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microenvironmental ecosystems driving progression. Additionally, 
elucidating the precise spatial and cellular contexts of these molecular 
changes requires resolving localized heterogeneous signals that 
are obscured in bulk profiling". Recent single-cell RNA sequencing 
(scRNA-seq) studies have unveiled theextensive heterogeneity of malig­
nant and non-malignant cells in PDAC'’“‘’. Although a subset of these 
studies have characterized tumor ecosy stems in primary PDAC tu mors, 
the spatial context of diverse cell populations and a comprehensive 
u nderstancling of metastatic biology remain elusive'’'’. Determining 
the spatial organizationoftumorecosystems a nd the cellular dynamics 
underlying metastasis is crucial for advancing our understanding of 
PDAC biology and develop! ng effective therapies.

By acquiring a cohort of matched primary tumors, lymph nodes 
and liver metastases from patients with PDAC, we successfully over­
come these long-standing barriers. Through integrated spatially 
resolved transcriptomics, we constructed spatial maps revealing the 
distinct cellular states and ecological dynamics ofPDAC progression. 
By accounting for interindividual differences with paired sampling 
and deconvoluting cell-type compositions, our study revealed con­
served and differential ecosystems between primary and metastatic 
sites. These results suggest the simultaneous targeting of diverse 
ecological ecotypes within each patient for optimal therapeutic 
impact against this aggressive malignancy. Overall, this study uses 

ST on patient-matched samples to reveal important differences in 
the tumor microenvironment (TME) of PDAC, which could guide the 
development of more effective treatments.

Results
A spatial transcriptome map of PDAC
To map the molecular and cellular architecture of various anatomical 
regions in PDAC, we initially identified 39samples from 13 patients, 
including matched primary PDAC tumors, corresponding liver meta­
stases, three normal adjacent pancreatic tissues, three adjacent nor­
mal liver tissues and seven metastatic lymph nodes (Supplementary 
Table 1). After quality control and discarding of low-quality sam­
ples, we generated an atlas of ST from a cohort of 30 specimens: ten 
primary PDAC tumors, three normal pancreata, 12 matched hepatic 
metastases and five matched lymph node metastases, along with adja­
cent normal liver and lymph node tissues (Fig. la). The clinical and 
histopathological characteristics of the patients are described in the 
Extended Data section (Supplementary Table 2). We applied Visium 
v.l Spatial Gene Expression for FFPE dOx Genomics) to our sample 
cohort. Low-quality spots (gene count of <200) were removed, leaving 
35,458 primary tumor spots, 28,520 hepatic metastasis spots, 17,698 
lymph node metastasis spot sand 9,820 normal pancreas spots (total 
ing 91,496 spots) for downstream analysis (Fig. la). We meticulously 
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implemented a standardized quality-control pipeline (Extended Data 
Fig. la, Supplementary Table 2 and Methods) and precisely assessed 
the effectiveness of our methods to ensure accurate and reliable 
results (Fig. lb- eand Extended Data Fig, lb,c),

A multistep approach was used to ensure that each cellular state 
was accurately located within its expected histologically identified 
structures. First, an expert board-certified pathologist (O.S.) performed 
histological structural annotation on hematoxylin and eosin (H&E) 
images (Fig. lb). Next, mapping of the expected major cell markers 
including epithelial cells iEPCAHr. KRIS' and KRTIS'}, fibroblasts 
(COLIAI'}, endothelial cells (CLDNS"), T cells {CD3D'). B cells (CD79A') 
and myeloid cells (LYZ') to the structures was confirmed (Fig, Ic). Our 
heterogeneous ST data covered a variety of tissue regions, including 
normal pancreas, primary tumor, hepatic metastasis and lymph node 
metastases, as well as the adjacent liver and lymph node tissues. To 
enable higher resolution analysis at the cel 1 u lar 1 evel, we deconvoluted 
our ST data usinga diverse set of published scRNA-seq datasets encom­
passing all tissue types analyzed in our study’'-'' '''. Leveraging these 
datasets, we mapped fine granular cell states defined by scRNA-seq 
to our ST data using the reference-based robust cell-type decomposi­
tion (RCTD) deconvolution algorithm (Fig.Id, Supplementary Data 1 
and Methods)’'. Our deconvolution analysis corroborated the major 
histological regions, including tumor and stromal compartments 
as well as the main cell-type regions annotated by a gastrointestinal 
pathologist (O.S.) (Fig.lb-e). Tumor regions were accurately identified 
as tumor cells by RCTD, whereas stromal regions in tumorareas were 
annotated as cancer-associated fibroblasts (CAFs) across anatomical 
regions annotated by the gastrointestinal pathologist (O.S.). Addi­
tionally. the RCTD deconvoluted various immune cell types, show­
ing their presence in both the tumor and stromal areas, inline with 
previous scRNA-seq data’-’^^^" (Fig. id and Extended Data Fig, lb,c). 
The deconvolution results revealed distinctly annotated hepatocytes 
only in adjacent normal liver tissue (Extended Data Fig, lb)'". Normal 
pancreatict issue was annotated as normal pancreatic celts (Extended 
Data Fig. lb). Additionally, normal liver regions were infiltrated by 
immune and stromal cells, consistent with the findings of a previ­
ous scRNA-seq study™ Similarly,adjacent lymph nodes contained a 
high proportion of various immune cells, includingBcells,T cellsand 
natural killer cells'’.

Integrating these robust cellular annotations with our spatial 
molecular profiles enabled a detailed interrogation ofthe tumor and 
its microenvironment. Furthermore, we evaluated the expression of 
cell type-specific functional gene signatures to identify critical func 
tional and cellular character! sties of the tumor and its microenviron­
ment within spatial ecotypes and enrichment scores to confirm fine 
granular cell states (see below) (Fig. le and Supplementary Data 2)”. 
Consequently, our integrated spatial atlas mapped cell composition, 
geneexpression and signaling pathways across pancreatic tissue ana­
tomical zones, a 1 lowi ng us to stu dy complex TME dynamics in hu man 
PDAC across various stages.

Spatial architecture of pancreatic cancer
To elucidate the spatial dynamics of cellular interactions and abun­
dance in PDAC, we applied MISTy, an explainable machine-learning 
framework, to probe whether the abundance of major cell types 
within individual transcriptomic spots could be predicted from their 
spatial context, defined by the cell-type compositions of their micro­
environment’''- Specifically, we examined whether the local neighbor­
hood cellular milieu,characterized by relative cell-type proportions, 
could determine the abundance of key cellular compartments across 
intra-spot (-55 pm), juxta view (-200 pm; five spot radius) and para 
view (-3,000 pm; 15 spot radius) spatial scales. Across tumor regions. 
Co-localized interactions within individual tissue spots (intraview) 
emerged as the most predictive feature, revealing co occurrences 
between malignant cells and non-neoplastic populations, including 

CAFs, lymphoid cells (for example, T cells and B cells) and tumor- 
associated macrophages (TAMs) (Fig. 2a, Extended Data Fig. 2a,b and 
Suppiementary Table 3). The myofibroblastic CAFs (myCAFs) exhibited 
juxtaposition with tumor cells, whereas inflammatory CAFs resided 
distally, potentially fostering an inflammatory environment, consist­
ent with existing data on their spatial distribution relative to malig­
nant cells (Fig. 2a and Extended Data Fig. 2b)‘'’’. Endothelial cell and 
perivascular-like fibroblast co-occurrence mirrored interdependencies 
among vasculature-related ceil types and their significance in PDAC 
biology across anatomical locations"’. Homotypic interactions pre­
dominated across immune subsets, implying a spatially coordinated 
TME’’, Interestingly, TAM subtypes with contrasting functionalities, 
such as inflammatory ECNC and immunosuppressive SEPT and CIQ" 
phenocypes,co-localized within tumors, corroborating recent findings 
that TAMs with both immunostimulatory and immunosuppressive roles 
can coexist in the same TME (Fig. 2a and Extended Data Fig. 2b)'".The 
spatia 1 dynamics bet ween cel 1 types, such as tumor and dendri tic cells, 
diverged from expectations based on frequencies alone, underscor­
ing that spatial interactions may be more critical than cell frequencies 
a lone". Collectively, these findings h ighlight th e importance of spatial 
relationships between cell types in the PDAC TME that may potentially 
in form our understanding of tumor biology and treatment approaches.

The Go-localization oftumor, immune and stromal cells high!ights 
the potential to gain insights into the functional roles of cancer cell 
states by studying the tumor architecture. Consequently, we sought to 
determine whether spatially organized multicellular communitiesexist 
beyond co-occurrence and abundance in PDAC, which could provide 
critical insights in to tumor biology a nd therapeuticvuInerabilities. We 
reasoned that disruption of cellular neighborhoods in cancer mirrors 
disturbances in natural ecosystems, affecting disease progression and 
treatment™. To identify these multicellular communities and their 
spatial distribution in PDAC, we used ISCHIA, a probabilistic meth­
odology to identify cellular neighborhoods through co-occurrence 
analysis, inspired by models of species co-occurrence in ecology™. 
Thiscomposition-based clustering approach enables the reconstruc­
tion ofthe local TME architecture based on spatial co-occurrence and 
potential col laborations of diverse cell types within each spot. Cluster­
ing of spots from all samples based on their cell-type compositions 
revealed ten heterogeneous compositional clusters (CCs), which we 
called 'Spatial ecotypes’ (Fig, 2b d. Extended Data Fig, 2b and Sup­
plementary Table 4). Visualization of the slides revealed that several 
ecotypes aligned with the underlying sample conditions, with ecotype 
CCIO uniformly distributed across the normal pancreatic parenchyma 
and ecotypes CC6 and CC9 localized to adjacent non-neoplastic liver 
and lym ph nodes, respectively (Fig. 2e and Extended Data Fig. 2c).

Next, we investigated whether the distinct annotated cell types 
identified by scRNA-seq were overrepresented in specific spatial 
ecotypes across the PDAC ecosystem. ST analysis unveiled transcrip­
tionally defined ecotypes with varying compositions oftumor cells, 
stromal cells a nd i nfiltrating Im m unecells (Fig. 2d and Extended Data 
Fig, 2d,e). Interestingly, each tumor ecotype localized to distinct 
regions on histomorphology slides across samples, suggesting that 
these ecotypes represent Foundational spatial units that could Facili­
tate comparisons (Fig. 2e). We identified contrasti ngeelluia r ecotypes 
based on their predominant ceil-typecomposition. Two ecotypes, CC1 
and CCS, were predominantly enriched for CAFs alongside tumor ceils 
and various immune subsets, reminiscent of a highly desmoplastic TME 
subtype previously recognized in single-cell analysis (see below)'’ 
Prompted by the realization that we noted two desmoplastic ecotypes 
as opposed to the previous single subtype based on a single-cell study, 
we carried out detailed pathological evaluation that revealed key dif­
ferences bet ween the CAE-enriched ecotypes (CCland CC5), including 
stromal architecture, CAF enrichment and tumor and immune cell 
compositions (Fig. 2f). Compared with CCS, Cd exhibited a remark 
ably dense stromal architecture with a greater prevalence of my CAFs
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gen e sets a nd eell-ty pe p roportions between CC1, CC2, CC3 a nd CCS ecotypes. 
Data represent n = 9,236,12,679,13,276 and 8,147spots for CCI,CC2, CC3 and 
CCS, respectively, collected from 13 individual patients. The number of patients 
contributing to each ecotype varies: CC1 (12 patients), CC2 (12 patients), 
CC3(12 patienisland CCS(13 patients). Each spot represents an independent 
data point. For details on visual!ration, statistics and reproducibility, see Methods.

infiltration (Fig. 2f and Extended Data Fig. 2c,d). Trajectory analysis 
suggested that the CCS ecotype representsan early desmoplastic state 
transitioni ng toward the late, fibrotic, myCAF-en riched Cd ecotype, 
consistent with evidence that desmoplasia increases as PDAC pro­
gresses*’. The existence of these distinct ecotypes highlights further 
TME heterogeneity within the desmoplastic subtype than previously 
appreciated** *’. By contrast, two other ecotypes, CC2 and CC3, were 
enriched for tumor cells with reduced CAF infiltration, followed by 
immune components (Supplementary Figs. 2 and 3). These ecotypes 
correspond toa less desmoplastic milieu analogous to the previously 
described '1 oose"subtype' '. Notably, the CC2 ecotype harbored a prom- 
inentenrichmentofTAMs,Tce1linfiltrates,activeendothelialcellsand  
angiogenesis compared to the CC3 ecotype (Supplementary Figs. 2 
and 3). Additionally, we observed two immune cell-dominant ecotypes, 
CC7 and CCS, exhibiting varyingmyeloid-to-lymphoid ratios with 
minor fractions of tumor and stromal cells. Furthermore, a mixed 
ecotype, CC4, contained both tumor cells and CAFs (Fig. 2b,d).

An area exhibiting CC2 and CC3 spatial ecotypes in a normal 
pancreas sample was re-examined and verified as a pancreatic intra­
epithelial neoplasia lesion, potentially explaining its transcriptomic 
resemblance to PDAC (Supplementary Figs, la- d)**. Conversely, it is 
possible that our dataset was too deficient in adequate pancreatic 
intraepithelial neoplasia lesions to gene race discrete spatial ecotypes. 
Additionally, an area resembling a normal lymph node (CC9) within 

a primary tumor was confirmed as an attached normal lymph node 
upon reassessment by a pa thologist (O.5.).

Overall, comprehensive spatial mapping revealed substantial TME 
heterogeneity in PDAC stemming from the variable composition of 
malignant, stromal and immune ceil populations in each distinct spatial 
location (ecotype), laying the groundwork for comparative analyses.

Structural variations in pancreatic cancer ecosystems
To identify differences in spatial ecotypes during PDAC progression, 
we compared samples from distinct histomorphological regions at 
molecular and compositional levels. We observed distinct enrich­
ment patter ns across Five of seven tumor-associated spatia 1 ecotypes 
between primary PDAC and its metastatic sites (Fig. 3a-d, Extended 
Data Fig. 3a-cand Supplementary Data 2). Primary pancreatic tumors 
were dom inated by desmoplastic a nd hypoxic fibrotic niches (CCl and 
CCS) enriched with abundant extracellular matrix deposition and a 
dense stroma! compartment populated predominantly by myCAFs, 
perivascular-like fibroblasts and immunosuppressive immune cells, 
notably regulatory T cells (T,jj cells) and TAMs (Fig, 3b, Extended 
Data Fig. 3d, Supplementary Data 2and Supplementary Figs. 2 and 
3). These observations corroborate previous find ings of an "activated 
stroma" subtype in PDAC enriched for myCAFs, M2-like macrophages 
and he J cells as well as the well-established immunosuppressive and 
desmoplastic nature of the primary PDAC TME*®-**. Concordantly. gene
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enrichment analysis revealed upregulation of EMI-related signature, 
angiogenesisand coagulation cellular adaptations to the hypoxic stress 
prevalent in these ecotypes (Fig. 3b d. Supplementary Data 2 and 
Supplementary Figs. 2-4)“’'“. Within these primary tumor-enriched 
ecotypes (Cd, CCS), we noted enrichment of CD4* helper! cells, CDS' 
cytotoxic T cells, Tn2 cell enrichment and upregulation ofcheckpoint 
inhibition compared toCC2and CC3ecotypes (seebelow), consist­
ent with the literature (Fig. 3d and Supplementary Fig, 3)’ '^. Notably, 
both hypoxia and EMThave been implicated in modulating thelME 
through the recruitment of immunosuppressive cell types, including 
T,5g cells and TAMs'''’. Similarly, there is some evidence chat hypoxia 
can induce coagulation in theTME,increasing interstitial fluid pres­
sure a nd reducingtu mor vessel 1 u men, which may further exacerbate 
hypoxia’“•’'. Conversely, the metastasis-enriched ecotypes (CC2 and 
CC3) exhibited a distinct phenotype characterized by a lower desmo­
plastic stroma with reduced CAE infiltration and a more proliferative 
phenotype, as indicated by the activation of proliferative pathways 
including E2F, MYCand G2M checkpoint pathways (Fig. 3 b -d. Extended 
Data Fig. 3d,Supplementary Fig.4 and Supplementary Data 3)“’’^. 
Notably, these ecotypes mirrored the metabolicaiiy active subtype 
recently identified in primary PDAC tumors with low desmoplasia, 
exhibiting high glycolytic activity’’. Additionally, metastasis-enriched 
ecotypes display oncogenic activation of TP53, the inflammatory 
responseandtheP[3K AKT mlOR pathway. The P13K-AKTsignaling 
may synergize with At FC to drive glycolysis, fueling the biosynthetic 
demandsof highly proliferative metastatic cells (Fig. 3d, Extended Data

Fig, 3d, Suppiemen tary Fig. 4 and Suppiemen tary Da ta 3>'^’"’’. Metabo lie 
reprogramming is known to induce immu nosuppression‘“'. The CC4 
ecotype, with mixed immune, stromal and tumor cell enrichment, 
was shared across anatomical locations. Collectively, these findings 
highlight the complex, context-dependent interactions between the 
tumor, stromal and immune compartments chat shape distinct spatial 
ecotypes within the PDAC ecosystem, from the primary tumorto meta­
static sites.

Despite engagi ng in critica 1 roles with! n PDAC spatial biology, our 
analyses revealed marked interpatient heterogeneities among these 
ecotypes, evident both within individual patient samplesand between 
matched primary and metastatic lesions (Fig, 2d and Extended Data 
Fig. 3a). These findings clarify the complex and variable ecological 
topography underlying the marked heterogeneity oFPDAC.

Metabolic rewiring and vulnerabilities in pancreatic cancer
Following the identification of metabolic heterogeneity across spatial 
ecotypes, especially in primary and metastatic enriched ecosystems, 
we systematically investigated metabolic flux through single-cell 
flux estimation analysis (Fig. 4a-c, Extended Data Figs, 4a,b and 5a 
and Supplementary Table 5)“'’. Single-cell flux estimation analysis 
uses a graph neural- network-based model to approximate the meta­
bolic flux rate in each spatial spot using ST data (Fig, 4a), The primary 
tumor enriched ecotype (CCD demonstrated reduced glycolysis and 
pentose flux, along with increased dependence on glutamine and 
disrupted nucleotide synthesis (Fig. 4b,c and Extended Data Fig.4a)“.
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By contra st, CC 5 (another primary tn mor-enriched ecotype) exhibited a 
distinct decrease in tricarboxylic acid cycle activity, indicating impaired 
mitochondria! function even though glycolytic flow remained intact 
(Fig. 4b,e and Extended Data Fig, 4b)'’'. CC5 demonstrates impaired 
glycoproteinassembly, probably impairing its secretion and signaling. 
Additionally, it decreases fatty acid synthesis because of its decreased 
acetyl-CoA carboxylase activity. By contrast, the metastatic enriched 
spatial ecotype (CC.3) exhibited increa.sed glyco lytic activity and pen­
tose flux as wel 1 as increased amino acid and glycan synthesis (Fig. 4b,c 
and Extended Data Fig. 5a)"". This eventually enabled enhanced nutri­
ent incorporation into the biomass. Although both CC4and CCS spatial 
ecotypes showed altered metabolism, CC4 displayed broad central 
carbon restrictions, whereas CCS showed more targeted biosynthe­
sis limitations (Fig, 4b,c). CC4 displayed attenuated flux through key 
meta bo 1 ic pathways, such as glycolysis a nd the tricarboxylic acid cycle, 
indicating impaired central carbon metabolism. Moreover, the pres­
ence ofamino acid catabolic enzymes, such as proline dehydroge­
nase, coupled with dysregulated pyrimidine synthesis suggests altered 
nitrogen balance. In summary, these results clearly depict spatially 

dependent metabolic heterogeneity in the TME of PDAC. Developing 
therapeutic strategies based onceUularcompositional spatia 1 ecotypes 
across anatomical locations could selectively target metabolic defects 
that promote PDAC progression and survival.

ST of immune landscapes at tumor border
Examination of PDAC samples across primary and metastatic sam­
ples revealed a marked increase in immune cell infiltration compared 
to that in normal pancreatic samples (Figs. 2d,e and 5a-f, Extended 
Data Fig. 6a,b and Supplementary Fig.5). Specifically, the immuno­
genic CC7 ecotype, enriched in metastatic lesions, was observed at 
the boondary zone between the tumor mass and the adjacent norma 1 
tissue, aligning with the invasive tumor front (Fig. 5a,b and Extended 
Data Fig. 6a). Upon further evaluation by a gastrointestinal patholo­
gist (0,5.), areas ofdense immune cell infiltration exhibited a bluish 
hue on H&E staining, and high-magnification (=<400) analysis revealed 
extracellular matrix deposition containing prominent fibroblasts, 
inflammatory cells and cancer celts (Fig. 5b,c). These pathological find 
ings are known to represent the host immune response to tumor cells
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Spatial tumor microenvironment heterogeneity
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Fig. 61 Atlas of pancrea tic adcnocarcinoma and metastasis. Schematic 
representation of spatial tumor microenvironment heterogeneity across various 
stages of pancreatic cancer. Primary tn mot-enriched ecotypes are characterized 
by highly desmoplastic spatial ecotypes with abundant CAFs. extensi ve ECM

and hypoxic regions. Metastasis-enriched ecotypes are distinguished by high 
enrichment of malignant cells with high proliferative behavior evidenced by 
enrichment of E2F targets a nd MYC ampiification. ECM. extracelluiar matrix. 
Created using Bio Render.

(invasive border)" The invasive (CC7 ecotype) turner border exhibited 
endothelial activation, EMT, angiogenesis and notably high levels of 
myCAFand inflammatory CAFs, Mi-like and M2-like macrophagesand 
enrichment of T,5g cel Is, CDS* cytotoxic T cells,T„l,TH2and natural killer 
ceils, indicating a dynamic interaction between protumorigenic and 
anti-tumor factors, consistent with previous data (Figs, 3b and 5c,d and 
Supplementary Fig. 5)“. Immunohistochemistry confirmed the pres­
ence ofCD4*T cells, CDS*T cellsand macrophages, especially M2-iike, 
at the invasive front (Fig, 5d and Supplementary Fig, 5). To explore the 
interconnectedness ofthe TME in CC7, we carried out co-occurrence 
analysis and noted complex interconnectedness of tumors, st romal and 
immune cells (Fig. 5e and Extended Data Fig. 6b}. More i mportantly, we 
noted cooccurrences of hoth protumor and anti tumor cel 1 types. For 
instance, we noted that IL IES monocytes, ECM* TAMs and C1Q* TAMs 
depicted strong co-occurrences. Additionally, we noted the intercon­
nectedness of distinctT cell subsets, such as CDS* T cells, T.^^ cel Is a nd 
other subsets ofT cells in their neighborhood. This suggests a complex 
inter play of tumor-promoting factors 1i keTAMs and tumor-suppressing 
factors like effector T cells in the CC7 ecotype (Fig, 5f).

A distinct secondary ecotype (CCS) formed an abnormal transi­
tional zone, specifically separating CC7from healthy liver tissue (CC6) 
(Fig. 2d,e). This spatial ecotype was unique to the liver and was com­
posed of fibroblasts, tumor cells, hepatocytes and imm une celts, it had 
similarities with both CC6 and invasive CC7, suggesting a continuum 
between normal liver parenchyma, the CCS zone and CC7, In addition, 
we found pro-tumor signatures that were surprisingly present even in 
adjacent normal lymph node regions (CC9) and the liver(CC6). These 

i nclu de Tjp.^ cell Erafficking a nd myeloid cell i mmu nosuppression, al ign - 
ing with recent evidence that metastatic cells rewire normal lymph 
node immune cel Is and comple ment the un ique im munosuppressi ve 
hepatic architecture enabling tumor immune tolerance®’™.

Discussion
In this study, we integrated spatially resolved transcriptomicsand 
ecotype analyses to map the PDAC tumor immune microenvironment 
across anatomical regions. Analyzing a unique cohort of matched 
primary and metastatic PDAC samples, we uncovered valuable insights 
that appreciably advanee ou r u nderstanding of PDAC biology. Our find­
ings reveal a complex continuum of metabolic, stromal and immune 
spatial ecotypes that vary across PDAC anatomical regions, demon­
strating a level of TME heterogeneity that extends beyond previous 
single-cell studies. This work provides an important spatial perspective 
on ecotype changes from primary to metastatic sites in PDAC, offeri ng 
an enhanced framework for understanding disease progression. By 
capturing crucial spatial relationships within tumors, our approach 
provides additional insights into PDAC complexity, potentially inform­
ing future therapeutic strategies.

Notably, we identified differential enrichment patterns ofspatial 
ecotypes between primary and metastatic sites in matched samples. 
By integrating our Si-derived insights with prior PDAC scRNA-seq 
st udies a nd independent targeted functional studies, as cited through­
out the Results, we identify candidate mechanisms for how diverse 
cellular states and pathway alterations shape the primary and meta 
static environments. Notably, although previousscRNA-seq studies 
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defined distinct loose (low desmoplasia) and dense (high desmoplasia) 
PDACsubtypes, our ST analysis revealed that features of both subtypes 
can coexist within the same patient'’'*. The coexistence of multiple 
ecotypes within individual patients suggests a more nuanced perspec­
tive than the mutually exclusive subtypes derived from scRNA-seq 
studies, underscoring the complexity and heterogeneity of the TIVIE 
that can only be appreciated through spatial analysis.

The primary tumor-enriched ecotypes (for example, CCl, CCS) 
were characterized by desmoplastic, hypoxic, EMT-related gene sig­
natures and immunosuppressive features reminiscent of the docu­
mented primary desmoplastic PDAC subtype'’ (Fig. 6). However, our 
spatia 1 mapping revealed add itiona 1 heterogencity with in th is subtype. 
By contrast, the metastasis-enriched ecotypes (CC2, CC3) exhibited 
diminished desmoplasia, reduced CAP infiltration and an intensi­
fied proliferative phenotype coupled with metabolic reprogramming 
toward oxidative phosphorylation, glycolytic flux and biosynthetic 
pathways'*'"'’.This metabolic shift probablyexacerbatesimmunosup- 
pression, undermining anti -tumor immu nity and promoting met astatic 
cell survival, as corroborated by the low CDS' T cell and natural killer 
cell enrichment'’"'’' ''^ ”.Significantly, the loose subtype was predicted 
to have metastatic potential using primary tumors, and our ST study 
confirmed their enrichment in metastasis, providing direct evidence 
that may have important therapeutic and prognostic implications'’. 
Our study validates and expands upon this prediction from primary 
tumor analysis, demonstrating the power of ST in elucidating meta­
static biology and underscoring the critical need to include matched 
metastatic samples to fully understand the progression and hetero- 
geneityofPDAC.

importantly, theCC7ecotypeat the invasive tumor border con tai ns 
diverse cell types expressing a range of immune-related targeta­
ble genes, including pro-tumorigenic components such as M2-like 
macrophages and T„.|, cells as well as anti-tumorigenic elements like 
CDS* cytotoxic T cells and Mi-like macrophages. This finding, which 
cannot be fully captured through scRNA-seq alone, highlights the CC7 
ecotype as a potential target for immunotherapeutic intervention.

Our findings elucidate context-dependent therapeutic vulner­
abilities with in the diverse fi broinflammatory, metabolic and immune 
ecotypes a menable to targe ted in ter ven tion straregies. The observed 
interpatient heterogeneity underscores an unmet need for precision 
medicine approaches, mappingindividual tumor ecosystems to tailor 
therapeutic regimens, potentially achieving more durable responses.

While expanding our understanding of PDACbiology, this studyhas 
certain limitat ions. The 55 pm spatial resolution may not fully capture cel­
lular interaction complexities,although integrating single-cell datasets 
and advanced machine-learning algorich ms partly mitigated this limita­
tion. Although this represents one of the la rgest ST studies comparing 
primary and metastatic PDAC, the enrichment trends of certain spatial 
ecotypes in either primary or metastatic samples did not reach statistical 
significance. This can be attributed to the inherent sample-to-sample 
variation and limited samp Ie size sin the study. Outwork focused on the 
biology of liver and lymph node metastasis: excluding lung and perito­
neal metastases limits the generalizability across all PDAC metastatic 
sites. We also acknowledge that the normal pancreatic tissues, although 
histologically normal, were obtained near the PDAC region, which 
can potentially influence gene expression patterns. Furthermore, our 
metabolic flux analyses are predictions that will need functional vali­
dation and lack single-cell resolution to pinpoint specific cell types 
driving the observed metabolic phenotypes within each ecotype.

Overall, our integrated spatial atlas providesa valuable framework 
for understanding PDAC heterogeneity, revealing distinctive disease 
features across the progression continuum. Our findings, corroborated 
by past literature, may provide important con text for future molecular 
studies. Future studies dissecting the functional roles and distinct 
spatial ecotypes at single-cell resolution are warranted to develop 
effective combination strategies targeting diverse tumor ecosyste ms.

Onlinecontent
Any methods, additional references. Nature Portfolio reporting sum­
maries, source data, extended data, supplementary information, 
acknowledgements, peer review in format ion; detai Is of author contri­
butions and competing interests: and statements of data and code avail­
ability a re a vail able at https://doi.org/10.I038/s4I588-024-01914-4.
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Methods
Ethics
We identified a retrospective cohort of PDAC patients who underwent 
surgical resection of primary tumor, adjacent lymph nodes and liver 
metastasis. Many of these patients presented with bleeding or obstruc­
tion that war ranted surgical resection. The study was approved by the 
Indiana University institutional Review Board (no. 18266) committee. 
The study adhered to the code of conduct for the responsible use of 
human tissue, meeting all criteria. Informed consent was waived by the 
Institutional Review Board,

Histomorphologica1 annotation
Each sample was annotated by a board-certified gastrointestinal 
pathologist (O.S.) to ensure a thorough examination. Each region was 
annotated as a normal region, tumor region or stromal region within 
each sample.

ST analysis
Visium spatial tissue optimization protocol. Visium spatial gene 
expression data for formalin-fixed, paraffin-embedded tissue were 
obtained following protocols CG000408, CC000409 and CG000407 
provided by lOx Genomics for tissue preparation and fibrary 
construction” ’*. The tissues were then deparaffinized, stained and 
decrosslinked. Next, version 1 human whole transcriptome probe 
panels were added to the deparaffinized, stained and decrosslinked 
tissues. After hybridization, the probes were ligated, and the liga­
tion products were released from the tissue upon RNase treatment 
and permeabilization. The ligated probe products were captured by 
spatially barcoded oligonucleotides, and the probes were extended, 
Librarieswere genera ted from the ex tended probes. The quantity a nd 
qua 1 ityof each result! ng library were assessed with a Qubit and Agilent 
Tapestation”. The final libraries were sequenced on Illumina NovaSeq 
6000 28-bp reads, including spatial barcode and unique molecular 
identifier(lJMI) sequences, and SO-bp probe reads were gene rated®.

Sequence alignment arid data processing
Demultiplexing, sample alignment, UMI and gene count matrix 
generation. Gene expression alignment and quantification were per­
formed using the Space Ran ger so ft ware suite (v.2.0.0)”- First, the reads 
were assigned spatial barcodes through demultiplexing. Then, the 
Space Ranger mkfastq{) function was used to convert the BCL files to 
FASTQformat whilealso filteringoutlow-quality reads. The sequencing 
data were mapped to the human reference genome (GRCh38) using the 
Space Ranger count module, with GENCODE v,32 serving as the gene 
annotation reference (Supplementary Table 6). The output matrix 
included UMI tallies and gene expression tallies for every spatially 
barcoded spot, which represented tissue regions with a diameter of 
S3 pm and a center-to-center spacing of 100 pm.

Quality control and filtering
Spotdean (v.1.0,1) was used to adjust for spot swapping on each 
sample^". Spot swapping adjustment was carried out by applying the 
spotclea n() function to the si ide object, setting the maxi mum number 
ofiterations to ten and the candidate neighborhood radius to 20. This 
returned a decontaminated si ide object with adjusted gene expression 
values and updated metadata containing Spotdean's model parameter 
estimates and pet-spot contamination rate measurements. The level of 
ambient RNAcontamination before adjustment was also assessed using 
thearcScoreO function. The adjusted slide object was then converted 
into a Seurat-compatible spatial object using the convertToSeuratO 
function.

Before performing downstream analysis, spots exhibiting poor 
quality, defined as having fewer than200 identified genesand UMIs, 
were systematically eliminated. Seurat v.4 software was used to per­
form subsequent spot filtering"'. The PercentageFeatu reSet () function 

was used to eliminate artefacts such as mitochondrial, hemoglobin, 
empty droplet barcode, ribosomal, heat shock and dissociation genes®. 
Hence, high-fidelity spots were successfully preserved through a multi­
step cleaning process.

Cell-type deconvolution
scRNA-scq reference datasets. We incorporated multiplescRNA-seq 
datasets from previous publications on PDAC”, PDAC and metastatic 
samples" and normal liver™.The scRNA-seqdata wereanalyzed using 
the Seurat framework. Cells with <300 detected genes and >15% mito­
chondrial read counts were fl 1 tered out using t he PercentageFeature- 
Set() function. Additionally, cells exhibiting ribosomal gene expression, 
estimated through the PercentageFeatureSetO function, were excluded 
from downstream analyses. Potential multiplets wereaddressed using 
DoubletFinder (v.2.0.2), and cells expressing hemoglobin and curated 
dissociation genes were filtered out"^'“. Subsequently, data normali­
zation and scaling were conducted using the NormalizeDataO and 
ScaleData() functions. After filtering low-quality ceils, highly variable 
genes were selected using the FindVariableFeaturesO function with a 
variance-Stabilizing transformation approach. Batch correction was 
implemented using canonical correlation analysis (IntegrateDataO 
function). Dimensionality reduction, achieved through principal com­
ponent analysis (PCA) (RunPCA() function, PC = 30) and f-distributed 
stochastic neighbor embedding (RunTSNEO function) along with 
graph-based clustering (FindNeighbors()/FindClusters() functions 
using the Louvain algorithm at anoptimai resolution) facilitated unbi­
ased identification of transcriptionally distinct subsets. An iterative 
clustering strategy based on known markers was pursued For finer 
resolution. Differential gene expression analysis, using the Seurat 
FindA!!Markers() functions, was extensively leveraged for cell-type 
annotation at fine-grained resolution,guided by published signatures 
and manual gene m arker inspection (Supplementary Data 4)'^-’'-'‘-“

ST ana lysis
The cell-type compositions for each spot were determined using the 
RCTD aigorithm with in the Spacexr computational frame work (v. 2,2.0) 
in R^‘. An RCTD object was constructed from the ST data along with 
the annotated data described above to reference scRNA-seq profiles 
encompassing 15 cell states. RCTD mod el ing was executed in fullmode() 
to infer per-spot fractions of each cellular phenotype, resulting in a 
matrix of abundance weights. These estimates were normalized such 
that the enumerated proportions for every spot were summed to u nity.

Spatial map of cell dependencies in pancreatic cancer
We used the MISTy implementation in mistyR (v.1.9.1) co estimate the 
predictive importance of the abundance of each major cell type in 
explaining the abundance of other cell types’*. Multiview modeling 
with three distinct spatial contexts was performed: an intra-spot 
intrinsic view, measuring Co-localized deconvolution relationships; 
a juxta view, summing immediate neighbor abundances (radius, five 
spots); and a para view, weighting more distant neighbor abundances 
(radius, 15 spots) to capture short-range and long-range interactions. 
MISTy was run on default parameters, and the median standardized 
i mporta nee across samples was aggregated for each view and cel l-cel 1 
pairing as a measure of spatial interdependence.

(dentificaCion of cellular networks (spatial ecotypes) 
in ST data
To identify compositional cluster ecotypes, we applied the ISCHIA 
(Identifying Spatial Co-occurrence in Healthy and InfiAmed tissues; 
v.1,0.0.0) algorithm implemented in R™, The optimal number ofclus­
ters (/;) was determined to be ten, using the elbow method on the 
mean cluster variance piot over a range of / from 2-20 (Composition. 
cluster.kO). PCA was used for dimensionality reduction before in put­
ting Visium data into ISCHIA. The Composition.cluster() function was 
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then a ppi ied to the ten PCA di mensions of the 91,496 gene expression 
spots. This function grouped the spots into ten distinct clusters, each 
representing a unique cellular composition. These clusters, or'spatial 
ecotypes', were identified based on the principle that functionally 
related cell types tend to co-occur in specific spatial patterns within 
theTME. Differentia 1 gene expression analysis between ecotypes was 
conducted using the FindAllMarkersO function.

Func tional enrichment and pathway analysis
Pathway analysis using gene set enrichment analysis (CSEA) was per­
formed on the ecotypes using predefined gene sets to determine the 
enrichment of specific biological pathways within each ecotype, using 
the Kolmogorov-Smirnov test”'. CSEA was implemented using the 
enrichltO function from the e.scapeR package (v.1.12.0) in R“^. GSEA 
was performed on TMEs using transcriptomic-based functional gene 
expression signatures sourced from a previous publication '’onspatial 
ecotypes, using default parameters. We used single-sample CSEA at 
the feature level''. This involved applying single-sample GSEA to the 
expression data of individual spatial featu res, usinggene sets from the 
hallmark collection to generate feature enrichment scores®^. Subse­
quently, Wilcoxon rank sum tests were performed for each CC, and the 
genes were subjected to preranked CSEA against the hallmarkgene sets.

Spatial trajectory inference
We conducted spatial trajectory analysis using stLearn software 
Cv.0.4.8) in Python (v.3.10.5)''*. The analysis involved using the pseudo­
time-space method at the global level th rough the stspaciaLtrajectory. 
pseudotimespace_global() function. Additionally, we applied Eouvain 
c 1 ustering across the spatiai object to reconstruct the spatiai trajectory 
between the ecotypes.

Estimation of spotwise metabolic flux
To estimate spotwise metabolic flux, we used the single-cell flux esti­
mation analysis neural network model on our .spatial transcriptomic 
data®. The ST data underwent imputation, and the model predicted 
flux with observed metabolic imbalances under perturbed conditions. 
The spotwise fl ux esti mates were a veraged to the CCs for the estimates.

Visualization and statistical analysis
For each spatial ecotype, scaled median cell-type compositions were 
determined using a one-sided Wilcoxon rank-sum test, with adjust­
ments for multiple comparisons (adj. P< 0.05) (Fig. 2b). Relative 
abundances were computed by dividing the total number of spots 
per condition by the number of spots per CC (Fig. 3a). All reported 
P val ues from multiple com pa rison tests we re su bjected to correction 
using the Benjamini-Hochberg method. Schematic pathways and 
representations were created using BioRender.

Immunohistochemistry
Tissue samples were fixed in 4% formalin for 24 h at 21-25 “C (room 
temperature) and embedded in paraffin. Immunohistochemistry was 
performed using a Dako Omnisautomated stainer (Agile nt Technolo­
gies). Antigen retrieval was performed at high pH.The Envision FEEX+ 
detection system (Agilent Technologies) was used for all antibodies. 
The following antibodies and protocols were used: anti-CD4 (clone 
4B12, Dako IR082, ready-to-use),anti-CD8(cloneC8/144B, DakoGA623, 
ready-to-use),anti-CD68 (clone KPI, Dako CA609, ready-to-use) and 
anti-CD163 (clone 1006, Leica NCE-L-CD163,1:100). Primary antibody 
incubation times were 30 min for CD4,25 min for CDS and 20 min for 
CD68 and CD163. Mouse Link was applied for 10 min for CD4, CDS 
and CDI63. Horseradish peroxidase was applied for 20 min, followed 
by 3,3'-diaminobenzidine (DAB) for 5 min for all antibodies. All Dako 
antibodies were used at their ready-to-use concentrations. The Leica 
CD163 antibody was diluted 1:100 in Dako antibody diluent (Agilent 
Technologies). Negative controls were performed by omitting the 

primary antibody and replacing it with non-immune serum. Slides 
were counterstained with hematoxylin, dehydrated and mounted with 
a permanent mounting medium.

Visualization, statistics and reproducibility
In data represented as box plots (Fig. 3d, Extended Data Fig. 3e and 
Supplementary Figs. 2,3 and 4), the middle line corresponds to the 
median, the lower and upper hinges describe the first and third quar­
tiles, the upper whisker extends from the hinge to the largest value 
no further than 1.5x the inter-quartile range from the hinge and the 
lower whisker extends from the hinge to the smallest value, at most 
l,5x the inter-quart! Ie range of the hinge. Data beyond the end of the 
whiskers are outlying points that are plotted individually. Statisti­
cal significance was determined using two-sided unpaired f-tests for 
multiple comparisons./’ valuesafe indicated by asterisks (ns,/’> 0,05: 
'PsO.OS; ‘*P< 0.01; *"P< 0.001; ***‘P<0.0001). Comparisons were 
made between CCland CC2, CCl and CC3, CC1 and CCS, CC2 and CC3, 
CC2and CCS, and CC3 and CCS. The H&E micrographs (Figs, lb, 2f and 
Sa; Extended Data Figs, lb, 3c and 6a; and Supplementary Figs. la,b 
and 5) and immunohistochemistry images (Fig, Sd and Supplemen­
tary Fig. 5) are representative ofexperiments performed on matched 
primary and metastatic PDAC samples from a cohort of 13 individual 
patients. ST experiments (Figs. le-e,2b-e and 3b-d) were performed 
on samples from these 13 individual patients. Thexaxis in relevant 
figures represents CCs, wh He they axis represents cell-type proportions 
or other relevant measures as indicated in individual figure legends. 
Several Figures contain panels created using BioRender. Overall, no 
statistical method was used to predetermine sample size. No data were 
excluded from the analyses. The experiments were not randomized. 
The investigators were not blinded to allocation during experiments 
and outcome assessment.

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

Data availability
The data related to the ST and scRNA-seq analyses, including quality 
control, merging, doublet removal, cell annotation and downstream 
analysis, are available at https://zenodo,org/recordsA0712047 (ref.89). 
The ST data generated for the study have been deposited in the Gene 
Expression Omnibus (GEO) with accession number GSE272362. 
All other essential data supporting the pivotal findings of this study 
are provided within the article and its Supplementary Information.

Codeavailability
Standard and default parameters were used for all tools used in this 
study. All codes have been deposited in CitHub. The data, codes, quality 
control metrics, results of analysis and gastrointestinal pathology 
annotations by a board-certified gastrointestinal pathologist (0,S.) 
relevant to the content of this manuscript can be accessed through 
the Git Hub repository of scRNA-seq data and spatial data at https:// 
gith ub.com/Masood- Lab/PDAC_Mets,
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visualization, statistics and reproducibility, see Methods. PT= Primary tumor: 
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Extended Data Fig» 4 j Flux Perturbation Analysis in Spatial Ecotypes* a* b. Schematic representation of flux perturbations in CCl and CCS ecotype. The color of the 
flux indicates the relative flux level (Z score) and the width of the flux indicates the exact level of the flux.
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