200 coefficients (by coefficient value)
amongst Benign (K3) and Malignant (K5) logistic regression models. We then intersected these
gene lists with Benign chromatin module and Malignant chromatin module genes respectively to
ensure that these transcriptional programs were primarily associated with underlying epigenetic
differences. We then computed a separate Benign and Malignant signature score per cell by
taking the average z-scored expression of each gene in the signature. Fig. S4E confirms that true
Benign (K3, K4; pink contour) and Malignant (K5, K6; purple contour) cells are clearly
distinguishable based on these values, and further shows that the majority of mixed probability
cells (orange) assume an intermediate value between these modes. Importantly, many of these
mixed cells highly express both programs, suggesting that many assume a truly composite

phenotype with respect to late-stage fates.
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Single-cell ATAC-seq processing and analysis

Initial processing: To extend and support our analysis of chromatin dynamics, we analyzed
scATAC-seq data from comparable or paired (in other words, from the same mouse, Table S16)
pre-malignant and malignant conditions (K1-K3, K5). Two samples were derived from a
previously published study (23) and the remaining were collected for this work as described

above.

Samples were processed individually using a modified CellRanger ATAC pipeline as described
in (23) to derive alignments to mm10, then analyzed with ArchR (65), a tunable pipeline for
filtering, normalization, dimensionality reduction and visualization of aligned scATAC-seq
fragments. We chose ArchR for its flexibility in representing accessibility features in defined
regulatory elements, proximal to genes of interest, or globally in bins along the genome. This
presents an advantage over approaches focused on accessibility solely in inferred regulatory
elements (called peaks), which may disregard dynamics driving rare cell populations (from false
negative peak calls) or erratic dysregulation that may occur in cancer (resulting in many noisy
peak calls). We applied a custom modified version of ArchR (47) which is better suited to

capture chromatin features of rare populations, as described below.

To begin, individual CellRanger ATAC fragment files from all stages (K1-K3 and K5) were
combined into a single dataset in ArchR, and basic filtering was performed with parameters
filterFrags = 8000 (determined by manual inspection of the fragment count distribution) and
maxFrags = le+7. Doublet score computation and doublet filtering were performed with default

parameters, resulting in 19,666 cells. For consistency with scRNA-seq analysis, we removed
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mesenchymal contaminants, yielding a final count of 18,211 cells. We then derived the two

standard ArchR feature representations for our scATAC-seq data:

“Tile Features” bin counts in 500 bp windows across the accessible genome, which
allows flexible representation of the data without peak calling error or bias toward coding
regions. Tile features tend to produce embeddings with the most faithful phenotypic
structure, hence we used them for major downstream analyses such as dimensionality

reduction, visualization and clustering.

“Gene Score Features” are distance-weighted aggregations of accessibility proximal to
each gene that allow functional interpretation of the data. Using our modified pipeline,
we only computed gene scores on regions identified as highly variable across clusters to
improve the extent of heterogeneity captured by these values. We used the resulting
scores for cell type annotation and integration with scRNA-seq features (See “Identifying

and integrating pancreas metacells” below).

Dimensionality reduction and visualization: To compute a low-dimensional embedding of single
cell epigenomes, we applied the standard approach for dimensionality reduction implemented in
ArchR, which involves Latent Semantic Indexing (LSI). This approach, designed to handle low-
frequency count data commonly encountered in document analysis, is better suited to analysis of
scATAC-seq data compared to PCA, which implicitly models the data as a continuous-valued
Gaussian. This reflects the near-binary and highly sparse nature of scATAC-seq data (maximum
2 reads per transposition site), which is very dissimilar from bulk data (upwards of 50 million
reads per profile). Specifically, we applied ArchR’s iterative LSI function to the tile matrix on

150,000 highly variable features. Each round of LSI generates a preliminary low-dimensional
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embedding from which a clustering is estimated. Variable tile features are then computed across
clusters to select the most informative tiles with respect to the major phenotypes. In our case, we
modified parameters in each LSI iteration to capture more refined cell types; a clustering
resolution parameter of 0.1 distinguished small cell populations (for example, tuft cells) better
than default parameters. LSI components from ArchR were then used as input to compute
visualizations, and for downstream analysis in python. As described above (see “Single cell
RNA-seq data processing”), we computed an FDL on the cell-cell affinity matrix constructed
from Euclidean distances in LSI embedding coordinates (as opposed to PCs used for scRNA-

seq) (Figs. 3A and S5A,B,D). LSI components are directly visualized in Figs. 3B and S5B.

Clustering and annotation: To then identify discrete cell types, we clustered scATAC-seq data
with PhenoGraph (k=30) using the Leiden algorithm on LSI component features. At this level of
resolution, we achieved desirable granularity with respect to rare cell types (for example, tuft
cells), but also observed several groups of highly-related clusters with shared accessibility at key
markers (Table S17) which may potentially originate from a single cell type. To quantitatively
identify these phenotypically-similar clusters, we examined each initial PhenoGraph cluster for
overlap in accessibility patterns proximal to genes. We first performed a Wilcoxon rank test (the
default approach in ArchR for differential analysis) for each gene’s accessibility in one cluster
versus all others based on values in the gene score matrix (described above) using the
getMarkerFeatures function. For each cluster, we filtered the resulting significant genes
(FDR<=0.01) to retain those with a log2 fold change of at least 1.25 as marker genes. We then
computed the percentage of shared marker genes between each pair of clusters, indicating extent
of phenotypic similarity between clusters at the chromatin level. We observed substantial sharing

of marker genes between several pairs of clusters (minimum 15% shared genes), which we
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reasoned could be merged for annotation and downstream analysis. Resulting merged clusters

are displayed in Fig. SS5A.

We then identified marker genes for the merged clusters once again following the Wilcoxon rank
method on gene scores in one merged cluster versus all others. We visualized shared marker
genes between pairs of merged clusters as before and observed elimination of high inter-cluster
sharing (<15% shared), thus confirming the merged clusters as highly phenotypically distinct.
Lastly, to identify the cell type of each cluster and further validate the merging, we computed the
average gene accessibility scores of every marker gene and compared the results against known
biological signatures for various pancreas populations. We identified individual merged clusters
associating with gastric-like, Nes* progenitor-like, PDAC, neuroendocrine-like, ADM, and tuft
cell populations, in concordance with our scRNA-seq analysis, according to the annotation

criteria in Table S17.

ATAC-seq signal tracks: We visualized signal tracks of scATAC-seq profiles aggregated over
clusters or samples using custom python code utilizing the tabix package (95) (Figs. S5C and
S7A). For each track, we aggregated reads from fragment files in a 5 kb to 50 kb window around
a gene, and normalized coverage to the total depth of cells included in the cluster or sample set
of interest, to provide comparable scale across tracks. Coverage was smoothed using a window

size of 100 bp to aid visualization.
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Metacells algorithm

Clustering and cell-type annotation suggest that cell-states derived from scRNA-seq and
scATAC-seq data match at the broad cell-type level, but we also find substantial heterogeneity
within each cluster. For example, the Nes™ Progenitor population (coarse PhenoGraph Cluster 1)
includes a spectrum of phenotypes primed for distinct fates (PDAC probabilities spanning from
nearly 0 to 0.9999). We therefore needed a higher-resolution mapping between epigenetic and
transcriptional states, yet the extreme sparsity of sScATAC-seq hinders our ability to characterize
chromatin states of individual cells. Our first goal for data integration is thus to overcome the

sparsity of single-cell profiles while maintaining a high-resolution of diversity in cell-states.

We addressed this challenge by developing an algorithm that aggregates cells which share the
same state at an intermediate resolution between single cells and typical cell-state clusters,
inspired by the metacell approach (46, 47). Each metacell represents a distinct, highly granular
and homogenous cell-state, such that differences between cells within a given metacell are due to
technical noise rather than biological disparities. As such, aggregating counts across cells in each
metacell overcomes noise and dropout, providing a robust characterization of that distinct cell-
state. The concept of metacells was introduced by Baran and colleagues (46), but the
accompanying method is unsuitable for scATAC-seq, and it removes outliers aggressively. Our
algorithm is non-parametric (requiring little parameter tuning by the user) and flexible to diverse
modalities, including both scRNA-seq and scATAC-seq. In this work, we aimed to derive
metacells from epigenomic and transcriptomic data separately, so that they could then be reliably

integrated across the span of progression.
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Our algorithm first constructs a KNN graph over cells, determining neighbors based on Euclidean
distances in PC space for scRNA-seq or iterative LSI space for scATAC-seq (computed as in
“Single-cell RNA-seq data processing” and “Single-cell ATAC-seq processing” above). The
algorithm then constructs a shared nearest neighbor (SNN) graph by pruning edges in the kNN
graph that are not bidirectional. The remaining edges are mutually highly similar to one another
and better reflect the phenotypic manifold; they are weighted using an adaptive bandwidth
Gaussian kernel as previously described (69). Grouping highly similar cells within small
neighborhoods on the SNN graph should then produce a representative sampling of cell-states,
provided that the resulting metacells (1) are reasonably distinct from one another and (2) sample
all regions of the graph to capture the full extent of heterogeneity. To encode this intuition,
metacells are initialized with cells that occupy an “extreme” position on the manifold according

to their leverage, representing geodesic distance to all other cells in the graph (96).

We first compute leverage for each cell i:

leverage; = Z |2

l

where v, ; is the i'" element of the 1™ eigenvector of the normalized SNN graph. Representative
cells (metacell “centroids™) are then initialized by randomly sampling cells in SNN graph space

in proportion to their leverage using the following sampling procedure for each cell i:

log(r)
82

P(centroid;) ~ Bernoulli( X leverage;),

where 7 is a user-defined rank parameter scaling the Bernoulli probability parameter (and

therefore controlling the number of centroids selected) and ¢ is an error tolerance parameter.
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Unselected (non-centroid) cells are then assigned to the nearest centroid to form groupings of
highly similar cells, after which the centroid is updated iteratively by picking a new cell that
minimizes the distance to cells of that group. On each iteration, metacells consisting of fewer
cells than a user-defined threshold are pruned to limit sparsity of the resulting profiles. This
procedure is continued until no centroids are updated between iterations or a maximum number
of iterations is reached; the result is that every cell is assigned to a distinct metacell. Expression
or accessibility features are then computed for each metacell by averaging across constituent

cells.

Identifying and integrating pancreas metacells

To identify metacells in scATAC-seq data, we applied the above algorithm using the 30 LSI
components from ArchR as features for SNN graph construction. For metacell computation, we
used k = 30 nearest neighbors, a rank of 200, and minimum metacell size of 10 cells to capture
heterogeneity within rare cell populations. This resulted in 264 epigenomic metacells (median 52
cells per metacell, with 75% composed of greater than 37 cells). Each metacell was mainly
composed of individual cells from the same PhenoGraph clusters (average entropy in the
distribution of cells per cluster in each metacell = 0.067), suggesting that each metacell groups
relatively homogenous cells as intended. This enabled us to label each metacell according to the
cluster assigned to the majority of its constituent cells (corresponding metacell annotations

displayed in Fig. S6A).
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For scRNA-seq metacells, we pooled a subset of data from comparable conditions (K1-K3, K35,
K6; Table S13), excluding one tumor for which we did not collect scATAC-seq to avoid
confounding intra- and inter-tumor heterogeneity. For one case in which the primary tumor
sampled few transcriptomes (n = 261), we included both the primary tumor and metastases—
despite lack of scATAC-seq data for metastases—in order to capture enough malignant cells for
robust data integration. We applied our metacell algorithm on 49 selected PCs (chosen using the
knee point method; Table S13) from the log-normalized scRNA-seq data subset (processed as in
“Single-cell RNA-seq data processing” for Progression Cohort). Parameters consistent with
epigenomic metacell computation (k = 30, rank = 200, 10 minimum cells per metacell) were
used to derive a comparable set of 230 transcriptomic metacells, with median 64 cells per
metacell and 75% composed of greater than 41 cells. As with epigenomic metacells, each
transcriptomic metacell was mainly composed of individual cells from similar PhenoGraph

clusters (average entropy = 0.0753).

Next, we constructed a common feature space to match epigenomic to transcriptomic metacells.
We treated ArchR gene scores as a proxy for expression, assuming that, on average, cells with
high expression for a given gene will also have relatively high accessibility in the vicinity of that
gene (and vice versa for low expression). We first averaged gene expression over cells in each
transcriptomic metacell, and averaged ArchR gene scores over cells in each epigenomic
metacell, to obtain complementary matrices. Next, we z-scored every gene separately within
each data modality to derive a standardized metacell matrix for each that was of comparable
scale. Finally, we computed a PCA embedding on the standardized, concatenated matrix
containing both epigenomic and transcriptomic metacells, to produce a common reduced-

dimension space for downstream computation.
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To pair RNA and ATAC metacells, we computed a Mutually Nearest Neighbor (MNN) graph
across data modalities with k = 30. Magnitude differences between modalities may impact
comparison, even with z-scored data; we thus used cosine similarity as a distance metric for
nearest neighbor computation to de-emphasize such differences. Moreover, cosine similarity
captures an element of gene-gene relationships which is better conserved across data modalities
(64). Given these mutually nearest pairings, we sought a common visualization across modalities
that preserves the general structure of the phenotypic space and reflects both cross-modality and
intra-modality cell-state similarities. To achieve this, we first created a metacell-by-metacell
combined graph with dimension N = N; + N, where N; and N, represent the number of
transcriptomic and epigenomic metacells, respectively. We defined edges between metacell
nodes as a weighted sum of cross-modality MNN edge weights and intra-modality nearest

neighbor (NN) graph (also computed on cosine distance) weights:

G = aGyyy + (1—a) Gyy,

where a is a parameter that defines the trade-off between cross-modality and intra-modality cell-
state similarity. We set @ = 0.4 to slightly favor the phenotypic landscape and projected the data
as an FDL on G (Fig. S6A). In this layout, we found that metacells group by their predefined
clusters, and transcriptomic and epigenomic metacells belonging to the same cell-state tend to
co-cluster. Indeed, standardized accessibility and expression show strong concordance for key

marker genes (Ptfla, Tff2, Nes, and Neurodl) in this visualization (Fig. S6B).

We proceeded to further validate the agreement between accessibility and expression for our
MNN pairs. For each transcriptomic metacell, we computed a corresponding average

accessibility profile across its epigenomic MNN pairs by first averaging the non-standardized
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ATAC signal across neighbors of each RNA metacell, then z-scoring the averaged value. We
then inspected the per-gene Pearson correlation of expression and aggregated accessibility,
finding that the majority of genes have strong positive correlations, particularly cell-state
markers such as Nria2, Krt19, Tff2, and Nes (Fig. S6C). This demonstrates the consistency in

our computationally derived pairings between transcriptomic and epigenomic datasets.

Measuring epigenetic plasticity

With MNN analysis, we matched transcriptomic and epigenomic metacells based on the most
similar states. However, various degrees of gene priming—open chromatin in unexpressed
regions—should lead to mismatched chromatin and expression features for a subset of genes. We
therefore asked whether epigenomic metacells might be similar to additional transcriptional
states beyond their MNN pairs. We computed pairwise correlations on expression HVGs
between each transcriptomic and epigenomic metacell. In particular, for each vector of ArchR
gene accessibility scores in one epigenomic metacell, we computed Pearson correlation to the
vector of gene expression values in one transcriptomic metacell across all genes captured in both
modalities. This revealed many cases in which metacells from the two modalities were highly

correlated despite representing disparate cell-states (Fig. 3C).

These relationships may be explained by lack of cell-state separation within a single data
modality (for example, cells undergoing continuous lineage transitions may be highly
transcriptionally related to neighboring phenotypes immediately up-stream or down-stream along

their lineage), or by a true disparity between cells’ epigenomic and transcriptomic features. To
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control for the former possibility, we repeated this analysis within each modality separately,
correlating each pair of transcriptomic profiles or epigenomic profiles. We observed extremely
strong on-diagonal correlations in these cases corresponding to identical cell-states, as well as

weaker off-diagonal correlations (Fig. S6D).

We thus sought to quantify the extent of similarity between disparate cell-states in each
comparison (ATAC vs. ATAC, RNA vs. RNA, and ATAC vs. RNA). For each case, we
computed the average r_intra, which we define as the average pairwise correlation of all pairs of
metacells annotated to the same cell-state, and r_inter, which instead measures the average
pairwise correlation of disparate cell-states. The difference between these two metrics (r_intra -
r_inter) describes the relative correspondence between identical cell-states versus disparate cell-
states within that comparison. We found that intra-cluster similarity is much greater for
comparisons within one technology (rintra - rinter = 0.51 for RNA and 0.42 for ATAC)
compared to cross-modality similarity (rintra - rinter = 0.26); hence, epigenomic metacells with
similarity to multiple transcriptional states represent examples of a mismatch between
epigenomic and transcriptomic features which cannot be fully explained by lack of cell-state
separation within a single data modality. We hypothesize that these may encode multipotential

states, which we define to be a cell’s epigenetic plasticity.

Quantifying epigenetic plasticity: We assume that (1) plastic cell-states have access to diverse
transcriptional programs that drive distinct cell phenotypes, and that (2) a common mechanism
for providing access is epigenetic priming, or opening the proximal chromatin of fate-associated
genes prior to receiving fate-specifying signals. To quantify this plasticity, we use a

classification-based approach to detect cell-type-specific gene expression encoded at the
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chromatin level (see similar approach in “Predictive model of late-stage fates”). Importantly, we
choose here to employ classification over the correlation-based analysis above for several
reasons. For one, classification methods are adept at learning relevant features (gene expression
programs) to discriminate classes (cell-states). Such approaches can extrapolate knowledge
learned from training data to held-out datasets, or in our case, from one data modality (gene
expression) to a second (chromatin accessibility). Second, certain classifiers (for example,
regularized classifiers) can detect the specific features that are most predictive at defining
classes. This is as opposed to correlation, which treats all features equally and therefore may be
impacted by less relevant features (for example, housekeeping genes). We thus reasoned that a
classifier trained to learn cell-state-specific features in transcriptomic data could be used to
predict expression phenotypes from chromatin-derived features. Furthermore, we posit that
uncertainty in such predictions is a measure of plasticity; epigenomic states that map to a wide
range of transcriptional cell types have the greatest potential to express diverse phenotypic

programs. This concept is summarized in Fig. 3D.

We first defined discrete expression phenotypes using our refined PhenoGraph scRNA-seq
clusters to capture a finer granularity of transcriptional states, particularly those separating
injured and uninjured states (Fig. S1C, see “Single-cell RNA-seq data processing” for details).
To ensure robust classification, we discarded rare clusters (<200 cells) corresponding to 6
metacells; all remaining clusters had reasonable amounts of data for training. Using this filtered
dataset, we trained a multiclass logistic regression classifier with sklearn on transcriptomic
metacells to predict cell-state label (PhenoGraph cluster of the metacell center) from aggregated,
standardized gene expression features for that metacell. We trained the model on a subset of 60%

of transcriptomic metacells (N = 138) and achieved strong predictive performance on a held-out
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validation set (accuracy = 0.9457, averaged precision = 0.9489, averaged recall = 0.9444),
indicating that the model can successfully identify phenotype-specific features in gene

expression.

Our classifier provides a function f which takes as input an expression program of metacell i
(with dimension D = number of genes) and outputs a probability distribution over cellular state

(with dimension = number of transcriptomic states), where a class label is given as:

Ci = argmax, g, Yi

We next asked, for each cell-state, whether using accessibility features as a proxy for expression
results in clear mapping to the expected cell-state, or an uncertain mapping to more than one
cell-state, suggesting chromatin primed for diverse gene programs. Specifically, we applied our
logistic regression model (trained on transcriptomic metacells) to classify epigenomic metacells
by using accessibility features for x, thereby assigning a most-probable PhenoGraph cluster class

(initially identified from expression data) to each epigenomic metacell.

To summarize the predictions, we counted the number of epigenomic metacells from each
epigenomic cluster that classified to each transcriptomic cluster. For the set of epigenomic
metacells belonging to epigenomic cluster k., we computed the number of metacells which

classify to transcriptomic cluster k; as follows:

M(ke, ke) = iy 1(ci = ki),

where [ is the indicator function, and c; is the class label, as described above. These values

define a “confusion matrix” with dimension K, (number of epigenomic cell-states) by K,

60



(number of transcriptomic cell-states), where the element M (k,, k;) quantifies the extent to
which each epigenomic state (rows) classify to each transcriptome state (columns). We then
examined this confusion matrix, standardizing each row to emphasize the tendency of each
distinct chromatin profile toward various expression states (Fig. 3E). Highly plastic states can
thus be identified as epigenomic clusters (rows) containing metacells that map to multiple
transcriptomic cell-states (columns), particularly from disparate cell types. Besides this
approach, which captures only the most likely transcriptomic class per epigenomic metacell, we
further summarize these cross-modality mappings as the average log probability per epigenomic
state (row) toward each transcriptomic state (column) in Fig. S6E. This emphasizes plasticity in
certain states whose probability distribution is peaked near their correct class (for example, tuft
cells), but have slight probabilities toward other classes. This is in contrast to acinar-like ADM
cells, which consistently classify to ADM states and rarely have any substantial probability of
classifying to another state. The distributional representation of Fig. S6E is thus well-suited for
comparison to the correlation-based analysis in Fig. 3C, as it displays each cell-state’s tendency

across all other states (and not just its most optimal state).

Calculation of plasticity score: To enable analysis beyond cluster-level metrics, we quantified
this observed plasticity on a per-cell basis by computing Shannon entropy of the probability

distribution y across classes from the classifier predictions:

Plasticity = — Zlk(i:l P(yx,) log P(Yi,).

for each transcriptomic state k = 1...K. This score will be high when the probability is widely
distributed across many transcriptomic classes, hence a metacell’s epigenome displays

accessibility for diverse gene expression programs. Conversely, it will be low when the
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distribution peaks at a single cell-state, indicating that a metacell’s epigenome is strongly linked

with its own expression readout.

Measurement of plasticity on a numerical scale enables us to address questions about which
factors (such as gene programs, stage in progression) influence plasticity. In Fig. 3F, we
visualize its distribution across cell-states to identify the states which display high epigenetic
plasticity. Furthermore, we find that plasticity is enhanced upon inflammation by comparing
distributions of plasticity scores per metacell in Kras-mutant cells (K1) versus those responding

to inflammation (K2) (Fig. 3H).

Robustness of plasticity approach: To test whether our plasticity metric is robust to cell-states
captured (rare populations), we randomly subsampled transcriptomic metacells 100 times,
selecting 75% of profiles with replacement for individual trials. Each trial measures whether our
discriminative model of cell-state is consistent with respect to observed transcriptomic profiles.
Indeed, we found high concordance between plasticity scores derived from each trial and the true
scores, with average Pearson correlation coefficient of r = 0.895 (minimum r = 0.703) between
subsampled and true scores for each epigenomic metacell. Subsampling transcriptomic metacells
to 50% in this procedure maintained strong concordance (average r = 0.8565, minimum r =

0.6177).

Annotation of plasticity score with GSEA: Beyond identifying high-plasticity populations, our
metric serves as a powerful quantitative tool to explore features of plastic cells. In particular, by
ranking metacell profiles by plasticity score, we can correlate gene programs with epigenetic
plasticity. To this end, we computed Spearman correlations between each gene’s accessibility

score and the corresponding plasticity score per cell (Table S5), and used these values to rank
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genes for Gene Set Enrichment Analysis (GSEA) (48). GSEA was performed with the gseapy
python package using all genesets included in the “KEGG 2019 Mouse” library (97), with an

FDR of 0.1 (Figs. 3G and S6F, and Table S4).

Heterotypic cell-cell communication analysis with Calligraphy

Our results collectively suggest that inflammation is associated with plasticity in pre-neoplasia,
prompting us to further explore potential interactions with the immune microenvironment in pre-
malignancy. Many approaches exist to infer cell-cell interactions via expression of cognate
receptor-ligand (R-L) pairs across cell types, defining significant interactions with respect to
single pairs of R-L genes against a null model of R-L expression (50). However, their sensitivity
and specificity is impacted by the limited capture rate for individual genes (particularly stable
cell-surface proteins), as well as weak support for each of many potential interaction pairs. Some
methods address weak or noisy signal by incorporating gene expression downstream of
signaling, but these approaches derive gene pathways from general databases without regard to
cell-type-specific mechanisms (50). This has the disadvantage of ignoring context-specific, cell-
intrinsic signaling, including the many pathways impacted by oncogene activation that are

relevant to our setting.

In this study, both bulk and single-cell epigenetic data revealed considerable remodeling of
chromatin structure proximal to communication genes (such as those encoding for inflammatory
receptor and ligand proteins). Given this pervasive remodeling of a large number of

communication genes and the modular nature of gene regulation, we hypothesize that the
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remodeling of communication genes is also organized into coregulated modules, which can be
exploited to strengthen the detection of true signal in the data. Indeed, expression-based
clustering of communication genes exhibits striking modularity (Fig. 4A). We therefore designed
a new approach to crosstalk inference, Calligraphy, which is context-specific and uses gene

coregulation to improve the sensitivity and robustness of inferred interactions.

Calligraphy is rooted in ‘'modules” of inflammation-associated genes: each cell can receive
signals based on its expressed receptors and send signals based on its expressed ligands.
Specifically, modules are sets of communication genes that tend to be mutually expressed in the
same populations, and hence summarize the possible incoming and outgoing communication for
a particular state. To identify these patterns, Calligraphy builds a co-expression network of
communication genes, from which robust inferences can be made across sub-populations
representing coherent inflammatory programs. Prior knowledge of potential R-L relationships
informs the communication potential across cell-states based on their relative module usage,
drawing from data on the numerous communication genes in each module to predict possible
interactions. Below, we describe how we infer communication modules de novo from scRNA-
seq data, then apply a module-based approach to map potential crosstalk in the pre-malignant

pancreas.

Co-expressed communication module detection: We first mapped communication gene co-
expression patterns across the pre-malignant landscape. To account for gene drop-out, we
imputed gene expression using MAGIC (69), which has been shown to increase power to detect
co-expression trends in single cell data. Specifically, we applied MAGIC to the log-normalized

count matrix of pre-malignant K1-K3 stages, which generates a cell-cell affinity graph using
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defaults k = 5 and t = 3. The t parameter was chosen to only produce modest smoothing along

the manifold and avoid over-inflating the expression of true negative genes.

We visualized the MAGIC-imputed gene-gene correlation matrix across all annotated
communication genes to expose potential modules, with rows and columns ordered according to
hierarchical clustering using centroid (UPGMC) linkage in sklearn (94) (Fig. 4A). The matrix
exhibits a striking degree of structure; blocks of mutually correlated communication genes
representing inflammatory modules within the oncogenic epithelia are readily apparent. We also
observed substantial variability in correlation magnitudes outside of coherent blocks, suggesting
the need for a module detection approach that is robust to spurious correlations induced by
imputation and noisy data. Furthermore, large blocks of off-diagonal correlation implied
substantial sharing of specific communication genes across programs and/or cell-states. This
finding highlights an important biological feature of signaling: many individual communication
genes are expected to participate in the communication of multiple cell-states, including immune
subsets and epithelial states. This motivated a second criterion for our module-based crosstalk
approach: flexibility with respect to sharing of receptors or ligands across distinct

communication modules.

Our module detection approach with Calligraphy thus begins with thresholding the gene-gene
correlation matrix (Pearson correlation coefficient >= 0.4) to derive a graph, in which genes are
nodes and correlation-weighted edges connect highly correlated genes. We stored and computed
all graph information using the networkx python package for efficient network handling (98). To

improve module coherence and remove spurious associations, we compute a Jaccard similarity
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metric accounting for the degree of neighbor-sharing between all pairs of genes, similar to (85),

as follows:

Jaccard (Gene;, Gene;) =

where N; is the set of neighboring genes for gene i. We define an upper and lower threshold for
this Jaccard metric, retaining existing edges which meet the lower threshold and appending new
edges which meet the upper threshold. This step ensures mutual neighbor sharing and thus

removes edges which are likely due to spurious correlations.

To group genes according to this graph, typical community detection approaches may target high
graph modularity, requiring communities to represent non-overlapping sets of nodes (85) which
is not ideal for our setting. To allow gene sharing between modules, we applied the Order
Statistics Local Optimization Method (OSLOM) algorithm (99) for overlapping community
detection on the Jaccard-neighbor graph. Briefly, the method clusters an undirected graph by
optimizing a measure of cluster significance against a random null network lacking community
structure. We applied the entire module-detection approach separately to the epithelial pre-
malignant cells and matched samples from the immune data split into (1) T cell, NK cell and
innate lymphoid cell (ILC), (2) myeloid cell, and (3) B cell subsets (Fig. S10B,C and Table
S15). These groupings allowed the discovery of more refined modules which correspond with
co-expression patterns in rarer immune subsets, including Tregs and plasma cells. Hence, we
obtained four sets of communication modules which we term epithelial, T/NK/ILC, myeloid, and
B cell sets. Finally, we inspected each module to assess the biological plausibility based on

knowledge of cell-state programs. As we occasionally observed nonsensical, lowly expressed
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genes in otherwise coherent modules (for example, Natural Killer lectin -like receptors in
epithelial modules), we added a filtering step to remove genes expressed in <10 cells in each
subset. Performing this filtering post-module inference provides an interpretability benefit, as we
were able to assess its impact on module plausibility guided by biological knowledge of gene

groupings.

Association of modules with cell-state: To utilize our communication modules for cell-cell
signaling inference, we sought to associate cell-states with their expressed modules. As an initial
step, we devised a strategy to quantify and visualize relative module expression per cell (Fig.
4B). We first defined a color-coding matrix of dimension M x 3, where M is the number of
modules, and each row contains a user-defined, 3-dimensional RGB code that specifies a distinct
color for its corresponding module. We next assigned a single RGB color to each cell, based on
its module usage, as a linear combination of module-specific colors, akin to “pseudo-coloring”
used for microscopy images. Specifically, the matrix product of the color-coding matrix with an
M x N matrix containing the average module expression in each cell (scaled between 0 and 1)
gives a pseudo-coloring of each cell by its relative module expression. Module expression per
cell is computed as the log of average normalized expression of each gene in the module. Cells
with low expression for all modules will be close to black (R =0, G = 0, B = 0); cells strongly
skewed toward one module will assume a color value similar to that module’s code; and cells
that highly express two or more modules will assume a hue that is intermediate between module
colors. Hence, the predominantly monochrome, module-specific color distribution in the FDL
visualization of pre-malignant cells (Fig. 4B) implies a strong degree of mutual exclusivity in

communication module expression across the epithelia.
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The partition of module activity across epithelia suggested that it would be reasonable to
annotate each epithelial communication module based on its prevalence within a cell-state. We
generated hard assignments for each cell based on the communication module with highest
average expression (z-scored across cells for comparable scale), and confirmed that a
visualization of the assignments mirrored the module pseudo-coloring (Fig. S7C). Checking the
extent to which these assignments intersected cell-state definitions computed using PhenoGraph
on the full dataset (see Progression Cohort coarse clustering in “Single-cell RNA-seq data
processing’’), we found that cells of sizable coarse clusters (>200 cells) were largely assigned to
a single module, with 62% of cells in each cluster, on average, assigned to the predominant
communication module (Fig. S7D). Further, the Rand index between clustering and module
assignment was relatively strong at 0.35. Given this degree of pairing between cell-states and
communication modules, we were able to annotate each module based on the most closely
associated cell-state (which cluster the cells associated with a module most frequently originate
from; see Fig. S10C for immune module visualization). One epithelial communication module
had low expression across all major populations, and was not annotated. We repeated this

process of module annotation separately on the three major immune subsets (Fig. S10B,C).

We hypothesized that the extreme degree of overlap between communication gene modules and
cell-states is a special feature of communication genes, and hence would not be reproducible for
modules determined on any other set of genes. We thus tested the ability of randomly selected
genes to recapitulate the degree of structure observed for receptors and ligands. We began by
binning genes into 40 groups based on their average expression across cells, so as to not bias our
analysis based on highly- or lowly- expressed genes. To produce a control set, we randomly

select a gene from each communication gene’s expression-matched bin. We then apply the
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OSLOM algorithm as described above (with the same parameters) to derive a set of modules
from these non-communication genes. To evaluate matching to cell-state, we compute the rand
index between cells’ predominant module assignment and coarse PhenoGraph clusters. This was
repeated for 200 trials, each time down-sampling genes (dropping 10% each trial) for module
computation. Finally, to derive a comparable distribution for communication genes, we randomly
sampled an equivalent number of communication genes and repeated rand index computation as

above.

Unsurprisingly, we do find that randomly selected genes display a moderate amount of structure
across our populations; indeed, gene expression across the entire transcriptome is expected to be
highly modular due to tightly controlled regulatory programs, and for this reason we find that
modules derived from random genes do organize into population-associated groups. It is also
important to note that our module detection algorithm will discard genes with low structure,
thereby automatically selecting for genes with a degree of modularity and discarding those
without (for example, housekeeping genes). Still, we find that communication modules are
consistently more modular with respect to our cell-states compared with random samplings of

genes (t-test, p value <0.01) (Fig. STE).

Comparison of pre-malignant epithelial modules to normal pancreas and cancer: The
correspondence between our modules and cell-states suggests that communication module
expression can largely explain transcriptional heterogeneity in the pre-malignant epithelia. We
asked whether this also holds in normal pancreas, normal regeneration and late-stage malignant
disease. To this end, we computed average pre-malignant communication module expression in

N1-N2 cells and K5-K6 cells, and visualized module distribution using the pseudo-coloring
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approach above (Figs. 4C,D). The majority of normal regeneration (N1, N2) cells exhibited low
expression across all communication modules (dark pseudo-coloring), suggesting that pre-
malignant inflammatory modules are largely inactive outside the oncogenic context. In contrast,
malignant cells (K5, K6) expressed high levels of Progenitor, Gastric, and Bridge

communication modules.

We additionally integrated our mouse-derived communication modules with publicly available
human data (32) processed as described above. For each module defined in the pre-malignant
pancreas, we computed the log of the average expression of each homologous gene across all
human epithelial cells. Fig. 4E displays distributions of these scores across cells per module.
This reveals that Progenitor, Gastric, and Bridge modules are up-regulated in human PDAC

cells, consistent with the notion that these modules persist in advanced murine tumors.

Gene-centric module crosstalk algorithm: The communication modules define inflammatory
programs that are differentially expressed across cell-states and are largely specific to the pre-
malignant context. We next sought to identify module crosstalk that represents heterotypic
communication driven by tissue inflammation in the context of oncogene activation. We first
filtered the module graph described above, removing nodes which are not differential between
mutant Kras-associated injury (K2) and regeneration (N2). Specifically, we identified genes
upregulated in K2 compared to N2 from bulk RNA-seq data published in (23), retaining those
with DESeq logFC > 2 and with adjusted p value < 0.05. We also retained nodes which are
cognate pairs of these dynamic genes, to capture potential cell-cell interactions and downstream
effects of these differential programs. In total, 55 receptors and 46 ligands remained out of 340

initial candidates. For all crosstalk analysis, R-L cognate gene pairs were extracted from (/00)
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and were manually curated to include additional PDAC and immune-relevant R-L pairs not

included in the initial list (Table S18).

Next, we modified the graph to include directed edges between ligands and their cognate
receptors (rather than edges between co-expressed genes), representing potentially interacting
molecules involved in cell-cell communication between modules. Similar to previous methods
which identify crosstalk events between cell-states, in this gene-centric approach, we consider
two modules to be potentially interacting if they share many cognate R-L pairs. As such, we
enumerate the number of cognate interactions that occur between all genes in each pair of
interacting modules. To identify only module pairs whose counts are higher than chance, we
compute a random null distribution R on the pairwise interaction counts by shuffling the module
labels for each gene and re-computing the counts for n = 5000 trials. We then compute empirical
p values for each interacting pair as 1 - p(R < observed) to identify significant interactions, akin
to the procedure in CellPhoneDB (50) (Fig. S11A). Resulting networks are visualized in Figs.
S11B,C, where each node represents one module and weighted edges represent statistically

significant module-module interactions inferred by Calligraphy.

Per-module sender and receiver score: Our crosstalk inference approach provided a
comprehensive map of candidate cell-cell interactions across communication modules and their
associated cell-states. We visualized these interactions as a graph with modules as nodes and
edge weights indicating strength of interaction (number of edges between modules) (Figs.
S11B,C). We reasoned that modules with numerous interactions across epithelial and immune
subtypes represent central (‘hub’) communicators of injury-driven neoplasia, and sought to

quantify this notion. For each module, we summed counts of outgoing and incoming edges in the
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full gene-gene interaction network (filtered for statistically significant interactions, p value <0.1)
to quantify a “sensing” and “re-modeling” score, respectively. Visualization of these scores as
bar charts along a heatmap of pairwise significant module-module interactions highlights
modules with high sending and/or receiving propensity, excluding modules with no incoming or

outgoing edges from columns and rows respectively (Fig. 4F).

Analysis of sequential paths through crosstalk network: Sensing and re-modeling scores annotate
important communication modules with substantial pairwise interactions between cell-states.
However, many consequential intercellular events may involve stepwise interaction between
more than two epithelial or immune populations. For instance, feedback loops, wherein a module
signals back to itself through one or more intermediate populations, have been identified in late-
stage cancer (58). To identify putative feedback loops in our Calligraphy network, we performed
a search for cycles using networkx’s simple cycles function. This identified a single loop

involving Gastric module (E6) and Treg/ILC module (T8).

A major goal toward translating cell-cell communication networks to actionable targets is the
identification of molecules whose expression has widespread impacts on downstream targets. To
determine the relative impact of any one ligand within our feedback loop, we computed
hierarchical paths beginning with a single “source” ligand, downstream to its immediate binding
partners, and from each of these sequentially through all possible paths in the Calligraphy
network. For computational efficiency, we began this search by identifying “sink” modules in
the network which have no significant outgoing edges and hence represent dead-end absorbing
states in a walk on the graph from any origin. For a particular source ligand contained in a

particular module, we identified all its receiving modules containing its cognate binding partners
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as inferred by Calligraphy. We then rapidly built the downstream hierarchy of all possible paths
emanating from these downstream modules by applying networkx’s all_simple paths function to
enumerate paths of all possible lengths to each sink. We visualized paths using plotly’s sunburst
function, annotating the inner circle with source ligand and each outward layer as a possible step

along the path hierarchy (Fig. SE).

To then determine the impact of the source ligand on any given module, we annotated each
downstream module by the level of its earliest appearance in the hierarchy. Assuming that
communications occurring with fewer intermediates are most likely or most potent, these scores
signify the putative impact of the source ligand (with lower scores suggesting stronger impact).
To then associate these module impact scores to cell-states, we annotate each cell by its most
highly expressed module as described above (see “Association of modules with cell state”).
Transfer of module impact scores to their associated cells allowed us to assess the breadth of

phenotypes which may be affected by expression of a given ligand (Fig. SF).

Comparison to CellPhoneDB: We sought to determine whether the above findings could be
recapitulated by a commonly used algorithm for communication inference in scCRNA-seq data.
CellPhoneDB (50) is similar to Calligraphy in its use of receptor-ligand expression patterns for
detecting such interactions from dissociated data, even proposing a highly-similar approach for
establishment of a null distribution based on permutation. On the other hand, as CellPhoneDB
does not leverage co-expression patterns, it applies a separate statistical test for each receptor-
ligand pair. It also requires fixed cell-state definitions (clusters) to compare the expression of

each receptor or ligand across heterogeneous states.
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To compare the performance of CellPhoneDB to Calligraphy, we first began by defining cell-
states in our data using coarse PhenoGraph clusters as described above. We ran CellPhoneDB on
our scRNA-seq data using method “statistical analysis” with otherwise default parameters. To
understand its output, we first looked for potential interactions by thresholding all corrected p
values to an FDR of 0.01. Across all pairs of cell-states, we found that the vast majority
(720/729, or ~98%) had at least one significant interaction. For comparison, if we map
Calligraphy modules to their predominant cell-states (based on average expression), we get 41

such interactions passing significance (a mere 5.6% of possible interactions).

Single-cell analysis of KC-shRNA cohorts

Analysis of ligand-specific paths in our crosstalk network revealed an IL-33-driven feedback
loop involving pre-malignant populations and their microenvironment. To determine the impact
of this crosstalk on epithelial cells, we modeled phenotypic shifts in each stage and tissue type of
our Perturbation Cohort, comparing sh//33 to control samples with the Milo algorithm (60). Milo
groups cells into partially overlapping local neighborhoods on a kNN graph, and then computes
statistics for differential neighborhood abundance across conditions using a negative binomial
generalized linear model (GLM). We applied Milo with k = 20 for neighborhood detection and
took advantage of its GLM to further account for batch confounding by modeling the
experimental mouse cohort as a covariate. We visualized the distribution of log fold changes in
each analysis (K2 epithelial and immune, and K3 epithelial and immune) separately as a measure

of degree of perturbation in each condition (Fig. 6C).
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K3 epithelium displayed the strongest and most consistent phenotype for further exploration of
cell-states impacted by perturbation. We were primarily interested in understanding whether our
perturbation alters the natural progression of disease. To model an axis of progression in this
time point, we applied pseudotime inference with Palantir (6/) to neighborhoods derived from
Milo. Palantir requires assignment of a starting cell in order to seed the direction of pseudotime.
In our case, we chose to use Nes' progenitor cells as the primary cell of origin, supported by
CellRank’s identification of this state as an initiating population (Fig. S3B) as well as multiple
previously described measures suggesting the potential of this population to give rise to

downstream cell states (Figs. S4D and 3F).

To identify a Nes" progenitor neighborhood which could serve as a starting cell for pseudotime,
we first annotated each neighborhood in Milo using the annotateNhoods function with cell-state
annotations assigned to each original single cell as described above for the Progression Cohort
(see “Single-cell RNA-seq data processing and basic analysis” for list of marker genes) (Fig.
S13E). We then computed diffusion maps with Palantir (n_components=10) to identify major
axes of variation through the neighborhoods. We selected a starting cell at the extreme of the
second DC, which tracked from a Nes" progenitor to downstream cell types. Palantir was run
with 500 waypoints to identify an axis of pseudotime from this starting position (Fig. S13E). In
Fig. 6G, we visualize the Milo differential abundance with neighborhoods sorted along this axis
along with a 6M-order polynomial regression line fit to the trend of logFC, finding increased
abundance in sh//33 for the latest subset of Nes" progenitors. We further find that this population
maintains expression of genes highly correlated with the plasticity score across epigenomic
metacells (Pearson correlation Bonferroni corrected p value < 0.01) based on average, z-scored

expression of these genes.
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Finally, to interpret these results in light of our inferred module interaction networks, we
evaluated the extent to which cell-states predicted to be downstream of IL-33-centric crosstalk
pathways overlap with those impacted by the perturbation. To this end, we divided epithelial
modules into ‘connected” modules which are directly or indirectly downstream of IL-33 in the
network and ‘unconnected’ modules, which are not. We reasoned that connected modules are
more likely to be impacted by perturbation, provided that our module interaction network
captures true interactions driven by this cytokine. To utilize neighborhood-specific scores from
Milo as a measure of these module-level impacts, we first associated modules with
neighborhoods, similar to our approach in “Heterotypic cell-cell communication™. Specifically,
we computed hard module assignments for each neighborhood based on the module with the
highest average z-scored expression (Fig. S13G). We then compared the average absolute value
Milo log fold change in all neighborhoods assigned to IL-33-connected modules versus
unconnected modules, finding significantly higher perturbation impact in connected modules
(one-sided t-test; t = -4.6711, p value = 2.0551 X 10°), and thus experimentally validating

connections in the inferred IL-33 crosstalk pathway (Fig. 6H).
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Figure S1
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Intra- and inter-tissue epithelial heterogeneity and dynamics during cancer progression.
(A) Experimental settings to interrogate pancreatic epithelial heterogeneity in vivo.
Representative H&E of pancreata from the indicated mouse models and treatment conditions (as
in Fig. 1A). Scale bar, 100 um.
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(B) tSNE visualization of epithelial (mKate2") scRNA-seq profiles from all collected settings in
(A), colored by coarse cluster membership computed with PhenoGraph (85); clusters are
annotated manually. ADM denotes cells actively undergoing acinar-to-ductal metaplasia in Kras-
wild-type or mutant tissue (37).

(C) tSNE map as in (B), colored by fine cluster membership computed with PhenoGraph.

(D) Bar plots showing the proportion of cells from each coarse or refined PhenoGraph cluster
obtained from each stage of progression.

(E) Expression of pancreatic epithelial cell-state markers (rows) across coarse PhenoGraph
clusters (columns). Dot size scales with the proportion of cells in a given cluster that express
each gene; color indicates average z-scored, log-normalized expression. Cells in pre-malignant
conditions gradually lose expression of acinar-associated markers (Bhlhal5, Zgl6, Cpal) and
gain expression of metaplasia-associated markers (Krt19, Sox9). Other populations express
distinct cell-state markers including Syp, Neurodl, and Pyy in neuroendocrine-like cells (cluster
9) and Trpm35, Dclkl, and Pou2f3 in tuft cells (cluster 13).
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Figure S2
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Resolution and reproducibility of pre-malignant epithelial cell states.

(A) tSNE map of cells derived from coarse PhenoGraph clusters 2, 3, 7 and 12 (see Fig. S1B)
undergoing ADM in regeneration (N1, N2) and tumor progression (K1-K6). Normal and
oncogenic Kras conditions exhibit little overlap.

(B) tSNE map as in (A), colored by log-normalized expression of acinar gene Zg/6, which
decreases across both Kras-wild-type and Kras-mutant ADM; ductal gene Krt19, which
increases along both; and neoplasia-associated gene Onecut? (52), which is specifically activated
along ADM in the Kras-mutant counterpart.

79



(C) tSNE map of neuroendocrine and tuft cells derived from coarse clusters 9 and 13, showing
substantial heterogeneity in Kras-mutant cells (largely absent from Kras-wild-type epithelia,
which only contain an extremely rare population of beta -like cells) and rare cell populations
captured through epithelial cell enrichment. Substantial mixing of cells across conditions further
underscores reproducibility of transcriptomic profiles.

(D) tSNE map as in Fig. 1B, highlighting biological replicates (independent pancreatic or distal
metastases tissue per mice) for each condition (Table S1). Each tSNE represents an individual
tissue per mouse, colored to indicate constituent cells. Normal (N1), regenerating (N2) and pre-
malignant (K1-K4) pancreatic epithelial cells are highly reproducible across independent
individual mice, whereas cells from malignant conditions (K5, K6) diverge. In malignant
conditions, primary tumors and metastases derived from a single mouse are grouped together in
one box, highlighting both phenotypic overlap in cells derived from the same mouse and
metastasis-associated transitions in each.

(E) FDL of Kras-mutant (mKate2") cells derived from full-blown PDAC samples (K35, light
purple) and isogenic distal metastases (K6, dark purple) highlights phenotypic divergence
between individual mice (PDAC-1 to -3), with the exception of a single shared state (cluster 18)
from all 3 malignancies (inset).
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Figure S3
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Identification of specific, injury-sensitive Kras-mutant subpopulations with multi-lineage
potential.

(A) Distribution of cell cycle genes (top) and apoptosis genes (bottom) (97) expression in all
epithelial cells derived from pre-malignant (Kras mutant) conditions K1-K4. Expression of these
signatures across cells from conditions is computed as an average of z-scored, log-normalized
expression per gene.

(B) CellRank (39) predicts multiple initiating populations of pancreatic tumorigenesis. Left, FDL
of all Kras-mutant cells (K1-K6) as in Fig. 2A, colored to reveal pre-neoplastic cells (K1, K2).
Right, region of the same FDL encompassing all K1 and K2 cells; cells are colored by CellRank-
computed probability of being an initiating state. High-probability initiating states are indicated
with stars and correspond (by marker gene expression in (C)) to initiating populations identified
by lineage tracing studies (26, 42—45). These include Nes+ (cluster 1), Aldh1b1+ (cluster 9),
Tff2+ (cluster 0), and acinar (cluster 3) populations, using coarse PhenoGraph clustering in Fig.
S1B.
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(C) Region of FDL in (B) colored by expression of known cell-of-origin marker genes (26, 42—
45).

(D) smFISH data displaying spatial localization of markers for the progenitor-like state (Nes,
Msn) and the gastric-like state (Anxal0). In two example images derived from the same mouse
(K2 condition, Kras-mutant 48 hpi), there are individual lesions composed mainly of either
progenitor-like states or gastric-like states (“uniform”, top), and those composed of both
progenitor-like and gastric states (“transitional”, bottom). Scale bar, 20 um.

(E) Expression of progenitor-like markers versus gastric markers in individual cells in smFISH
data. Each point represents one segmented cell. Progenitor marker expression is quantified as the
product of Msn and Nes expression in that cell. Cells are colored by their status as mainly
progenitor-like (green), mainly gastric-like (red), intermediate (yellow, positive for both
progenitor and gastric markers), or neither (black, negative for both progenitor and gastric
markers).

(F) Region of the FDL in Fig. 2A containing the bridge population, which exhibits a gradual
decrease in acinar-associated gene expression and concomitant increase in PDAC-associated
gene expression.
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Figure S4
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Epigenetic priming for distinct fates in Kras-mutant initiating populations.

(A) Expression of genes unique to benign or malignant chromatin modules, in all mKate2"
epithelial cells derived from the indicated Kras wild-type (N1-N2) and mutant (K1-K5) tissue
conditions (violin plots). Expression values are z-scored across genes to emphasize the most
dominant genes expressed in each cell. Average (standardized) accessibility from bulk ATAC-
seq in each sample (lines), reveals a general correspondence between accessibility and
expression trends. Substantial changes in malignant module expression between un-injured and
injured cells is only observed in the context of mutant Kras.

(B) Logistic regression model coefficients for Benign (left) or Malignant (right) fates for select
genes.

(C) Classification of all pre-neoplastic (K1, K2) cells to late-stage fates. Each row represents one
cell from K1 (yellow) or K2 (blue) conditions, sorted from highest Benign fate probability (top)
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to highest Malignant fate probability (bottom). Corresponding Malignant fate probability is
plotted at right.

(D) FDL region as in Fig. S3B, highlighting cells with an intermediate probability (0.4 <p <0.6)
of classifying to a Benign or Malignant fate. Cells are colored by the density of intermediate
cells in the phenotypic space (darker corresponds to more intermediate cells in the local region).
Density was derived using a Gaussian kernel density estimate of intermediate cells in PC space.
(E) Intermediate cells exhibit evidence of dual priming for divergent fates. Contour plots display
cell density based on expression of Benign and Malignant gene signatures for benign neoplasia
(K3, K4) cells (pink), malignant (K5, K6) cells (purple), and intermediate (composite state) cells
from K1 and K2 identified by the classification model (orange). Gene signatures are derived by
intersecting genes with the top 200 largest coefficients in the classification models for K3 and
K5 classes with genes specifically associated with bulk ATAC-seq benign and adenocarcinoma
modules (see Fig. 2C and Table S3), respectively. A per-cell signature score was computed as
the average z-scored expression of each gene in the signature. We observe that individual
intermediate cells from K1 and K2 co-express benign and malignant programs.
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Figure S5
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Epigenomic characterization of early and late Kras-mutant subpopulations.

(A) FDL of scATAC-seq profiles from pre-malignant (K1-K3) and malignant (K5) stages,
colored by merged PhenoGraph cluster and annotated manually (27).

(B) FDL as in (A), colored by second component of LSI, revealing similarity between tumor and
Nes" progenitor states at the chromatin level.

(C) Chromatin accessibility tracks for representative benign and adenocarcinoma-primed genes,
aggregated across cells belonging to a given condition (top) or merged PhenoGraph cluster
(bottom). x-axis, genomic coordinates around the indicated gene; y-axis, smoothed, depth-
normalized counts of scATAC-seq fragments. 7ff2 is selected from the high-coefficient genes for
benign neoplasia classifier (see Fig. S4B) and appears primed toward benign neoplasia in early
tumorigenesis, whereas Vim is selected from the malignant classifier shows priming toward
PDAC.

(D) FDL of scATAC-seq profiles from pre-malignant and malignant stages, colored by sum of
accessibility near genes (ArchR gene score) associated with Benign and Malignant chromatin
modules (Table S3). Cells with high accessibility for these fate-associated genes fall within
distinct regions of the map. Similar to patterns observed in Fig. 2C, Malignant programs are
activated in Nes' progenitor-like cells, where benign programs are enriched in gastric-like cells.
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Figure S6
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Integration of tumorigenesis-associated epigenomic and transcriptional cell states.

(A) Integrated FDL visualization of metacells derived from scATAC-seq (triangles, right) and
scRNA-seq (circles, left), with nodes colored by PhenoGraph cluster from each respective
technology (Figs. S1C and S5A). The FDL is built on a composite graph which combines
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within-modality nearest neighbors with cross-modality mutually nearest neighbors (MNN) to
emphasize similarities between cells both within and across modalities (27).

(B) FDL as in (A), colored by expression score (the average of log-normalized counts from all
cells in a metacell) or accessibility score (average of log-normalized ArchR gene accessibility
scores) for each metacell, for a selection of known cell-state markers. Values are z-scored within
each modality to obtain comparable scales. Acinar (Ptfla), progenitor-like (Nes),
neuroendocrine-like (Neurodl), and gastric-like (7ff2) markers show high concordance between
modalities on the visualization.

(C) Per-gene correlations of accessibility and expression across paired metacells. Each point
corresponds to one transcriptomic metacell, colored by annotation (color as indicated in (A)) of
PhenoGraph clusters (refined transcriptomic clusters; see Fig. S1C and SSA). Y-axis displays z-
scored expression of the indicated gene in each metacell; x-axis displays the average z-scored
accessibility score across the epigenomic metacell MNNSs of that transcriptomic metacell. High
correlation values indicate strong concordance between expression of a gene and its accessibility
for matched epigenomic profiles.

(D) Pairwise Pearson correlation coefficients of metacells derived from scATAC-seq (left) and
scRNA-seq (right). Metacells are ordered by manually annotated PhenoGraph clusters (refined
transcriptomic clusters; see Figs. S1C and S5A). Major blocks of high positive correlation along
the diagonal represent accessibility- and expression-derived cell-states that are highly similar
within each modality. Off-diagonal correlations represent similarity between distinct cell-states.
Quantifying the difference between intra-cluster (Tinra) and inter-cluster (rineer) correlations, we
find that intra-cluster similarity is much greater (Tintra - Tinter = 0.51 for RNA and 0.42 for ATAC)
than cross-modality similarity (Tintra - Tinter = 0.26).

(E) Average phenotype probability by epigenomic features. Heatmap displays average log
probability of classification to each transcriptomic cluster (columns) from metacells of each
epigenomic cluster (rows). Row and column order correspond to that in the confusion matrix in
Fig. 3E. Color values indicate the full log probability distribution (as opposed to the count of
discrete predictions for cells of each epigenetic cluster depicted in Fig. 3E).

(F) GSEA enrichment scores for select significantly (FDR < 0.1) enriched gene sets in genes
ranked by Spearman correlation to inferred plasticity. High enrichment indicates a significant
positive association of that program at the chromatin level with cell-states maintaining high
plasticity as defined by the method in Fig. 3D.
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Figure S7
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Distinct cell-cell communication modules are associated with defined neoplastic lineages.
(A) Chromatin accessibility signal tracks from scATAC-seq data for select communication genes
aggregated across cells from each PhenoGraph cluster of plastic cell-states. Clusters are ordered
by increasing plasticity (reproduced at left here from Fig. 3F), highlighting greater accessibility

near these genes in high-plasticity populations.

(B) Pearson correlation between each pair of communication genes (or corresponding markers)
across all segmented cells in smFISH data. The Calligraphy communication module for each R-L
gene (or associated marker) is denoted in color on the columns, where magenta corresponds with

the gastric (E6) module and green corresponds with the progenitor (E7) module. Hierarchical
clustering (visualized as dendrograms) on rows and columns groups genes based on their co-
expression patterns across space in the tissue.

88




(C) FDL of pre-malignant epithelial cells (K1-K3, see Fig. 4B), colored by coarse PhenoGraph
cluster (see Fig. S1B) (left) or communication module assignment (right). Module expression is
computed as the log of average normalized expression of each gene in that module; cells are
assigned to the highest-expressed module.

(D) Correspondence between cell membership in coarse PhenoGraph clusters computed on all
genes (columns) and communication modules computed only on communication genes (rows).
Color values represent the proportion of cells in each cluster which map to each module,
revealing tight concordance for all modules except Low (E4).

(E) Boxplots displaying distribution of rand indices (against coarse PhenoGraph clusters) from
modules defined from randomly selected genes versus down-sampled communication genes.
Asterisks indicate significance in a one-tailed, un-paired t-test (p value < 0.01). Modules derived
from communication genes are significantly more similar to global heterogeneity (clustering)
than modules derived from random genes.

(F) Communication module assignments of cells from chromatin accessibility data, based on
average normalized accessibility (ArchR gene score) of communication genes within each
module (27). Cells are ordered along the second component from LSI computed on scATAC-seq
data.
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Figure S8
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Concordance of global heterogeneity and communication modules in alternate model
systems.

(A) Pairwise correlation of average expression per coarse PhenoGraph cluster derived from pre-
malignant Kras mutant cells (rows) and per cluster identified in a comparable scRNA-seq dataset
with mutant Kras activated in the adult via Cre-ER (52). The majority of cell-states have clear
correspondence based on high correlation with several clusters in the complementary dataset.
(B) Scatter plots of normalized expression per cell of indicated marker genes in our data (top)
and data from (52) (bottom). Cells are colored by relative module expression, computed as the
log of average normalized expression of each gene in the module. Cell “pseudo-color” values
correspond to a mixture of module-specific colors based on the relative expression of module
genes in each cell (27). There is a high degree of correspondence between module expression
and cell-state definitions.
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Figure S9
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Characterization of immune heterogeneity in pancreatic tissue.

(A) tSNE visualization (scRNA-seq) of CD45"-sorted immune populations from pre-malignant
pancreata (K1-K3) colored by cell type annotation.

(B) tSNE as in (A) displaying coarse immune cell subsets combining all T, NK, and ILC -
derived cells, myeloid -derived cells, or B cell -derived cells into a group for downstream co-
expression analysis and module determination (see Figs. S10B,C).

(C) Immune marker expression (rows) across PhenoGraph clusters from CD45"-sorted immune
cells in scRNA-seq (columns). Each dot plot shows cell-type -specific expression patterns in
clusters derived from T/NK/ILC, Myeloid and B cell subsets from left to right. The size of each
dot scales with the number of cells in each cluster (columns) expressing the gene in each row.
The color of each dot scales with the mean expression of that gene across all cells in that cluster.
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Figure S10

A K2: Kras Pre-Neoplasia 48hpi
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Communication module prediction in infiltrating immune cells.

(A) tSNE visualization of CD45"-sorted immune populations from pre-malignant samples (K1—
K3, see Figs. S9A,B). Coloring K1 (yellow) and K2 (blue) cells separately reveals the dramatic
shifts in immune phenotypes that occur in Kras-mutant pancreata upon injury.
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(B) Communication gene co-expression modules in CD45" immune cells derived from pre-
malignant tissues separated into three major immune subsets as in Fig. S9B. Each row or column
corresponds to one receptor or ligand, and color values represent the Pearson correlation
coefficient between the expression of a pair of genes across cells of that subset. Blocks of highly
correlated communication genes along the diagonal correspond to partially overlapping modules
of genes that tend to be expressed in the same cell populations. Each column of inferred
communication gene co-expression modules from the OSLOM community detection algorithm
(right) depicts genes belonging to a single module.

(C) tSNE visualization of major immune subsets in Fig. S9B with cells colored by module
assignment from Fig. S10B. For each subset, modules are computed using OSLOM community
detection (27), cells are assigned to the module with highest average z-scored, log-normalized
expression. Right, representative communication genes from select modules. Individual genes
can be shared between modules (for example, CD40 in B cells) when genes are expressed in
more than one cell type.
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Figure S11
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Calligraphy predicts tissue crosstalk networks between Kras-mutant cells and infiltrating
immune cells recruited to their tissue environment.

(A) Schematic of the module-based crosstalk algorithm, Calligraphy. Observed modules are first
identified from a gene-gene co-expression graph of cell subpopulations using the OSLOM
community-based detection approach (99). Each module contains a set of receptors (boxes) and
ligands (triangles) which are co-expressed across subpopulations of scRNA-seq data, colored by
cognate pairs known to physically interact. Inferred gene modules are then filtered for
communication genes that are upregulated in early tumorigenesis (K2) compared to normal
regeneration (N2). Cognate R-L pairs spanning filtered modules are enumerated to suggest
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potential cross-module interactions. Then, modules are randomly permuted » times and cross-
module interactions are recounted in each trial to derive a null distribution for each pairwise
module-module interaction. A p value is obtained for each pair of modules using this null
distribution.

(B) Global crosstalk network inferred by Calligraphy, colored by cell subset. Each node
represents one module, with size proportional to the number of communication genes in that
module. Edges connect significant module-module interactions, with widths proportional to the
significance of interaction (—10 log(p value + pseudocount)).

(C) Global crosstalk network inferred by Calligraphy, colored by epithelial module as in Fig.
4A, or gray for immune modules.
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Figure S12
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Identification of Kras-mutant specific epithelial-immune crosstalk networks.
(A) tSNE of integrated immune and epithelial sSCRNA-seq data from pre-malignant stages (K1-

K3, see Fig. 5B) colored by PhenoGraph cluster (coarse epithelial clusters, see Fig. S1B).
(B) tSNE as in (A), colored by progression stage.
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(C) tSNE as in (A), separated by epithelial (top left), myeloid (top right), T/NK/ILC (bottom
left), and B cell (bottom right) compartments. Cells of each compartment are colored in each plot
by their module assignments. Module expression is computed as the log of average normalized
expression of each gene in that module; cells are assigned to the highest-expressed module of the
corresponding subset.

(D) Representative FACS plots indicating gating strategy to characterize IL1IRL1 positivity in
myeloid and lymphoid compartments of Kras-mutant pancreata at 48 hpi (left). The fraction of
lymphoid and myeloid cells among ILIRL1" immune cells in Kras-mutant pancreata at 48 hpi
are quantified in the pie chart, consistent with the expected positivity in CD4" T-reg cells (CD3",
CDI11b"), DCs (CD3", CD11b°CD11¢"), Non DC-myeloid (CD11b"CD3°CD11¢"), and ILC2
(CD37, CDI11b7, CDl1I1c"). Pooled data are presented as mean + s.e.m (n = 6 independent mice).
(E) Boxplots comparing distance (in pixels, 0.325 pm per pixel) in situ of IL33" epithelial cells
to Tregs against a null model of spatial distribution in co-immunofluorescence (co-IF) data from
the indicated biological replicates (independent mice) from K2-tissue state (Kras-mutant +
injury, 48 hpi condition). Each pair of boxes across the y-axis is for one co-IF image collected.
For each image, distances in the upper distribution are calculated between each IL-33" epithelial
(E-cadherin®) cell and its closest Treg (CD3"FOXP3"). Distances in the lower distribution are
calculated by randomly permuting positions of epithelial cells and re-computing distances for
multiple trials. Asterisks indicate statistically significant differences in a one-tailed, un-paired t-
test. In these cases, IL-33" cells are closer to Tregs than other epithelial cells, on average. Pooled
data are presented as mean £ s.e.m (minimum 128 distances analyzed per comparison).

(F) FDL of normal regeneration (N1, N2, see Fig. 4C) colored by MAGIC imputed log-
normalized expression of 7/33 (middle) or /l4ra (bottom). Colors are scaled between the 1% and
99t percentile.

(G) Representative immunofluorescence of IL-33 (red), TFF1 (white) or mKate2 (epithelial
cells, green), visualizing the selective injury-driven induction of IL-33 in a subset of Kras-
mutant pancreatic epithelial cells expressing the gastric-cluster marker TFF1 (bottom) but not in
Kras-wild-type injured counterpart (top). Scale bar, 20 um. The bottom panel section is also
shown in Fig. 6B.
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Figure S13
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Impacts of 7/33 perturbation assessed with IMC and scRNA-seq.
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(A) Imaging Mass Cytometry (IMC) staining of pancreatic tissues from KC-shRen mouse (48
hpi, K2 stage) showing activation of IL-33 (magenta) within mKate2 (marking epithelial cells,
cyan) cells positive for gastric state marker (ANXA10, yellow), as well as in surrounding
stroma. Scale bar, 200 pum.

(B) IMC staining of pancreatic tissues from KC-sh//33 mouse (48 hpi, K2 stage) showing
depleted expression of IL-33 (magenta) in mKate2" Kras-mutant epithelial cells (cyan), and
intact [L-33 expression fibroblasts marked by aSMA (white). Scale bar, 200 pum.

(C) Scatterplots with density contours indicating co-expression of ANXA10 (x-axis) and 1L-33
(y-axis) in 30 pixel square patches (roughly representing single lesions) of a control K2 (left) and
an sh//33 K2 (right) IMC image. sh//33 represses the spatial co-expression relationship between
ANXA10 and IL-33.

(D) Scatterplots with density contours indicating co-expression of VIM (x-axis) and IL-33 (y-
axis) in 30 pixel square patches of a control K2 (left) and an sh//33 K2 (right) IMC image. sh//33
does not substantially impact the spatial co-expression relationship between VIM (marking
primarily stromal elements) and 1L-33.

(E) Milo neighborhoods overlaid on FDL built on scRNA-seq of K3 control and sh//33 cells.
Each point represents one neighborhood scaled to size (number of cells) and is colored by either
cell-state annotation (left) or Palantir pseudotime (right).

(F) FDL built on scRNA-seq of K3 control and sh//33 cells, with cell color indicating its
condition.

(G) Milo neighborhoods overlaid on FDL in (F) colored by communication module assignment.
Module expression per neighborhood is computed as the log of average normalized expression of
each gene in that module; neighborhoods are assigned to the highest-expressed module.
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Table S1.

Sample and GEMM information, provided as a separate supplementary file.

100



Table S2.

Cell Type

Markers

Acinar (differentiated)

Zgl6, Cpal

Ductal

Krt19, Sox9, Clu

Nes" Progenitor

Nes, Cd44, Vim, Cdkn2a

Tuft

Pou2f3, Dclkl, Trpm5

Neuroendocrine (NE)

Chga, Chgb, Neurodl, Syp, Ppy, Gcg, Ins, Sst

Gastric

Mucl, Muc6, Gkn3, Muc5ac, Tff2, Tff1, Agr2

scRNA-seq Annotation Strategy.
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Table S3.

Benign and Malignant Signature Genes, provided as a separate supplementary file.
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Table S4.

Plasticity score Gene Set Enrichment Analysis, provided as a separate supplementary file.
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Table S5.

Plasticity Score Gene Correlations, provided as a separate supplementary file.
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Table S6.

Calligraphy Communication Modules, provided as a separate supplementary file.
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Table S7.

Calligraphy Module-Module Interactions, provided as a separate supplementary file.

106



Table S8.

Condition | Cohort Oncogenic Pancreatitis Timepoint
mutations treatment
N1 Progression No (Kras", No (PBS control) 2 days post-PBS
(Normal) Trp53™)
N2 Progression No (Kras"', Yes 2 days post-caerulein
(Regeneration) | Trp53"™)
K1 Progression Kras©!?P No (PBS control) 2 days post-PBS
(Pre-malignant)
K2 Progression Kras©!?P Yes 2 days post-caerulein
(Pre-malignant)
K3 Progression Kras®'?P Yes 21 days post-
(Pre-malignant) caerulein
K3.5 Progression Kras®'?P No (PBS control) 21 days post-PBS
(Pre-malignant)
K4 Progression Kras®'?P No (natural 27 week old mice
(Pre-malignant) progression)
K5 Progression Kras®"?P; p53-null | No (natural PDAC formation
(Malignant) or mutant progression) (primary tumor)
(p53R1 72H)
K6 Progression Kras®"P: p53-null | No (natural PDAC formation
(Malignant) or mutant progression) (metastasis: liver or
(p 5 3R1 72H) lun g)
K2 + Perturbation Kras®"’P (+ Yes 2 days post-caerulein
sh//33 sh/l33)
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K3 + Perturbation Kras®"’P (+ Yes 21 days post-

sh//33 sh/l33) caerulein

K2 + Perturbation Kras®'?P Yes 2 days post-caerulein
shControl

K3 + | Perturbation Kras®'?P Yes 21  days  post-
shControl caerulein

Experimental conditions.

108




Table S9.

Antibody Company Catalog# RRID Metal
mKate2 Evrogen AB233 AB 2571743 | 142Nd
Vimentin Fluidigm 3143027D not available | 143Nd
IL-33 R&D systems | AF3626 AB 884269 | 152Sm
ANXAI10 Abcam ab223131 not available | 154Sm
Cell Signaling | 12653
Technology

FoxP3 AB 2797979 | 158Gd
Abcam ab5694

aSMA AB 2223021 | 175Lu
GFP Abcam ab220802 not available | 176Yb
DNAI1 Fluidigm 201192B not available | 191Ir
DNA2 Fluidigm 201192B not available | 193Ir

IMC Metal-conjugated primary antibodies.
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Table S10.

smFISH information, provided as a separate supplementary file.
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Table S11.

Short name | Alleles

C Ptfla-cre;RIK (C;RIK)

KC Ptfla-cre;RIK;LSL-Kras®"?P (KC;RIK)

KPC Ptfla-cre;RIK;LSL-Kras®'?P;p53/V*
Ptfla-cre;RIK;LSL-Kras®'?P;p53%172H* (KPC;RIK)

KC-shRen | Ptfl a-cre;RIK;LSL-Kras®'?P; TRE-GFP-shRen.713
(KC;RIK-shRen.713)

KC-shil33 | Ptfla-cre;RIK;LSL-Kras®"*P; TRE-GFP-shil33.668
Ptfla-cre;RIK;LSL-Kras®'?P; TRE-GFP-shll33.327
(KC;RIK-shlI33.668 or KC;RIK-shI133.327)

GEMM Alleles.
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Table S12.

112

Cohort Sample ID Condition|Genotype Filtering |No. offlMedian
Group [Cells |Library Size
Progression | DACD511_Kate plus C;RIK 1 2491 (4534
Progression [ DACD550 kate plus C;RIK 1 2890 15855
Progression | DAC B530-Kate+ C;RIK 2 2804 15610.5
Progression | DACD403 Kate plus C;RIK 2 1424 {5309.5
K1 KC;RIK-shRen.713

Progression | DACD394 Kate plus (Off Dox) 2 2834 (7562.5
Progression | DACD406 Kate plus K1 KC;RIK 2 2189110276

DACD351-Kate+ K1 KC;RIK-shRNA 2781 (17184
Progression (Off Dox) 2

KC;RIK-shRNA
Progression | DAC C263 EPI K1.5 (Off Dox) 2 1851 [14922
KC;RIK-shRNA

Progression | D396 EPI K1.5 (Off Dox) 2 2776 (1732.5
Progression | DACD404 Kate plus KC;RIK 2 1595 {10470
Progression | DACD407 Kate plus 2 2075 (12076
Progression | DAC DI143 Epi 2 2423 115665
Progression | DACD482 Kate plus 2 2668 [10252.5
Progression | DAC C301-EPI 1 2 1812 |2433.5
Progression | DAC _C301-EPI 2 2 1142 1615.5




KPC;RIK

Progression | Ag-PDAC-PT-Kate (KPR172HC;RIK) |2 3387 (15828
KPC;RK

Progression | Ag-Lung-Mets-Kate (KPR172HC;RIK) (3 389 40691

Progression | DAC D020 p5 Epi KP{IC;RIK 2 3646 (22107

Progression | DACC963PT Kate plus KPfIC;RIK 2 679 15941

Progression | DACC963LIVERmet KPfIC;RIK 2 2244 (30530

Progression | DACC963 mKate plus KP{IC;RIK 2 1863 (30134
DACD350-Kate+ KC;RIK-shl133.668|2

Perturbation (Off Dox) 3088 |15149.5
DACEG621-mKate2 KC;RIK-shRen.713}4

Perturbation (On Dox) 2670 (18234
DACD346-Kate+ K2 +KC;RIK-shll133.668|2

Perturbation 1L33 KD |(On Dox) 3067116170
DACE604-mKate2 K2 +|KC;RIK-shl133.668|4

Perturbation 1L33 KD |(On Dox) 3178 |16897.5
DACE605-mKate?2 K2 +KC;RIK-shll33.668|4

Perturbation 1L.33 KD |(On Dox) 2792 (18296
DACD349 mKate2+;GFP+ KC;RIK-shl133.668|2

Perturbation (Off Dox) 903 118997
DACE610-EPI KC;RIK-shl133.327)4

Perturbation (Off Do) 1053 {20917
DACD347 mKate2+;GFP+ [K3 +KC;RIK-shll33.668|2

Perturbation 1L.33 KD [(On Dox) 1049 |18285
DACE607-EPI K3 +KC;RIK-shl133.668|4

Perturbation L33 KD [(On Dox) 2082 [15419.5
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DACE614-EPI

K3

+KC;RIK-

1L33 KD [shll33.327-

Perturbation (OnDox) 1255 {16008
Immune DACD407 CD45+ Dayl KC;RIK 1937 12007
Immune DACD404 CDA45 KC;RIK 918 [4243.5
Immune DACD143 _CD45+ KC;RIK 1825 (1752
Immune DACDA482_CD45+ KC;RIK 2186 12779.5
Immune DACD406-CD45+ K1 KC;RIK 2250 15860
Immune DACD408-CD45+ K1 KC;RIK 2167 2465
K1 KC;RIK-shll33.668
Immune DACD351-CD45+ (Off Dox) 2033 (8389
KC;RIK-shl133.668
Immune DACD350-CD45+ (Off Dox) 2414 (1752
KC;RIK-shRen.713
Immune DACE621-CD45 (On Dox) 3272 (1724
K2 +KC;RIK-shll133.668
Immune DACD346-CD45+ IL33 KD |(On Dox) 2047 (8017
K2 +|KC;RIK-shl133.668
Immune DACE604-CD45 1L33 KD |(On Dox) 2068 11802.5
K2 +KC;RIK-shll133.668
Immune DACEG605-CD45 1L.33 KD |(On Dox) 2469 17197
KC;RIK-shl133.668
Immune DACD349 CD45+ (Off Dox) 705 |3876
KC;RIK-shll33.668
Immune DACEG610-CD45 (Off Dox) 1555 (3222
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K3 +|KC;RIK-shl133.668

Immune DACD345 CD45+ 1L33 KD |(On Dox) 228 3085
K3 +KC;RIK-shll33.668

Immune DACD347 CD45+ 1L.33 KD [(On Dox) 1110 {3320
K3 +|KC;RIK-shl133.668

Immune DACE607-CD45 IL33 KD |(On Dox) 1496 (5020
K3 +KC;RIK-shll33.327

Immune DACE614-CD45 1L33 KD |(On Dox) 1908|3807

scRNA-seq Cohorts and QC. Samples were assigned to one of three cohorts addressing broad

questions, as well as groups for pooling prior to cluster-based filtering. Cell number and mean

library size reflect the final filtered count matrix for each sample.
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Table S13.

Analysis

HVGs

PCs

Variance
Explained

Samples Included

Pre-malignant to
malignant (K1-K6)

4000

51

41.6 %

DACD351 Kate plus;
DACD394 Kate plus;
DACDA406 Kate plus;
DACD404 Kate plus;
DACDA407 Kate plus;
DAC DI143 Epi;
DACD482 Kate plus;
DAC _C301-EPI 1;
DAC C301-EPI 2;
Ag-PDAC-PT-Kate;
Ag-Lung-Mets-Kate;
DAC D020 p5 Epi;
DACC963PT Kate plus;
DACC963LIVERmet;
DACC963 mKate plus

Pre-malignant scATAC
integration
(K1-K3, K5)

4000

49

41.7 %

DACD351 Kate plus;
DACD394 Kate plus;
DACD406 Kate plus;
DACDA404 Kate plus;
DACD407 Kate plus;
DAC DI143 Epi;
DACDA482 Kate plus;
DAC D020 p5 Epi;
DACCO963PT Kate plus;
DACC963LIVERmet;
DACC963 mKate plus

Pre-malignant
Immune integration
(K1-K3)

42

23.0 %

DACDA406 Kate plus;
DACD351 Kate plus;
DACDA404 Kate plus;
DACD407 Kate plus;
DAC DI143 Epi;

DACDA482 Kate plus

Regeneration Immune
Integration (N1, N2)

63

35.9%

DACDS511 Kate plus;
DACDS550 kate plus;
DAC B530-Kate+;

DACD403 Kate plus
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Neuroendocrine and 4000 50%*% | 35.7 % All Progression Cohort
Tuft (Clusters 9 and 13)

Acinar-to-Ductal 4000 88 50.4 % All Progression Cohort
Metaplasia
(Clusters 2, 7, 3 and 12)

Malignant (K5, K6) 4000 57 42.8 % Ag-PDAC-PT-Kate;
Ag-Lung-Mets-Kate;
DAC D020 p5 Epi;
DACC963PT Kate plus;
DACC963LIVERmet;
DACC963 mKate plus

Epithelial scRNA-seq Analysis Groups. *All genes were included for these samples so that
heterogeneity driven by lowly expressed receptors or ligands was preserved. **50 PCs (occurring

before the knee point) were selected to improve separation of rare cell types in visualization.
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Table S14.

scRNA-seq Immune Genes, provided as a separate supplementary file.
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Table S15.

Analysis # HVGs #PCs | Cell types included

T cell, NK cell, | 4000 50 CD4 T,CDS T, T, gdT, ILC (3657 cells)
ILC subset

Myeloid subset | 4000 84 TAM, Gr-MDC, mast, DC (5419 cells)

B cell subset 4000 30 B, plasma (1985 cells)

Immune scRNA-seq analysis groups. Number of HVGs and PCs are those used in processing for

Calligraphy analysis.
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Table S16.

Sample ID Condition|Genotype |Paired scRNA-seq
Sample ID
DACD408 b mKATE2 ATAC K1 KC;RIK  [N/A

DACD404 b mKATE2 ATAC

KC;RIK

DACD404 Kate plus

DACE270 Epi

KC;RIK

N/A

DACE271 Epi

KC;RIK

N/A

DACC963 PT B mKate

KPfIC;RIK

DACC963PT Kate plus

DAC D020 p5 Epi ATAC

KPfIC;RIK

scATAC-seq sample pairings.

DAC D020 p5 Epi
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Table S17.

Cell Type Markers

Acinar (differentiated) Ptfla, Bhlhal5, Cpal, Nria2
Ductal Krt19** Sox9**

Nes" Progenitor Nes, Cd44, Vim

Tuft* Vill

Neuroendocrine (NE) Chga, Chgb, Neurodl, Ppy, Sst
Gastric Gkn3, Tff2, Tff1, Agr2

scATAC-seq annotation strategy. *Due to low accessibility captured near cell-state markers (for
example, Dclkl), tuft cells in sScATAC-seq data are mainly identified by genome-wide similarity
to tuft cells identified in scRNA-seq (see “Identifying and integrating pancreas metacells”).

**Broadly accessible in metaplastic cells.



Table S18.

Cognate R-L pairs, provided as a separate supplementary file.
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