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Pancreatic ductal adenocarcinoma (PDAC) evolves through precursors, yet the protein programs 

governing early progression remain poorly defined. We applied Deep Visual Proteomics (DVP)

—integrating computational pathology, laser microdissection, and mass spectrometry (MS)—to 

profile normal ducts, acinar-to-ductal metaplasia (ADM), low-grade (LG) and high-grade (HG) 

pancreatic intraepithelial neoplasia (PanIN), and invasive carcinoma from organ donors and 

patients with PDAC. Quantifying 9,181 proteins from ~100 cells per region, we uncovered a 

molecular field effect in histologically normal ducts and proteomic divergence of LG-PanINs by 

cancer context. We identified four stage-associated molecular programs. Stress adaptation and 

immune engagement emerged early in cancer-associated normal ducts. Metabolic reprogramming 

initiated in normal ducts and intensified across PanIN progression. Mitochondrial remodeling 

became prominent in HG-PanINs before invasion. MS detected KRAS hotspot mutant peptides 

within incidental precursor lesions from cancer-free individuals. These findings demonstrate that 

molecular reprogramming precedes histologic transformation, creating opportunities for earlier 

detection of lethal cancer.

SIGNIFICANCE: Artificial intelligence (AI)–guided DVP represents the first in-depth 

assessment of the proteomic landscapes observed during the multistep progression of pancreatic 

adenocarcinoma, including histologically normal ducts, ADM, and LG- and HG-PanIN lesions. 

These data represent a unique resource of candidate biomarkers and interception targets against 

this lethal disease.

INTRODUCTION

Pancreatic ductal adenocarcinoma (PDAC) remains one of oncology's most formidable 

challenges, with a dismal 5-year survival rate below 10% owing to late detection, 

therapeutic resistance, and rapid metastatic spread (1). The canonical progression model 

depicts a stepwise transition from histologically unremarkable normal ductal epithelium 

to noninvasive precursor lesions known as pancreatic intraepithelial neoplasia (PanIN) to 

invasive carcinoma, driven by the sequential accumulation of oncogenic kRAS activation 

and inactivation of CDkN2A, TP53, and SMAD4 (2, 3). Acinar-to-ductal metaplasia (ADM) 

reflects the ductal reprogramming of acinar cells and is widely viewed as an early state that 

can seed PanIN formation in kRAS-driven tumorigenesis (4). In contrast to PanIN lesions, 

the biology of ADMs in humans remains poorly described, with most knowledge stemming 

from murine models (5).

PanINs are graded histologically as low-grade (LG) or high-grade (HG) based on 

architectural and cytologic atypia. Although LG-PanINs retain relatively preserved ductal 

architecture, HG-PanIN lesions exhibit marked nuclear pleomorphism, loss of polarity, 

and cribriform growth patterns that approach carcinoma in situ (6, 7). Understanding the 

molecular transitions between these grades is critical for identifying lesions with high 

malignant potential. Although HG-PanIN is widely considered the immediate noninvasive 

precursor to PDAC, its clinical interpretation is challenging because of the diagnostic 

difficulties in distinguishing HG-PanIN from the “cancerization” of the duct due to adjacent 

PDAC (7–9).
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Recent studies in cancer-free organ donor samples have demonstrated a remarkably high 

prevalence of incidental PanIN (iPanIN) lesions (~60% of the general population), including 

in younger adults (10). Given the relatively uncommon incidence of PDAC, most iPanINs 

(LG-iPanIN) will not progress to invasive neoplasia during an individual’s lifetime. It 

remains unknown whether LG-iPanINs harbor a distinct molecular signature compared with 

precursor lesions adjacent to PDAC [cancer-associated PanINs (cPanIN) or LG-cPanINs]. A 

central unresolved question is whether HG-cPanINs represent a quantitative intensification 

of LG programs or a qualitatively distinct molecular state, a debate that has not been 

systematically resolved at the protein level in human tissue. Bridging this knowledge gap 

is crucial: meaningful early detection and cancer interception strategies must identify which 

precursor lesions are most likely to progress while avoiding surveillance and overdiagnosis 

pitfalls (11, 12).

Technical challenges compound these knowledge gaps. Low-volume liquid biopsies often 

fail to detect circulating tumor DNA in early-stage disease; bulk omics approaches 

sacrifice critical spatial context; antibody-based methods offer limited proteomic coverage, 

constraining discovery potential; and mRNA levels do not necessarily correspond to 

protein abundance. Moreover, given the low accessibility of organ donor pancreas samples, 

nearly all prior studies have predominantly analyzed precursor lesions from patients 

already diagnosed with PDAC (13, 14), potentially missing de novo molecular events 

in cancer-free individuals. Growing evidence also indicates heterogeneous evolutionary 

trajectories profoundly influenced by the precancer microenvironment (10, 13, 15). The 

concept of “field cancerization”—molecular alterations extending beyond visible lesions 

into the surrounding normal-appearing tissues—plays a critical role in PDAC development, 

potentially driving the high recurrence rates following surgical resection (16).

We overcome these constraints through Deep Visual Proteomics (DVP), integrating 

high-resolution microscopy, artificial intelligence (AI)–powered computational pathology, 

targeted laser microdissection, and ultrasensitive mass spectrometry (MS) to enable 

comprehensive spatial protein analysis within precisely defined cell populations (17–19). 

In this study, we create the first spatially resolved proteomic cartography of multistep PDAC 

development by analyzing precisely defined tissue compartments across the spectrum from 

normal ducts to noninvasive precursor lesions to invasive carcinoma. We hypothesized that 

molecular reprogramming might precede histologic changes and that the cancer context 

could profoundly influence the cellular state of otherwise histologically normal tissue. By 

comparing normal ducts and precursor lesions from both cancer-free individuals and patients 

with PDAC, we identify critical molecular transitions during pancreatic carcinogenesis and 

establish a framework for risk stratification. We also profile protein signatures of human 

ADM. This work addresses fundamental questions about the earliest events in PDAC 

development, with direct implications for transforming clinical practice from late-stage 

intervention to early detection and targeted prevention (20).
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RESULTS

DVP Workflow and Cohort Overview

To study the spatial and molecular progression of PDAC at its earliest stages, we 

implemented DVP (18), an integrated spatial proteomic approach combining complementary 

cutting-edge technologies (Fig. 1A). We analyzed 115 discrete histologically annotated 

and microdissected regions from 20 individuals, including 10 cancer-free organ donors 

(incidental or iCohort) and 10 patients with PDAC (cancer-associated or cCohort), 

capturing the full spectrum from normal ducts to invasive carcinoma (Supplementary Table 

S1). Our DVP workflow uses 3-μm-thick sections of formalin-fixed paraffin-embedded 

(FFPE) tissues stained with hematoxylin and eosin (H&E). After acquiring high-resolution 

images, we used H-optimus-0 (RRID: SCR_028225), a pathology foundation model 

trained on more than 500,000 histopathology slides, to identify phenotypic clusters across 

the progression spectrum. This AI-powered approach enhanced our ability to precisely 

distinguish morphologically similar but biologically distinct tissue compartments at cellular 

resolution.

Guided by the pathology foundation model and pathologist annotation, we selected seven 

biological groups for proteomic profiling, with the prefixes “i” and “c” corresponding 

to incidental organ donor–associated and cancer-associated lesions, respectively: normal 

ducts (iNormal and cNormal), precursor lesions (iADM, LG-iPanIN, LG-cPanIN, and 

HG-cPanIN), and invasive carcinoma (PDAC and “Tumor”; Fig. 1B–D; Supplementary 

Fig. S1A–S1C). As previously described, HG-PanINs are essentially never present in the 

absence of cancer (21), and thus, no HG-iPanINs were identified in our series. Using 

laser microdissection with high spatial precision, we isolated small regions containing 

approximately 100 phenotypically matched cells for each sample. This targeted approach 

enabled us to overcome the limitations of bulk tissue analysis, which can mask critical 

signals from rare cell populations and dilute compartment-specific molecular signatures. 

We performed subsequent proteomic profiling on the Orbitrap Astral mass spectrometer, 

quantifying 9,181 unique proteins (Fig. 1E) and 117,178 unique peptide precursors (Fig. 

1F) across all tissue states. The proteins spanned six orders of magnitude in abundance, 

demonstrating the exceptional sensitivity and dynamic range of our approach (Fig. 1G; 

Supplementary Fig. S2A; Supplementary Table S1).

Our quality control analyses confirmed the presence of peptides corresponding to pivotal 

PDAC-associated genomic drivers across the proteomic abundance range, including KRAS 

and TP53, and established cancer cell markers like HMGA2 (22) and stem cell markers 

like DCLK1 (Fig. 1G; Supplementary Fig. S2A; ref. 23). We reliably identified canonical 

PanIN markers, including ANXA10, S100P, CLDN18, and MUC5AC, at consistent levels 

across PanIN lesions regardless of cancer context (Supplementary Fig. S2B). Notably, 

a comparison with recent work on mice (24) revealed that our dataset captured both 

shared and human-specific signatures of PanIN initiation (Supplementary Fig. S2C). 

Quality control analyses of epithelial (KRT7 and EPCAM), connective tissue (DCN), and 

acute inflammation markers (C3, C7, and CD14) confirmed the expected enrichment of 

epithelial populations in the microdissected samples, while also showing the presence of 
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limited stromal and immune components in epithelial-proximal regions (Supplementary Fig. 

S2D). Batch effect analyses demonstrated consistent data quality following normalization 

(Supplementary Fig. S3A–S3C), and hierarchical clustering confirmed clear stratification 

across tissue states (Supplementary Fig. S3D). This integrated methodology allowed us to 

analyze thousands of proteins within spatially and phenotypically defined cell populations, 

directly linking molecular profiles to cellular identity and tissue context across multistep 

human pancreatic neoplasia.

Spatial Proteomic Dissection Reveals Functional Niches and Intratumoral Heterogeneity in 
PDAC

To resolve intratumoral heterogeneity, we performed multiregion proteomic sampling across 

three PDAC tumors with matched LG-cPanIN lesions. Using local, slide-specific clustering 

of the whole-tissue morphology with H-optimus-0, we selected two phenotypically distinct 

regions within the epithelial tumor compartment per case (epithelioid vs. fusiform tumor 

morphologies) for targeted microdissection (Fig. 2A–C). All slides were subjected to human 

pathology review. This design enriches tumor–cell state differences while retaining spatial 

context and complements heterogeneity observations previously made primarily at the 

transcriptional level (25). Principal component analyses (PCA) demonstrated pronounced 

molecular divergence between individual regions in all three cases (Fig. 2D–F). Importantly, 

the differences were not restricted to desmoplastic extracellular matrix (ECM) proteins but 

extended to intracellular stress, RNA regulatory, and mitochondrial programs.

In patient 5, the desmoplastic region (region 1) was enriched for matrix and structural 

proteins (e.g., LAMA4, COL18A1, FLNA, and ACTA1), along with cytoskeletal and 

adhesion-associated regulators (e.g., TNS1 and PDLIM family members). In contrast, a 

spatially distinct region (region 2) showed a higher abundance of RNA-processing factors 

(e.g., SF3B1, SF3B3, and HNRNPU) and mitochondrial or stress-associated proteins (e.g., 

NDUFS8, HTRA2, and PPOX; Fig. 2D). In patient 2, regions separated along an axis from 

nuclear RNA-binding and splicing proteins (e.g., NONO, HNRNPK, and SF3A2) in region 7 

to cytoskeletal and contractile components (e.g., MYL12A, MYL12B, and PDLIM proteins) 

in region 3 (Fig. 2E). In patient 3, region 0 was enriched for lysosomal and vacuolar proteins 

(e.g., ATP6V1H and TECPR2) and immune/secretory-associated factors (e.g., CD5L, CFH, 

STX5, and TMED5), whereas region 6 showed higher levels of mitochondrial and metabolic 

proteins (e.g., TFAM, ECHS1, and HSPD1; Fig. 2F).

In these molecularly distinct tumor regions, cancer-related markers such as TP53 and 

DCLK1 exhibited divergent expression patterns (Supplementary Fig. S4A and S4B), 

consistent with region-specific tumor cell states. Given the limited number of tumors 

profiled, this analysis serves as a proof-of-concept demonstration of AI-guided spatial 

sampling for intratumoral heterogeneity.

These spatially resolved molecular signatures uncover functional niches that conventional 

bulk analysis would obscure and demonstrate that PDAC heterogeneity spans both 

extracellular remodeling and tumor-cell intrinsic stress and metabolic programs.
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Cancer-Specific Molecular Signatures Differentiate PDAC from Precancers

Our analysis of the total data variance across all regions, including both tumor and 

nontumor compartments, revealed a clear separation of the tumor proteome from normal 

ducts, iADM, and PanINs (Fig. 3A). Notably, HG-cPanINs occupied a distinct position 

intermediate between LG-cPanINs and tumors, suggesting that HG lesions represent a 

distinct molecular state from that of the tumor proteome and, by extension, are unlikely 

to simply represent “cancerization” of the duct. Hierarchical clustering confirmed the 

stratification of HG-cPanINs and tumors (Supplementary Fig. S3D). The key contributors to 

the tumor-enriched proteome included LGALS1 (Galectin-1), a well-established regulator 

of tumor–stroma interactions (26, 27), and SERPINH1 (HSP47), an ECM-associated 

chaperone involved in collagen processing (Fig. 3B; refs. 28, 29). Intriguingly, COLGALT1

—a collagen glycosyltransferase implicated in collagen posttranslational modification—

was upregulated specifically in tumor compartments, consistent with intensified collagen 

remodeling during invasion (Fig. 3B). Differential expression and pathway enrichment 

analyses highlighted tumor-enriched programs, including ECM remodeling, MAPK/MET 

signaling, and enhanced cell motility (Supplementary Tables S2 and S3). The tumor 

proteome was also enriched for DNA replication/repair factors implicated in chemotherapy 

response (e.g., TOP2A and FEN1) and mediators of tumor–stroma crosstalk (e.g., POSTN 

and S100A4), underscoring the biological relevance of our dataset (Supplementary Tables 

S2 and S3).

The tumor samples displayed molecular hallmarks consistent with late-stage progression. 

Elevated TP53 levels appeared specifically in tumors and HG-cPanINs, likely representing 

the stabilization of the mutant protein (Supplementary Fig. S5A). DCLK1, a putative 

cancer stem cell marker, showed an increase from LG-cPanIN to tumor (Supplementary 

Fig. S5B). We identified a distinct set of proteins shared uniquely by HG-cPanINs and 

tumors (Supplementary Fig. S5C; Supplementary Table S4). Of note, although these 

proteins may be uniquely expressed, they may also have abundances below the MS 

detection limit; nonetheless, such pronounced differences in detectable abundance suggest 

biological relevance. These proteins, uniquely shared between HG-cPanINs and invasive 

tumors, included transcription factors and signaling regulators (RUNX2 and FOSL1), tumor 

suppressors and growth regulators (RASSF2 and UNC5B), cell-cycle proteins (CDC20), 

and IFN-related proteins (IFITM3; Supplementary Fig. S5D, representative examples). A 

smaller set of proteins was uniquely detected only in tumors, including ANGPTL4 and 

PRR11, supporting their potential utility as invasion-associated markers (Supplementary 

Fig. S5E). Although HG-cPanIN lesions share some aspects of this tumor-associated 

proteome, the exclusive appearance of tumor-unique factors at the PDAC stage likely 

reflects the acquisition of cell-autonomous proliferative and invasive capabilities. This final 

transformation to invasive carcinoma likely represents the culmination of the extended 

evolutionary timeline estimated in genetic studies, in which a median time of several years 

from the most recent common ancestor to clinically apparent PDAC has been proposed (30).

DVP Reveals Divergent Molecular Programs within Morphologically Equivalent Lesions

Focusing on nontumor lesions, PCA revealed that lesion morphology and disease association 

were the dominant factors shaping the molecular landscape of pancreatic tissue (Fig. 
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3C). The primary axis of variation (dimension 1, accounting for 14.4% of the total 

variance) separated histologic classifications of cells (Normal, iADM, and PanIN), with HG-

cPanINs showing the most distinct separation. The secondary axis (dimension 2, accounting 

for 7.1% of variance) stratified cancer-associated samples (“cCohort”) from cancer-free 

samples (“iCohort”). This analysis revealed that despite their morphologic similarity, lesions 

from cancer-free and cancer-associated contexts exhibited profound molecular differences, 

underscoring how conventional histopathology can miss critical disease-relevant changes. 

Together, these axes capture major components of variance linked to lesion class and cancer 

context. iADM samples occupy an intermediate region of the embedding, overlapping 

most strongly with LG-iPanINs and extending toward LG-cPanINs, but showing limited 

proximity to iNormal/cNormal, consistent with metaplasia spanning multiple transitional 

states.

To define stage-structured protein modules while explicitly capturing similarities between 

HG-cPanIN and PDAC, we performed a targeted ANOVA across tissue states and 

extracted proteins with defined progression patterns by post hoc Tukey testing (Fig. 

3D; Supplementary Table S5). Clusters 1 and 2 comprised proteins that increased from 

histologically normal ducts through PanIN to HG-cPanIN and PDAC, including stress-

response factors (e.g., HSP90B2P, Fig. 3E) and cell-interaction/progenitor features (e.g., 

CD44, Fig. 3F), together with increased ribosomal/translation machinery. Cluster 3 peaked 

in early precursors (iADM and PanIN lesions) and was dominated by mucin/secretory and 

glycosylation proteins (e.g., MGAT3, GALNT4, FUT3, and GOLM1, Fig. 3G), consistent 

with an early secretory and glycosylation shift in precursor lesions. Cluster 4 captured the 

coordinated loss of differentiated pancreatic function (e.g., NFIC, Fig. 3H).

Global differential abundance analysis revealed proteomic differences consistent with a 

cancer-associated field effect in histologically normal ducts. Despite matched morphology, 

cNormal differed from iNormal by 192 proteins, with 68% (131 proteins) increased in 

cNormal (Fig. 3I; Supplementary Table S2). Upregulated proteins included stress/secretory-

pathway and epithelial remodeling factors (e.g., AGR2), as well as immune surveillance 

and antigen-presentation components (e.g., B2M). We also observed a higher abundance of 

several exocrine digestive enzymes (CTRB1, CTRC, and CELA2A) in cNormal, consistent 

with altered periductal composition and/or epithelial remodeling in the cancer-bearing 

pancreas. Importantly, cNormal regions were microdissected from tissue sections spatially 

separated from the tumor (different blocks), arguing against tumor-cell contamination as the 

source of this signature.

Comparing histologically matched LG-iPanIN and LG-cPanIN lesions, we identified 

301 differentially expressed proteins; 88% (264 proteins) were higher in LG-cPanIN, 

underscoring the impact of cancer context on LG precursor states (Fig. 3J; Supplementary 

Table S2). LG-cPanINs were enriched for ECM remodeling and adhesion proteins 

(e.g., CD44, LUM, BGN, COL6A2, and FBLN5), immune and IFN-response factors 

(e.g., B2M, STAT1, and immunoglobulins), vesicle trafficking proteins (e.g., RAB1B 

and TMED7), oxidative-stress regulators (e.g., MGST1), and glycolytic mediators (e.g., 

PGAM1). Together, these patterns indicate that field cancerization imprints a distinct 
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immunometabolic and microenvironment-responsive proteome on otherwise histologically 

indistinguishable LG lesions.

Proteomic Signatures of Cancer-Associated HG PanIN Lesions

The HG-cPanINs formed a molecularly distinct, tumor-proximal precursor state. Compared 

with cNormal ducts, HG-cPanINs showed 1,075 differentially abundant proteins, and 

951 proteins differed between LG-cPanIN and HG-cPanIN lesions (Fig. 4A and 

B; Supplementary Table S2). HG-cPanINs exhibited increased abundance of nutrient 

acquisition and mitochondrial membrane biology proteins [e.g., transferrin receptor protein 

(TFRC), TOMM20/TOMM40, and LETM1] together with lipogenesis and glycolysis 

regulators [e.g., fatty acid synthase (FASN) and phosphofructokinase (PFKP)], whereas 

LG-cPanINs retained higher levels of detoxification and exocrine enzymes (e.g., GSTA2, 

CYP2C8, PRSS1/PRSS2, and CPA1; Fig. 4B; Supplementary Table S2). Metabolic rewiring 

dominated the HG-cPanIN proteome. FASN, a key enzyme in de novo lipogenesis, was 

markedly upregulated in HG-cPanINs, as was PFKP, consistent with enhanced glycolytic 

flux (Fig. 4C). Together with increased TFRC, these changes support a high bioenergetic 

and biosynthetic demand in advanced dysplasia. Pathway enrichment analysis highlighted 

exceptionally strong activation of mitochondrial gene expression and translation modules 

in HG-cPanINs, including mitochondrial translation initiation, elongation, termination, 

and respiratory electron transport (Fig. 4D and E; Supplementary Table S3). These data 

suggest that HG-cPanINs display a mitochondria-enriched proteomic signature before 

invasion, consistent with increased mitochondrial demand. Components of the PINK1/

Parkin mitophagy pathway emerged prominently at the HG-cPanIN stage, including elevated 

SQSTM1/p62, VDAC1, and PGAM5 (Fig. 4F). Coupled with mitochondrial translation and 

oxidative phosphorylation programs, this signature suggests dependence on mitochondrial 

quality control to sustain dysplastic growth, nominating a potential vulnerability window for 

interception.

Molecular Hallmarks of the Cancer Field Effect and Early PDAC Evolution

Based on our comprehensive proteomic profiling, we delineated four recurring molecular 

programs that characterize the cancer field effect and progression to PDAC: (i) stress 

adaptation, (ii) immune engagement, (iii) metabolic reprogramming, and (iv) mitochondrial 

remodeling (Fig. 5A). Representative proteins within these programs included stress/

secretory adaptation factors (e.g., CYB5A, AGR2, TAGLN, PLP2, and WTIP), immune 

and inflammatory mediators [e.g., MHC class I (MHC-I) components, STAT1, STAT3, 

α−2-macroglobulin (A2M), IRF9, C3, C7, and CRP], metabolic nodes (e.g., PGAM1, 

PDK4, RPN1, PFKP, and FASN), and mitochondrial fitness/quality control proteins (e.g., 

SQSTM1, VDAC1, PGAM5, CKMT1A, GSR, TST, and ACADS). Rather than proving 

temporal order, these cross-sectional data show that these programs are already detectable 

in morphologically normal ducts in cancer-bearing pancreata and become progressively 

more prominent across precursor lesions and PDAC, supporting their candidacy as early 

biomarkers and potential intervention points.
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Stress Adaptation

Pathway enrichment analysis (Fig. 5B and C) indicated activation of stress-adaptation 

programs in cNormal ducts compared with iNormal, including endosomal/vacuolar 

trafficking, cargo concentration in the endoplasmic reticulum, and amyloid fiber formation 

signatures (Supplementary Table S3). Consistent with these pathways, cNormal displayed 

increased abundance of stress-response proteins (e.g., CYB5A, WTIP, and TAGLN) and 

ER/secretory trafficking factors (e.g., AGR2 and PLP2; Fig. 5D and E; Supplementary Table 

S2). Many of these markers remained elevated in LG-cPanIN relative to LG-iPanIN (Fig. 5D 

and E; Supplementary Table S2), suggesting that adaptive responses to microenvironmental 

stress persist through preinvasive progression.

Immune Engagement

The analysis of the cancer field effect revealed activation of inflammatory signaling 

networks and increased antigen presentation via MHC-I in cNormal ducts (Fig. 5B 

and F; Supplementary Table S3). These immune alterations were accompanied by 

elevated acute-phase proteins (e.g., CRP and complement components) and increased 

STAT signaling proteins relative to the incidental lesions from the cancer-free cohort 

(iCohort; Supplementary Fig. S6A). Detailed protein-level analysis revealed a progressive 

inflammatory gradient across precursor states (Fig. 5G). Multiple acute-phase reactants and 

complement components increased from iNormal to cNormal and were most pronounced 

in LG-cPanIN lesions, including CRP, SERPINA1, SERPING1, complement proteins (C3, 

C4A, C7, and C9), haptoglobin, and A2M (Fig. 5G; Supplementary Table S2). Together, 

these data indicate that LG-cPanINs occupy an inflamed epithelial ecosystem before overt 

malignant transformation. IFNγ signaling emerged as a dominant feature of the cancer-

associated precursor proteome, peaking in LG-cPanIN lesions (Fig. 5H; Supplementary 

Table S3). This signature included transcriptional regulators (e.g., STAT1 and IRF9), 

antigen-presentation machinery (e.g., B2M and HLA class I/II components), and IFN-

stimulated effectors (e.g., GBP4, OAS1/2/3, and TRIM14/25). These patterns are consistent 

with genomic reports of a large burden of independent LG-PanIN clones in cancer-adjacent 

pancreas (on the order of ~103 lesions; ref. 14), suggesting that only a subset of lesions 

ultimately progresses to invasive disease.

Metabolic Reprogramming

Relative to cancer-free tissue (iNormal and LG-iPanIN), cNormal and LG-cPanIN exhibited 

an immunometabolic shift marked by increased PGAM1 and decreased PDK4 (Fig. 3I 

and J; Supplementary Fig. S6B; Supplementary Table S2), consistent with enhanced 

glycolytic flux and altered regulation of pyruvate entry into the tricarboxylic acid cycle. 

The transition from cNormal to LG-cPanIN was accompanied by coordinated metabolic 

and biosynthetic remodeling, including upregulation of fatty-acid transport and β-oxidation 

regulators (e.g., SLC27A2 and OXCT1) and mitochondrial energy-handling and redox 

enzymes (e.g., CKMT1A, HCCS, and SCO2; Fig. 5I), reinforcing the central role of 

metabolic remodeling in early preneoplastic transformation. Concomitantly, the transition 

toward invasive PDAC was accompanied by coordinated changes in mitochondrial and 

invasion-associated proteins (Supplementary Fig. S6C and S6D), as detailed in the following 
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section. Finally, glycosylation remained a consistent feature of PanINs (Supplementary Fig. 

S7A), accompanied by increased abundance of glycosylation and ER-associated proteins, 

including RPN1 and B4GALT1 (Supplementary Fig. S7B and S7C), consistent with aberrant 

glycan remodeling in PDAC.

Mitochondrial Remodeling

The transition from LG-cPanIN to invasive PDAC was marked by coordinated changes 

in mitochondrial proteins alongside the induction of invasion-associated factors (Fig. 5J; 

Supplementary Table S2). Multiple mitochondrial proteins (e.g., TST, GSR, ACADS, and 

CKMT1A) decreased, whereas invasion-promoting proteins such as FSCN1, STMN1, and 

S100A4 increased (exemplarily shown in Supplementary Fig. S6C and S6D). In parallel, 

tumors showed strong enrichment of desmoplastic ECM and stromal markers, including 

FN1, POSTN, and VIM, consistent with the acquisition of an invasive remodeling program 

that is distinct from PanIN-intrinsic epithelial changes.

We next asked whether these metabolic changes coincided with the shifts between classical 

and basal-like PDAC lineage states (25, 31). Both LG-iPanIN and LG-cPanIN lesions 

retained a predominantly classical signature, including strong PanIN-associated CLDN18 

expression and relatively stable GATA6 and HNF4A levels (Supplementary Fig. S8A), 

whereas basal-like markers (e.g., HMGA2, KRT17, and S100A2) were most evident at 

the invasive tumor stage (Supplementary Fig. S8B). Consistent with this lineage shift, 

tumors showed lower expression of mitochondrial pyruvate carrier 1 relative to LG-cPanINs 

(Supplementary Table S2), aligning with reports linking basal-like PDAC to diminished 

mitochondrial pyruvate import (32).

The Proteomic Landscape of Human ADM

Although murine ADM has been extensively profiled by single-cell approaches (33, 

34), human ADMs—and their relationship to LG-PanIN lesions—remain poorly defined. 

Comparing cancer-free iNormal ducts with iADM and LG-iPanIN regions, differential 

expression identified 129 upregulated proteins in iADM and 90 proteins in LG-iPanIN, 

with a shared core of 72 proteins induced in both lesions (Fig. 6A–C; Supplementary 

Table S2). CKMT1A was among the most strongly induced proteins across both lesions 

(Fig. 6A–C), suggesting that altered mitochondrial energy handling is an early feature 

of ductal reprogramming. Secretory-axis proteins, such as the Golgi-associated protein 

GOLM1 and the glycosyltransferase B4GALT5, were also consistently upregulated in 

both lesions, further highlighting early activation of secretory and glycosylation pathway 

flux during preneoplastic initiation (Fig. 6D and E). More broadly, both precursor states 

exhibited coordinated induction of oxidative stress and metabolic reprogramming proteins 

(e.g., HK1, NQO1, and GPX2), secretory pathway components (e.g., AGR2), and ductal/

PanIN-associated epithelial barrier and adhesion factors (e.g., CLDN18/CLDN2, MUC1/

MUC6, and S100P; Supplementary Table S2). A direct comparison between iADM and 

LG-iPanIN lesions uncovered divergent programs (37 proteins; Fig. 6F; Supplementary 

Table S2). iADM preferentially expressed metabolic reprogramming and ductal/progenitor-

associated markers, exemplified by PHGDH (Fig. 6F and G). In contrast, LG-iPanINs 

selectively upregulated chromatin regulation and epithelial architecture proteins, including 
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CENPV and LIN7A (Fig. 6F and H), consistent with the establishment of the structured 

epithelial program characteristic of stable precursor lesions.

Orthogonal Validation of Field Effect and Early Precursor Signatures

To orthogonally validate our proteomic observations, we integrated our spatial DVP 

data with the published spatial transcriptomics from cancer-free organ donors and PDAC-

adjacent pancreas (Supplementary Fig. S9A; ref. 10). Across matched biological groups, the 

majority of biological targets discussed in our study correlated positively (Supplementary 

Fig. S9B), including several proteins showcasing high levels of confirmatory signals (e.g., 

PTPN1 and SPINT2, Supplementary Fig. S9C). Notably, for stress/secretory pathway 

factors (CYB5A and AGR2), metabolic regulators such as PDK4, and immune-response 

components (STAT1), proteomics provided particularly robust signals while following 

similar trends compared with the transcriptome (Supplementary Fig. S9D).

We next performed multiplex immunofluorescence (mIF) to validate epithelial-intrinsic 

differences during tumorigenesis and to compare LG-iPanINs and LG-cPanINs, using an 

independent organ donor cohort and additional patient samples. When quantifying the 

percentage of marker-positive epithelial cells (Supplementary Fig. S10A), we observed a 

significant increase in CKMT1A+ cells across early precursor groups (iADM, LG-iPanIN, 

and LG-cPanIN) in both iCohorts and cCohorts (Supplementary Fig. S10B and S10C), 

consistent with our proteomic findings (Supplementary Fig. S6C). The FSCN1+ cells were 

selectively increased in tumors compared with cNormal and LG-cPanIN (Supplementary 

Fig. S10D and S10E), also in accordance with the proteome (Supplementary Fig. S6D). 

Field effect–associated proteins, including CYB5A (stress adaptation, Fig. 5D) and STAT1 

(immune engagement, Supplementary Fig. S6A), confirmed an enrichment in LG-cPanINs 

relative to LG-iPanINs (Supplementary Fig. S10F–S10H). Metabolic reprogramming 

markers, PGAM1 and PDK4 (Supplementary Fig. S6B), displayed a consistent inverse 

trend between the two LG-PanIN groups, with PGAM1 increased and PDK4 decreased 

in LG-cPanINs (Supplementary Fig. S10I–S10K). Together, these orthogonal validations 

support the four core programs that emerge early in pancreatic tumorigenesis—stress 

adaptation, immune engagement, metabolic reprogramming, and mitochondrial remodeling

—and anchor them to measurable protein markers in archival tissue.

Mutation-Specific Peptide Profiling of KRAS in Incidental Precursor Lesions

It has been reported that PanINs in patients with neoplastic pathologies in the pancreas, 

even when histologically LG, frequently harbor oncogenic kRAS hotspot mutations (14). 

To determine whether kRAS mutations are also present in precursor lesions from otherwise 

cancer-free individuals, we performed a targeted mutation-specific search, enabled by the 

consistent detection of kRAS peptides in our dataset, together with orthogonal Droplet 

Digital PCR (ddPCR). Exploratory ddPCR analysis using a kRAS G12/G13 probe set 

(including G12A, G12C, G12D, G12R, G12S, G12V, and G13D) on consecutive sections 

from a subset of individuals revealed kRAS G12/G13 mutation signals in incidental 

precursor lesions (Supplementary Fig. S11A and S11B), indicating that oncogenic kRAS 
mutations are present within the lesional epithelium of pancreata in cancer-free organ 

donors. Next, we assessed whether DVP could directly detect kRAS hotspot variants at 
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the peptide level. Mutant kRAS tryptic peptides (predominantly G12D and G12V, with 

occasional G13D) were identified across iADM and LG-iPanIN, whereas these variants 

were largely absent from iNormal ducts (Fig. 7A; Supplementary Fig. S11C; Supplementary 

Table S6). Among iADM lesions, 44% (4/9) of microdissected regions from two donors 

carried kRAS G12D. In LG-iPanINs, multiple kRAS variants were detected in spatially 

separated lesions, consistent with the previously reported polyclonal nature of precursor 

lesions (Fig. 7A; Supplementary Fig. S11C; ref. 14).

Overall, 46% of LG-iPanINs (12/26 lesions across four/eight donors) harbored kRAS 
mutations, including G12D (41.7%, 5/12 lesions, three donors), G12V (16.7%, 2/12 lesions, 

two donors), and G13D (50%, 6/12 lesions, two donors), with one lesion exhibiting 

polyclonality (coexpression of G12D and G13D, donor 1; Fig. 7B; Supplementary Table 

S6). Notably, several individuals with kRAS mutations were younger than 40 years of age 

(e.g., G13D in donor 6, age 38 years; G12D in donor 8, age 32 years), whereas multiple 

distinct mutations were more frequent in individuals in their 60s, suggesting a potential 

age-associated increase in mutational burden (Fig. 7B). Although cross-sectional sampling 

and FFPE-based validation limit temporal inference, ddPCR orthogonally confirmed the 

presence of G12D in iADM and LG-iPanIN, but not in iNormal ducts (Supplementary 

Fig. S11D and S11E). Collectively, these data indicate that similar to cPanINs, incidental 

precursor lesions from organ donors also harbor kRAS mutations and may, therefore, 

possess latent malignant potential. Our preliminary data also suggest that the frequency and 

spectrum of allelic variants in iPanINs might vary from those observed in cPanINs, although 

this requires validation in larger sample sets. Collectively, we demonstrate that DVP 

can recover actionable mutant peptides from minute archival lesions, enabling integrated 

proteogenotyping of early pancreatic neoplasia.

DISCUSSION

Our AI-powered spatial proteomic map provides a highresolution, protein-level 

characterization of both incidental and cancer-associated precursors in the development of 

PDAC. Our work defines molecular changes across five critical transitions: normal-to-ADM, 

ADM-to-PanIN, incidental-to-cancer-associated LG-PanIN, LG-to-HG PanIN, and PanIN-

to-invasive carcinoma. Our central discovery—that histologically normal ducts from patients 

with cancer display significantly different molecular profiles than those from cancer-free 

individuals despite identical histopathologic presentation—represents an important advance 

with immediate implications for risk stratification and early intervention strategies.

Histologically normal ducts in cancer-bearing pancreas exhibited extensive molecular 

alterations despite their normal appearance under conventional microscopy, consistent 

with a field cancerization signature encompassing stress adaptation, immune engagement, 

and metabolic reprogramming. AGR2 was strongly induced in morphologically normal 

ducts (iNormal vs. cNormal, 5.4-fold higher in cNormal), indicating that cancer-associated 

proteomic reprogramming extends beyond histologically apparent lesions. CYB5A 

was similarly increased (8.1-fold), potentially reflecting a compensatory response to 

inflammatory and oxidative stress. These observations align with field cancerization 
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models in which paracrine signaling and stromal/inflammatory cues reshape the epithelial 

ecosystem and may contribute to postresection recurrence risk.

Our findings align with recent spatial transcriptomic analyses by Bell and colleagues 

(13) and Carpenter and colleagues (10), who documented transcriptional reprogramming 

in the PDAC microenvironment. However, our proteomic approach extends these 

observations by revealing actionable protein-level alterations with higher resolution between 

morphologically similar ductal lesions, particularly demonstrating more pronounced 

molecular differences between LG-iPanIN and LG-cPanIN lesions than reported at the 

transcriptome level. Although Carpenter and colleagues concluded that similarities far 

outweighed any differences between sporadic and tumor-associated PanINs at the RNA 

level (10), our proteomic data reveal substantial molecular divergence between these 

histologically similar lesions.

The coordinated inflammatory signatures in cancer-associated tissues raise a crucial 

question: Does inflammation contribute to neoplastic transformation or primarily reflect 

a response to emerging clones? We observed coordinated activation of STAT signaling 

pathways—including increased STAT3 and STAT1 in LG-cPanIN lesions—together with 

enrichment of IFN signaling and acute inflammatory response programs in cancer-associated 

normal ducts. These data indicate that inflammatory and IFN programs are already engaged 

at early, preinvasive stages and may create a permissive or selective microenvironment that 

shapes which precursor clones persist and progress. This interpretation is consistent with 

the experimental evidence that inflammatory cues can accelerate KRAS-driven pancreatic 

tumorigenesis (15).

A major advance of this study is the first systematic proteome-level characterization 

of HG-PanINs. We demonstrate that HG-cPanINs represent a molecularly distinct state 

characterized by a tumor-like proteomic program rather than a simple intensification of 

LG programs. The emergence of mitochondrial translation/respiration, de novo lipogenesis 

(FASN), and mitophagy components (SQSTM1, VDAC1, and PGAM5) suggests that HG-

cPanINs operate under heightened bioenergetic and quality control demands, potentially 

creating metabolic vulnerabilities before invasion. Proteins uniquely shared by HG-cPanINs 

and tumors (e.g., UBE2C, CDC20, RUNX2, and IFITM3) provide a focused candidate panel 

for identifying HG dysplasia in preinvasive tissue.

Our mutation-specific peptide search provides a complementary, protein-level view of kRAS 
variation in early pancreatic neoplasia. Across microdissected regions of incidental lesions 

from cancer-free organ donors, we detected kRAS hotspot mutant peptides in iADM and 

LG-iPanIN lesions, consistent with the heterogeneous precursor evolution described by 

genomic studies (14). A subset of these findings aligns with orthogonal ddPCR data, in 

which we observed kRAS mutation status at the DNA level in these incidental precursor 

lesions. Because our study is cross-sectional and DNA validation from region-matched 

FFPE tissue can be technically challenging, we interpret these detections as evidence of 

feasibility rather than definitive lineage tracing. Nevertheless, the ability to recover mutant 

peptides from minute archival lesions highlights the potential of integrated proteogenotyping 
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to refine the molecular staging of precursors—particularly in settings in which DNA quality 

or quantity is limiting.

These discoveries enable new strategies for early detection. We propose a field effect 

biomarker panel comprising CYB5A, WTIP, B2M, and AGR2 for identifying high-risk field 

cancerization before visible lesions appear, potentially through the analysis of pancreatic 

fluid or liquid biopsies. Genetic studies estimate a median latency period of several years 

from the common ancestor to clinically apparent cancer (35), presenting a window to 

identify at-risk patients far earlier than current imaging-based approaches permit. The 

distinct molecular profiles of LG-cPanIN versus LG-iPanIN lesions provide criteria for risk 

stratification beyond histologic grading. Markers such as STAT1, CD44, and IFN signaling 

components could help distinguish lesions with more cancer-associated molecular features 

from those that seem incidental, informing surveillance strategies and intervention timing. 

An immunometabolic axis involving CYB5A/STAT1/PGAM1/PDK4 provides a candidate 

biomarker panel with mechanistic interpretability. These features nominate a mechanistically 

interpretable biomarker panel for identifying progression-permissive LG lesions in clinical 

specimens, and they highlight that LG histology does not equate to uniform molecular risk.

Several limitations warrant consideration. First, our study is cross-sectional and samples 

different lesion stages across individuals; future longitudinal and multilesion sampling 

within patients will be needed to directly map evolutionary trajectories. Second, 

although we enriched for ductal epithelium by laser microdissection, microscopic 

admixture with periductal stroma or acinar material remains possible and may contribute 

to some stage-associated proteins. However, this composite profile is relevant for 

signatures such as immune engagement and ECM remodeling. Nonetheless, we prioritized 

epithelial-intrinsic and biologically interpretable candidates and deprioritized obvious blood-

contamination markers (e.g., hemoglobins) in biomarker-focused analyses. Integration 

with single cell–level approaches will be essential to further deconvolve epithelial versus 

microenvironmental contributions. Third, intralesional mutational heterogeneity within the 

~100-cell regions profiled could not be resolved at single-cell resolution. Fourth, invasive 

PDAC exhibits substantial regional heterogeneity, which constrains one-to-one mapping 

of precursor states to tumor endpoints and motivates future studies integrating proteomics 

with spatial multiomics at higher spatial granularity. Future work should also validate these 

findings in larger cohorts, establish causal relationships between molecular alterations and 

disease progression, and develop clinical assays for promising biomarkers.

Although H-optimus-0 facilitated the identification of small PDAC precursor lesions 

and normal ducts, pathologist annotations remain the reference standard. Quantitative 

evaluations showed substantial agreement between computational clustering and expert 

annotations, while also indicating that expert review remains necessary for complete and 

biologically appropriate region selection (Supplementary Fig. S12A–S12C; “Methods”). In 

this setting, model-based clustering serves as a scalable preselection step for pathologist 

confirmation rather than a replacement for expert interpretation. For clinical application, 

prospective validation on independent cohorts with standardized annotation protocols would 

be required.
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The integration of AI-driven image analysis with DVP, as demonstrated here for pancreatic 

cancer precursors, offers a generalizable framework applicable to other malignancies. 

Since its initial development (18), DVP has contributed to the growing field of spatial 

proteomics—the 2024 Nature Method of the Year (17)—and has been successfully applied 

to study tumorigenesis in other heterogeneous cancers, including borderline and LG serous 

ovarian tumors (36). Foundation model–based approaches have the potential to scale tumor 

heterogeneity analyses to thousands of samples while substantially reducing analysis time; 

our case-based analyses serve as proof of concept for such future large-scale applications. 

The compatibility of our pipeline with FFPE archival tissue, high sensitivity for minute 

protein quantities, and high-throughput resolution of tumor heterogeneity position this 

approach as a powerful tool for investigating precursor biology across diverse cancer types.

In conclusion, our spatial proteomics platform unveils a novel molecular landscape of 

PDAC precursors and significantly enhances our understanding of neoplastic transformation 

trajectories. Molecular reprogramming at the protein level precedes histologic changes, 

establishing a new paradigm for risk assessment and early intervention. By providing 

the proteomic counterpart to established genetic models of clonal evolution and spread, 

our work completes a more comprehensive picture of PDAC development. The molecular 

transitions we identified—from cancer-associated field effects to mitochondria-dependent 

programs in HG-PanINs—provide a framework for developing stage-specific biomarkers 

and therapeutic targeting strategies. This approach offers the potential to transform 

PDAC clinical management from late-stage treatment to early interception, when curative 

intervention remains possible.

METHODS

Study Design and Cohort

The study cohort included tissue specimens from 22 cancer-free organ donors and 13 

patients with PDAC, including the validation cohort (Supplementary Table S7). Tissues used 

for MS-based proteomics were procured within 4 hours post mortem through the University 

of Nebraska Medical Center (UNMC) Normal Organ Recovery Program, in cooperation 

with Live On Nebraska, and through the Rapid Autopsy Program, or were obtained from 

surgical resections at UNMC and MD Anderson Cancer Center (MDACC). Organ donor 

pancreas tissues used for orthogonal validation were obtained from Donor Network West. 

Group assignment was based on clinical and histopathologic criteria. To minimize bias, all 

samples were double-pseudonymized prior to data generation and downstream analyses. The 

FFPE tissue blocks were sectioned at 3-μm thickness and mounted on precoated 2-mm PEN 

membrane slides (MicroDissect GmbH). A total of 24 tissue specimens were selected based 

on the availability and quality of FFPE blocks suitable for laser microdissection.

All lesions were reviewed by A. Maitra, an expert in pancreatic pathology with more than 

two decades of expertise in PDAC and PanINs (37–39), as “ground truth” for histologic 

classification. Donor pancreata were selected based on the absence of clinical pancreatic 

disease and were histologically normal apart from incidental precursor lesions. In organ 

donor pancreas, normal duct epithelium (iNormal), acinar-to-ductal metaplasia (iADM), and 

iPanINs (LG-iPanINs) were identified. In the DVP workflow, two organ donor samples 
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were excluded after quality control due to the absence of target lesions in consecutive 

sections, resulting in a total of 10 organ donor cases included in the downstream ansalysis. 

Additionally, nontumor tissues from 10 patients with PDAC were included in the proteomic 

analysis. Five of these samples contained LG-cPanINs and the corresponding normal ducts 

(cNormal), whereas the remaining five patient samples contributed HG-cPanIN lesions, 

with multiple subregions sampled for proteomic analysis. Tumor regions were analyzed 

from three PDAC cases with matched LG-cPanINs. We note that LG-cPanINs and the 

corresponding tumor samples were collected from different tissue sections on separate 

blocks. This spatial separation ensures that the molecular signatures identified in LG-

cPanINs represent true field effects rather than contamination from adjacent tumor cells. A 

clear patient-to-sample relationship is provided in Supplementary Table S8. For orthogonal 

validation of protein expression through mIF, an independent cohort of 10 organ donors 

was included. For cancer-associated samples, eight samples from patients with PDAC were 

used in the validation, which consisted of five cases from the proteomic analysis and three 

additional new cases (Supplementary Table S7). The organ donor cohort spanned 23 to 69 

years of age, and the patient cohort spanned 49 to 84 years of age. Both female and male 

subjects were included across all cohorts, with sex considered a biological variable.

All procedures were conducted in accordance with the Declaration of Helsinki and approved 

by the UNMC (IRB 091–01) and MDACC (IRB LAB05–0854) Institutional Review Board, 

with written informed consent obtained prior to enrollment. All patient and donor data were 

deidentified and anonymized. Cohort metadata, including age and gender, are provided in 

Supplementary Table S7.

AI Image Analysis

We prepared and stained with H&E and imaged as described in the Method Supplement. 

Each acquired whole-slide image (WSI) was stored in “.mrxs” format and processed using a 

custom tile extraction pipeline. Initially, each WSI was downsampled to a lower resolution 

to enable tissue-background segmentation. The resulting tissue regions were partitioned into 

nonoverlapping tiles of 224 × 224 pixels at a full resolution of 0.24 microns per pixel 

(mpp), corresponding to a physical tile size of 54 × 54 μm. This tile size matches the native 

input format of vision transformer–based foundation models, ensuring compatibility with 

the pretrained architecture of H-optimus-0. A tile resolution of 0.24 mpp was selected, as 

preliminary analyses indicated that this scale sufficiently preserves morphology relevant to 

downstream tasks. In the iCohort and cCohort, a total of 1,618,248 tiles were extracted, 

resulting in an average of 77,059 tiles per slide. In the HG-cPanIN cohort, a total of five 

slides were processed with 156,948 tiles. The extracted tiles were passed to H-optimus-0 

(RRID: SCR_028225), a state-of-the-art foundation model for computational pathology that 

demonstrates strong performance on clinical benchmarking datasets (40, 41). The model 

consists of 1.1 billion parameters and was pretrained on more than 500,000 WSIs with no 

further fine-tuning on custom data. Model inference was performed on a workstation with 

two NVIDIA RTX 4090 GPUs. For further details on H&E tiling, tile embedding, and 

alignment to proteomic measurements, see Mathian and colleagues (42). These technical 

specifications, combined with the public availability of H-optimus-0, enable independent 

replication of our analytic framework.
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We performed two clustering strategies on tiles depending on the cohort: (i) global clustering 

for cCohort and iCohort, including the HG-cPanIN subgroup, and (ii) local clustering for 

the PDAC cohort. In the global setting, Faiss k-means clustering was applied to tile-level 

feature vectors aggregated across all slides within a cohort and k ∈ {2,…,50}. To identify 

optimal k clusters that reflect areas of interest, k was adjusted interactively based on expert 

input on a subset of slides from the respective cohort. Based on this input, we set k = 

23 for the iCohort, k = 25 for the HG-cPanIN cohort, and k = 10 for the cCohort and 

assigned tiles to clusters based on the cosine similarity of tile features and cluster centroids. 

This global strategy ensures the detection of consistent morphologic patterns shared across 

the entire cohort. We applied local clustering to the PDAC cohort on a per-slide basis. In 

this study, the number of clusters varied within k ∈ {2,…,10} per slide until the tumor 

region split into two distinct phenotype clusters. This approach allows replicate sampling of 

intraslide tumor heterogeneity, enabling the investigation of morphologically distinct tumor 

cell states within individual patients rather than cross-patient comparisons. All slides were 

subjected to human pathology review. Throughout the article, we refer to each cluster as a 

“region.” Guided by H&E-based clustering, we exported image masks for the collection of 

100 phenotypically matched cells from the respective biological lesions and normal ducts. 

To equalize the protein input amount in the mass spectrometer, an additional size filter was 

used to select 100 phenotypically matched cells matching a total area threshold of 18,590 

μm2.

Evaluation of k for Lesion-Specific Clustering

To determine the optimal number of clusters (k) for the k-means clustering of tile-level 

features, we developed an annotation-guided evaluation framework. This analysis aimed to 

determine the cohort-specific values of k that produce the highest agreement between a 

single cluster and the corresponding pathologist-annotated region, as measured by the F1 

score. We demonstrated this approach for three lesion types combined: PanIN, epithelial 

linings (normal ducts), and ADM. An expert pathologist annotated the regions of interest 

(ROI) across all slides of each cohort using polygon annotations stored in GeoJSON format. 

Each tile was then spatially matched to the annotation polygons. A tile was classified as 

lying within an annotated region if more than half of its area overlapped with an annotation 

polygon; all remaining tiles were classified as outside the annotation. This overlap threshold 

ensures that only tiles predominantly covered by annotated tissue are treated as ground-truth 

positives, avoiding bias from tiles that only marginally intersect an annotation boundary. For 

every candidate k (k = 2–70), global k-means clustering was performed on the pooled tile 

features of each cohort. For each resulting clustering, we identified the single best-matching 

cluster as the one containing the largest number of tiles that colocalized with the annotation 

(i.e., the cluster maximizing the true positive count). The tiles assigned to this best-matching 

cluster were then treated as the predicted positive set, and precision, recall, and F1 were 

computed. These metrics were plotted as a function of k for each cohort (Supplementary 

Fig. S12). The optimal k was selected as the value that maximized F1 within a plateau; 

when multiple values of k achieved comparable F1, the smallest k was preferred to minimize 

model complexity. This led to optimal values of k = 47 for iPanIN, k = 62 for cPanIN, 

and k = 50 for HG-cPanIN. Although the present analysis was performed on the full set of 

annotated slides per cohort, the framework is designed to generalize such that pathologist 
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annotations on a representative subset of slides are sufficient to optimize k, which can 

then be applied cohort-wide. This makes the approach scalable to larger cohorts in which 

exhaustive annotation would be impractical.

Data Analysis and Statistics

All analyses were performed in the R statistical environment (version 4.3.1) using custom 

scripts and established packages for proteomics and pathway analysis. MS intensities were 

log2-transformed and normalized across samples; proteins were filtered for missingness 

and quantified at the protein-group level (Supplementary Table S1). For differential 

abundance testing between biological groups, we used moderated linear modeling with 

empirical Bayes shrinkage, and we controlled the false discovery rate using the Benjamini–

Hochberg adjustment (Supplementary Table S2). For pairwise group comparisons displayed 

in boxplots, unpaired Student t tests were performed assuming equal variances; significance 

thresholds were: ns, P values >0.05; *, P values ≤0.05; **, P values ≤0.01; ***, P values 

≤0.001; and ****, P values ≤0.0001. For multigroup testing across the PanIN continuum, we 

applied targeted ANOVA with multiple testing correction and clustered significant proteins 

to define stage-structured modules (Supplementary Table S5). Gene set enrichment analysis 

was performed using curated pathway collections, and enriched pathways were reported 

with adjusted P values (Supplementary Table S3). Unless otherwise stated, statistical tests 

were two-sided. GraphPad Prism was used for the generation of kRAS variant plots.

Search for KRAS Variants

Mutational FASTA sequences were generated by in silico mutagenesis of the kRAS 
reference sequence by substituting the reference amino acid at the specified residue position 

with the corresponding mutant residue (e.g., G12D). Mutated sequences were annotated 

with headers reflecting the introduced mutation. The set of mutations was selected based 

on the most frequently observed kRAS variants reported in Fig. 3 of Huang and colleagues 

(43), encompassing colorectal, pancreatic, and lung cancers: G12A, G12C, G12D, G12R, 

G12V, G13C, G13D, Q61H, Q61R, and A146T. These variants represent the most frequently 

observed mutations in kRAS-driven cancers. Combined with the common FASTA file, the 

custom file was used as an additional reference during data processing in DIA-NN 1.8.1 

for the main quantification of this article. To increase the identification confidence of 

altered peptides, kRAS variants were searched without the match-between-runs function. 

The DIA-NN output file “report.tsv” was used for data evaluation after additional filtering 

for peptides quantified with equal to or less than 1% on the “Q.Value,” “Global.Q.Value,” 

and the “Global.PG.Q.Value.” Detailed sample counts included in the analysis, together 

with the corresponding Q-values for each kRAS variant in samples from both the iCohort 

and cCohort, are provided in Supplementary Table S6. Because the presence of kRAS 
mutations in PanINs from patients with PDAC has already been well documented (14), 

kRAS mutation analyses were conducted exclusively on incidental precursor lesions in the 

cancer-free donor cohort. For visualization of the altered KRAS peptide with the amino acid 

sequence “LVVVGAGGVGK,” hits were either counted per biological cohort or statistical 

q-values were plotted. The bar plots were generated using GraphPad Prism 10.
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mIF

The mIF was performed on FFPE tissue sections from an independent organ donor 

cohort (n = 10) and additional patient samples (n = 8, including three new cases) to 

validate epithelial-intrinsic differences identified in our proteomic analyses. The sections 

under-went heat-induced epitope retrieval at 120°C using a citrate-based target retrieval 

solution (Agilent, S1699), followed by blocking with 5% goat serum in PBS for 1 hour 

at ambient temperature. Primary antibodies were applied overnight at 4°C and detected 

with secondary antibodies incubated for 1 hour at ambient temperature. The tissues were 

mounted with ProLong Diamond antifade reagent containing DAPI (Invitrogen). The images 

were acquired using a ZEISS fluorescence microscope with AxioVision software (RRID: 

SCR_002677) at 20x magnification. Ductal ROIs were annotated by histopathology, and 

per-ROI fractions of marker-positive ductal cells were quantified using QuPath following 

DAPI-based nuclear segmentation (Supplementary Fig. S10A). Group comparisons were 

performed using an unpaired Student t test with the Welch correction. Detailed antibody 

information is provided in Supplementary Table S9.

ddPCR

The genomic DNA was extracted from laser-microdissected regions from consecutive 

FFPE sections using the QIAamp DNA FFPE Advanced Kit (QIAGEN). The ddPCR was 

performed using the kRAS G12/G13 Screening Kit (Bio-Rad), which enables multiplex 

detection of kRAS hotspot variants (G12V, G12D, G12R, G12C, G12S, G12A, and G13D), 

or with a variant-specific kRAS G12D probe (Bio-Rad; identifier dHsaMDV2510596), on 

a QX200 ddPCR System (Bio-Rad), following established protocols (44, 45). Each assay 

included a kRAS wild-type control from a healthy individual and a mutant control from a 

pancreatic cancer cell line to estimate false-positive rates across samples, ensure the absence 

of contamination, and verify probe performance and ddPCR efficiency on each plate. Given 

the small and heterogeneous precursor regions analyzed, the samples were classified as 

mutation-positive if at least one mutant droplet was detected. The results are presented as bar 

plots showing the number of microdissected regions per biological group, together with the 

corresponding percentage of mutation-positive regions, generated using GraphPad Prism 10.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
DVP workflow and cohort overview. A, Schematic overview of the DVP workflow. FFPE 

tissue specimens were H&E stained. High-content images were analyzed using AI-based 

phenotype clustering to extract tissue morphologies and disease-associated pathologies. 

Cells were extracted using a Leica LMD7 laser-microdissection instrument, and cell type–

specific proteomes were acquired on an Orbitrap Astral mass spectrometer. B–D, Pathology 

foundation models with representative images. The H-optimus-0 ROI model was applied 

to H&E images to identify LG-iPanIN, iNormal, and iADM lesions (B), LG-cPanIN 

and cNormal (C), and HG-cPanIN (D). E and F, Number of proteins (E) and peptide 

precursors (F) quantified across all cohort groups using MS-based proteomics. G, Mean 

ranked abundance of proteins found in LG-iPanIN, LG-cPanIN, and HG-cPanIN groups. 

The abundance of key markers is highlighted in red (KRAS, HMGA2, DCLK1, and TP53). 
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Normal, normal ductal epithelium; Tumor, tumor tissue. Sample overview: Details on 

sample counts and origins are provided in Supplementary Table S8.
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Figure 2. 
Protein signatures associated with PDAC intratumoral heterogeneity. A–C, H&E images 

with a clustering analysis using an H-optimus-0 model, with representative enlarged areas 

showing distinct intratumor heterogeneity in patient 5 (regions 1 and 2, A), patient 2 

(regions 3 and 7, B), and patient 3 (regions 0 and 6, C). D, PCAs showing differential 

protein expression between the regions in patient 5, with region 1 enriched for ECM-

remodeling proteins, cytoskeletal, and adhesion proteins, whereas region 2 showed a higher 

abundance of RNA-processing factors and mitochondrial or stress-associated proteins. E, 
PCA showing regions separated along an axis ranging from nuclear RNA-binding and 

splicing proteins in region 7 to cytoskeletal and contractile components in region 3 of patient 

2. F, PCA showing one region displayed a higher abundance of lysosomal/vacuolar and 

immune-associated proteins (region 0), whereas the other was enriched for mitochondrial 

and metabolic proteins (region 6) in patient 3.

Min et al. Page 25

Cancer Discov. Author manuscript; available in PMC 2026 June 23.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 3. 
Molecular signatures across the precancer-to-PDAC transition. A–C, PCAs of indicated 

cohort groups: PCA of all cohort groups including i/cNormal, iADM, LG-i/cPanIN, HG-

cPanIN, and Tumor (A) with its major drivers of data variance highlighted in B, PCA 

of i/cNormal, iADM, LG-i/cPanIN, and HG-cPanIN (C). Dimensions of highest variance 

are shown (dimensions 1 and 2). D, Heatmap showing protein signatures associated 

with normal-to-PanIN-to-PDAC tumorigenesis. ANOVA significance analysis (P value 

< 1e–10) and post-Tukey extraction of proteins with significant differences identified 

proteins that significantly altered between cancer-free and cancer-associated samples while 

exhibiting similar abundance between cNormal and LG-cPanIN or between HG-cPanIN and 

PDAC. Proteins from cluster 3, which are associated with early precursor programs, are 

highlighted. Colors represent z-score–normalized protein abundances (log2). E–H, Boxplots 

of representative proteins from each cluster: HSP90B2P (cluster 1; E), CD44 (cluster 2; F), 

GALNT4 (cluster 3; G), and NFIC (cluster 4; H). An unpaired Student t test was performed 

assuming equal variances for compared groups. ns, P values >0.05; *, P values ≤0.05; **, 
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P values ≤0.01; ***, P values ≤0.001; ****, P values ≤0.0001. I and J, Differential protein 

expression of morphologically equivalent lesions between the cancer-free (incidental) and 

cancer-associated cohorts: iNormal vs. cNormal (I) and LG-iPanIN vs. LG-cPanIN (J). 

Significantly regulated proteins [fold change (log2) > 2; P value <0.05] are highlighted in 

black. Three digestive enzyme precursors are highlighted in blue in (I). Proteins associated 

with ECM remodeling and adhesion are highlighted in blue in J. Normal, normal ductal 

epithelium; Tumor, tumor tissue. Sample overview: Details on sample counts and origins are 

provided in Supplementary Table S8.
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Figure 4. 
Proteomic signatures of HG-cPanIN lesions. A and B, Differential protein expression within 

the cancer-associated cohort comparing cNormal vs. HG-cPanIN (A) and LG-cPanIN vs. 

HG-cPanIN (B). Significantly regulated proteins [fold change (log2) > 2; P value <0.05] 

are highlighted in black. C, Representative metabolic proteins exhibiting upregulated 

expression patterns between cNormal and LG-cPanIN to HG-cPanIN: FASN (top) and 

PFKP (bottom). An unpaired Student t test was performed assuming equal variances for 

compared groups. ns, P values >0.05; *, P values ≤0.05; **, P values ≤0.01; ***, P values 

≤0.001; ****, P values ≤0.0001. D and E, Representative biological pathways enriched 

using gene set enrichment analysis comparing cNormal vs. HG-cPanIN (D) and LG-cPanIN 

vs. HG-cPanIN (E). FDR values are visualized by a color gradient, whereas the number 

of proteins enriched for a pathway is indicated by point size. F, Representative proteins 

from PINK1/Parkin mitophagy exhibiting upregulated expression patterns between cNormal 

and LG-cPanIN to HG-cPanIN: SQSTM1, VDAC1, and PGAM5. Statistical testing was 

performed as in C. Normal, normal ductal epithelium; TCA, tricarboxylic acid; Tumor, 
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tumor tissue; CCT: Chaperonin containing T-Complex Protein 1. Sample overview: Details 

on sample counts and origins are provided in Supplementary Table S8.
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Figure 5. 
Molecular hallmarks of the cancer field effect and early PDAC evolution. A, Schematic 

summary of molecular programs and key representative proteins involved in the multistep 

progression of human pancreatic neoplasia. B and C, Representative biological pathways 

enriched using gene set enrichment analysis comparing iNormal vs. cNormal (B) and 

LG-iPanIN vs. LG-cPanIN (C). FDR values are visualized by a color gradient, whereas 

the number of proteins enriched for a pathway is indicated by point size. D and E, 
Representative markers, CYB5A (D) and AGR2 (E), associated with the cancer field 

effect (stress/secretory adaptation) in cancer-associated normal ducts and PanIN lesions. An 

unpaired Student t test was performed assuming equal variances for the compared groups. 

ns, P values >0.05; *, P values ≤0.05; ***, P values ≤0.001; ****, P values ≤0.0001. 

F–H, Heatmap showing proteins enriched for the pathways “antigen presentation (folding, 

assembly, and peptide loading of class I MHC)” (F), “acute inflammatory response” (G), 

and “IFNγ signaling” (H). Colors represent z-score–normalized protein abundances (log2). 

I and J, Differential protein expression within the cancer-associated cohort comparing 

cNormal vs. LG-cPanIN (I) and LG-cPanIN vs. Tumor (J). Significantly regulated proteins 

[fold change (log2) > 2; P value <0.05] are highlighted in black. Normal, normal ductal 

epithelium; Tumor, tumor tissue. Sample overview: Details on sample counts and origins are 

provided in Supplementary Table S8. [A, Created in BioRender, RRID:SCR_018361].
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Figure 6. 
The proteomic landscape of human ADM. A and B, Differential protein expression of 

iNormal vs. iADM (A) and iNormal vs. LG-iPanIN (B). Significantly regulated proteins 

[fold change (log2) > 2; P value <0.05] are highlighted in black. C, Venn diagram showing 

unique and overlapping upregulated proteins in iADM and LG-iPanIN compared with 

iNormal. Representative overlapping proteins are highlighted. D and E, Representative 

protein markers enriched in iADM lesions compared with iNormal ducts: GOLM1 (D) and 

B4GALT5 (E). An unpaired Student t test was performed assuming equal variances for 

compared groups. ns, P values >0.05; **, P values ≤0.01; ***, P values ≤0.001; ****, P 
values ≤0.0001. F, Differential protein expression of iADM vs. LG-iPanIN. Significantly 

regulated proteins [fold change (log2) > 2; q values <0.05] are highlighted in black. G 
and H, Representative proteins exhibiting divergent expression patterns between iADM 

and LG-iPanIN: PHGDH (G) and CENPV (H). Statistical testing was done as in D and 

E. Normal, normal ductal epithelium; Tumor, tumor tissue. Sample overview: Details on 

sample counts and origins are provided in Supplementary Table S8.
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Figure 7. 
Mutation-specific peptide profiling of KRAS in incidental precursor lesions. A, Detection 

of KRAS hotspot variants at the peptide level by DVP in iNormal, iADM, and LG-iPanIN, 

including G12D, G12V, and G13D. The bar plot shows the percentage of microdissected 

regions harboring KRAS mutants. B, Summary diagrams showing KRAS G12D, G12V, 

and G13D mutation profiles in four representative cancer-free individuals of different ages. 

Each column represents a single microdissected region. Black indicates regions harboring 

KRAS G12D, G12V, or G13D mutations, and gray indicates regions in which these KRAS 
mutations were not detected.
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