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Thereis broad consensus that the malignant epithelial cells of human
pancreatic ductal adenocarcinoma (PDA) comprise multiple, molecularly
distinct states. Yet precise characterization of how these are regulated—
including their mechanistic determinants, dependencies, plasticity and

functional properties—remains elusive. Single-cell master regulator

(MR) analysis of multiple PDA cohorts identified malignant cells in three co-
existing, molecularly distinct developmental lineage states, with distinct
histopathological morphologies and spatial architecture. Theseincludea
poorly differentiated lineage driven by epithelial-mesenchymal-transition-
related MRs and two well-differentiated states driven by gastrointestinal
epithelial development and pancreatic development MRs, respectively.
Furthermore, each state comprises two epigenetically distinct substates
with low versus high MAPK signaling activity. Barcode-based lineage
tracing confirmed both spontaneous and treatment-dependent cross-state
plasticity. Furthermore, loss-of-function studies confirmed state-specific MR
essentiality, while their ectopic expression effectively reprogrammed cell
state, invitro andinvivo, thus providing amechanism-based foundation for
PDA heterogeneity and aroadmap for pharmacological targeting.

Pancreatic ductal adenocarcinoma (PDA) is the third-leading cause of
cancer-related mortality and is highly resistant to cytotoxic, targeted
and immune therapies'. Compared to many cancers, PDA is remark-
able for its relatively uniform DNA alteration repertoire, comprising
frequent mutationsinKRAS, CDKN2A, TP53 and SMAD4. These hallmark
eventsarenot yetbroadly targeted by approved therapies, and there is
a paucity of additional actionable alterations. Consequently, despite
substantial progressin developing mutant KRAS inhibitors, cytotoxic
combinations remain the standard of care, with most patients quickly
developing chemoresistance.

Cellular heterogeneity has emerged as a major contributor to
cancer chemoresistance, potentially owing to coexistence of malig-
nant subpopulations with distinct transcriptional-epigenetic states
and drug sensitivity? as well as to the contribution of diverse stromal

subpopulations®. Specifically, cell states with distinct drug sensitivity
profiles may serve as reservoirs of resistance, whose plasticity may
eventually regenerate the full tumor heterogeneity?, undermining bulk
tumor profile-based drug sensitivity predictions.

Bulk-based studies of large PDA cohorts identified at least two
transcriptional PDA subtypes, with more differentiated tumors
(corresponding to classical or progenitor subtypes in prior studies)
showing association withbetter outcome relative to poorly differenti-
ated tumors (called quasi-mesenchymal, basal-like or squamous* ™).
Although these bulk-level classifiers can be identified through expres-
sion of associated marker genes', aside from a few studies examin-
ing the functional roles of individual genes'", their relevance at the
single-cell level is still controversial, and their mechanistic drivers,
non-oncogene dependencies and potential plasticity remain elusive.
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Single-cell PDA subtype dissection faces two challenges. First,
single-cell RNA-seq (scRNA-seq) profiles are very sparse, with >80%
of the genes undetectable in each given cell (‘gene dropout’) even in
high-quality datasets, including most of the genes comprising bulk
PDA classification signatures. Second, bulk-derived classifiers average
signals from dozens of malignant and stromal cell subtypes. Although
removing stromal contributions from bulk gene expression signatures
helps harmonize discrepancies’, the application of bulk-tissue-derived
signatures to single cells™" precludes novel cell state discovery.
Despite these challenges, some studies have taken a more unbiased
approachto analyzing single-cell PDA expression profiles, focusing on
tumor epithelial cells”, stromal cells*', spatial patterns” and clinical
parameters™'s, However, how these malignant cell states are regulated,
as well as their function, plasticity and non-oncogene dependencies,
isstill poorly understood.

We addressed these challenges by using gene regulatory network
(GRN) analysis to characterize malignant PDA cells based on the activ-
ity of over 1,800 regulatory proteins, including transcription factors
(TFs) and co-factors (co-TFs) that regulate their transcriptional state.
This approach has outperformed gene expression-based analyses in
the stratification of cell states®*° and helped discover experimentally
validated mechanisms underlying tumor initiation®, progression®,
heterogeneity* and drug sensitivity?*.

GRN analysis quantifies the activity of each TF and co-TF pro-
tein based on the differential expression of its transcriptional targets
(regulon), asinferred by the extensively validated ARACNe algorithm™.
These analyses, as implemented by the VIPER algorithm?®, overcome
the gene dropout challenge, enabling protein activity quantification
for all TFs and co-TFs—including those whose encoding genes are
undetectable in scRNA-seq profiles—comparing favorably even with
flow cytometry>'>”. These analyses have proven effective in identifying
MR proteins that govern many malignant and stromal cell states? %%,

Using metaVIPER*—the single-cell extension of VIPER—we per-
formed GRN-based analysis of individual malignant cells from 110 PDA
samples from six publicly available scRNA-seq datasets. The analysis
identified six co-existing, molecularly distinct cell states, conserved
across virtually all samples. These comprise three pancreatic devel-
opmental lineages (PDLs), which we termed gastrointestinal lineage
state (GLS), primitive lineage state (PLS) and morphogenic state (MOS),
based on functional associations of their VIPER-inferred MR proteins;
each PDL further stratified into M* (MAPK-high) and M~ (MAPK-low)
substates based on MAPK pathway activity.

PDL signature analysis identified MOS state associations with
poorly differentiated tumors and worse prognosis. Spatial tran-
scriptomics, using 10x Xenium technology, and multiome assay for
transposase-accessible chromatin using sequencing (ATAC-seq)
confirmed functional and pathological associations and the distinct

epigenetic nature of these states. Barcode-based lineage tracing dem-
onstrated widespread spontaneous plasticity across lineages and M* or
M~ substates, as well as rapid MEK inhibitor-mediated M* > M~ transi-
tion, confirming drug-induced plasticity. Finally, loss-of-function and
overexpression assays validated the mechanistic role of MRs in cell state
implementation and as PDL-specific non-oncogene dependencies.
Taken together, these findings present a mechanism-based rationale
for PDA malignant compartment heterogeneity and plasticity, which
underlieits therapeutic resistance.

Results

The transcriptional states of PDA

We performed GRN analysis of scRNA-seq profiles from human PDA
tumors, using metaVIPER to integrate multiple GRNs generated by
ARACNe analysis from four high-quality PDA cohorts, including the
International Cancer Genome Consortium (ICGC)®, The Cancer Genome
Atlas (TCGA)’, the University of North Carolina® and Columbia Univer-
sity (CUMC-E)*°. Thelatter comprises profiles obtained from laser cap-
ture microdissection (LCM) of malignant epithelial samples from200
patients with PDA. We then analyzed five publicly available scRNA-seq
datasets*'*">*"*2and one single-nucleus RNA-seq (snRNA-seq) dataset™®.
TheElyada dataset was selected forinitial cell state discovery purposes
because it presented the highest cumulative percentage of variance
explained (CPVE) and optimal entropy (Extended Data Fig. 1a-f).

Louvain cluster analysis®** of metaVIPER-assessed TF and co-TF
activity identified six distinct malignant PDA cell regulatory states
(Fig. 1a,b), undetectable by gene expression-based cluster analysis
(Extended Data Fig. 1g). Protein activity-based pseudotime trajec-
toryinference, using Monocle®, yielded nearly identical stratification
(Fig. 1c). The six states represent three complementary PDA PDLs,
whichwere designated GLS, MOS and PLS based on MRs representing
distinct developmental markers. GLS was characterized by activation
of gastrointestinal TFs (HNF4A, HNF1A, HNF4G, ONECUT3, GATA4,
GATA®6) (Fig. 1d); MOS was characterized by activation of epithelial-
mesenchymal transition TFs (NOTCH1, ZEB2, SNAIL, SNAI2); and PLS
was characterized by activation of pancreatic progenitor TFs (ONE-
CUTI1, NKXé.1, PDX1, GLIS3) (Fig. 1d).

Each PDL was further stratified into two substates, with differ-
entially active MRs conserved across all three PDLs (P<1.5x 107", by
two-sided gene set enrichment analysis (GSEA)) (Fig. 1e,f). Among
the top MRs, the analysis identified active RAS signaling-associated
regulators, such as YY1 and YBXI, and inactive acinar cell regulators,
such as PTF1A and RBPJL, which are typically inactivated upon RAS
activation®* ", As confirmed by the enrichment of MAPK signal across
the two substates of each PDL (Extended Data Fig.2a), these are prob-
ably associated with differential RAS signaling activity. To further test
this hypothesis, we generated an experimental, PDA-specific MAPK

Fig.1|PDA transcriptional cell states. a, Principal component analysis (PCA)
based on VIPER-inferred protein activity profiles showing the six cell states
identified by cluster analysis. b, Silhouette plot showing the silhouette score
ofeachindividual cell in the assigned cluster. The red dashed line indicates a
Silhouette Score of 0.25, which is used as a threshold for statistical significance.
¢, Pseudotrajectory plot generated by the Monocle algorithm on the VIPER-
inferred protein activity profiles. d, Heatmap showing the VIPER-inferred most
differentially activated 25 proteins of each cluster compared to all the other
clusters, including the GLS and MOS markers (HNF1A, GATA6, NOTCH1, SNAI1,
SNAI2, GLI3, GATA4, SOX9 and HNF4A). e, msVIPER plot of the MAPK signature
identified across PDLs. Each row shows the distribution of the target genes
(verticallines) of a given regulatory protein (RP) in the gene expression signature
distinguishing M* versus M~ cells (top bar). Only target genes with the highest
likelihood across the four PDA networks used for metaVIPER are shown in the
plot. Blue vertical lines represent negatively regulated target genes, and red
vertical lines represent positively regulated target genes. The top bar represents
theintegrated gene expression signature across the three PDLs distinguishing

M versus M~ states, with differentially expressed genes ranked from most
downregulated in M~ (blue) to the most upregulated in M* (orange). The three
columns on the right indicate the activation status of each regulatory proteinin
the M* state compared to the M~ state within each PDL. Red indicates activation
inthe M*state, and blue indicates inactivation. f, GSEA plots showing the
conservation of VIPER-inferred MRs between M* and M~ states across the three
PDLs. Top: GSEA plot showing the two-sided enrichment analysis of the top 50
MRs (hits) (the 25 most activated and 25 most inactivated) distinguishing M* and
M~ states of the GLS PDL in the protein activity signature (x axis) distinguishing
M*and M~ states in the MOS PDL. The same analysis was done to perform a
pairwise comparison across all the PDLs. Normalized enrichment scores (NES)
and P values were estimated by two-sided enrichment analysis with1,000
permutations. g, GSEA plot showing the conservation of the MAPK MRs (the
25most activated and 25 most inactivated) inferred from patients, in the VIPER
MAPK signature experimentally inferred by perturbing RAF-MEK-ERK in PDA
celllines. NES and P value were estimated by two-sided enrichment analysis with
1,000 permutations. Illustration created with Flaticon.com.
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differential protein activity signature from two cell lines (PANC1 and
ASPC1) before and after treatment with 14 different RAF, MEK or ERK
inhibitors. This signature was enriched in MRs differentially active
between the two substates (Fig. 1g; P=1.8 x107°, two-sided GSEA),
whichwere thus denoted asM*and M. As expected, metabolic enzyme
expression was significantly lower in M~ states (Extended Data Fig. 2b).

Consistent with RAS/MAPK pathway regulation by upstream
growth factor receptor signaling, culturing six human PDA cell lines
inserum-free mediasignificantly depleted the M* substates (P= 0.026,
paired Student’s ¢-test) (Extended Data Fig. 2c). Moreover, treatment
of 11 PDA cell lines with the MEK inhibitor trametinib for 24 h also sig-
nificantly depleted the M* substate (P=0.0006, paired Student’s t-test)
(Extended Data Fig. 2d). The short treatment duration suggests that
PDA cells can rapidly transition between high and low MAPK activity
states, independent of developmental lineages. Thus, PDA cell states
areregulated by MR proteins controlling either developmental lineage
or MAPK activity.

Robustness and histopathological features of PDA cell states
To assess robustness and generalizability of the six cell states from
the Elyada dataset, we evaluated enrichment of their MR signaturesin
single cells from five other curated datasets'>'*"*2, Across all cohorts,
~87% of malignant cells were significantly enriched for only one of the
six PDA cell states (P < 0.05, two-sided analytic rank-based enrichment
analysis (aREA)*) (Extended Data Fig. 2e—-i), indicating high repro-
ducibility. Only 2% of cells could not be classified. The remaining 11%
of cells were enriched for two or more state-specific MR signatures,
consistent with plastic cross-state transdifferentiation. MOS cells were
under-represented in the Lin, Peng, CSY and Steele datasets, consist-
ent with the malignant cell selection strategies used by these studies,
which relied on either experimental techniques (CSY) or expression
of known epithelial markers (Lin, Peng and Steele), thus resulting in
depletion of poorly differentiated malignant cells that had undergone
epithelial-mesenchymal transition. By contrast, the Hwang snRNA-seq
dataset from frozen tissue presented amuch higher MOS cell fraction.

Analysis of seven human PDA cell lines and of a patient-derived
xenograft (PDX) model (Extended Data Fig. 2j,k) revealed coexistence
of cells from at least two PDL lineages, including both their M* and
M substates, suggesting that PDA heterogeneity may emerge inaniso-
genic context. Although most cultured PDA cells were M*, M~ cells domi-
nated the primary human tumors, despite uniform oncogenic KRAS
mutations. Although potentially counterintuitive, this likely reflects
that culture mediaarereplete with nutrients and oxygen, whereas nutri-
entand oxygen availability in the tumor milieuis limited®. Confirming
these findings, most malignant cells in human PDA samples stained
negatively for the MAPK pathway biomarker phosphorylated-ERK
(p-ERK)*° (Extended Data Fig. 3a-d).

Thearchitecture of human PDA

We examined histopathological characteristics of PDA cells in differ-
ent malignant states by 10x Xenium spatial transcriptomics analysis.
For this purpose, we designed a custom 100-gene panel tailored to
assess the activity of the MR governing the six identified states and
profiled eight primary tumor samples from chemonaive PDA patients.

We used a two-tier classification strategy: first, we separated malig-
nant from non-malignant cells using an scRNA-seq-derived malig-
nancy signature; then, we classified malignant cell states based on
the enrichment of cell-state-specific MR targets in the custom panel.
Alignment with H&E-stained tissue sections revealed striking spatial
alignment between PDL annotation and histopathology (Fig. 2a-d
and Extended Data Fig. 3e-j). GLS cells showed a well-differentiated
appearance and were restricted to glandular structures (Fig. 2a).
MOS cells were poorly differentiated and appeared either as isolated
cells along the basolateral surface of glandular structures or invad-
ing the stromal microenvironment (Fig. 2c). PLS cells were found
in glandular structures (Fig. 2a) and invading the adjacent stroma
(Extended Data Fig. 3i), with morphologies matching their context.
Different tumors showed high heterogeneity, including across regions
within the same tumor, ranging from nearly pure representation of
one developmental lineage (Extended Data Fig. 3e) to nearly equal
intermixing of all three (Extended Data Fig. 3g). Unlike developmen-
tal lineages, MAPK states were not associated with histopathological
features. Consistent with single-cell analyses and p-ERK immunohis-
tochemistry results, most malignant cellswereinan M- state (Fig.2b,d
and Extended Data Fig. 3f,j), although occasional clusters of M* cells
were also observed (Extended DataFig. 3h). These results demonstrate
that the overall differentiation state of human pancreatic tumors
reflects the combined contributions of malignant cells from all three
developmental lineages.

GLS and MOS cell states drive bulk-tissue clustering

To assess whether cell state heterogeneity explains variance in
bulk-tissue expression cohorts, we performed k-medoid cluster anal-
ysis of metaVIPER-inferred protein activity profiles from TCGA and
ICGCPDA cohorts. The analysis yielded a two-cluster optimal solution
for each dataset, with nearly identical MR signatures (P <10 x 107,
two-sided aREA) (Extended Data Fig. 4a).

The two signatures were integrated using Stouffer’s method* to
generate a consensus bulk PDA regulatory state signature (Fig. 2e). MRs
ofthese bulk-level states were highly enriched in GLS and MOS MRs from
single cell analyses (P<2.8 x10 and P< 2.4 x107%, two-sided aREA,
respectively) (Fig. 2f,g), defining them as ‘bulk-GLS’ and ‘bulk-MOS’
states or simply as GLS and MOS when the context is obvious (that is,
bulk-GLS for sample and cell line-specific analyses). PLS-specific MR
enrichment in bulk-profiles was mixed: PLS M" MRs showed modest
bulk-GLS enrichment (P=1.4 x 10%) and PLSM~MRs showed borderline
bulk-MOS enrichment (P=5.5 x1072). This observation is consistent
with heterogeneous PLS morphology, as assessed from spatial tran-
scriptome analysis, and explains the absence of a PLS-specific bulk
cluster. Additional cohorts with bulk RNA-seq profiles replicated these
findings (Supplementary Notes).

As previously shown, signatures representing less differentiated
states—including the quasi-mesenchymal®, basal-like’, squamous®
and basal-like Aand B—were significantly associated with aggressive
tumors and poor survival outcomes, and correlated with the MOS
(P<0.05,0ne-sided Fisher’s exact test) (Extended DataFig. 4b).Indeed,
MOS samples were associated with significantly worse survival than
GLS samples in CUMC-E (P=5.2 x107*, hazard ratio = 1.8) (Fig. 3a,b)

Fig. 2| Spatial biology and bulk-based cluster analysis. a, Cell state map based
on Xenium spatial transcriptomics showing the spatial distribution of PDL cell
states, defined by the enrichment of cell-state-specific genes. Experiments were
independently repeated in eight tumor samples, confirming the heterogeneous
architecture of PDA. b, Cell state map based on Xenium spatial transcriptomics
showing the spatial distribution of MAPK-dependent states in the same tissue
sectionasina.c, Cell state map based on Xenium spatial transcriptomics showing
the spatial distribution of PDL cell states, based on the enrichment of cell-
state-specific genes. d, Cell state map based on Xenium spatial transcriptomics
showing the spatial distribution of MAPK-dependent cell states, based on the

enrichment of cell-state-specific genes, in the same tissue section as in c. Insets
(a-d): tumor cells isolated from the surrounding stroma. Scale bars, 100 pm.

e, Heatmap showing clusters of patients from TCGA and ICGC based on the most
differentially active MRs (tumor checkpoint) generated by the integration of
ICGC and TCGA analyses. f, Heatmap showing the activity of the ICGC-TCGA top
MRs in the cell states identified by single-cell analysis. g, GSEA plots showing the
enrichment of the cell-state-specific MRs identified by single-cell analysisin the
VIPER-inferred MR signature generated by integrating ICGC and TCGA analyses.
NES and P values were estimated by two-sided GSEA with 1,000 permutations.
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and were more likely to be poorly differentiated (P=1.0 x 1073, x* test) Analysis of 190 PDA samples from an LCM cohort (CSY,¢cy)
(Fig. 3c).Single-cell-based signatures confirmed the MOS association  identified KRAS imbalance associated with bulk state signatures
with poor prognosis or differentiation (P< 0.05, Fisher’s exact test; (P=2.0x107*, two-sided x* test) (Extended Data Fig. 4c), while TCGA
Supplementary Notes). DNA methylation data revealed distinctive patterns differentiating
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GLS fromMOS samples (Extended Data Fig. 4d). These datashow that
bulk-level PDA subtypes are determined by the ratio of malignant
cellsinepigenetically distinct regulatory states rather than by genetic
drivers. Stratification of PDA cell lines into GLS or MOS based on bulk
profiles nearly perfectly recapitulates their MOS versus GLS cell frac-
tion (Extended Data Figs. 4e and 2j).

Barcode lineage tracing reveals mutation-independent
plasticity
To assess PDA cell state plasticity, we performed barcode-based lineage
tracing. Celllines enriched in specific cell states were transduced with
random 28-nucleotide barcode libraries, puromycin-selected, seeded
inan 8,000 cells per well format, cultured for one to two population
doublingstoreplicatethe barcodes and thensplitinto two pools. One
pool (50% of cells) was collected at time point zero (7,) (approx. one
to two population doublings after seeding 8,000 transduced cells per
well); the second pool was collected after ten additional population
doublings (7;). The scRNA-seq and GRN analysis were then used to
identify and match barcodes in cells representing different states at
the T, and T, time points.

First, we assessed plasticity between GLS, MOS and PLS states in
the Hs766T cell line. This line shows adequate representation of all three
states (Extended Data Fig. 2j), thus supporting pairwise state-transition

analysis (Fig. 4a—c). Barcodes from each lineage at T, were found in
cells representing all three lineages at T;, with kinetics recapitulating
equilibriumstate admixture, thus confirming widespread spontaneous
isogenic PDA lineage state plasticity.

We then assessed M*/M™ plasticity. Given the limited fractional
representation of each M* and M~ state in Hs766T cells, we repeated
the analysis using PATU8988S and KP4 cells, highly enriched in GLS
and MOS cells, respectively (no cell lines were enriched for PLS cells,
thus preventing that additional analysis). Barcode analysis confirmed
extensive transitions across MAPK states regardless of their GLS or
MOS lineage (Fig. 4d,e), further confirming that transcriptional PDA
cell states are highly plastic and undergo spontaneous transdiffer-
entiation, including between the two MAPK substates. To further
assess whether M’/M~ transdifferentiationis causally induced or sup-
pressed by RAS/MAPK signaling activity, we performed barcode-based
lineage tracing in KP4 cells treated with 100 nM trametinib (a MEK
inhibitor) or vehicle control (dimethyl sulfoxide (DMSO)) 24 h
before the second time point (Fig. 5a). Consistent with spontaneous
transitions, the M* state was depleted in DMSO-treated cells at T;;
however, trametinib-treated cells showed statistically significantly
increased reprogramming compared to the DMSO baseline (Fig. 5b-d)
(P=9.2x1072, using bootstrapping to control for the number of
barcodes in each condition; Fig. 5¢). This finding shows that PDA
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PDLs lineage tracing

GLS barcodes
MOS barcodes

3
(33.3%)

M* barcodes
M~ barcodes

8
(12.7%)

Fig. 4 |Single-cell lineage tracing across cell states. a, Top: alluvial plot
representing the transition of GLS barcodes to the other cell statesin the Hs766 T
model. Bottom: Venn diagram representing the redistribution of the GLS
barcodes at 7. b, Top: alluvial plot representing the transition of MOS barcodes
to other cell states in the Hs766 T model. Bottom: Venn diagram representing the
redistribution of the MOS barcodes at T. ¢, Top: alluvial plot representing the
transition of PLS barcodes to the other cell statesin the Hs766 T model. Bottom:

PLS barcodes

4
(40.0%)

M~ barcodes

Venn diagram showing the redistribution of the PLS barcodes at T,. d, Top: alluvial
plots representing the transitions of barcodes between M* and M states across

the two time points in MOS-enriched (KP4) cells. Bottom: Venn diagram plots
representing the redistribution of the barcodes at T, in KP4 cells. e, Top: alluvial
plots representing the transitions of barcodes between M* and M states across the
two time pointsin GLS-enriched (PATU8988S) cells. Bottom: Venn diagram plots
representing the redistribution of the barcodes at 7; in the lineage plasticity model.

MAPK states are directly controlled by RAS/MAPK signaling and,
importantly, that malignant PDA cells can adaptively reprogram fol-
lowing MAPK inhibitor treatment, highlighting animportant potential
resistance mechanism.

MAPK substates are epigenetically distinct

Giventhe stronginfluence of MAPK signaling on cell proliferationand
checkpoint progression, we questioned whether MAPK states rep-
resent stable, epigenetically distinct cell states or simply reflect cell
cycle phases. For this purpose, we generated multiome profiles of KP4

cells (MOS-enriched), including single-cell ATAC-seq (scATAC-seq) and
scRNA-seq. Uniform manifold approximation and projection visualiza-
tion of protein activity-based clusters showed four clusters annotated
for cell cycle phase using Seurat®, revealing clear separation of G1
versus G2/M cells (Fig. 5e), with two sub-clusters per phase-specific
cluster. Proteins differentially activated between the two sub-clusters
of both G1and G2/M cells were highly enriched in M* versus M~ state
MRs (Fig. 5f), confirming that M* and M~ states are independent of cell
cycle phase. To further assess whether these states are epigenetically
distinct, we performed differential chromatin peak analysis using the
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SCATAC-seq profiles of M* versus M~ cells. The differential chromatin
peak analysis was performed independently for G1and G2/M cellsand
thenintegrated across both phases, yielding 2,027 differentially acces-
sible chromatin peaks between the two MAPK states (Fig. 5g). Strikingly,
the TFs whose motifs were enriched in these peaks were significantly
enriched in M" versus M” MRs (Fig. 5h), as well as in established RAS/
MAPK-responsive TFs, suchas MYC, HIF1A, ETS1and ELK1/3, as assessed
by EnrichR*? analysis using the KEA database* (Fig. 5i,j). Taken together,
these data establish M" and M~ as epigenetically distinct, cell cycle
phase-independent cell states.

PDA essentiality is cell-state specific

To evaluate the functional relevance of identified PDA cell states, we
assessed whether state-specific MRs were enriched in state-specific
essential proteins. Given that PLS states are poorly represented in PDA
cell lines, we focused on assessing MR viability effects based on GLS
versus MOS MR signatures, as assessed from bulk or single cell profiles,
respectively. For this purpose, we selected PATU8988S, HPAFII and
CAPANI1 as GLS-enriched representatives and PANC1, KP4 and PK45H
as MOS-enriched representatives. We performed pooled CRISPR-
Cas9-mediated knockout (CRISPR KO) and CRISPR-dCas9-mediated
inhibition (CRISPRi) screens in all six cell lines, focusing on transcrip-
tional regulatory genes (thatis, TFs and co-TFs) (Extended Data Fig. 5a).
Cellswere transduced with a pooled single guide RNA (sgRNA) library
targeting a panel of over 3,000 genes (four sgRNAs per gene), including
the subset 0f1,835 regulatory proteins® whose activity was inferred by
metaVIPER and over 600 essential, non-essential and control genes***
(Extended DataFig.5b,c). Cellswere collected and sequencedat 7,=3 d
and T, =33 d post transduction. The sgRNA counts were then integrated
across both technical and biological replicates to assess their differen-
tial representation over time and then compared between MOS- and
GLS-enriched cell lines to produce a differential, tumor state-specific,
essentiality signature.

Top 100 GLS and top 100 MOS candidate MRs were significantly
enriched in sgRNAs eliciting depletion of their matched cell state
(P=9.1x107%, two-sided GSEA). Confirming single-cell and bulk-level
MR overlap (Fig. 2g), the top 100 bulk-GLS and top 100 bulk-MOS MRs
weresimilarly enriched (P=2.6 x10™) (Extended DataFig. 5d,e). CDX2,
GATA6 and HNF1A emerged among the most essential GLS MRs, while
MYBL1, ZEB1 and GLI2 emerged among the most essential MOS MRs
(Fig.6a,b). These functional dependencies provide paths aswell as gene
reporter assays for identifying drugs selectively targeting individual
PDA cell types for combination therapy.

We then assessed whether more universal, cell state-independent
MRs may emerge whose knockout or silencing may elicit essentiality in

all cell lines. For this purpose, we identified candidate tumorigenesis
MRs by metaVIPER analysis of genes differentially expressed in the
malignant PDA epithelium (CUMC-E dataset) versus GTEx normal tis-
sues*independent of PDL state. These were significantly enriched in
essential genes across all six cell lines (P=5.5x 107, one-sided GSEA)
(Fig. 6c,d).

To confirm state-specific MR essentiality in vivo, we transduced
a smaller sgRNA library targeting 32 GLS and 61 MOS MRs, repre-
senting the most conserved state-specific MRs (based on activity,
CRISPR KO and CRISPRi results integration) into Cas9-expressing
KP4 (MOS-enriched) and HPAFII cells (GLS-enriched). After puromy-
cin selection, cells were injected into seven immunocompromised
mice, and tumor formation was monitored for 29 days, followed by
genomic DNA extraction and next-generation sequencing (NGS) of
the sgRNAs. After quality control (Extended Data Fig. 5f,g), CRISPR
analysis confirmed the differential, state-specific essentiality of GLS
and MOS MRs identified from both bulk and single-cell analyses.
Specifically, the top 12 out of 32 (38%) GLS MRs and top 38 out of 61
(62%) MOS MRs elicited significant state-specific essentiality in vivo
(P=6.7x10™, two-sided GSEA) (Fig. 6¢). The top GLS essential MR was
HNF1A, which was also among the top essential proteins identified
by in vitro CRISPR KO and CRISPRi assays. Top MOS essential MRs
included BPTF, a key KRASM* effector that remodels chromatin and
regulates MYC activity”.

Ectopic MR expression reprograms PDA cell state

To assess whether candidate MRs mechanistically determine cell state,
we asked whether ectopic expression of VIPER-inferred MRs could
transdifferentiate PDA cells from the more aggressive, less differenti-
ated MOS to the less aggressive, more differentiated GLS state. We per-
formed lentiviral-mediated transduction of cDNAs encoding the eight
most significant GLS MRs, from bulk-profile analysis, in MOS-enriched
KP4 cells, using the tetracycline-inducible M2rtTA system*s. How-
ever, selected MRs were also among the most significantly active in
the single-cell-based GLS state (Extended Data Fig. 5h). Individually,
each overexpressed MR effectively increased the activity of most other
GLS-activated MRs (Fig. 7a). Yet, uniquely, ectopic OVOL2 expression
also repressed most MOS-activated MRs, producing a virtually com-
plete transdifferentiation of KP4 cells to a GLS-like state (P=4.3 x 107",
two-sided aREA) (Fig. 7a-c).

RNA-seq profiles following ectopic GLS MR expression in KP4
cellssupported reconstructing transcriptional and post-translational
MR > MR interactions by analyzing differential expression and
VIPER-measured activity in cells overexpressing each MR versus
controls. Consistent with the tumor checkpoint hypothesis*, the

Fig. 5| Trametinib-induced lineage tracing analysis and epigenetic changes
associated with MAPK activity. a, Schematic representation of compound-
induced reprogramming of PDA cells assessed by single-cell barcode lineage
tracing. b, Violin plots showing the distribution of MAPK activity MR signature
scores for matched barcodes across two time pointsin control (DMSO) and
trametinib-treated conditions. ¢, Violin plots showing changes in MAPK activity
between two time points in the DMSO (control) and trametinib-treated cells.
Differences were assessed using a bootstrap procedure with 1,000 iterations.
Atwo-sided P value was determined using the Wilcoxon test. d, MsVIPER plot
showing the differential activity of the same RPs, inferred from patient data,
between M*and M~ states as assessed by lineage tracing after trametinib
treatment. e, Uniform manifold approximation and projection (UMAP)
visualization based on protein activity of MOS cells. Cells (dots) are colored
based ontheir cell cycle phase as predicted by Seurat analysis. The 2D density
contours highlight cell clusters. f, GSEA plots showing the conservation of the
MRs, inferred by comparing clusters within the same cell cycle phase, in the
MAPK signature experimentally inferred by drug perturbation. The top GSEA
plot shows the conservation of the MRs inferred between the two clustersin the
Gl phase. The bottom GSEA plot shows the conservation of the MRs inferred

between the two clusters in the G2M phase. Silhouette analysis, however,

did not support the presence of well-separated clusters in the S phase.

NES and P values were estimated by two-sided GSEA with 1,000 permutations.
g, Volcano plotillustrating the differentially accessible peaks (DAP), as assessed
by scATAC-seq, that showed differential MAPK activity across cell cycle phases.
Differentially accessible peaks were identified using the logistic regression
method as implemented in the Signac package. h, GSEA plot showing the
enrichment of the TFs, whose motif was overrepresented in the differentially
accessible peaks, in the protein activity MAPK signature experimentally inferred
by aperturbation assay. The vertical gray line indicates the maximum value of
the enrichment. NES and P value were estimated by two-sided GSEA with1,000
permutations. i, Barplot showing the enrichment analysis by enrichR of the core
set of TFs (leading edge in h) showing high activity in the MAPK signature and are
overrepresented by motif enrichment analysis in DAP. P values were computed
by enrichR with Fisher’s exact test and adjusted for multiple testing using the
Benjamini-Hochberg correction. j, Representative TF motifs of RPs showing
differential activity between M"and M~ states and are overrepresented by motif
enrichment analysis. Act, activity; Exp, expression.
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Fig. 6 | Functional CRISPR screening and essential MRs. a, Scatter plots showing
differential gene essentiality signature between GLS- and MOS-enriched cell lines,
as produced by CRISPR KO (left) and CRISPRi (right). Genes are ranked according
to their differential essentiality score (z-score), from the most essential in MOS-
enriched cells (left) to the most essential in GLS-enriched cells (right). VIPER-
inferred GLS and MOS MRs are shown in red and blue, respectively. Bulk-profile
MRs were used for this analysis since, similar to tumor samples, cell lines have a
mixed composition. b, GSEA shows statistically significant enrichment of the 50
most differentially active GLS and MOS MRs in genes assessed as differentially
essential between MOS and GLS celllines, by integration of CRISPR KO and
CRISPRi data (P value and NES were estimated by GSEA two-sided, with 1,000
permutations). ¢, Scatter plot showing genes ranked based on their PDA subtype-
independent essentiality as determined by CRISPR KO. Some VIPER-inferred,

ICGC-TCGA signature

subtype-independent MRs are highlighted. d, GSEA of subtype-independent

PDA MRs, computed by comparing the 200 LCM CUMC-E samples against the
gene expression centroid of all normal tissue samples in GTEx*, in subtype-
independent essential genes, as assessed by the pooled CRISPRKO screen (P value
and NES were estimated by GSEA one-sided, with1,000 permutations). e, Left:
scatter plot showing differential gene essentiality signature between GLS-and
MOS-enriched cells, as produced by CRISPRKO in vivo. GLS and MOS MRs are
showninredandblue, respectively. Right: GSEA plot shows statistically significant
enrichment of the top 12 GLS and 38 MOS essential genes in proteins differentially
active in GLS versus MOS patient-derived samples (ICGC-TCGA signature). Names
ina-cand eare notitalicized because they refer to the MR proteins although the
analysis was performed by targeting the genes encoding them. NES and P value
were estimated by two-sided GSEA with1,000 permutations.

analysis revealed acomplex modular structure with autoregulatory
loops, inwhich the top eight GLS MRs positively regulate each other
and repress the top eight MOS MRs (Extended Data Fig. 5i), produc-
ing a bistable (that is, on-off) switch responsible for state stabil-
ity. This provides a mechanistic rationale for the role of these MRs
in homeostatic PDL state control. Among the lineage MRs, OVOL2
emerged at the top of the regulatory hierarchy, directly activating
or repressing the expression or activity of most other GLS and MOS
MRs, respectively, explaining its singular ability to individually
control transdifferentiation.

Western blotting confirmed OVOL2-mediated inactivation of
its established transcriptional targets ZEB1 and vimentin®***'—known
epithelial-mesenchymal transition effectors, amorphogenic subtype
hallmark—and upregulation of epithelial markers, such as E-cadherin,

undetectable in KP4 cells (Fig. 7d). OVOL2-mediated transdifferentia-
tion was confirmed in two additional MOS-enriched cell lines (PANC1
and PK45H) (Extended Data Fig. 6a).

We then assessed whether failure to detect complete transdiffer-
entiation by other MRs resulted from lower reprogramming efficiency,
causing signature dilution in bulk profiles. We performed pooled
overexpression of the same eight GLS MRs in individual KP4 cells at
amultiplicity of infection (MOI) of 0.288 for each virus in a pool, fol-
lowed by scRNA-seq profiling®?, such that most cells received one to
three cDNAs.

We detected co-expression of 11 MR pairs and 14 higher-order MR
combinationsin =30 cells each (a threshold suitable for the analysis).
Consistent with the initial experiment, 32% of KP4 cells were found in
a GLS state following ectopic OVOL2 expression.
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Moreover, other MRs and MR combinations induced statistically
significantincrease in GLS cells compared to controls, albeitinasmaller
cellularfraction, except for the OVOL2-HNF1A pair, which significantly
outperformed OVOL2 alone, resulting in 45% of the cells being classified
as GLS (Fig. 7e and Extended Data Fig. 6b). This finding confirmed that
low reprogramming efficiency prevented full effect detection in bulk
cellline profiles. Other notable pairs included FOXA2-HNFIA, result-
ingin the third most efficient MOS > GLS reprogramming. Given that
neither FOXA2 nor HNF1A produced significant effects individually,
this observation shows synergistic interaction of the HNF1IA-OVOL2
and HNF1A-FOXA2 MR pairs.

Finally, we tested whether ectopic expression of OVOL2 and
HNF1A—the most synergistic pair—individually or combined could
recapitulate MOS - GLS transdifferentiation in vivo. Plasmids contain-
ing open reading frame (ORF) constructs for OVOL2, HNF1A and the
OVOL2-HNFIA combination, as well as mCherry (identical to in vitro
assays), were lentivirally transduced into KP4 cells. Puromycin-selected
cellswerethen pooled and injected into athymic mice (n = 3). Animals
were killed at 14 days, and cells were scRNA-seq profiled, followed by
metaVIPER-based cell state analysis to assess transdifferentiation
towards a GLS state.

Enrichment of the most differentially active proteins, compared
tonegative controls, in proteins differentially activein the GLS > MOS
signature was assessed by GSEA. Results confirmed OVOL2-mediated
and HNF1A-mediated reprogramming of KP4 cells towards a GLS state
(Povor2 =1.4 x107¢) and (Pyneia = 5.3 ¥ 107), with the combination achiev-
ing virtually complete transdifferentiation (Poyozunria = 1.9 X 107°)
(Fig. 7f,g), thus confirming their synergistic interaction. Intriguingly,
although ectopic HNF1A expression was not effective ininducing statis-
tically significant transdifferentiationin vitro, its effectin vivo was sta-
tistically significant, suggesting that MRs inferred from patient-derived
samples may be better suited to in vivo thanin vitro validation.

Discussion

Parsing molecular states from bulk PDA expression data is challeng-
ing because of tumor heterogeneity and cohort variability. However,
consistent patterns have emerged, including well-differentiated versus
poorly differentiated tumors, informing clinical practice. Single-cell
analyses can improve assessment of intratumoral heterogeneity and
reveal cellular contributions to progression and resistance. However,
despite single-cell data availability, PDA epithelial characterization
has mostly relied on bulk-derived signatures. Indeed, two challenges
remain: gene dropout fromlow read depth per cell, and limited insight
into causal drivers and non-oncogene dependencies.

We address both of these challenges using GRN analysis, iden-
tifying proteins maintaining six molecularly distinct tumor states,
and confirming state-specific non-oncogene dependencies through
CRISPR screens. Although effective protein markers were identified
for two of the three main lineage states—GLS and MOS—a limitation
of this study is the lack of validated PLS markers. This shortcoming is
mitigated by spatial transcriptomics data, identifying PLS cells with
distinct morphological characteristics.

The MR proteinsidentified by our work constitute aset of testable
predictions for maintaining cell state identity and viability, and their
ectopic expression validated them as PDA plasticity determinants.
Functional screening confirmed that GLS and MOS MRs often contrib-
ute to cell state viability, providing a therapeutic roadmap targeting
PDA heterogeneity.

Withineach of the three mainlineages, we identified two substates
that were distinguished by their relative RAS/MAPK activity levels;
this observation was striking, given the near-universal presence of
activating KRAS mutations in PDA. Yet, consistent with this finding,
most malignant epithelial cells express low to undetectable p-ERK
by immunohistochemistry, also consistent with the fact that mutant
KRAS s ligand-dependent on signaling from upstream receptor tyros-
ine kinases such as EGFR*. Therefore, reduced exposure to growth
factors, nutrients and oxygen probably limits in vivo proliferation,
in contrast to in vitro conditions, during which PDA cells divide daily
under nutrient-rich and oxygen-rich conditions. Our study suggests
thatthe M* versus M~ dichotomy may reflect such nutrient-dependent
proliferative heterogeneity. Indeed, consistent with this hypothesis,
M~ cells dominate human PDA tumorsin vivo, while M* cells dominate
in culture.

Consistently, RAF/MEK/ERK inhibitors and growth factor
withdrawal shift cells from M* to M, despite nutrient availability.
Nevertheless, the M~ state is not long-term quiescent, as shown by
barcode-based fate mapping and cell cycle analysis. Indeed, RAS/
MAPK activity may toggle during proliferative cycles in a metabolic
context-dependent fashion.

MAPK state divergence between patients and in vitro has pro-
found implications for the development of effective therapies. Most
drugscreens use cultured cells, potentially biasing toward drugs that
effectively target only a minority of malignant cells in vivo, suggest-
ing that pushing cells into the M™ state may prove more informative.
Additionally, our findings suggest that drugs depleting only one or two
lineages may produce rapid non-genetic adaptation. Indeed, leverag-
ing cell state MRs may facilitate identification of multi-drug regimens
impacting all malignant cell states**. Identification of cell states and

Fig.7|Lineage reprogramming of MOS-enriched cells. a, Heatmap showing
activity of top GLS and MOS MRs in the KP4 (MOS-enriched) cell line following
ectopic expression (+tM2rtTA) of the top eight GLS MRs (n = 8) from both bulk
and ssingle-cell analyses. These assays were done with three biological replicates.
As areference, to better visually assess transdifferentiation, the first and last
columns represent the activity of the top-ranked bulk-MOS and bulk-GLS MRs,
respectively, in KP4 (MOS-enriched) and HPAFIl and PATU8988S (GLS-enriched)
cells. b, GSEA plot showing the enrichment of the top 50 GLS (red) and top 50
MOS (blue) MRs in proteins differentially activated following ectopic OVOL2
expression in KP4 cells. P value and NES were assessed by two-sided GSEA with
1,000 permutations. ¢, GSEA plot showing the enrichment of the 200 most
overexpressed (yellow) and underexpressed (purple) genes following ectopic
OVOL2 expression in KP4 cells in genes differentially expressed in GLS- versus
MOS-enriched cell lines (P value and NES assessed by two-sided GSEA with 1,000
permutations). d, Western blot showing inhibition of mesenchymal markers
(ZEB1and vimentin) and expression of epithelial markers (E-cadherin) following
ectopic OVOL2-3xFlag expression in KP4 cells compared to ectopic expression
ofthe negative control (mCherry). Western blots were conducted with three
biological replicates. e, Bar plot showing the fraction of reprogrammed cells
following ectopic expression of the top eight GLS MRs and their combinations

in KP4 single cells. P values were assessed using Fisher’s exact test, comparing
the number of statistically significant GLS cells (false discovery rate (FDR)

of <0.05) following ectopic expression of individual lineage MRs and their
combination (MR set) in KP4 cells, against negative controls expressing mCherry
(xM2rtTA). f, GSEA plots showing the in vivo reprogramming of aMOS-like
tumor into a GLS-like tumor. The red and blue bars (gene set) represent the MRs
differentially activated—increased (red) and decreased (blue), respectively—in
aKP4 (MOS-enriched) xenograft following overexpression of GLS MRs (OVOL2,
HNF1A and the OVOL2-HNF1A combination). The reference signature represents
the lineage-morphogenic protein activity signature inferred from patients
(ICGC-TCGA signature). P value and NES were estimated by GSEA two-sided,
with1,000 permutations. MRs of PDX tumor cells were computed using
metaVIPER by comparing gene expression profiles of the tumor cells derived
from mice injected with KP4 cells overexpressing GLS MRs versus tumor cells
derived from mice injected with KP4 control cells (mCherry). g, Representative
immunohistochemistry of vimentin (VIM), ZEB1 and E-cadherin (E-CAD) markers
inxenograft tumors derived from KP4 cells transduced with control, OVOL2,
HNF1A or OVOL2 + HNF1A (Combo) constructs and collected 14 days post
injection. Scale bars, 20 pm.
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associated mechanistic determinants conserved across virtually all
PDA tumors suggests that tumor states are ‘quantized’ into only a few
stable states, rather thana continuum. Such a ‘quantum cancer biology’
paradigm suggests combination therapies targeting all six PDA states
could effectively address plasticity across virtually all patients, negat-
ing the need to develop complex and expensive personalized therapies.
Two alternative strategies may be possible: combining drugs target-
ing complementary states; or reprogramming treatment-insensitive
states into sensitive ones, thus leveraging, for instance, the new class
of mutant KRAS inhibitors. Both approaches could rely on sequential
rather than co-occurring administration, thus limiting the potential
toxicity of drug combinations.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41588-026-02714-8.
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Methods

Experimental procedures and ageneral overview of the computational
methods are described below, while comprehensive technical details,
including computational analyses and experimental protocols, are
providedinthe Supplementary Methods. Allhuman subject researchin
this study was approved by the Columbia University Institutional Review
Board and performed under either protocol AAAS6152 or AAAR4172.
Protocol AAAS6152is further linked to two tissue collection and bank-
ing protocols: AAAB2667 and AAALS5871. For the LCM-RNA-seq cohort
used to generate the CUMC-E PDA regulatory network in Fig. 3, all
samples from the 232 human patientsin this cohort (representing 200
PDA tumors and 32 precursor lesion samples) were covered by a Waiver
of Consent granted by the Columbia University Institutional Review
Board in association with protocol AAAB2667. Of these, samples col-
lected from 228 patients were collected before the National Institutes of
Health (NIH) Genomic Data Sharing (GDS) policy deadline of 25January
2015. Two additional samples were collected after this deadline from
patients who did not provide prospective research consent and are now
deceased. Samples from the final two patients were collected after this
deadline from patients who additionally provided prospective, written
informed consentunder protocol AAALS5871. For the spatial transcrip-
tomics experiment, all eight subjects provided prospective, written
informed consent for research under protocol AAAS6152 through alink-
agetothe Columbia University Biobank (protocol AAS7370). PDXs were
generated under Institutional Review Board protocol AAAR4172. Animal
studies were performed under Columbia University IACUC protocol
AC-AABS3610. Tumorsimplanted orthotopically inthe pancreas were
dissected and subjected to RNA sequencing. The IACUC protocol sets
ethical limitations based on a physical and behavioral scoring system.
Allanimal experiments adhered to the ethical limitation scoring system.

Single-cell analysis

To select a dataset for initial discovery experiments, we examined
five scRNA-seq datasets>'*">*"*? and one snRNA-seq dataset'®. Each
dataset was analyzed independently to avoid technical batch effects.
The snRNA-seq dataset was excluded because of its technical limita-
tions, as it only assessed mRNA within the nucleus, limiting its abil-
ity to capture the full transcriptomic profile of the cells. Single-cell
analysis was performed on the malignant cells only (Supplemen-
tary Methods). First, we transformed gene expression profiles into
protein activity profiles using metaVIPER?, integrating four PDA
bulk networks and one PDA single-cell network. All networks were
inferred from PDA samples by ARACNe***** (Supplementary Meth-
ods). Then we performed principal component analysis and calculated
the CPVE for each dataset, with a higher CPVE indicating a greater
proportion of variance captured by the first principal components
(Extended DataFig.1e). We also evaluated the entropy of each dataset
(Extended Data Fig. 1f). Elevated entropy suggests random or less
structured (that is, noisy) data, while a low entropy indicates lower
information retained (Extended Data Fig. 1f). The most informative
datasetis characterized by ahigh CPVE and moderate entropy, reflect-
ingaclearandstructured signal captured effectively by principal com-
ponentanalysis. From the Elyada dataset, we retained 1,856 malignant
cells for the initial discovery phase. Cluster analysis was performed
using the Louvain algorithm implemented in the Seurat package®;
pseudotrajectory was inferred by the Monocle algorithm®. Both
cluster analysis and pseudotrajectory inference were applied to the
protein activity profiles of these cells, resulting in the identification
of six cell states. Cross-cohort consistency of the signatures identified
in the Elyada dataset was assessed in malignant cells from five addi-
tional independent PDA human cohorts, including the CSY-scSet",
Peng dataset”, Lin dataset’, Steele dataset®, Hwang dataset’®, seven
PDA cell lines (CAPAN1, HPAFII, Hs766T, KP4, MIAPACA2, PANC0403,
PATU8988S) and a PDA PDX model. Reproducibility was measured by
evaluating the conservation of the signatures inferred in the Elyada

datasetin each malignantcell, through enrichmentanalysis using the
aREA algorithm?®%,

Drug perturbation assays

A pooled library and transcriptome sequencing (PLATE-seq) experi-
ment was performed in collaboration with Columbia University’s
Genome Center. Pancland Aspcl pancreatic cancer cells were cultured
in white 96-well tissue culture-treated plates at optimized density, in
100 pl of DMEM media supplemented with 10% FBS and 1% penicil-
lin-streptomycin. After 24 hofincubation, the cells were treated with
the following drugs: RAF inhibitors sorafenib, dabrafenib, RAF709,
PLX8394 and GDC-0879; MEK inhibitors trametinib, cobimetinib, bini-
metinib, selumetinib and rafametinib; and ERK inhibitors SCH772984,
ulixertinib, AZD0364 and ravoxertinib. Each drug was dosed at the
concentration at which the cellswere 80% viable after 48 h of treatment.
After 24 h of treatment, the medium was replaced with 100 ml of FBS
supplemented with 10% DMSO, and the plates were frozen at -80 °C
before performing PLATE-seq. A detailed protocol for preparation of
the automated PLATE-seq experiment has been previously described™.
The PLATE-seq FASTQ files were pseudo-aligned to the GRCh38 human
transcriptome (MRNA and ncRNA), and gene expression was quantified
using Kallisto (v.0.44.0)%, the tximport package® and the biomaRt
package®’. The ShortRead package® was used to assess the quality
of sequencing data for each sample. The z-score method was used to
generate differential gene expression signatures of each drug-treated
sample with respect to the DMSO-treated samples. Protein activity
profiles were computed using metaVIPER.

10x Genomics Xenium data

Eight fresh-frozen OCT-embedded tissue blocks of untreated sam-
ples from patients with pancreatic cancer were obtained from the
Molecular Pathology Shared Resource at Columbia University. Tissue
sections of 5 umwere sectioned and mounted onto Xenium slides (10x
Genomics) and processed following the manufacturer’sinstructions.
Imaging-based spatial transcriptomic profiling was performed follow-
ing the manufacturer’s standard workflow. To identify PDA malignant
cell states, in addition to the Xenium Human Multi-Tissue and Cancer
Gene Expression panel (n =377 genes), we generated a custom panel
of100 genes predictive of the three PDLs and the MAPK-high cell state.
Specifically, we selected 20 genes for each of the three PDLs and 20
genes predictive of MAPK pathway activation. An additional set of 20
stroma-related genes was included as anegative control. The Xenium
analyzer performed iterative rounds of hybridization, washing and
imaging to decode the spatial location and identity of each mRNA mol-
ecule. Rawimage data generated by the Xenium analyzer was processed
using the Xenium Onboard Analysis package (10x Genomics). The
Xenium onboard analysis processes raw instrument images by first seg-
menting cell nuclei using DAPI stain, then decoding fluorescent probes
to build a precise 3D map of individual RNA transcripts, and finally
uses these transcript locations to refine the cell boundaries before
generating the final data outputs. For cell type annotation, we used a
previously published scRNA-seq dataset” as a reference. We generated
cell type signatures from the authors” annotation by computing cell
type centroids on normalized data. These signatures were then used
for initial cell type annotation. Following initial cell type annotation,
all cells identified as malignant were re-analyzed using enrichment
analysis for the PDL-predictive and MAPK-predictive gene sets.

LCM dataset (CUMC-E)

Freshly frozen tissue samples were obtained from patients who
underwent surgical resection at the Pancreas Center at Columbia
University Medical Center as previously described’. Before surgery,
all patients had given surgical informed consent, whichwas approved
by theinstitutional review board. Immediately after surgical removal,
the specimens were cryopreserved, sectioned and microscopically
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evaluated by the Columbia University Tumor Bank (IRB AAAB2667).
Suitable samples were transferred into OCT medium (Tissue Tek) and
snap-frozenina?2-methylbutanedryiceslurry. The tissue blocks were
stored at -80 °C for later processing. H&E-stained sections of frozen
PDA samples from the Tumor Bank were initially screened to confirm
diagnosis, and overall sample RNA quality was assessed by the Pancreas
Center-supported Next Generation Tumor Banking program using gel
electrophoresis, with samples exhibiting high RNA quality used for sub-
sequent analyses, including LCM, RNA-seq and gene expression quan-
tification. LCM-RNA-seqwas performed as previously described”*.In
brief, cryosections of OCT-embedded tissue blocks were transferred
to PEN membrane glass slides and stained with cresyl violet acetate.
Adjacent sections were H&E-stained for pathology review. LCM was per-
formed on a PALM MicroBeam microscope (Zeiss), collecting at least
1,000 cells per compartment. RNA was extracted, and libraries were
prepared using the Ovation RNA-seq System V2 kit (NUGEN). Libraries
were sequenced toadepth of 30 million,100 bp, single-end readsonan
Illumina HiSeq2000 platform. Computational analyses of the RNA-seq
data for this dataset are described in the Supplementary Methods.

Single-cell lineage tracing

We modified the lentiviral vector also used in our TF overexpression
assays (modified Tet-O-FUW EGFP-puro; Addgene, 30130) by using
mCherry instead of EGFP, and cloned a unique molecular identifier
(UMI-barcode; UMI-BC), which consists of a random 28-mer, 200 bp
upstream of the lentiviral 3’ long terminal repeat region. This way, the
UMI-BCsite will be polyadenylated, and the barcode canbe specifically
amplified at the end of scRNA-seq library preps. In total, we cloned
a plasmid library that contains approximately six million distinct
UMI-BCs (Supplementary Table 24). The basic principle for lineage
tracing experiments was similar to that described in previous work®.
Inbrief, the UMI-BC-containing lentiviral constructs were transduced
into KP4, PATU8988S and Hs766T cell lines (to approximately 15-30
million cells) with a MOI of <0.1, followed by puromycin selection.
After allthe non-transduced cells were dead, we seeded 8,000 cells per
well, followed by incubation, which lasted approximately one to two
population doublings (daughter cells were created for each UMI-BC-
containing cell). At this point, we performed the first Chromium run
(T,) sothat50% of the cells were used for this initial time point run, and
the remaining 50% of the cells were cultured further for the second
time point (7;). The T, Chromium run was performed approximately
ten population doublings later. In addition, we conducted a lineage
tracing assay for the KP4 cell line to compare the effects of treatment
with100 nM trametinib versus DMSO 24 h before the assay endpoint.
During the10x Chromium library preparations, we specifically ampli-
fied the UMI-BC-containing cDNA, similarly to that described in the
section pertainingto the pooled TF overexpression assay (refer to Sup-
plementary Methods for further details) using ORF_BC_amplif _oligo_F
and ORF_BC_amplif_R-primers, and we spiked the productin the final
NGSlibrary at10% total amounts. For both time points and all cell lines,
the entire pool of UMI-BCs was processed using UMI-tools®® to collapse
clusters of UMI-BCs with fewer than four mismatches. Through this
procedure, areferencelist of all detected UMI-BCs was generated, and
itallowed us toidentify all the cells associated with one unique UMI-BC.
Single-cell sequencing data of the PATU8988S, KP4 and Hs766T cell
lines were processed using the Cell Ranger pipeline (v.3.0.2) from10x
Genomics (https://www.10xgenomics.com). FASTQ files were aligned
using the human genome as areference (v.GRCh38-2020-A). To avoid
differences in sequencing depth across cells sequenced in different
runs, which could significantly affect gene detection, the UMI counts of
PATU8988S, KP4 and the other seven PDA cell lines were downsampled
to make the probability distributions of the number of UMIs per cell
comparableacross different experiments. Single-cell gene expression
profiles generated from PATU8988S and KP4 cell lines were normal-
ized to log(counts per million) and subsequently transformed into

gene expression signatures using the gene expression centroid of the
seven PDA cell lines (as detailed in the single-cell analysis section and
Supplementary Methods) as a reference (z-score transformation).
Gene expression signatures were transformed into protein activity
signatures using metaVIPER. For the trametinib-induced lineage
tracing experiment in KP4 cells, we computed differential protein
activity by comparing cells sharing the same barcode across the two
time points (early and late) in both trametinib-treated and control
(DMSO) conditions.

CRISPRKO and CRISPRi screening

sgRNAs containing lentiviruses were transduced into Cas9/
dCas9-expressing PDA cell lines in duplicates (in the presence of
8 pg ml™ polybrene), at an estimated MOI of 0.2 to 0.3. After 24 h, the
lentivirus-containing mediawas removed, cells were washed with PBS
and puromycin-containing media (2 pg ml™) was added to the cells
for 48-72 h until all control cells (not virus-infected) were dead. Half
of the cells were collected at this time point (day 0) and sequenced to
assess SgRNA representation baseline. Cells were then maintained at
>1,500 cells per guide throughout the screens (see Supplementary
Methods for more details) and finally collected at 33 days (day 33)
post-puromycinselection, followed by sgRNA amplicon-seqto assess
gene essentiality. FASTQ files were analyzed with MAGeCK (v.0.5.6)%,
using RRA and total read count normalization, with default settings.
Eachreplicate was analyzed independently by comparing the relative
abundance of the gRNAs at day 33 against day 0. CRISPR KO and CRIS-
PRiessentiality signatures for each replicate were computed by trans-
formingthe Pvalue toaz-score (thesignwasinferred fromfold change).
GLSand MOS essentiality signatures were computed by integrating the
essentiality z-scores of the three GLS-enriched and three MOS-enriched
cell lines, using Stouffer’'s method*. Finally, a differential GLS versus
MOS essentiality signature was computed by comparing essentiality
in MOS- versus GLS-enriched cells. To define a subtype-independent
essentiality signature, we integrated the essentiality signatures as
assessed by CRISPR KO across all cell lines, independent of cell state,
using Stouffer’s z-score method™.

TF overexpression assay (PLATE-seq)

Full-length ORF clones for the top eight GLS MRs from bulk-profile
analysis were ordered from ClonelD (Harvard Medical School) and
cloned into a modified Tet-O-FUW lentiviral expression vector
(Addgene, 30130), which included the puromycin resistance gene.
mCherry and EGFP ORFs were used as negative controls in the assay.
All clones were sequence-verified. For each ORF, we introduced a
unique 20 bp barcode sequence located 200 bp upstream of the
lentiviral 3’ long terminal repeat region, as previously reported®®
(Supplementary Table 24). This produces a polyadenylated tran-
script, which contains the barcode proximal to its 3’ end. All viruses
were produced, and viral titers were measured individually for each
virus. ORFs containing lentivirus were transduced individually into
KP4 morphogenic cell lines at an MOI of 2 in triplicate (six-well for-
mat in the presence of polybrene). In a second triplicate set, indi-
vidual lentiviral ORFs were co-transduced with M2rtTA (FUW-M2rtTA;
Addgene, 20342), atetracycline-inducible transcriptional amplifier,
allowing monitoring of MR overexpression at higher and lower lev-
els*s, At 24 h following viral transduction, media was changed, and
puromycin (2.5 pug m1™?) and doxycycline (0.6 pg ml™) were added to
the cells, followed by a 5 day incubation period before total RNA was
collected by the Direct-zol RNA MiniPrep Plus kit (Zymo Research).
Then, 69 RNA-seq profiles, corresponding to 23 different conditions
in triplicate, were generated by PLATE-seq*’ using 100 ng of total
RNA as a template in each well. After all the overexpression assays
were completed, we performed ORF construct verifications with
Oxford Nanopore NGS, which revealed that the FOXA3 and ESRRA
constructs had gene duplications, which were not seen with Sanger
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sequencing. We do not expect that these gene duplications would
have any effects on the final results. Single-end PLATE-seq reads were
pseudo-aligned to the GRCh38 transcriptome (mRNA and ncRNA)
and quantified usingKallisto (v.0.44.0)°°, with sequence-specific bias
correction. Transcript-level counts were aggregated by Entrez IDs and
compared between unperturbed GLS-enriched cells (PATU8988S and
HPAFII) and unperturbed MOS-enriched cells (KP4). The correspond-
ing gene expression signature was transformed into a protein activity
signature and compared to the GLS-MOS protein activity signature
(TCGA-ICGC signature) inferred from patient-derived profiles, to
ensure conservation of protein activity signatures. In brief, this was
performed by first computing a differential gene expression signa-
ture between unperturbed GLS and MOS-enriched cell lines using
Student’s t-test, as implemented in the VIPER package®, on the nor-
malized gene expression profiles. Then, the metaVIPER approach
was used to transform this differential gene expression signature
into a protein activity signature. Finally, the conservation between
this protein activity signature (inferred by comparing unperturbed
GLS versus MOS-enriched cell lines) and the GLS-MOS protein activ-
ity signature computed from patient-derived samples was assessed
by a two-sided aREA test*. Specifically, this was done by assessing
the conservation of the 50 most differentially activated and 50 most
differentially inactivated proteins of the TCGA-ICGC signature in the
protein activity signature inferred from the cell lines. This signature
was then used to assess reprogramming by enrichment analysis (see
Supplementary Methods).

Pooled TF overexpression assay (ScCRNA-seq)

The same barcoded constructs described in the PLATE-seq overex-
pression method section, representing the top eight GLS MR pro-
teins from bulk-profile analysis (and mCherry as a negative control),
were used in the single-cell overexpression assays. ORF viruses were
pooled into two viral pools, such that on average, two to three ORFs
were randomly transduced into every single cell (MOI = 0.288 for
each virus). The M2rtTA construct was added to the second pool
to increase the transcriptional output of the ORFs. KP4 cells were
transduced with the two viral pools in a six-well format in the pres-
ence of polybrene. Media was changed 24 h post infection, and puro-
mycin (2.5 pg ml™) and doxycycline (0.6 pg ml™) were added to the
cultures. Cells were incubated for a total of 11 days before trypsini-
zation, addition of MultiSeq barcodes® and 10x Chromium library
preparation and sequencing. Non-transduced (control) KP4, HPAFII
and PATUS8988S cells were also included at this stage to represent
the pre-treatment MOS-enriched cell state (KP4), while the average
profile of non-transduced (control) GLS-enriched cell lines (HPAFII
and PATU8988S) was used as a proxy for the desired GLS endpoint
state. All cells (normal KP4, HPAFII, PATU8988S and KP4 transduced
pools, tM2rtTA) were MultiSeq-barcoded and mixed before the Chro-
mium run. After the Chromium run, the cDNA was amplified with 1 pl
of 2.5 uM MultiSeq additive primer added to the cDNA amplification
mastermix. After this step, the material was divided into three portions:
the whole transcriptome, the MultiSeq barcode and the ORF barcode.
The MultiSeqbarcode and ORF barcode portions were amplified with
specific primers (MULTI-seq_TruSeq RPIX & MULTI-seq_Universal I5
for MultiSeq and ORF_BC_amplif_oligo_F and ORF_BC_amplif R for
ORF barcode) and spiked in the final NGS library at 1% and 10% total
amounts, respectively. For the final analysis, the MultiSeq barcode data
were not used (Supplementary Methods). For computational analyses,
see Supplementary Methods.

Mouse strains and orthotopic injections. Imnmunocompromised mice
(4-6 weeks old) were obtained from Jackson Laboratories (007850).
Two and five million human lentivirally transduced PDA cells (KP4 and
HPAFII) were orthotopically injected. For the CRISPR screen, tumor
establishment, subsequent growth and overall health status were

monitored by ultrasound (VEVO 3100, VisualSonics) weekly for 29 days;
the mice were then killed, and genomic DNA was isolated using the
DNeasy Blood and Tissue Kit (Qiagen) according to the manufacturer’s
protocol. For the OVOL2-HNFI1A transdifferentiation experiments,
mice carrying OVOL2, mCherry, HNF1A and both OVOL2 and HNF1A
wereinjected, and single-cellisolation was performed after 14 days as
described in Supplementary Methods.

CRISPRKO library design (in vivo). For in vivo CRISPRKO screening,
we designed the target gene list to include 32 GLS and 61 MOS MRs
identified by both bulk and single-cell analyses. All these genes were
targeted with five sgRNAs per gene. For assay controls, we added six
core-essential genes as strong positive controls, 100 negative inter-
genic controls and five non-targeting controls. For guide designs, we
used CRISPick’”, The candidates’ essential MRs for the in vivo CRISPR
werefirst selected by identifying the most conserved, subtype-specific,
differentially activated proteins between patients and cell lines previ-
ously selected as models for GLS and MOS cell states. This was done
by GSEA. Specifically, we selected the leading edges from the enrich-
ment of the top 200 differentially active proteins of each cell line in
the TCGA-ICGCsignature derived from patients. Next, we performed
another GSEA to identify, among the most conserved differentially
active proteins between patients and cell lines, those that were enriched
in the subtype-specific essential signature, defined by the in vitro
CRISPR KO and CRISPRi screens, in each cell line. Then the most con-
served differentially active proteins, as identified by metaVIPER and
enriched inthe essential genes, defined by thein vitro CRISPR screens,
were selected for the in vivo CRISPR screen. For the MOS lineage, the
highest enrichment was detected in the KP4 essential gene signature.
For the GLS lineage, the highest MR enrichment was detected in HPAFII
essential genes. After transducing the sgRNAs into KP4 and HPAFII
cellsand puromycinselection, cells were injected into sevenimmuno-
compromised mice, and tumor formation was monitored for 29 days,
followed by genomic DNA extraction and NGS of the sgRNAs. Analysis
of CRISPR data, including the identification of the essential signatures,
was performed using Mageck software®, following the same procedure
described for the analysis in vitro screen.

Invivo MR overexpression-mediated transdifferentiation

In vivo overexpression assays were performed similarly to in vitro
overexpression assays. However, only constructs for OVOL2, HNF1A,
mCherry and the OVOL2-HNF1A combination were used invivo. These
viral constructs were transduced into KP4 cells in arrayed fashion
(approximate MOl of 1-2), followed by puromycin selection and pool-
ing the samples togetherin the following ratios based on theirin vitro
growth rate (OVOL2 50%, HNF1A 16.6%, mCherry 16.6% and OVOL2-
HNF1A 16.6%). Pooled cells were then injected into athymic mouse
models (three mice in total); 14 days later, the animals were killed,
followed by scRNA-seq for the pooled samples. Similarly, as with the
pooled in vitro assays, the ORFs for any given cell were identified
using ORF barcodes, which were amplified from the amplified cDNA
by using specific primers for ORF barcodes (same as with in vitro
assays). M2RTTA was not used for in vivo overexpression assays. To
assess MR-mediated transdifferentiation in vivo, we compared the
tumor cells derived from mice injected with perturbed KP4 cell lines
expressing HNF1A, OVOL2 and the combination of OVOL2-HNF1A
against tumor cells derived from the mice injected with KP4 control
cells (mCherry). This was done by comparing the gene expression
centroid of perturbed cells against the gene expression centroid of
control cells, and then applying metaVIPER. MetaVIPER generated
three differential protein activity signatures: one signature for HNF1A
overexpression, one signature for OVOL2 and one for the combination
of OVOL2-HNF1A. These signatures were theninterrogated with MOS
and GLS MR signatures from bulk-profile analysis by two-sided GSEA
to assess reprogramming.
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Statistics and reproducibility
No statistical method was used to predetermine sample size. No data
were excluded from the analyses. The experiments were not rand-
omized. Theinvestigators were not blinded to allocation during experi-
ments and outcome assessment.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Sequence-level data for LCM-RNA-seq samples used to generate the
CUMC regulatory network in Fig. 3 are available in dbGAP (Study ID:
phs004767). This includes samples from the 228 patients collected
before the NIH GDS policy deadline of 25 January 2015 and the two
patients collected after this deadline who additionally provided pro-
spective research consent. To maintain compliance with NIH GDS
policy, sequence-level data are not available for the two deceased
patients covered by the Waiver of Consent whose samples were col-
lected after 25 January 2015. Read count data for samples from all 232
patients are available in GEO (GSE143584). For the spatial transcrip-
tomics experiment, all eight subjects provided prospective, written
informed consent for research under protocol AAAS6152 through
linkage to the Columbia University Biobank (protocol AAS7370).
CRISPRdataand RNA-seq datarelated to cell lines, TF overexpression
assays, single-cell xenograft lineage models and single-cell overexpres-
sionassays are availablein GEO under accession GSE161369. scRNA-seq
profiles from the Elyada dataset are accessible through NCBI dbGaP
(phs001840.v1.pl), while profiles from the Chan-Seng-Yue dataset
are available through the EGA database (EGAD00010001811; sample
IDs: 100070, 91610, 91706, 95092 and 96460). Additional datasets
include bulk RNA-seq of six PDA cell lines (GSE159918), pooled TF
overexpression assay using sSCRNA-seq (GSE159921), single-cell data
froma patient-derived xenograft model of PDA (GSE160977), CRISPR
screening in PDA cell lines (GSE161365), TF overexpression assay in
PDA cell lines using bulk RNA-seq (GSE161368), CRISPRi screening in
PDA cell lines (GSE167157), in vitro drug screening of RAF/MEK/ERK
inhibitorsintwo PDA celllines (GSE252002), scRNA-seq of human PDA
celllines in normal versus serum-free media (GSE266034), single-cell
barcoded lineage tracing in Hs766T (GSE268077), KP4 (GSE268229)
and PATU8988S (GSE268441) PDA cell lines, in vivo ectopic expression
of OVOL2 and HNF1A in PDA (GSE268388), scRNA-seq of seven PDA cell
lines (GSE270117), in vivo pooled CRISPR KO screens in PDA cell lines
(GSE270853), invitro arrayed OVOL2 overexpression in PDA cell lines
using bulk RNA-seq (GSE280160), single-cell barcoded lineage trac-
ingin KP4 PDA cellline pre-trametinib and post-trametinib treatment
(GSE292402), scRNA-seq of human PDA cell lines after trametinib
treatment (GSE310584) and multiome profiles of KP4 cells (GSE312315).
Source data are provided with this paper.

Code availability
No custom code was developed for this study; all software packages
used are listed in the Methods and Supplementary Information.
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Extended DataFig. 1| Selection of malignant cells and single-cell datasets.

a) PCA plot of PDA epithelial single cells from Elyada dataset based on
chromosomal gene expression analysis effectively distinguishes aberrant ploidy
tumor cells (yellow) vs. normal-ploidy cells (purple). b) Differentially expressed
genes between non-transformed (normal) and transformed (cancer) single cells,
as predicted by PCA of chromosomal expression. ¢) Density plot showing genomic
instability scores between predicted PDA cancer cells by PCA on chromosomal
expression compared to non-transformed pancreatic cells (Supplementary
Methods). d) Heatmap showing CNVs and genomic instability, asinferred from the

gene expression profiles of PDA cells compared to non-transformed pancreatic
cells. Red indicates increased expression, blue indicates decreased expression. e)
Cumulative Variance Explained (CPVE) plot. The CPVE plot shows the proportion
of total variance captured as a function of the number of principal components
(PCs). Eachline represents one dataset. f) Barplot showing the entropy (nats)

of each dataset. Dashed line represents the median entropy across all the data
sets. g) Box plots showing the distribution of silhouette scores of individual

cells clustered by their metaVIPER-inferred protein activity profiles and by gene
expression at different resolution values of Louvain algorithm.
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Extended Data Fig. 2| MAPK signaling and cell state conservation across
single-cell datasets. a) Heatmap showing differential expression of MAPK
pathway-associated genes (Biocarta database) across cell states. Expression is
shown as z-scores of pseudobulk profiles, computed by averaging normalized
gene expression (log,(CPM +1)) of individual cells within each cell state
(cluster). b) Heatmap showing differential expression of genes associated with
metabolic pathways (Reactome database) across cell states. ¢) Plot showing
the percentage of M" and M cells across six PDA cell lines after switching from
recommended (control) to serum-free media for 4 h. Cells were profiled by
scRNA-seq, converted to protein activity profiles, and classified asM*or M~ based
on enrichment of an experimentally inferred MAPK protein activity signature.
P-values were calculated using a two-sided Student’s ¢-test on log-transformed
data. d) Plot showing the percentage of M and M~ cells across ten PDA cell lines

after Trametinib treatment relative to DMSO control. Cells were profiled by
scRNA-seq, converted to protein activity profiles, and classified as M* or M~ based
on enrichment of an experimentally inferred MAPK protein activity signature.
P-values were calculated using a two-sided Student’s ¢-test on log-transformed
data. e) Stacked bar chart showing the fraction of PDA cell states in CSY single-cell
dataset, inferred by enrichment analysis of cell state-specific protein activity
signatures (25 most activated and 25 most inactivated) using the two-sided aREA
test. f) Stacked barchart showing the fraction of PDA cell states in Lin dataset.

g) Stacked barchart showing the fraction of PDA cell states in Peng dataset. h)
Stacked barchart showing the fraction of PDA cell states in Hwang dataset. i)
Stacked barchart showing the fraction of PDA cell states in Steele dataset. j)
Stacked barchart showing the fraction of PDA cell states in PDA cell lines. k)
Stacked barchart showing the fraction of PDA cell states ina PDX model.
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Extended Data Fig. 3 | pERK staining and spatial architecture of PDA cell
states. a) Table showing blinded scoring of percent pERK positive epithelial
cellsinaseries of 46 human PDA samples from surgical resections. b) Example

of absent pERK staining in malignant epithelia (*) despite positive stromal cells (S).
c) Rare positive cells intermixed in a largely negative malignant epithelium.

d) Malignant epithelium with a majority of pERK positive cells. Scale bars, 50 pm.
e) Analysis of cell states by Xenium spatial transcriptomics. Eight human PDA
samples were analyzed with a custom probe set designed to distinguish PDA

cell states. Malignant cells were classified for their PDL states (e,g,i) and MAPK
sub-states (f,h,j). Cell state maps are shown in inset. (e,f) Some tumors were
dominated by one state, such as the GLS cells, in this tumor (e, red), which formed

distinct, well-differentiated glands. Rare MOS cells (e, blue) were interspersed
along the basolateral surface of the glandular structures, which were
predominantly in the M~ state (f, teal). (g,h) Insome tumors, PLS cells were found
bothin glandular structures (g, arrows) and invading the stroma (triangles)
whereas MOS cells were found predominantly in stroma. This tumor exhibited
clusters of M* cells in some structures (h, orange). (i,j) MOS cells (i, blue) were
commonin poorly differentiated tumors and were found throughout the stroma
(i, triangles) as well as in association with the basolateral surface of residual
glandular structures (i, arrow). Consistent with our single cell data, the PDL states
of cells did not determine the MAPK state, with many of the EMT-like MOS cells
found in the M~ state (j, teal). Scale bars, 100 pm.
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Extended Data Fig. 4 | Bulk signatures conservation, KRAS imbalance and
epigenetic differences. a) GSEA plot showing the enrichment of TCGA MRs

(50 most overactivated and 50 most inactivated proteins) in the ICGC protein
activity signature (p-value and NES were estimated by GSEA two-sided, with
1,000 permutations). b) PieDonut charts showing overlap between protein
activity-based Lineage and Morphogenic classification and previously published
classification schemes. ¢) Barplot showing the enrichment of KRAS imbalance in
Morphogenic patients, in the CSY,.,,, dataset. d) Heatmap showing differentially
methylated sites in GLS vs. MOS TCGA samples (n = 58). €) Heatmap showing the
enrichment of the 50 most differentially activated proteins (25 most activated
and 25 mostinactivated), as inferred by metaVIPER analysis of GLS vs. MOS

subtype samples, integrated across TCGA and ICGC cohorts, in PDA cell lines
from the Cancer Cell Line Encyclopedia (CCLE). The three cell lines labeled in
red and blue were selected as GLS- and MOS-specific models, respectively, for
apooled CRISPR/Cas9 screen to validate predicted MR proteins. They were
re-sequenced to ensure fidelity compared to their CCLE profiles. Specifically,
re-sequenced Lineage cell lines HPAFII, CAPAN1, and PATU8988S were labeled
as AMO01, AMO00S5, and AM0O04, respectively, while re-sequenced Morphogenic
celllines PK45H, PANC1, and KP4 were labeled as AM007, AM003, and AM002,
respectively. The re-sequenced PANC0403 cell line (AM006) was identified as
neither Lineage nor Morphogenic and was thus selected as control for the cell
line selection.
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Extended DataFig. 5| CRISPR screening workflow, quality control and master
regulators network. a) Schematic workflow for pooled CRISPR/dCas9 (CRISPRi
and CRISPRko) screens. Allin vitro screens were performed with two biological
replicates per cell line for both CRISPRko and CRISPRi. b) ECDF plots showing
z-score distributions of core-essential (positive control) versus non-core-
essential (negative control) genes in pooled CRISPRko screens, demonstrating
effective identification of essential genes and overall screen quality. c) ECDF plots
for CRISPRi screens are shown as quality control metrics. d) GSEA plots showing
enrichment of the top 200 differentially activated proteins (100 most activated
and 100 most inactivated) inferred from single cells comparing GLS versus MOS
states, tested against Lineage versus Morphogenic essential genes. P-values

and NES were estimated by two-sided GSEA with 1,000 permutations. e) GSEA
plots showing enrichment of the top 200 differentially activated proteins (100
most activated and 100 most inactivated) between Lineage and Morphogenic
subtypesinferred from bulk analysis (ICGC-TCGA signature), tested against
Lineage versus Morphogenic essential genes. P-values and NES were estimated by

two-sided GSEA with 1,000 permutations. f) Quality control ECDF plot for Lineage
MRs selected for the in vivo CRISPRko screen, showing z-score distributions of
core-essential genes (positive controls) versus tested genesin vitro in the Lineage
HPAFII cell line. Intergenic and non-targeting guide controls were included and
highlighted. g) ECDF plot showing z-score distributions of core-essential genes
(positive controls) versus tested genes assessed in vitro in the Morphogenic

KP4 cell line. Intergenic and non-targeting guide controls were included and
highlighted. h) GSEA plots showing enrichment of the top eight over-activated
Lineage MRs in single-cell PDL signatures, computed by comparing each PDL
tothe other two. These results demonstrate conservation of the top eight
Lineage MRs in the GLS signature. NES and p-values were estimated by two-sided
GSEA with 1,000 permutations. i) Mechanistic regulatory network showing
transcriptional and post-transcriptional regulation of the top eight Morphogenic
and Lineage MRs, inferred from differential gene expression and protein activity
following ectopic expression of each Lineage MR. Protein-protein interactions
from STRING and PrePPl are included.
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distinct Morphogenic cell lines (KP4, PANC1 and PK45H). b) Heatmap showing
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Antibodies used OVOL2-3xFlag: ANTI-FLAG M2 (Sigma-Aldrich)
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Vimentin: PIMA511880 (Thermo Fisher)
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anti-phosphoERK: 4370 (Cell Signaling Technology)
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Cell line source(s) CCLE, RIKEN, DSMZ and ATCC databases
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Commonly misidentified lines  No commonly misidentified lines were used
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Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals 8-12 week old NRG mice (mus musculus) were imported from Charles River Labs to serve as host for the PDX models, gender
matched to the original patient

Wild animals No wild animals were involved in this study
Reporting on sex Sex was not considered in the study design
Field-collected samples  No samples were collected from the field in this study

Ethics oversight Study protocols were approved by the Columbia IRB and IACUC committees
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