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Julian Frä drich, Carmen Mota Reyes,

Michel Hendel, ..., Dieter Saur,

Ihsan Ekin Demir, Achim Krü ger
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SUMMARY

The immunosuppressive tumor microenvironment (TME) fosters cancer progression, yet overarching 
determinants of cancer-borne immunoinstruction remain ill-defined. By multimodal integration of sin-

gle-nucleus and bulk transcriptomics, proteomics, functional approaches, and clinical parameters, we 
discover a cancer-immunoinstructive secretory signature (CISS) across multiple human cancers—a 
set of inflammatory proteins correlated with poor prognosis and pro-tumorigenic TMEs. In pancreatic 
cancer (PC), CISS arises in pre-malignant epithelium, intensifies along transformation toward most 
malignant basal-like PC, and particularly correlates with suppressed natural killer (NK) cell activity. The 
CISS is quantitatively dominated by tissue inhibitor of metalloproteinases (TIMP)-1, most prevalent in 
TIMP-1 hi /CISS hi basal-like PC, and causal for PC-cell-mediated NK cell suppression, reflected by im-

paired cytotoxicity, interleukin-2 (IL-2) responses, and mammalian target of rapamycin (mTOR) signaling. 
In pre-clinical PC, TIMP-1/CISS proves targetable through combined inhibition of upstream kinases 
with clinically approved drugs trametinib and nintedanib. Collectively, CISS represents a ubiquitous sig-

nature of pro-tumor immunoinstruction with actionable diagnostic and therapeutic potential across hu-

man cancers.
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INTRODUCTION

In cancer, an immunosuppressive tumor microenvironment 

(TME) is central to malignant progression. 1–3 Cancer cells can 

profoundly reprogram tumor-infiltrating immune cells, such as 

cytotoxic CD8 + T cells and natural killer (NK) cells, enabling eva-

sion of tumor immune control, 4 a well-known hallmark of can-

cer. 5 Immunosuppression within the TME can occur through jux-

tacrine immune checkpoints via cell-cell contact or through 

paracrine signaling involving secreted factors, such as cyto-

kines. 6,7 Despite the clinical success of immune checkpoint-

blockade (ICB) in some cancers, 8 many of the deadliest malig-

nancies, such as pancreatic cancer (PC), are markedly resistant 

to current, mostly T-cell-centered, immunotherapies. 8,9 There-

fore, as recently emphasized by D. Hanahan et al., it is crucial 

to unravel immunoregulatory drivers of paracrine TME reprog-

ramming, 7 trace their emergence during cancer progression, 

and determine how their expression correlates with adverse clin-

ical outcomes and defines actionable therapeutic targets.

A cancer exemplifying this unmet clinical need is pancreatic 

ductal adenocarcinoma (PDAC), the most common form of 

PC 10 and a leading cause of cancer-related deaths. 11 The pro-

found immunosuppression in PDAC 2,12–14 originates at early 

neoplastic transformation, 15 comprising acinar-to-ductal meta-

plasia (ADM) and pancreatic intraepithelial neoplasia (PanIN), 16 

a precursor of invasive cancer. Despite its almost universal 

lethality, 17 emerging evidence highlight that PDAC progression 

and mortality gradually depend on inter- and intratumoral 

heterogeneity. 14 This includes heterogeneous PDAC cells, 18–20 

broadly classified into two subtypes: classical epithelial-like 

PDAC cells retaining pancreatic lineage gene expression and 

basal-like PDAC cells that lose epithelial identity, adopt mesen-

chymal traits, and display marked aggressiveness and therapy 

resistance. 14,19,21 While recent studies have advanced our 

understanding of the cellular and molecular landscape in 

PDAC 22–24 and clarified the genomic basis of its heterogene-

ity, 25 accumulating evidence point to non-genomic, environ-

mental cues, such as inflammation, as critical for transformation 

and malignant progression. 26–28 However, how these cues 

shape immunosuppressive factors arising during PDAC pro-

gression, how these factors depend on cancer heterogeneity, 

and whether they represent therapeutic targets remain poorly 

understood.

To address this gap, we implemented a multimodal strategy 

across human and murine pancreata, integrating multiomic 

profiling with functional approaches and clinical analyses. We 

discovered a cancer-immunoinstructive secretory signature 

(CISS) that emerged upon epithelial inflammation, intensified 

along transformation toward most malignant basal-like cancer, 

and correlated with immunosuppressive TMEs across human 

cancers, particularly marked by NK cell suppression. We eluci-

date TIMP-1 as the dominant CISS factor, functionally causal 

for PDAC-cell-mediated suppression of NK cell cytotoxicity, in-

terleukin (IL)-2 responses, and mechanistic target of rapamycin 

(mTOR) signaling. Toward clinical translation, we show that 

TIMP-1 and CISS are targetable in PDAC through combined in-

hibition of upstream kinases with the clinically approved drugs 

trametinib and nintedanib in vivo. Our findings contribute to

understanding immunosuppression as an early and evolving 

capacity of epithelial cells during cancer progression and estab-

lish a mechanistically defined, therapeutically actionable axis of 

pro-tumor immunosuppression with implications across human 

cancers.

RESULTS

Inflammation drives a cancer-progression-related 

secretory profile in the pancreatic epithelium

Given that pancreatic inflammation is crucial for PDAC initiation 

and progression, 26,27,29 we first investigated whether inflamma-

tion-induced transcriptional profiles in pancreatic epithelial cells 

are recapitulated upon PDAC development (Figures 1A–1F). 

Mining of RNA sequencing (RNA-seq) data 26,27 of epithelial cells 

isolated from pancreatitis- or PDAC-afflicted mice and respec-

tive controls identified 432 significantly and persistently upregu-

lated genes, conserved across disease conditions (Figure 1A). 

Gene set enrichment analysis (GSEA) revealed that this tran-

scriptional pattern mostly reflected processes such as wound 

healing, cellular development and differentiation, and tissue re-

modeling (Figure 1B; Table S1). Considering the importance of 

secreted factors in orchestrating such processes, we next fo-

cused on genes encoding secreted proteins within this profile. 

We identified 36 consistently upregulated secreted factors 

(Figure 1A)—including extracellular matrix modulators (e.g., fi-

bronectin, fibulin-2, and versican), inflammation-associated 

chemokines and cytokines (e.g., CXCL16, transforming growth 

factor β1 [TGF-β1], and tissue inhibitor of metalloproteinase 1 

[TIMP-1]), and stress-response mediators (e.g., Annexin2, and 

HSP90B) (Figures 1C–1F).

Addressing these changes during malignant evolution in 

PDAC, we then performed bulk RNA-seq on tumors (n = 24) 

from genetically engineered PDAC-bearing KPC (Pdx-1 +/Cre ; 

Kras +/LSL− G12D ; Trp53 +/LSL− R172H ) mice, 30 including early to ad-

vanced (grades 2, 3, and 4) PDAC, and healthy controls (n = 

11) (Figure 1G; Table S2). This showed modest induction of the 

36-factor pattern in early tumorigenesis and prominent, progres-

sion-dependent elevation in high-grade tumors (Figures 1H and 

1I). Collectively, these analyses identified an epithelial secretory 

profile that stems from pancreatic inflammation and closely 

aligns with malignant PDAC progression.

A secretory signature in human cancers correlates with 

pro-tumor immune regulation and poor patient survival 

Translating this mouse-model-derived profile to patients, we an-

alyzed RNA-seq data from The Cancer Genome Atlas (TCGA) PC 

cohort (TCGA-PAAD, n = 178) and independently validated its 

protein levels (Cao Cohort, 31 n = 140). Among the 36 factors, 

we identified a subcluster of 19 distinctively co-expressed pro-

teins in both cohorts (Figures 2A, 2B, S1A, and S1B), also corre-

lating markedly stronger with PDAC progression in mice than the 

remaining factors (Figure S1C). Protein levels of all 19 factors 

were robustly enriched in patient tumor tissues compared to tu-

mor-adjacent areas or normal control pancreata (Figure 2C). Im-

portantly, elevation of this 19-factor signature correlated signifi-

cantly with poor patient survival (Figure 2D), suggesting a central 

disease-promoting role. In support, GSEA and CIBERSORTx
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(A) Venn diagram of differentially expressed genes (disease condition vs. healthy controls), commonly upregulated genes, and commonly upregulated secreted 

factors in pancreatic epithelial cells from pancreatitis- or PDAC-bearing mice. 26,27

(legend continued on next page)
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analysis revealed that patients with high signature expression 

showed transcriptional profiles associated with immune cell reg-

ulation, tissue environment remodeling (Figure 2E), and a high 

myeloid-to-lymphoid ratio (Figure 2F), all of which are central 

for the pro-tumor TME in highly aggressive PC. 2,12–14

Toward generalizing this pattern across human cancers, we 

examined various entities from the TCGA cohorts, including 10 

epithelial (e.g., colorectal, kidney, and breast) and 2 non-epi-

thelial cancers (glioblastoma and melanoma) (Figure 2G). 

Across entities, the 19 factors correlated robustly and showed 

immune cell patterns similar to those in PC (Figures 2H, S1D, 

and S2), most significantly reflected by suppressed NK cell ac-

tivity (Figures 2I and S1D), essential for cancer immune surveil-

lance, 3,32,33 and increase in potentially pro-tumor myeloid 

cells, such as M2-like macrophages 34 and neutrophils 35 

(Figures 2I and S1D). Importantly, elevated signature expres-

sion was associated with poor patient survival across entities, 

with particularly high and significant correlations in pancreatic, 

colorectal, kidney, and brain cancer (Figure 2J). Collectively, 

the secretory pattern was consistently linked to pro-tumor im-

munoinstruction and poor patient survival across cohorts. 

Thus, we designated this 19-factor profile as a CISS in human 

cancers.

snRNA-seq identifies epithelial-subtype-specific CISS 

upregulation toward TIMP-1 hi basal-like cancer PDAC 

To further dissect the CISS during PDAC progression, we per-

formed single-nucleus RNA-seq (snRNA-seq) on primary tumor 

samples from 17 treatment-naı̈ve PDAC patients (TUM Cohort) 

(Figure 3A; Table S3). We recovered 183,666 high-quality nuclei, 

which clustered into nine major cell types: non-malignant and 

malignant epithelial cells, myeloid and lymphoid immune cells, 

endocrine cells, endothelial cells, cancer-associated fibroblasts, 

vascular smooth muscle cells, and pericytes (Figures 3A and 3B). 

These major cell types were well distributed across samples 

(Figure S3A) and comprised multiple subsets, including diverse 

stromal and immune cell populations (Figures 3C and S3B– 

S3F), consistent with previous single-cell reports in human 

PDAC. 22–24

The largest cell-type cluster encompassed 90,343 nuclei 

from the epithelial compartment, including heterogeneous 

non-malignant epithelial subsets (Figures 3D and 3E). These 

ranged from acinar to metaplastic CRP hi /ONECUT2 hi ductal 

cells (Ductal_c2) 24,36 —putatively a major source of malig-

nancy in PDAC 24,37 —and PanIN-like cells. 24 We further re-

trieved transitional ADM clusters sharing acinar and ductal 

gene expression (Figure 3E), which highlighted ongoing epi-

thelial plasticity within pancreatic tumors, as supported by 

RNA velocity analysis (Figure 3F). To dissect cancer cell sub-

types, we confirmed malignant status by copy-number varia-

tions (Figure S3G) and grouped 13 unsupervised Louvain clus-

ters into six distinct cancer cell clusters based on inferred cell 

state progression, residual pancreatic lineage genes, increas-

ing cancer markers (KRT7, KRT19, MUC1, and S100A6), and 

cell-subtype-specific genes (Figures 3D–3G). 24,25,38 These 

clusters ranged from classical cancer (cancer clusters 1 and 

2) to most progressed basal-like cancer cells (cancer clusters 

3, 4, 5, and 6) (Figure 3D).

Within the heterogeneous epithelium, CISS was robustly up-

regulated across the entire progression spectrum and most 

prominently enriched in basal-like PDAC cells (Figures 3H and 

S3H). Moreover, we observed cluster-specific distribution of 

the 19 CISS factors, with distinct prevalences across epithelial 

subtypes (Figures 3I and S3H). While some factors, such as 

SPP1, were strongly linked to pre-malignant epithelial transi-

tions (e.g., ADM and Ductal_c2), most were enriched in neo-

plastic and malignant epithelium. Within these, we found 

factors universally and subtype-independently elevated in can-

cer (e.g., VCAN), factors more abundant in classical cancer 

(e.g., TGFB1, BMP1, and PLAT), and those predominantly ex-

pressed in basal-like cancer (e.g., TIMP1 and IGFBP4). 

Among these, the immunoregulatory cytokine TIMP-1 39 

stood out by strongest upregulation relative to acinar cells, sig-

nificantly increased prevalence upon malignant transformation, 

and particularly high levels in most progressed basal-like Can-

cer_c5 and Cancer_c6 (hereafter referred to as TIMP-1 hi basal-

like cancer cells) (Figures 3I–3K). Importantly, this progressive 

rise in TIMP1 expression toward basal-like cancer was consis-

tent across all patients (Figure 3L), identifying TIMP-1 as a ro-

bust marker of PDAC progression and most prevalent CISS 

factor.

CISS-prevalent TIMP-1 is causal for PDAC-cell-induced 

NK cell suppression

To establish a functional link between CISS upregulation and 

immunosuppression in the TME, we performed principal-com-

ponent analysis (PCA) to integrate epithelial and immune cell 

composition with CISS and TIMP1 expression across tumor 

samples (Figures 4A–4C). While most variance (PC1: 38.54%) 

reflected general differences in epithelial and immune composi-

tion, indicating variable immune infiltration across tumors 

(Figures 4A and 4B), basal-like PDAC positioned significantly 

closer to immune cells in the PCA and was clearly distinct 

from classical cancer (Figures 4A–4C). This suggested sub-

type-dependent interactions between epithelial and immune 

cells, supported by co-positioning of epithelial CISS and 

TIMP1 between both compartments (Figure 4A). In fact, epithe-

lial TIMP1 significantly correlated with intratumoral NK cell pres-

ence (Figure 4B), indicating cancer-NK cell interactions linked to 

epithelial TIMP1 upregulation (Figures 4A–4C). Supporting this

(B) GSEA of biological processes positively correlated with the 432 commonly upregulated genes across conditions. Genes were ranked by fold-changes 

(disease vs. control). Reference gene set: GO: Biological Processes. Positively (nom. p < 0.05) enriched gene sets were categorized (see Table S1).

(C–F) Volcano plots of the 36 commonly upregulated secreted factors (A) per condition.

(G) Workflow for tissue collection, tumor grading, and bulk RNA-seq of murine KPC PDAC tumors (early PDAC [n = 8], grade 2 [n = 3], grade 3 [n = 9], grade 4 [n = 

4]) and controls (n = 11).

(H and I) Normalized gene expression of the 36 secreted factors (A, C–F) across conditions (G). Statistics in (I) by one-way ANOVA for matched data (genes [H]) 

and Dunnett test. Data presented as individual points (C–F) or as violin plots (I). (G) Created with BioRender.com.
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notion in TCGA-PAAD bulk RNA-seq data (Figure 4D), TIMP1-

correlated gene expression was most strongly linked to ‘‘immu-

noregulatory interactions between lymphoid and non-lymphoid 

cells’’ (Figure 4E), and CIBERSORTx analysis showed most sig-

nificant correlation with NK cell suppression in pancreatic tu-

mors (Figure 4F). This was validated in an independent PC co-

hort 40 also including chronic pancreatitis patients and normal 

pancreas controls (Figures S4A and S4B), implying that even 

in chronic inflammation, which may precede PDAC, 41 TIMP1 

upregulation is linked to suppressed NK cell activity.

To test causality of TIMP-1 for PC-cell-mediated NK cell sup-

pression, we then screened human PC cell line transcriptome 

data 19,42 to identify a model resembling TIMP-1 hi basal-like cancer 

(Figures 3I–3L and 4C). We identified MIA PaCa-2 cells as most 

suitable based on their mesenchymal/basal-like properties, 19,43 

particularly high TIMP1 (Figure S4C) and broad CISS factor ex-

pression (Figure S4D), and NK cell-suppressive activity mediated 

by secreted factors (Figures 4G–4I). We then generated two inde-

pendent TIMP-1 knockout lines and a CRISPR control line from 

wild-type (WT) MIA PaCa-2 cells (Figures 4J, S4E, and S4F). 

RNA-seq of these cell lines and subsequent GSEA (Figures 4J– 

4L) revealed TIMP-1-dependent suppression of immune-de-

fense-related genes, including innate immune responses, cyto-

kine and interferon signaling, and cell killing (Figures 4M and 

S4G). Finally, primary NK cell exposure to PDAC-cell-line-derived 

supernatants, followed by killing assays with K562 targets 

(Figures 4N and S5A), showed that TIMP-1-deficient cells were 

significantly less NK-cell-suppressive (Figure 4O,P). Collectively, 

this demonstrated TIMP-1 as causal for PDAC-cell-mediated 

NK cell suppression, consistent with transcriptional patterns ob-

served in human tumors.

CISS-prevalent TIMP-1 is sufficient to suppress 

cytotoxic capacity in NK cells via CD74 signaling

We next profiled intratumoral NK cells in our cohort and cross-

validated with external human PDAC scRNA-seq data (Steele 

Cohort 22 ) (Figures 5A–5E and S5B–S5E) to elucidate molecular 

mechanisms of TIMP-1-dependent NK cell suppression. In both

cohorts, we identified eight unsupervised NK clusters, consoli-

dating into four major clusters with distinct gene expression 

patterns. This included CD56 dim NK cells (ctx hi ) with high cyto-

toxic effector expression (granzyme B [GZMB] and perforin 

[PRF1]) and other cytotoxic markers (e.g., FCGR3A 44 and 

TBX21 45 ) (Figures 5C–5E and S5B–S5E). Other intratumoral 

NK cells comprised an intermediate EIF3G hi /GZMK hi cluster 

with decreased cytotoxic markers (ctx lo ), 44,46 a cluster with 

high expression of regulatory receptors (KLRC hi ; e.g., TIGIT, 

KLRC1, and KLRC2), and a CD56 bright cluster (high for stem-

like markers TCF7, RUNX2, IL7R, and CCR7) (Figures 5C, 5D, 

and S5B–S5E). RNA velocity analysis revealed that, while 

the KLRC hi cluster was transcriptionally rather unique, the 

CD56 bright , ctx hi , and ctx lo clusters showed interconnected tran-

scriptional dynamics (Figure 5F). This included direct trajecto-

ries from the CD56 bright cluster toward both ctx hi and ctx lo cells, 

as well as trajectories from ctx hi toward ctx lo NK cells, accom-

panied by a gradual decline in cytotoxicity markers and upregu-

lated immune checkpoints (e.g., PD1, CTLA4, and LAG3) 

(Figures 5C–5F).

Exposing NK cells to recombinant human TIMP-1 (rhTIMP-1), 

we observed that rhTIMP-1 was sufficient to dose-dependently 

suppress cytotoxic effectors GZMB and perforin (Figure 5G). 

Importantly, this required pathophysiologically elevated levels 

of TIMP-1, as observed in human PDAC, 47,48 whereas physio-

logical levels 47,48 were not suppressive, as reported previ-

ously. 49 Moreover, it relied on the non-canonical cytokine func-

tion of TIMP-1 rather than its canonical anti-proteolytic 

function, as a rhTIMP-1 variant (rhT2G-TIMP-1) deficient in 

anti-proteolytic activity 50 retained the NK-inhibitory effect 

(Figure S5F), whereas broad-spectrum matrix metalloprotease 

inhibitor batimastat did not (Figure S5G). To pinpoint the in-

volved TIMP-1 receptor, we employed a rhTIMP-1 variant lack-

ing the C-terminal domain (rhN-TIMP-1), signaling exclusively 

through CD74. 51,52 rhN-TIMP-1 retained suppressive activity, 

and CD74 blocking with the monoclonal antibody milatuzumab 

abolished the effect of both rhWT-TIMP-1 and rhN-TIMP-1 

(Figure 5H).

Figure 2. A secretory signature in human cancers correlates with pro-tumor immune regulation and poor patient survival

(A and B) Spearman correlation of the 36 secreted factors on transcriptomic [(A), TCGA-PAAD, n = 178] and proteomic level [(B), Cao Cohort, 31 n = 140] in PDAC 

patient tumors. Hierarchical clustering of coefficients (A) identifies a subset of 19 factors within the 36-gene pattern.

(C) CISS protein levels in normal pancreas (n = 8), tumor-adjacent tissue (n = 67), and PDAC tumors (n = 140) by median-normalized log2 protein levels. Statistics: 

Mann-Whitney tests (with two-stage step-up method by Benjamini, Krieger, and Yekutieli; FDR q = 0.01) between NP vs. TAT and Tumor vs. TAT.

(D) Cancer-specific death of PC patients (TCGA-PAAD) stratified by CISS expression (0–1 by 25% increments; CISS lo = 34; CISS medlo = 113; CISS medhi = 23; 

CISS hi = 8). Cumulative incidences (±95% confidence interval [CI]) compared by Gray’s test, subdistribution hazard ratios (sHR) vs. CISS lo group by Fine-Gray 

regression.

(E) GSEA identified CISS correlating with immune regulation, extracellular matrix (ECM) remodeling, tissue remodeling, and vascular remodeling in TCGA-PAAD 

tumors. DEGs between high (top 25%; n = 45) and low CISS-expressing (bottom 25%; n = 45) tumors by Mann-Whitney tests [corrected for multiple comparisons 

as in (C)]. Reference gene sets: GO:BP and C2:CP. Upregulated gene sets (NES ≥1.75, FDR q ≤ 0.05) visualized by enrichment map. (‘Node’’ sizes indicate no. of 

genes per gene set; ‘‘edges’’ indicate overlapping genes between nodes. BMP, bone morphogenic proteins; ERK, extracellular-signal regulated kinases; GPCR, 

G-protein-coupled receptors; PLC, phospholipase C.

(F) CIBERSORTx-based correlation between CISS and immune cell types. Statistics by Mann-Whitney tests.

(G) Analysis of CISS profile across TCGA cohorts (see Figure S2).

(H) Spearman correlation [as in (A)] of CISS factors showed significant positive correlation across entities. Statistics by Wilcoxon signed-rank test (vs. zero 

baseline).

(I) Volcano plot of correlations between CISS and immune cell types by one-sample t tests (vs. zero baseline; see Figure S1D).

(J) Cancer-specific death of TCGA patients stratified by CISS expression. Survival probabilities by Fine-Gray regression (log10 sHR ±95% CI). Data presented as 

individual points (I) or violin plots (F and H). (G) Created with BioRender.com. (Of note: Designation of the 19 factors as the cancer-immunoinstructive secretory 

signature [CISS] is based on phenotypic and functional analyses in Figures 2E–2I, 3, 4, 5, 6, and 7).
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Prompted by these mechanistic insights, we examined how 

the different NK cell clusters relate to malignant epithelial pro-

gression in our snRNA-seq dataset. Across the six patients 

with matched NK and epithelial cell data, individual cell subtypes 

were uniformly present but varied in frequencies, reflecting 

marked intra- and intertumoral heterogeneity (Figures 5J–5M). 

This included considerable differences in ctx hi NK cells, ranging 

from >50% in PDAC10 and PDAC14 to ∼16% in PDAC1 

(Figure 5J). Intriguingly, presence of ctx hi NK cells was inversely 

correlated with TIMP-1 hi basal-like cancer (Figure 5M), account-

ing for <2% of epithelial cells in PDAC10 and PDAC14 but up to

∼24% in PDAC1 (Figure 5K). Moreover, PCA-based integration 

of cell fractions with cancer cell TIMP1 expression and NK 

cell CD74 expression (Figure 5L) showed a substantial contribu-

tion of cancer cell TIMP1 expression to overall tumor heteroge-

neity, largely driven by the imbalance between TIMP-1 lo classical 

and TIMP-1 int /TIMP-1 hi basal-like cancer (PC1: 42.68%). Con-

sistently, high NK cell CD74 expression and ctx lo NK cells 

were clearly associated with basal-like PDAC, whereas ctx hi 

NK cells clustered with less-progressed TIMP-1 lo classical 

cancer and pre-malignant epithelium (Figure 5L). Strikingly, 

CellChat-based inference of cancer cell-to-NK cell signaling 

activity revealed that, although TIMP-1 lo classical cancer cells 

were the most abundant epithelial cell type (Figures 3L and 

5K), TIMP-1 int and especially TIMP-1 hi basal-like cancer ex-

hibited markedly stronger signaling activity (including TIMP-1/ 

CD74 signaling) toward NK cells (Figure 5N). This was not con-

fined to PDAC1 with a relatively large basal-like population 

(Figure 5K) but consistent across patients (Figure S5H). To-

gether, these findings underscore CD74 signaling as essential 

for TIMP-1-induced suppression of NK cell cytotoxic potential, 

which in turn emerged as a major determinant of heterogeneous 

intratumoral NK cells.

TIMP-1-dependent suppression of NK cell mTOR 

signaling links PDAC immunosuppression to clinical risk 

profiles

Next, we determined signaling pathways associated with NK 

cell cytotoxicity in PDAC by pathway enrichment analyses 

(Figures 6A–6C, S6A, and S6B). In both cohorts, highly cyto-

toxic (ctx hi ) NK_C1 cells (Figures 5B–5F) were robustly en-

riched for several pathways, including allograft rejection, indi-

cating intratumoral cytotoxicity, mTOR signaling, a hallmark of 

NK cell reactivity, 53 and IL-2 signaling, fostering NK cell cyto-

toxicity 54 (Figures 6B and 6C). To test whether PDAC cells di-

rectly inhibit these pathways in a TIMP-1-dependent manner, 

we either co-cultured NK cells with PDAC cell lines or exposed 

them to PDAC-cell-derived supernatants and subsequently as-

sessed cytotoxicity, rhIL-2 responses, and mTOR activity 

(Figures 6D, S6C, and S6D). rhIL-2 strongly promoted NK 

cell killing of K562 targets, which was significantly suppressed 

upon PDAC cell co-culture in a TIMP-1-dependent manner 

(Figure 6E). Moreover, PDAC cell co-culture TIMP-1-depend-

ently suppressed mTOR (p-Ser2448) signaling and its down-

stream target S6 (p-Ser235/236) 55 in NK cells (Figure 6F), 

which was restored by prolonged rhIL-2 exposure only for 

TIMP-1-deficient PDAC cells (Figure 6G). This was independ-

ent of cell-cell contact, as PDAC-cell-derived supernatants 

were sufficient to inhibit IL-2-mediated mTOR activity in NK 

cells (Figure 6H) in a TIMP-1-dependent manner, which was 

also evident for suppressed NK cell cytokine production (inter-

feron gamma [IFN-γ] and tumor necrosis factor alpha [TNF-α]) 

(Figure 6I) and anabolic pathways (cell growth and neutral lipid 

content) (Figures 6J and 6K) downstream of IL-2/mTOR activa-

tion. Consistently, rhTIMP-1 rapidly and dose-dependently re-

duced phospho-mTOR and phospho-S6 levels in NK cells 

(Figures 6L and 6M) while increasing STAT3 phosphorylation 

(p-Tyr705) (Figure S6E), a known downstream target of 

TIMP-1/CD74 signaling 52 also involved in inhibiting NK cell cy-

totoxicity. 56 Taken together, these findings demonstrated that 

PDAC cells depend on TIMP-1 to modulate critical signaling 

pathways in NK cells, ultimately suppressing their cytotoxic 

capacity.

Addressing the clinical impact of the TIMP-1/NK suppres-

sion axis in PC patients (TCGA-PAAD), we determined pa-

tient-specific risk for metastasis-free and general recurrence-

free survival (MFS and RFS) based on TIMP1 expression and 

CIBERSORTx-derived NK cell activity as risk parameters. 

This revealed a highly significant inverse correlation between 

both risk factors, stratifying patients into four distinct risk

Figure 3. snRNA-seq identifies epithelial-subtype-specific CISS upregulation toward TIMP-1 hi basal-like PDAC

(A) UMAP embedding of PDAC patient tumor (n = 17) snRNA-seq and post-hoc cell-type annotation. CAF, cancer-associated fibroblasts; VSMC, vascular 

smooth muscle cells.

(B) Selected marker genes (Z scores) and proportion of positive cells in indicated cell types.

(C) Non-epithelial cell UMAP embeddings and post-hoc cell-type annotation (see Figures S3B–S3F).

(D) Epithelial cell UMAP embeddings and post-hoc cell-type annotation.

(E) Selected marker genes (Z scores) and proportion of positive cells in epithelial subsets.

(F and G) RNA velocity analysis to infer transcriptional dynamics in acinar/ductal cells (F) and cell state progression across neoplastic/malignant cells (G). 

Statistics (G) by Kruskal-Wallis and Dunn’s test compared to PanIN.

(H) CISS expression in epithelial subsets and induction compared to acinar cells by Kruskal-Wallis and Dunn’s test.

(I) (Left) CISS factor expression in epithelial subsets normalized to acinar (mean ±95% CI). (Right) Heatmap and statistics of CISS factors by Kruskal-Wallis and 

Dunn’s test.

(J) Normalized TIMP1 expression on the UMAP embedding.

(K) (Left) TIMP1 prevalence within the CISS by comparing norm. CISS expression with TIMP1 (red) or without TIMP1 (black) (mean ±95% CI). Statistics by Mann-

Whitney tests. (Right) Volcano plot of TIMP1 prevalence across epithelial clusters identified TIMP1 lo classical, TIMP1 int basal-like, and TIMP1 hi basal-like cancer 

cells. Groups identified by log2 fold-changes and significance of TIMP1 prevalences within CISS pattern (left).

(L) TIMP1 expression and proportion of individual cell subtypes within epithelial compartment across patient tumors. For all statistics: n.s., non-significant; 

*p < 0.05, **p < 0.01; ***p < 0.001; ****p < 0.0001.
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groups based on individual hazard ratios (low, moderate low, 

moderate high, and high) (Figures 6N and 6O). Notably, com-

bining TIMP1 expression and NK cell activity yielded stronger 

prognostic power for both MFS and RFS than each risk factor 

individually, which was further surpassed in significance by 

evaluating the complete CISS profile (Figure 6P). This demon-

strated a close link between TIMP1/CISS upregulation and NK 

suppression in PDAC, directly reflected in patient-specific clin-

ical risk.

Multikinase inhibition targets TIMP-1 and CISS and 

enhances NK cell cytotoxicity in TIMP-1 hi /CISS hi basal-

like PDAC in vivo

Toward a clinically exploitable strategy to target TIMP-1/CISS, 

we investigated upstream regulators of their expression in our 

PDAC snRNA-seq dataset (Figures 7A–7C). TIMP1 expression 

and the TIMP-1 hi /CISS hi basal-like subtype (Figure 7A) were 

most strongly correlated with a kinase activity pattern including 

MEK/ERK and receptor tyrosine kinases (RTK), such as fibro-

blast growth factor receptors (FGFRs) (Figures 7B and 7C). Em-

ploying the two clinically approved inhibitors trametinib (MEK) 

and nintedanib (multi-RTK, including FGFR), we observed a ro-

bust and, importantly, synergistic suppression of TIMP-1 ex-

pression in human PDAC cells (Figures 7D and 7E). Having pre-

viously shown that combined trametinib/nintedanib treatment 

re-sensitizes basal-like PDAC to ICB with α-PDL1 therapy, 43 

this now prompted us to assess its TIMP-1/CISS-inhibitory ef-

fect and impact on NK cell activity in orthotopic transplantation 

models of classical and basal-like PDAC (Figure 7F). scRNA-

seq analysis (Figure 7G) confirmed that these models closely re-

capitulate TIMP-1 lo /CISS lo classical and TIMP-1 hi /CISS hi basal-

like PDAC (Figures 7H–7J) as seen in patients (Figures 3H–3L 

and 7A), with Timp1 as the most basal-like PDAC-specific 

CISS factor (Figure 7J). Importantly, combined kinase inhibition 

suppressed multiple CISS factors, including Timp1, in a basal-

like PDAC-specific manner in vivo (Figure 7K), which was di-

rectly correlated with increased survival, tumor regression, 

and response to ICB 43 (Figures S7D and S7E). Finally, intratu-

moral NK cells enriched upon TIMP-1/CISS-targeting therapy 

(Figures 7L–7O), particularly in basal-like PDAC and when

combined with ICB (Figure 7M), showed enhanced IL-2 and 

mTOR-pathway activity and increased cytotoxicity genes 

(Figures 7N and 7O), paralleling ctx hi NK cells (Figures 5B–5F 

and 6A–6C) and the TIMP-1-dependent suppression observed 

in human PDAC. Together, these findings proved pharmaco-

logical inhibition of upstream kinase pathways as effective 

strategy to target TIMP-1/CISS, supporting its translational po-

tential to restrain PDAC progression and enhance NK cell 

activity.

DISCUSSION

During malignant progression, cancer cells acquire molecular 

mechanisms to orchestrate a growth-permissive environment 

and evade immune control. 4–6 Refining our understanding of 

cancer-borne immunosuppression has widely improved 

diagnostic and therapeutic options, including patient-tailored 

immunotherapies. 57 However, many highly lethal cancers, 

such as PDAC, remain refractory to these clinical advan-

ces, 9,58 reflecting an incomplete understanding of overarching 

principles of cancer-borne immunosuppression. Here, we elu-

cidated a tumor-progression-dependent CISS, whose pres-

ence robustly correlated with poor survival and immunosup-

pressive TMEs across multiple human cancers. Moreover, 

we identified CISS and its dominant factor TIMP-1 as thera-

peutically targetable using clinically approved kinase inhibi-

tors in PDAC.

Our findings contribute to closing an essential gap in under-

standing immunosuppression as an early and constantly 

evolving capacity of pancreatic epithelial cells, enabling 

them to regulate their immune microenvironment at each 

phase of transformation and malignant progression. 14,21,25 In-

triguingly, while CISS already arose in pre-malignant transi-

tions and closely resembled early epithelial inflammation, its 

elevation was most pronounced in most progressed basal-

like PDAC. This corroborates the hypothesis that cancer cells 

orchestrate immunosuppression by co-opting hard-wired 

gene expression programs from normal cells 7 and reinforces 

the crucial role of inflammation for PDAC progression. 26–29 

In fact, CISS comprised various known tumor-derived

Figure 4. CISS-prevalent TIMP-1 is causal for PDAC-cell-induced NK cell suppression

(A) PCA integrating epithelial (red) and immune (blue) cell fractions, fractions of CISS-expressing epithelial cells, and epithelial TIMP1.

(B) Pearson correlation between PCA-standardized variables (A) (*p < 0.05, **p < 0.01; ***p < 0.001; ****p < 0.0001).

(C) Comparison of correlations between epithelial and immune subtypes (A and B) by paired Student’s t test between indicated groups.

(D–F) Workflow (D) to identify canonical pathways [GSEA; (E)] and immune cell profiles [CIBERSORTx; (F)] correlated with TIMP1 expression (TCGA-PAAD). For 

GSEA, genes were ranked by correlation coefficients (Spearman) with TIMP1 expression. Reference gene set: C2:CP.

(G–I) Workflow (G) for MIA PaCa-2-cell-derived secreted factors suppressing NK cell killing of K562 targets (H) and degranulation (I) at indicated effector-to-target 

ratios (E:T). Comparison to control media [no cancer conditioning; shared with (O,P)] by unpaired Student’s t tests.

(J) Workflow for CRISPR-Cas9-based TIMP-1 knockout in MIA PaCa-2 cells and RNA-seq.

(K) PCA of RNA-seq data [n = 3 per cell line; (J)].

(L) TIMP-1-dependent DEGs (DESeq2) in MIA PaCa-2 cells. Intersection shows DEGs between TIMP-1 WT and TIMP-1 KO (1 and 2) cells, independent of 

CRISPR-Cas9 (CRISPR Control).

(M) GSEA of TIMP-1-dependent biological processes in MIA PaCa-2 cells. log2 fold-changes of DEGs (L) between means of TIMP-1-competent (‘‘TIMP-1 WT’’/‘‘ 

CRISPR Control’’) cells and TIMP-1-deficient (‘‘TIMP-1 KO 1/2’’) cells. Reference gene set: GO:BP. Enriched gene sets (FDR q < 0.05) were categorized (see 

Figure S4G).

(N–P) Workflow (N) of TIMP-1-dependent NK cell suppression of CRISPR-Cas9-derived MIA PaCa-2 cell lines (J) on K562 target cell killing (O) and degranulation 

(P) at indicated E:T. Statistics by one-way ANOVA and Tukey test for indicated groups. Data in (H, I, K, O, and P) showing biological replicates as box and whiskers 

plots (H, I, O, and P). (D, G, J, and N) Created with BioRender.com.
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secreted factors with pro-tumor immunoregulatory activity, 

such as TIMP-1, 39,48,59 TGFB1, 60 SPP1, 61 or VCAN, 62 for 

which we revealed dynamic, context-dependent expression 

patterns during PDAC progression.

While most tumors in our patient cohort were enriched for the 

classical PDAC subtype, we could pinpoint particularly strong 

immunoregulatory potential for basal-like PDAC cells, even if 

present in lower numbers, supporting previous reports that 

highlighted their particular aggressiveness. 21,25,43 We eluci-

dated TIMP-1 as an important contributor to this phenomenon 

and as a robust determinant of progression toward basal-like 

cancer in patients. Consistently, TIMP-1 has been previously 

described as a highly abundant circulating biomarker for 

basal-like PDAC in pre-clinical models. 63 Our study advances 

these findings on a functional and clinical level, substantiating 

TIMP-1 as a robust marker of PDAC progression, diagnostically 

detectable through liquid biospies, 48,64 and a PDAC-subtype-

specific therapeutic target. Thus, our findings on TIMP-1 hi /CIS-

S hi high-risk patients may aid in stratifying those most likely to 

benefit from TIMP-1/CISS-targeting therapy combined with im-

munotherapy, in PDAC as well as in other aggressive malignan-

cies such as TIMP-1 hi triple-negative breast cancer 65 or brain 

metastasis. 66

Functionally, we discovered non-canonical TIMP-1/CD74 sig-

naling as a mechanism of NK cell suppression, reinforcing pre-

vious reports on CD74 as a receptor for immunosuppressive sig-

nals to NK cells within the TME. 67–69 Importantly, we could 

pinpoint TIMP-1 as necessary and sufficient for suppressing 

mTOR signaling and cytotoxic effectors in NK cells. This sub-

stantiates a crucial role for TIMP-1 signaling in pro-tumor im-

mune regulation in line with previously described effects on 

CD8 + T cells 66,70 and myeloid cells, such as neutrophils 59 and 

monocytes. 71

In perspective, although NK cells emerge as promising cyto-

toxic effectors in cancer therapy, their implementation against 

solid tumors remains challenging, 32 particularly in poorly NK-

cell-infiltrated cancers such as PDAC. 72,73 While studies of 

NK cell function in PDAC are limited, recent evidence showed 

that active NK cells interact with malignant epithelium in 

human PDAC 74 and are essential for anti-tumor immunity in 

preclinical PDAC, 75 potentially also through crosstalk with 

other immune cells to coordinate multicellular immune re-

sponses. 32,33 Thus, by delineating intratumoral NK cell subsets 

in PDAC patients and highlighting their responsiveness to 

TIMP-1/CISS-targeting therapy, our study may promote further 

investigation into their functional significance and therapeutic 

potential in cancer. Collectively, we elucidate CISS as a molec-

ular signature of pro-tumor immune regulation across human 

cancers, which offers a broad and exploitable rationale for fu-

ture studies.

Limitations of the study

Our study establishes a strong association between TIMP-1/ 

CISS and impaired NK cell activity across cancers. However, 

CISS-associated immune regulation is likely not limited to 

TIMP-1-dependent NK cell suppression and may involve various 

immune cells and their concerted interplay for anti-tumor im-

munity. This remains to be established in future studies, e.g., 

built on context-specific upregulation of the diverse pro-tumor 

CISS factors 39,48,59–62 described here. Moreover, the functional 

role of individual CISS factors at different phases of prema-

lignancy and cancer progression remains to be defined. While 

we observed CISS induction in epithelial inflammation and 

pre-malignant transitions, we primarily focused on advanced 

TIMP-1 hi /CISS hi basal-like PDAC; whether targeting CISS can in-

tercept cancer at a pre-malignant state remains to be tested. 

Further, it is important to note that immunosuppression is also 

shaped by stromal TME cells, such as cancer-associated fibro-

blasts, 2 whose contribution to TIMP-1/CISS activity warrants 

further investigation. Finally, it should be noted that, for con-

structing risk scores for RFS and MFS (STAR Methods), patients 

who died without documented recurrence were censored at the 

time of death, since the cause of death in such cases was not 

uniformly annotated.

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and 

will be fulfilled by the lead contact, Prof. Dr. Achim Krü ger (achim.krueger@ 

tum.de).

Materials availability

All unique/stable materials generated in this study are available from the lead 

contact.

Figure 5. CISS-prevalent TIMP-1 is sufficient to suppress cytotoxic capacity in NK cells via CD74 signaling

(A–F) Workflow (A) to identify NK cell clusters in TUM Cohort (B, C, and F) and Steele Cohort 22 (D and E). (B and D) NK cell UMAP embeddings, post-hoc an-

notations, and selected marker genes (Z scores) (C and D, bottom). ctx, cytotoxicity. KLRC, killer cell lectin like receptor C gene family. (E and F, right) GZMB and 

PRF1 expression on the UMAP (B and D). (F, left) RNA velocity to infer transcriptional dynamics in NK cell clusters.

(G–I) NK cell granzyme B and perforin levels upon exposure to (G) rhWT-TIMP-1 (granzyme B: UNT, n = 17; 50 ng/mL, n = 6; 100 ng/mL, n = 6; 250 ng/mL, n = 10; 

500 ng/mL, n = 14; perforin: UNT, n = 12; 50 ng/mL, n = 6; 100 ng/mL, n = 6; 250 ng/mL, n = 6; 500 ng/mL, n = 11). (H) 500 ng/mL WT-TIMP-1 vs. equimolar 

N-TIMP-1 (granzyme B: UNT, n = 32; WT-TIMP-1, n = 30; N-TIMP-1, n = 24; perforin: UNT, n = 27; WT-TIMP-1, n = 27; N-TIMP-1, n = 24); (I) 500 ng/mL WT-TIMP-1 

vs. equimolar N-TIMP-1 with or without α-CD74 antibody milatuzumab or immunoglobulin G (IgG) control (granzyme B: IgG alone, n = 23; IgG + WT-TIMP-1, n = 

25; IgG + N-TIMP-1, n = 20; α-CD74 alone, n = 26; α-CD74 + WT-TIMP-1, n = 24; α-CD74 + N-TIMP-1, n = 20; perforin: IgG alone, n = 19; IgG + WT-TIMP-1, n = 20; 

IgG + N-TIMP-1, n = 20; α-CD74 alone, n = 19; α-CD74 + WT-TIMP-1, n = 20; α-CD74 + N-TIMP-1, n = 20). Data (G–I) pooled from four independent experiments 

show biological replicates (box and whiskers plots) derived from six healthy donors. Statistics by one-way ANOVA and Dunnett test (G) or one-way ANOVA and 

Tukey test (H and I) across indicated groups.

(J and K) Proportions of NK (J) and epithelial (K) subsets within samples (TUM Cohort).

(L) PCA of NK and epithelial subsets (J and K), NK cell CD74, and cancer cell TIMP1 expression (small dots) across patients (large dots). Exp., expression. (M) 

Spearman correlation between TIMP1 hi basal-like cancer cells and ctx hi NK cells. (N) Inferred cancer cell-to-NK cell signaling by CellChat in tumors (J and K) (also 

see Figure S5H). (A) Created with BioRender.com.
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Data and code availability

• Bulk RNA-seq data from pancreatic tissues (GSE290898) and cell lines 

(GSE290413) are deposited in the Gene Expression Omnibus (GEO) da-

tabase. Raw (PRJNA1230557) and processed (GSE291124) deidenti-

fied snRNA-seq data are deposited in the Sequence Read Archive 

(SRA) and GEO, respectively. Re-analyzed publicly available datasets 

have been retrieved as indicated (see STAR Methods).

• This paper does not report original code. All analyses using publicly 

available software/codes are indicated (see STAR Methods).

• Any additional information required to reanalyze the data reported in this 

paper is available from the lead contact upon request.
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Figure 6. TIMP-1-dependent suppression of NK cell mTOR signaling links PDAC immunosuppression to clinical risk profiles

(A–C) Workflow (A) to identify enriched pathways in NK_ctx hi C1 cluster vs. all other NK clusters in TUM Cohort (B) and Steele Cohort (C). DEGs (adj. p < 0.05) by 

Wilcoxon rank-sum test and auROC analysis. Mean odds ratios by pathway enrichment using Enrichr (Hallmark reference gene sets; see Figures S6A and S6B, 

STAR Methods). AKT, protein kinase B; IL-2, interleukin-2; mTORC1, mechanistic target of rapamycin complex 1; PI3K, phosphoinositide 3-kinase; STAT5, signal 

transducer and activator of transcription 5; UV, ultraviolet.

(D–K) Workflow (D) to identify TIMP-1-dependent MIA PaCa-2-cell-mediated suppression of mTOR-signaling and IL-2 responses in NK cells, using co-culture [3 h 

(F); 24h (E and G)] or cancer-cell-conditioned media [24 h (H and I); 72 h (J and K)]. NK cell suppression with or without IL-2 activation assessed by (E) K562 killing 

(E:T 1:3; killing for 3 h); (F–H) p-mTOR(Ser2448)/p-S6(Ser235/236) signaling; (I) intracellular NK cell IFN-γ and TNF-α; (J) cell growth; (K) neutral lipid content; norm. 

to IL-2-free controls (H–J). Statistics between indicated groups: one-way ANOVA and Dunnett test (E–G, upper), one-way ANOVA and Tukey test (H, J, and K), 

unpaired Student’s t tests (E–G, lower; I).

(L and M) NK cell (L) p-mTOR and (M) p-S6 levels upon exposure to rhWT-TIMP-1. Statistics by two-way ANOVA and Dunnett test. Data (E–M) shown as biological 

replicates [box and whiskers plots (E–I, and K–M) or mean ± SEM (J)].

(N–P) Cox-regression-based TIMP1/NK risk score for recurrence-free (RFS) or metastasis-free survival (MFS) (TCGA-PAAD, n = 137), (N) For MFS, patient 

hazard ratios (HRs), and risk groups separated by quartiles. Statistics between linear predictors of TIMP1 expression and NK cell activity by Spearman 

correlation. (O) For MFS, survival probabilities by Kaplan-Meier curves (±95% CI). Statistics: global differences by KONP test, restricted mean survival 

time (RMST; τ = 0.9) between high (H) and low (L) risk groups by Wald test. (P) Heatmaps showing HRs (upper) and significance (lower) for the TIMP1/NK 

score, both factors individually, and CISS by Cox regression analyses and G squared log likelihood ratio (*p < 0.05; **p < 0.01). (A and D) Created with 

BioRender.com.
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47. Prokopchuk, O., Grü nwald, B., Nitsche, U., Jä ger, C., Prokopchuk, O.L., 

Schubert, E.C., Friess, H., Martignoni, M.E., and Krü ger, A. (2018). Ele-
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55. Març ais, A., Cherfils-Vicini, J., Viant, C., Degouve, S., Viel, S., Fenis, A., 

Rabilloud, J., Mayol, K., Tavares, A., Bienvenu, J., et al. (2014). The met-

abolic checkpoint kinase mTOR is essential for IL-15 signaling during the 

development and activation of NK cells. Nat. Immunol. 15, 749–757. 

https://doi.org/10.1038/ni.2936.

56. Gotthardt, D., and Sexl, V. (2016). STATs in NK-Cells: The Good, the Bad, 

and the Ugly. Front. Immunol. 7, 694. https://doi.org/10.3389/fimmu. 

2016.00694.

57. Esfahani, K., Roudaia, L., Buhlaiga, N., Del Rincon, S.V., Papneja, N., and 

Miller, W.H., Jr. (2020). A review of cancer immunotherapy: from the past, 

to the present, to the future. Curr. Oncol. 27, S87–S97. https://doi.org/10. 

3747/co.27.5223.

58. Balachandran, V.P., Beatty, G.L., and Dougan, S.K. (2019). Broadening 

the Impact of Immunotherapy to Pancreatic Cancer: Challenges and Op-

portunities. Gastroenterology 156, 2056–2072. https://doi.org/10.1053/j. 

gastro.2018.12.038.

59. Schoeps, B., Eckfeld, C., Prokopchuk, O., Bö ttcher, J., Hä ußler, D., 
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60. Batlle, E., and Massagué , J. (2019). Transforming Growth Factor-beta 

Signaling in Immunity and Cancer. Immunity 50, 924–940. https://doi. 

org/10.1016/j.immuni.2019.03.024.

61. Shurin, M.R. (2018). Osteopontin controls immunosuppression in the tu-

mor microenvironment. J. Clin. Investig. 128, 5209–5212. https://doi.org/ 

10.1172/JCI124918.

62. Hirani, P., Gauthier, V., Allen, C.E., Wight, T.N., and Pearce, O.M.T. 

(2021). Targeting Versican as a Potential Immunotherapeutic Strategy 

in the Treatment of Cancer. Front. Oncol. 11, 712807. https://doi.org/ 

10.3389/fonc.2021.712807.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

TIMP-1 anti-human mAb (rabbit) Cell Signaling CAT# 8946; clone D10E6; RRID: AB_10891805

HRP-conjugated anti-rabbit IgG (H + L) 

polyclonal Ab (goat)

ThermoFisher Scientific CAT# 31462; RRID: AB_228338

AlexaFluor Plus 405-conjugated anti-rabbit 

IgG, (H + L), polyclonal Ab (goat)

ThermoFisher Scientific CAT# A48254; RRID: AB_2890548

CD56 PE-Cyanine7 anti-human mAb (mouse) BioLegend CAT# 398808; clone QA18A21; RRID: AB_2894510

CD56 anti-human Alexa Fluor 488, mAB (mouse) BioLegend CAT# 362517; RRID: AB_2564092

CD3 eFluor450 anti-human, mAb (mouse) ThermoFisher Scientific CAT# 48-0032-82; clone OKT3; RRID: AB_1272193

CD74 mAb milatuzumab ThermoFisher Scientific CAT# MA5-41757; RRID: AB_2910900

IgG Isotype control human, polyclonal Ab ThermoFisher Scientific CAT# 02-7102; RRID: AB_2532958

granzyme B PE anti-human, mAb (mouse) ThermoFisher Scientific CAT# 12-8896-42; clone GB11; RRID: AB_2724394

Perforin PE anti-human, mAb (mouse) Biolegend CAT# 353304; clone B-D48; RRID: AB_2616860

mTOR p-Ser2448 PE anti-human/mouse, mAb (mouse) ThermoFisher Scientific CAT# 12-9718-42; clone MRRBY; RRID: AB_2572724

S6 p-Ser235/236 PerCP-eFluor710 

anti-human/mouse, mAB (mouse)

ThermoFisher Scientific CAT# 46-9007-42; clone cupk43k; RRID: AB_2573858

STAT3 p-Tyr705 FITC anti-human/mouse, mAb (mouse) ThermoFisher Scientific CAT# 11-9033-42; clone LUVNKLA; RRID: AB_2572522

IFN-γ FITC anti-human, mAb (mouse) ThermoFisher Scientific CAT# 11-7319-82; clone 4S.B3; RRID: AB_465415

TNF-a PE anti-human, mAb (mouse) BD Pharmingen CAT# 559321; clone Mab11; RRID: AB_397219

CD107a PerCP-Cyanine5.5 anti-human, mAb (mouse) BioLegend CAT# 328615; clone H4A3; RRID: AB_1227509

Biological samples

PDAC patient samples TUM Cohort This study N/A

KPC mouse pancreas samples This study N/A

Human blood samples This study N/A

Chemicals, peptides, and recombinant proteins

β-mercaptoethanol PanReac AppliChem CAT# 60-24-2

Nuclease-free water ThermoFisher Scientific CAT# 10977035

Trypan Blue ThermoFisher Scientific CAT# 15250061

RPMI1640 ThermoFisher Scientific CAT# 11875093

Penicillin-Streptomycin ThermoFisher Scientific CAT# 15140122

Fetal Bovine Serum ThermoFisher Scientific CAT# A5209502

eBioscience TM Cell Proliferation Dye eFluor450 ThermoFisher Scientific CAT# 65-0842-85

Trametinib Selleckchem CAT# S2673

Nintedanib Sigma-Aldrich CAT# SML2848

Brefeldin A ThermoFisher Scientific CAT# 00-4506-51

SYPRO Ruby Protein stain ThermoFisher Scientific CAT# S11791

IC Fixation Buffer ThermoFisher Scientific CAT# 00-8222-49

PolymorphPrep TM Progen CAT# 1895

Recombinant TIMP-1 variants Schoeps et al. 59 N/A

Batimastat Sigma-Aldrich CAT# SML0041

TruStain FcX TM BioLegend CAT# 422302

Recombinant human IL-2 BioLegend CAT# 589104

HCS LipidTOX TM Red Neutral Lipid Stain ThermoFisher Scientific CAT# H34476

Annexin V FITC BioLegend CAT# 640906

eBioscience 7-AAD viability dye ThermoFisher Scientific CAT# 00-6993-50
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Critical commercial assays

RNeasy Plus Mini Kit Qiagen CAT# 74104

Chromium Nuclei Isolation Kit with RNase Inhibitor 10x Genomics CAT# 1000494

Chromium Next GEM Single Cell 3 ′ Kit v3.1 10x Genomics CAT# 1000268

Chromium Dual Index Kit TT Set A 10x Genomics CAT# 1000215

Chromium Next GEM Chip G Single Cell Kit 10x Genomics CAT# 1000120

HS DNA Kit Agilent CAT# 5067-4626

MojoSort TM Human NK Cell Isolation Kit BioLegend CAT# 480054

Invitrogen TM Intracellular Fixation & 

Permeabilization Buffer Set

ThermoFisher Scientific CAT# 88-8824-00

Deposited data

PDAC patient snRNA sequencing This study GEO: GSE291124; SRA: PRJNA1230557

KPC pancreatic tissue bulk RNA sequencing This study GEO: GSE290898

MIA PaCa-2 bulk RNA sequencing This study GEO: GSE290413

PDAC patient scRNA sequencing Steele et al. 22 GEO: GSE155698

PDAC patient proteome Cao et al. 31 CPTAC data portal: PDC000270

Pancreatic tissue (pancreatic tumors, 

chronic pancreatitis, and healthy donors) 

transcription profiling by array

Abdollahi et al. 40 EBI ArrayExpress: E-EMBL-6

Patient tumor sample bulk RNA sequencing TCGA http://firebrowse.org; BLCA, BRCA, 

COADREAD, GBM, HNSC, KIPAN, LIHC, 

LUAD, PAAD, PRAD, SKCM, STES, THCA

Murine orthotopic PDAC scRNA sequencing Falcomata, Bä rthel et al. 43 EBI ArrayExpress: E-MTAB-9954

Murine pancreatitis bulk RNA sequencing

(day 1 and day 7 after cerulein-induced pancreatitis)

Del-Poggetto et al. 27 GEO: GSE180212

Murine pancreatitis (day 2 after cerulein-induced 

pancreatitis) and PDAC bulk RNA sequencing

Alonso-Curbelo et al. 26 GEO: GSE132330

PC cell lines microarray Moffitt et al. 19 GEO: GSE71729

PC cell line bulk RNA sequencing Diaferia et al. 42 GEO: GSE64558

Experimental models: cell lines

MIA PaCa-2 ATCC CRL-1420

CRISPR-Cas9-derived MIA PaCa-2 cell lines Hä ußler et al. 76 ; This study N/A

K562 Rothfuß et al. 77 N/A

Experimental models: organisms/strains

Mouse C57BL/6 Pdx-1 +/Cre ; Kras +/LSL− G12D ;

Trp53 +/LSL− R172H

Hingorani et al. 30 N/A

Software and algorithms

Biological DataBase network bioDBnet https://biodbnet-abcc.ncifcrf.gov/

db/dbOrtho.php

GraphPad Prism v.10.4.1 GraphPad https://www.graphpad.com/

FlowJo v.10.10.0 BD Biosciences https://www.flowjo.com

R and RStudio v.4.4.2 R Consortium https://posit.co/products/open-source/rstudio/

Galaxy v24.0 Galaxy Project 78 https://usegalaxy.eu

FastQC v.0.12.1 Andrews 79 https://github.com/s-andrews/FastQC

Cutadapt v.5.1 Martin 80 https://github.com/marcelm/cutadapt

STAR v.2.7.11b Dobin et al. 81 https://github.com/alexdobin/STAR/releases

featureCounts Liao et al. 82 https://scienceparkstudygroup.github.io/

ibed-bioinformatics-page/source/

core_tools/featurecounts.html

MultiQC v.1.27 Ewels et al. 83 https://github.com/orgs/MultiQC/repositories 
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

PDAC patients and blood donors

Ethical approval for PDAC patients (TUM Cohort) and healthy blood donors enrolled in this study was obtained from the ethics com-

mittee of the Medical Faculty of the Technical University of Munich, Germany (TUM Cohort: ‘2023-245-S-KH’; healthy blood donors: 

‘#183/18S’, ‘#409/16S’, ‘#395/17S’). Female and male PDAC patients and blood donors were enrolled. Written consent was obtained 

from all individuals before surgery or blood sampling. The analysis was performed on pseudonymized patient information. Primary 

tumor samples were collected from treatment-naı̈ve patients with PDAC who underwent surgical resection between 2015 and 2023 in 

the Department of Surgery (TUM Universitä tsklinikum rechts der Isar). Diagnosis of PDAC was verified by definitive histological ex-

amination of surgical specimens or retrieved biopsies. Resected tumor samples were snap frozen and stored at − 80 ◦ C before pro-

cessing for snRNA-seq.

Animal models

Animal experiments were performed according to the Animal Research Reporting of in vivo experiment guidelines and in compliance 

with the Tierschutzgesetz des Freistaates Bayern and upon ethical approval by the Regierung von Oberbayern (‘Vet_02-20-80’). Both 

female and male mice were employed in this study and kept at the animal facility of TUM Universitä tsklinikum rechts der Isar (Munich, 

Germany) at RT (21 ◦ C) under specific pathogen-free conditions. Mice were maintained in filter-topped cages with autoclaved food 

and water.

Mice of the transgenic KPC (Pdx-1 +/Cre ; Kras +/LSL− G12D ; Trp53 +/LSL− R172H ; C57BL/6 background) 30 PDAC model were employed as 

described previously. 48,59 We ensured comparability of KPC-derived pancreatic tissues with histologically identical PDAC progres-

sion by classification and grading of murine PDAC lesions according to the most recent consensus classification by experienced 

comparative pathologist (K. Steiger) blinded to sample identity. KPC mice with PDAC grades G2, G3, or G4 were classified as ad-

vanced-stage PDAC, whereas mice with pancreatic remodeling and preinvasive lesions but without invasive PDAC G2/G3/G4 lesions 

were classified as early PDAC. Mice resulting from KPC strain breeding, which did not carry Pdx-1 +/Cre but only Kras +/LSL− G12D and/or 

Trp53 +/LSL− R172H -mutations, or which carried no mutation at all, served as control animals. Pancreatic tissues were harvested and

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

DESeq2 v.1.40.2 Love et al. 84 https://github.com/thelovelab/DESeq2

GSEA v.4.2.3 Subramanian et al. 85 https://www.gsea-msigdb.org/gsea/index.jsp

Cytoscape v.3.9.1 Shannon et al. 86 https://cytoscape.org/

CIBERSORTx platform Newman et al. 87 https://cibersortx.stanford.edu/index.php

Trailmaker ParseBiosciences 88 http://app.trailmaker.parsebiosciences.com

Cell Ranger v7.0.1 and v9.0.1 10x Genomics https://www.10xgenomics.com/

support/software/cell-ranger/latest

scVelo v.0.3.3 Bergen et al. 89 https://github.com/theislab/scvelo

velocyto v.0.17.17 La Manno et al. 90 https://github.com/velocyto-team/velocyto.py

Python v3.12.7 Python Software Foundation https://www.python.org/

Seurat-Disk v.0.0.0.9021 Paul Hoffman https://mojaveazure.github.io/seurat-disk/

UCell v.2.10.1 Andreatta et al. 91 https://github.com/carmonalab/UCell

inferCNV v.1.18.1 Broad Institute https://github.com/broadinstitute/infercnv)

Enrichr Kuleshov et al. 92 https://maayanlab.cloud/Enrichr/

CellChat Jin et al. 93 https://github.com/sqjin/CellChat

SynergyFinder+ Zheng et al. 94 synergyfinder.org

Affinity Designer v.1.10.8 Affinity https://affinity.serif.com/de/designer/

Venny 2.1 BioinfoGP https://bioinfogp.cnb.csic.es/tools/venny/

R dendextend package v.1.19.1 Galili 95 https://talgalili.github.io/dendextend/

R cmprsk package v.2.2–12 Gray 96 https://cran.r-universe.dev/cmprsk

R KONPsurv package v1.0.4 Gorfine, Schlesinger et al. 97 https://cran.r-universe.dev/KONPsurv

R survRM2 package v1.0-4 Han et al. 98 https://cran.r-universe.dev/survRM2

R presto package v.1.0.0 Korsunsky et al. 99 https://github.com/immunogenomics/presto

R limma package v.3.50.3 Ritchie et al. 100 https://www.bioconductor.org/packages/

release/bioc/html/limma.html
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stored at − 80 ◦ C until further use. Data from orthotopic PDAC transplantation mouse models and in vivo treatments were derived 

from animal experiments we had previously conducted and reported. 43 The scRNA-seq dataset obtained from orthotopic PDAC 

transplantation models has been previously deposited in the EBIArrayExpress repository (accession number: E-MTAB-9954).

Cell lines

The human PDAC cell line MIA PaCa-2 was obtained commercially from ATCC (CRL-1420). The NK-sensitive target cell line K562 

was kindly provided by Bastian Hö chst (Institute of Molecular Immunology, School of Medicine and Health, Technical University 

of Munich). No further cell line authentication was performed. All cell lines were cultured in RPMI 1640 (ThermoFisher Scientific) sup-

plemented with 10% FCS (ThermoFisher Scientific) and 1% P/S (ThermoFisher Scientific) at 37 ◦ C, 5% CO 2 . For the NK cell cytotox-

icity assay, K562 cells were labeled using the eBioscience Cell Proliferation Dye eFluor450 (1:5000; ThermoFisher Scientific) accord-

ing to the manufacturer’s instructions. For the NK cell signaling assays in co-culture, MIA PaCa-2 cells were labeled using the same 

eFluor450 labeling protocol, accordingly.

METHOD DETAILS

Steele Cohort data retrieval

The Steele Cohort comprised pancreatic tumor samples from 16 PDAC patients and tumor-adjacent/normal pancreas control sam-

ples from three donors. 22 Deidentified scRNA-seq data from pancreatic tumor and control samples was retrieved from the NIH Gene 

Expression Omnibus (GEO) database (accession number: GSE155698).

Cao Cohort data retrieval

The Cao Cohort comprised pancreatic tumor samples from 140 PDAC patients, 67 tumor-adjacent tissue control samples, and 8 

normal pancreas control samples. 31 Log2 normalized proteome data was retrieved from the CPTAC data portal (accession number: 

PDC000270).

Abdollahi Cohort data retrieval

The Abdollahi Cohort 40 comprised pancreatic tissue samples from 9 patients with pancreatic tumors, 9 patients with chronic pan-

creatitis, and 9 healthy controls (www.ebi.ac.uk/arrayexpress, accession number: E-EMBL-6). Processed gene expression profiling 

data was retrieved from ref. 101

The Cancer Genome Atlas (TCGA) cohorts

Bulk RNA-seq data of tumor samples from the TCGA Cohorts were retrieved from the FireBrowse database (http://firebrowse.org; 

‘illuminahiseq_rnaseqv2-RSEM_genes_normalized’ files). The cohorts comprised patients with bladder urothelial carcinoma (BLCA), 

breast invasive carcinoma (BRCA), colorectal adenocarcinoma (COADREAD), glioblastoma multiforme (GBM), head and neck squ-

amous cell carcinoma (HNSC), kidney cancer (KIPAN), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), pancre-

atic adenocarcinoma (PAAD), prostate adenocarcinoma (PRAD), skin cutaneous melanoma (SKCM), stomach and esophageal car-

cinoma (STES), or thyroid carcinoma (THCA), respectively. For analysis of gene expression data in each patient cohort, we selected 

data only from primary tumor samples (sample type code ‘01’, i.e., ‘primary solid tumor’) and excluded data derived from non-primary 

tumor samples.

Mouse RNA-seq data retrieval

For RNA-seq analysis of isolated pancreatic epithelial cells from pancreatitis- or PDAC-bearing mice, we retrieved publicly available 

data from two external cohorts. 26,27 Data from mice at day 1 or day 7 after cerulein-induced pancreatitis were retrieved from the Del-

Poggetto Cohort (GEO accession number: GSE180212), data from pancreatitis-bearing mice at day 2 or PDAC-afflicted (i.e., KP fl C; 

Ptf1a-cre; RIK; LSL-Kras G12D ; p53 fl/+ ) mice were retrieved from the Alonso-Curbelo Cohort (GEO accession number: GSE132330). 

To identify consistently upregulated DEGs across different disease conditions (vs. respective healthy controls as described in the 

source publications), we (1) extracted all significantly DEGs (up- or dowregulated; adj. p value <0.05) across conditions (visualized 

as Venn diagram using Venny 2.1; https://bioinfogp.cnb.csic.es/tools/venny/), (2) filtered for DEGs that were always upregulated or 

always downregulated across all four conditions in both cohorts, and then (3) identified secreted factors among consistently upre-

gulated DEGs by examining the subcellular location of genes (listed as ‘secreted’ or ‘secretory vesicle’) using the UniProt database 

(https://www.uniprot.org; RRID:SCR_002380), as described previously. 48

Identification of the CISS profile

To identify the CISS gene expression profile in pancreatic tumors (TCGA-PAAD), we (1) converted the 36 secreted factors identified in 

mice to human gene orthologs using the biological DataBase network (https://biodbnet-abcc.ncifcrf.gov/db/dbOrtho.php), (2) con-

ducted a Spearman correlation analysis of normalized mRNA expression levels of these 36 factors from TCGA-PAAD bulk RNA-seq 

data, and (3) identified a subset of 19 highly correlating factors within the 36-gene pattern by performing hierarchical clustering of 

Spearman correlation coefficients using the hclust() function in the base R stats package (R v.4.4.2) and using the dendrogram
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function in the dendextend package (v.1.19.1). In each downstream analysis, genes with two aliases (BAG6 and BAT3; CYR61 and 

CCN1; SEPT8 and SEPTIN8) were labeled dependent on the respective gene annotation derived from each dataset. The composition 

of the CISS cluster (19 secreted factors) identified in the TCGA-PAAD Cohort served as a reference for the PDAC proteome validation 

cohort (Cao Cohort) and the other TCGA cancer cohorts.

For each patient within a cohort, a CISS expression score was calculating by first normalizing individual gene expression for each of 

the 19 genes to the interval [0,1]. Specifically, we subtracted the minimum gene expression value observed among all patients and 

divided the result by the corresponding gene’s maximum (background-adjusted) value. We then calculated a preliminary score for 

each patient by taking the mean of these normalized expressions across all 19 genes. Finally, we re-normalized mean values to [0,1] 

by subtracting the minimum preliminary score (across all patients) and dividing by the resulting maximum. This final CISS score was 

used for subsequent analyses.

For identification of biological pathways and immune cell abundance associated with CISS expression in pancreatic cancer 

(Figures 2D–2F), high CISS hi (top 25% quartile of CISS expression) patients were compared to CISS lo (bottom 25% quartile of 

CISS expression) patients. Differences in gene expression between CISS hi and CISS lo patients was calculated using the Mann-

Whitney test and subsequent correction for multiple testing using the two-stage step-up method by Benjamini, Krieger, and Yekutieli 

(cutoff value: false discovery rate [FDR] q-value = 0.01). CISS hi versus CISS lo fold-change of gene expression was calculated by di-

vision of the medians of each population.

Survival analyses

We performed survival analyses for cancer patients in TCGA Cohorts based on clinical metadata from the FireBrowse database 

(http://firebrowse.org). To estimate cancer-specific survival after primary tumor resection in relation to CISS expression in TCGA 

Cohorts, we applied a competing risks framework for patients with available survival data, in which death was defined as the 

event of interest (cause 1) and non-cancer-related deaths were treated as competing events. To quantify associations between 

CISS and cancer-specific mortality, we employed the cmprsk R package (v.2.2–12) to estimate cumulative incidence functions 

(CIFs) using cuminc() and to perform Fine-Gray regression analysis using crr(). CIFs and subdistribution hazard ratios (sHRs) 

were reported with 95% confidence intervals. We used two complementary covariate specifications as follows: (1) Patient-spe-

cific CISS score (standardized from 0 to 1 as described above to enable cross-cohort comparability) as a continuous predictor, 

and (2) CISS groups as a categorical predictor, defined by quartiles of the score (CISS lo for scores from 0 to 0.25; CISS medlo 

from 0.25 to 0.5; CISS medhi from 0.5 to 0.75; CISS hi from 0.75 to 1), with the CISS lo group as reference. We omitted the 

PRAD Cohort from CISS-associated survival analyses, as no deaths were documented in the CISS medlo , CISS medhi , or CISS hi 

groups, and only 10 deaths were documented in the CISS lo group (n = 423), rendering group-wise competing risks analyses 

not estimable.

To construct patient-specific risk scores for recurrence-free survival (RFS) and metastasis-free survival (MFS) in relation to CISS 

expression, TIMP-1 expression, and NK cell activity in the TCGA-PAAD Cohort, we performed Cox proportional hazards regression 

analyses using GraphPad Prism software (v.10.4.1). RFS was defined as the time from primary tumor resection to any documented 

recurrence (local or distant), and MFS as the time to specifically distant metastasis. Patients were excluded if: (i) a definite non-cancer 

cause of death was known, (ii) the time to either event was 0 days, or (iii) recurrence information was unavailable (‘NA’). One patient 

was further excluded as a definite outlier (confirmed via Grubbs’ test, alpha = 0.01), due to TIMP-1 transcript levels 45% above all 

other patients. Patients who died without documented recurrence were censored at the time of death, since the cause of death in 

these cases was not uniformly annotated. For the final cohort (n = 137), we performed independent Cox regression analyses on 

four standardized predictors (0–1 as described above): (1) CISS expression, (2) TIMP-1 expression (‘T1’), (3) the relative fraction 

of activated NK cells (‘aNK’; see Determining immune cell type abundance with CIBERSORTx), or (4) a combined TIMP1/NK risk 

score, derived from the patient-specific linear predictor (LP) of a multivariate Cox regression including both ‘T1’ and ‘aNK’ as cova-

riates. Patient-specific risk estimates were calculated as hazard ratios by exponentiating the LP values. For the combined TIMP1/NK 

risk score, patients were stratified into four risk groups according to quartiles: low risk (L) = 35; moderately low risk (ML) = 34; mod-

erately high risk (MH) = 35; high risk (H) = 34).

For descriptive visualization of survival probabilities, Kaplan-Meier curves were plotted using GraphPad Prism software (v.10.4.1). 

Global differences across patient survival curves were tested with the KONP omnibus test (Cauchy-combo p values, KONPsurv R 

package v1.0.4). Pairwise comparison between groups was quantified by the restricted mean survival time difference (ΔRMST), es-

timated to a restriction time τ (set to 0.9 x the minimum of the maximum observed follow-up in the two groups) using survRM2 R 

package (v1.0-4). Differences in mouse survival curves were calculated using log rank Mantel-Cox test (GraphPad Prism software 

v.10.4.1).

Bulk RNA-seq of tissues and cell lines

For bulk RNA-seq of murine pancreatic tissues, total RNA was isolated using the RNeasy Plus Mini Kit (Qiagen) following the manu-

facturer’s instructions. Frozen tissue samples (≤30 mg) were lysed in 600 μL RLT buffer supplemented with 10 μL β-mercaptoethanol 

(PanReac AppliChem) per mL of buffer. Mechanical homogenization using zirconium beads was performed for 5 s to ensure efficient 

tissue disruption. RNA was eluted in 30 μL of nuclease-free water (ThermoFisher Scientific) and stored at − 80 ◦ C until further use.

e5 Cell Reports Medicine 7, 102546, January 20, 2026

Article
ll

OPEN ACCESS

http://firebrowse.org/


For bulk RNA-seq of human PC cell lines, cells were grown to approximately 70% confluency. Total RNA was isolated using the 

RNeasy Plus Mini Kit (Qiagen) following the manufacturer’s instructions. RNA was eluted in 30 μL of nuclease-free water 

(ThermoFisher Scientific) and stored at − 80 ◦ C until further use.

For both murine tissues and human cell lines, bulk RNA-seq dual indexed library preparation was performed by Novogene GmbH 

using the NGS RNA Library Prep Set (PT042; Novogene GmbH). All barcoded libraries were checked with a Qubit fluorometer 

(ThermoFisher Scientific) and real-time PCR for quantification, and on a Bioanalyzer (Agilent) for size distribution detection. Quanti-

fied libraries were pooled (separately for murine tissues and human cell lines) and sequenced on a NovaSeq X Plus platform (Illumina) 

with paired-end, 150-bp reads (PE150), targeting 15G raw data per sample (murine tissues), or 9G raw data per sample (human cell 

lines), respectively.

Bulk RNA-seq data processing

All data processing steps were performed using the Galaxy platform 78 (https://usegalaxy.org; v24.0). FASTQ files were uploaded to 

Galaxy and quality control for raw reads was performed using the FastQC tool 79 (v.0.12.1) to evaluate read quality, GC content, se-

quence duplication levels, and adapter contamination. Poor-quality reads and adapter sequences were removed using Cutadapt 80 

(v.5.1) with parameters set to trim bases ≤20 bp read length. The reads were mapped to the reference genomes (Mus musculus 

GRCm39 or Homo sapiens GRCh38) using STAR 81 (v.2.7.11b) and the number of reads per annotated gene were counted using fea-

tureCounts. 82 For each step, quality reports were aggregated using MultiQC 83 (v.1.27). DESeq2 84 (v.1.40.2) was used to normalize 

read counts to extract the DEGs between groups. The complete reproducible workflow can be accessed at https://training. 

galaxyproject.org/training-material/topics/transcriptomics/tutorials/ref-based/tutorial.html, ref. 102

Gene Set Enrichment Analyses

Gene Set Enrichment Analyses (GSEA; v.4.2.3) 85 were performed as described previously. 48,103 As reference gene sets, we used C5: 

GO Biological Processes, C2: Canonical Pathways, and C3: Transcription Factor Targets from the Molecular Signatures Database 

(MSigDB), 104 as indicated in the respective figure legend. For visualization of GSEA results, we grouped gene sets into broader cat-

egories or employed Cytoscape (v.3.9.1) to generate an enrichment map (cutoff values: FDR q-value = 0.05; normalized enrichment 

score [NES] >1.75 or < -1.75; number of edges per cluster ≥3), as indicated.

Immune cell type abundance using CIBERSORTx

Relative immune cell type abundances in bulk RNA-seq datasets were inferred by digital cytometry using the CIBERSORTx plat-

form 87 (https://cibersortx.stanford.edu/index.php). Normalized gene expression matrices were deconvoluted using standard set-

tings and the LM22 (22 human immune cell subtypes) signature matrix file.

Sample preparation for snRNA-seq

For preparation of single-nucleus suspensions from banked frozen PDAC tumors, approximately 30–60 mg of each tumor were first 

cut into small pieces using a blade on glass dishes maintained at − 80 ◦ C (dry ice). Nuclei suspensions were then generated individ-

ually using the Chromium Nuclei Isolation Kit with RNase Inhibitor (10x Genomics, 1000494) according to the manufacturer’s instruc-

tions. After isolation, nuclei were assessed for singularization and integrity using trypan blue staining, quantified (Neubauer chamber), 

and immediately used for snRNA-seq library preparation.

snRNA-seq library preparation and sequencing

To prepare snRNA-seq libraries, we used the Chromium Next GEM Single Cell 3 ′ Kit v3.1 (10x Genomics, 1000268) with the Chro-

mium Next GEM Chip G Single Cell Kit (10x Genomics, 1000120), and the Dual Index Kit TT Set A (10x Genomics, 1000215) according 

to the manufacturer’s instructions. Per sample, approximately 20,000 to 35,000 individual nuclei were loaded per lane on a 10x Chro-

mium chip to generate gel beads in emulsion (GEMs) and target a single-nucleus resolution of 12,500 to 22,000 individual nuclei. 

cDNA and sequencing libraries were assessed for sample size and quality using the HS DNA Kit (Agilent) on an Agilent Bioanalyzer 

2100. The prepared single-nucleus gene expression libraries were sequenced on an Illumina NovaSeq 6000 (Novogene GmbH, 

PE150-S4; paired end, dual index) targeting 50,000 read pairs per nucleus.

snRNA-seq data preprocessing and quality control

We performed alignment of the snRNA-seq data to the human reference genome (GRCh38-2020-A), cell filtering, and counting of barc-

odes and unique molecular identifiers using the 10x Genomics Cell Ranger software v7.0.1 with intronic reads included. Filtered fea-

ture-barcode matrices were then controlled for quality, processed, explored, and visualized using Trailmaker (https://app.trailmaker. 

parsebiosciences.com/) 88 according to the developers’ recommendations. Matrices were uploaded to Trailmaker, and a set of quality 

filters was applied before subsequent analyses to remove barcodes corresponding to the following categories: (i) low number of total 

transcripts per nucleus (<1500); (ii) nuclei from possible dying, dead, or stressed cells with high proportions of mitochondrial content 

setting a threshold on a per sample basis (threshold range: 12 to 18.72%); (iii) outliers in the distribution of number of genes versus 

number of transcripts by fitting a linear regression model on a per sample basis (p-values between 0.001 and 0.000001); (iv) nuclei 

with high probability of being doublets using (1) the scDblFinder method on a per sample basis (threshold range: 37.8%–75.7%)
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and (2; only in subsequent cell-specific analyses) cluster marker gene expression by removing nuclei of a cluster co-expressing dis-

crepant lineage markers; (v) a cluster of very low gene complexity nuclei with uniformly low numbers of detected genes (threshold in 

Trailmaker: Log 10 number of genes <3.16).

For re-analysis of scRNA-seq data from the Steele Cohort, filtered feature barcode-matrices were retrieved as described above and 

subjected to quality control to remove barcodes corresponding to the following categories: (i) possible dying, dead, or stressed cells 

with high proportions of mitochondrial content setting a threshold on a per sample basis (threshold range: 7.77 to 50%); (ii) outliers in 

the distribution of number of genes versus number of transcripts by fitting a linear regression model on a per sample basis (p-values 

between 0.07 and 0.000001); (iii) nuclei with high probability of being doublets using the scDblFinder method on a per sample basis 

(threshold range: 37.3%–88.8%). For analysis of intratumoral NK cell populations, only NK cells from tumor samples were used. 

For analysis of our previously published orthotopic PDAC mouse model scRNA-seq dataset, 43 raw FASTQ data alignment to the 

mouse reference genome (GRCm39 2024-A), cell filtering, and counting of barcodes and unique molecular identifiers were done us-

ing the 10x Genomics Cell Ranger software v9.0.1 with intronic reads included. Filtered barcode-matrices were subjected to quality 

to remove barcodes corresponding to the following categories: (i) low number of total transcripts per nucleus (<200); (ii) possible dy-

ing, dead, or stressed cells with high proportions of mitochondrial content (≥10%); (iii) nuclei with high probability of being doublets 

using the scDblFinder method on a per sample basis (threshold range: 50.0%–82.7%) and (2; only in subsequent cell-specific anal-

yses) cluster marker gene expression by removing nuclei of a cluster co-expressing discrepant lineage markers.

Data integration, dimensionality reduction, clustering, and cell-type-specific analysis

For our snRNA-seq dataset, we performed data integration on the global dataset using Harmony (HVGs = 7,000), normalization using 

LogNormalize, and dimensionality reduction with principal component analysis (PCA) selecting for 30 principal components. We ex-

cluded ribosomal and mitochondrial gene categories for data integration to avoid bias that can introduce within-cell-type heteroge-

neity and obscure the differences in expression between cell types. We then performed Uniform Manifold Approximation and Pro-

jection (UMAP) embedding to visualize the corresponding Louvain clusters (resolution set to 0.8). To identify the broad cell types, we 

combined information on previously published marker genes for cell types in human PDAC 22–24 with cluster-specific marker genes 

from our dataset that were identified by comparing nuclei of each cluster to all other nuclei using the presto package implementation 

(v.1.0.0) of the Wilcoxon rank-sum test with auROC analysis.

For the Steele Cohort scRNA-seq dataset, we performed integration on the global dataset using Harmony (HVGs = 2,000). Normal-

ization, dimensionality reduction using PCA, UMAP embedding, Louvain clustering, and identification of main cell types was per-

formed as described above.

For the orthotopic PDAC mouse scRNA-seq dataset, we performed integration on the global dataset using Harmony (HVGs = 

4,000). Normalization, dimensionality reduction using PCA, UMAP embedding, and identification of main cell types was performed 

as described above. Cells were clustered using the Leiden clustering (resolution set to 0.8).

For epithelial cell analyses, we extracted and subdivided epithelial cells into subtypes and cellular states using Louvain clustering 

and marker genes as described in the results, including the following: SPINK1, GP2, CPA1, CPA2, AMY2A, AMY2B, CELA3A (Acinar); 

SCTR, CFTR, SLC4A4, GLIS3, BICC1 (Ductal); COL1A1, COL1A2, COL3A1, COL4A1, COL6A3, TIMP3, MUC6 (PanIN-like); DLEU1, 

KRT7, KRT8, KRT19, EPCAM, FXYD3, S100A6 (Cancer); GATA6, SYTL2, CDH1, residual pancreatic (acinar and ductal) lineage 

markers (classical Cancer); SNAI2, ZEB1, HMGA2, VIM, S100A4, KRT5, MT1E, MT2A, loss of pancreatic lineage markers (basal-

like Cancer); MKI67, TOP2A, CIT, CDK1 (Cycling).

For analyses of all other cell types in sn/scRNA-seq datasets, we extracted each cell compartment from the identified major cell 

types and annotated each cell subtype based on Louvain clustering and marker genes as indicated. For analyses of NK cell subtypes, 

samples were excluded if ≤ 10 total NK cells were retrieved. Marker genes for identifying human CD56 dim and CD56 bright NK cell sub-

sets based transcriptional signatures in sn/scRNA-seq data were curated from previously published studies. 67,105–107

Analysis of DEGs between two clusters was performed using the presto package 99 implementation (v.1.0.0) of the Wilcoxon rank-

sum test with auROC analysis. Analysis of DEGs in one cluster between two different samples/groups was performed using the pseu-

dobulk approach within the voom pipeline from the limma package (v.3.50.3). 100

RNA velocity analysis

We inferred transcriptional dynamics and latent time of cell state progression by RNA velocity analysis with scVelo (v.0.3.3) 89 in Py-

thon (v3.12.7), according to the developers’ tutorial. In brief, BAM files from Cell Ranger outputs were converted to loom files as input 

for RNA velocity using velocyto (v.0.17.17). 90 For each subset of cells analyzed with RNA velocity, Seurat objects were exported from 

Trailmaker and converted to anndata objects using Seurat-Disk (v.0.0.0.9021) in R. RNA velocity analysis performed in the dynamical 

mode on the top 2,500 HVGs with default settings.

Gene set scoring with UCell

To score gene sets on epithelial/cancer cell clusters in the snRNA-seq dataset, we employed UCell 91 (v.2.10.1) according to the de-

velopers’ tutorial. Gene sets as input for UCell analysis were derived from the Molecular Signatures Database (MSigDB) 104 for MAPK3 

(ERK) signaling pathway (C3: Transcription Factor Targets: ‘MAPK3 Target Genes’) and FGFR signaling pathway (C2:CP:Reactome: 

‘Reactome_Signaling_by_FGFR’), respectively.
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Copy-number variations (CNVs) in epithelial cell types

We inferred large-scale chromosomal CNVs in our snRNA-seq dataset within epithelial cell-derived nuclei using inferCNV (v.1.18.1; 

https://github.com/broadinstitute/infercnv) with default parameters. The reference gene order file (hg38_gencode_v27) was re-

trieved from the TrinityCTAT depository (https://data.broadinstitute.org/Trinity/CTAT/cnv/). To enable comparability with the as-

signed epithelial cell clusters agnostic of patient dependence, we pooled nuclei within one cluster from all samples, and selected 

acinar, ADM, and ductal_c1 cells as the reference normal set. We selected putatively non-malignant metaplastic ductal_c2 and 

PanIN-like cells, as well as malignant cancer cell clusters as the observational sets, to confirm absence of large-scale CNVs in 

non-malignant and presence in malignant cells. All clusters were trimmed to an upper threshold of 10,000 nuclei.

Pathway enrichment analysis in scRNA-/snRNA-seq datasets

To identify significantly enriched pathways in NK cells associated with their cytotoxicity profile in both scRNA-/snRNA-seq datasets, 

we first identified DEGs between ctx hi NK_C1 and all other clusters as described above. Significantly (adj. p val <0.05) enriched genes 

were then investigated for pathway enrichment with the Enrichr 92 implementation using the MSigDB Hallmark reference gene set and 

filtered for gene sets that were (1) found across both datasets, (2) enriched ≥ two times (TUM Cohort) and (3) ≥ four times (Steele 

Cohort).

Principal component analyses (PCA) of tumor heterogeneity

To profile (1) intratumoral epithelial subsets based on CISS factor expression, (2) inter- and intratumoral heterogeneity based on epi-

thelial and immune cell subtypes, (3) NK cell subsets based on CD56 dim and CD56 bright gene expression signatures, (4) and epithelial 

and NK cell subtypes and respective gene expression in the snRNA-seq dataset, or (5) NK cell clusters in the mouse PDAC scRNA-

seq dataset, we performed dimensionality reduction by PCA. For (1), we positioned each cell type by the relative fraction of cells [%] 

with non-zero expression for each CISS gene, and the overall CISS expression normalized to acinar cells. For (2), we positioned each 

tumor sample by its cellular composition using the relative fraction [%] of each epithelial and immune cell subtype compared to the 

total number of cells within the sample, by the fraction of CISS expressing epithelial cells, and by its normalized TIMP-1 expression 

across all epithelial cells. For (3), we positioned each NK cell cluster by the z-scaled gene expression of CD56 dim and CD56 bright 

marker genes. For (4), we positioned each tumor sample by the relative fraction [%] of each cellular subtype (e.g., TIMP-1 hi basal-

like cancer cells) within the respective compartment (e.g., epithelial cells), the normalized cancer cell TIMP-1 expression, and the 

norm. NK cell CD74 expression. For (5), we positioned each treatment group by its NK cell composition using the relative fraction 

[%] of each NK cell cluster compared to the total number of NK cells within that group. For each PCA visualization, the first two prin-

cipal components were selected.

Inference of cell-cell communication

We inferred cell-cell communication between cancer and NK cells using CellChat, 93 according to the developer’s tutorials. We se-

lected ‘selected signaling’ interactions and updated the ligand-receptor interaction reference database to include TIMP-1/CD74 51,52 

and TIMP-1/CD63 59,108 signaling pathways. We used a ‘truncated mean’ (trim = 0.15) threshold to only identify interactions, if genes 

are expressed in ≥15% of cells.

Cell line transcriptome screening

To screen TIMP-1 mRNA expression levels of human PC cell lines, we re-analyzed data from previously published transcriptome 

studies. 19,42 We retrieved microarray data from the Moffitt et al. study under GEO accession number GSE71729 and FPKM-normal-

ized RNA-seq data from the Diaferia et al. study under GEO accession number GSE64558. To compare TIMP-1 expression across 

cell lines from both datasets, we used the MIA PaCa-2 cell line (present in both datasets) as a normalization reference and then ap-

plied Z score scaling.

TIMP-1-dependent functions in MIA PaCa-2 cells

To identify TIMP-1-dependent functions in MIA PaCa-2 cells, we performed TIMP-1 knockout using the Mission CRISPR-Cas9 plas-

mid system (Sigma Aldrich) with two guide RNAs (gRNAs) designed to target different regions of exon 4. Generation of the TIMP-1 

knockout cell lines and knockout validation have been described previously. 76 We employed non-manipulated MIA PaCa-2 cells 

(‘TIMP-1 WT’), two validated knockout clones (‘TIMP-1 KO 1’, ‘TIMP-1 KO 2’), and one control line (‘CRISPR Control’) that acquired 

only a silent point mutation (g.64C>T) without altering the amino acid sequence, as confirmed by Sanger sequencing as described 

previously. 76

To identify TIMP-1-dependent genes in MIA PaCa-2 cells that were independent of the CRISPR-Cas9 gene editing procedure, 

we performed bulk RNA-seq of all four cell lines (each n = 3). We used DESeq2 (as described above) to identify genes that were 

differentially expressed in ‘TIMP-1 WT’ cells compared to both ‘TIMP-1 KO 1’ and ‘TIMP-1 KO 2’ cells, but not different between 

‘TIMP-1 WT’ and ‘CRISPR Control’ cells. Fold-changes of DEGs were then calculated between the mean of pooled TIMP-1-

competent (‘TIMP-1 WT’ and ‘CRISPR Control’) cells and the mean of pooled TIMP-1-deficient (‘TIMP-1 KO 1’ and ‘TIMP-1 

KO 2’) cells.
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Intracellular TIMP-1 measurement in PDAC cells

Intracellular TIMP-1 levels in MIA PaCa-2 cells were measured using Western Blot or flow cytometry analysis, as indicated. For anal-

ysis of TIMP-1 levels after treatment with DMSO (ThermoFisher Scientific) control, Trametinib (Selleckchem), and/or Nintedanib 

(Sigma-Aldrich) at indicated concentrations, MIA PaCa-2 cells were seeded overnight and then treated as indicated for 6 h (in 

the presence of Brefeldin A (ThermoFisher Scientific) for the last 4 h). Western blot analysis to determine intracellular TIMP-1 levels 

was performed as described previously. 76 TIMP-1 levels were detected using sequential primary and secondary antibodies as de-

scribed previously 76 (primary: rabbit α-human TIMP-1, clone D10E6, #8946, 1:1000, Cell Signaling Technology; secondary: HRP-

conjugated goat α-rabbit IgG (H + L), polyclonal, #31462, 1:5000, ThermoFisher Scientific) and normalized to total protein load de-

termined by SYPRO Ruby Protein staining (ThermoFisher Scientific), as described previously. 71 For flow cytometry-based analysis, 

intracellular TIMP-1 levels were stained using the Two-step Protocol for Fixation/Methanol (ThermoFisher Scientific). In brief, cells 

were fixed with IC Fixation Buffer (ThermoFisher Scientific) for 30 min at RT, permeabilized by resuspension in ice-cold 100% meth-

anol (Carl Roth), and stored at − 20 ◦ C overnight. Cells were then washed with FACS buffer and stained for intracellular TIMP-1 using 

sequential primary and secondary antibodies (primary: rabbit α-human TIMP-1, clone D10E6, #8946, 1:100, Cell Signaling Tech-

nology; secondary: AlexaFluor Plus 405-conjugated goat α-rabbit IgG (H + L), polyclonal, 1:100, ThermoFisher Scientific). Each 

staining step was performed for 60 min at RT, with washes in FACS buffer between steps. For each inhibitor treatment, a respective 

unstained control was used to detect TIMP-1 + cells above background. The resulting values were used to calculate minimal and 

maximal inhibition of TIMP-1 expression as indicated, as input for calculation of drug synergy (ZIP synergy score 109 ) using the online 

software SynergyFinder+ 94 (synergyfinder.org).

Primary human NK cells

We isolated human peripheral blood mononuclear cells (PBMCs) from whole blood samples of healthy donors by density gradient 

centrifugation using Polymorphprep (Progen), according to the manufacturer’s protocol. NK cells were purified from PBMCs by 

MACS-based negative selection using the MojoSort Human NK Cell Isolation Kit (BioLegend) according to the manufacturer’s instruc-

tions. NK cells were cultured and stimulated in RPMI 1640 (ThermoFisher Scientific) supplemented with 10% FCS (ThermoFisher 

Scientific) and 1% P/S (ThermoFisher Scientific). In flow cytometry-based assays employing PBMC-derived NK cells, NK cells 

were identified as CD56-positive (PE-Cyanine7; mouse α-human, clone QA18A21; 1:100 in FACS buffer; BioLegend or Alexa Fluor 

488; mouse α-human, clone 5.1H11; 1:100 in FACS buffer; BioLegend) and CD3-negative (eFluor450; mouse α-human, clone 

OKT3; 1:100 in FACS buffer; ThermoFisher Scientific).

NK cell signaling assays

To stimulate primary human NK cells with TIMP-1 variants, we produced and purified endotoxin-free rhTIMP-1 variants as described 

previously. 51,59,71 For measurement of granzyme B and perforin expression, NK cells were stimulated for 6 h with rhTIMP-1 (at in-

dicated concentrations); 1 μM Batimastat (Sigma-Aldrich), or respective vehicle controls in the presence (last 4 h) of Brefeldin A 

(ThermoFisher Scientific). For CD74 interference experiments, NK cells were preincubated with monoclonal α-CD74 antibody mila-

tuzumab (5 μg/mL; ThermoFisher Scientific) or human IgG control antibody (5 μg/mL; ThermoFisher Scientific) for 1 h before 

rhTIMP-1 stimulations. Intracellular granzyme B and perforin were stained using the Invitrogen Intracellular Fixation & Permeabiliza-

tion Buffer Set (ThermoFisher Scientific). In brief, NK cells were fixed, incubated for 10 min with Human TruStain FcX (1:20 in FACS 

buffer; BioLegend) at 4 ◦ C to block unspecific Fc receptor binding, permeabilized, and stained for intracellular granzyme B (PE; 

mouse α-human, clone GB11; 1:50 in permeabilization buffer; ThermoFisher Scientific) or perforin (PE; mouse α-human, clone 

B-D48; 1:50 in permeabilization buffer; BioLegend) for 2 h at 4 ◦ C.

For phospho-signaling assays, NK cells were stimulated with rhTIMP-1, co-cultured with eFluor450-labeled MIA PaCa-2 cell lines 

(NK 3:1 MIA PaCa-2) in the presence or absence of rhIL-2 (200 IU/mL; BioLegend) (durations indicated), or exposed to cancer-con-

ditioned media derived from unlabeled MIA PaCa-2 cell lines as described below. Intracellular phospho-proteins were stained using 

the Two-step Protocol for Fixation/Methanol (ThermoFisher Scientific). In brief, cells were fixed with IC Fixation Buffer (ThermoFisher 

Scientific) for 30 min at RT, transferred to new plates (in case of co-culture; only non-adherent NK cells), resuspended in ice-cold 

100% methanol (Carl Roth), and stored at − 20 ◦ C overnight. NK cells were then washed with FACS buffer, incubated for 10 min 

with Human TruStain FcX (1:20 in FACS buffer; BioLegend) at 4 ◦ C, and stained for intracellular phospho-mTOR (p-Ser2448; PE; 

mouse α-human/mouse, clone MRRBY; 1:50 in FACS buffer; ThermoFisher Scientific), phospho-S6 (p-Ser235/236; PerCP-

eFluor710; mouse α-human/mouse, clone cupk43k; 1:50 in FACS buffer; ThermoFisher Scientific), or phospho-STAT3 (p-Tyr705; 

FITC; mouse α-human/mouse, clone LUVNKLA; 1:50 in FACS buffer; ThermoFisher Scientific) for 60 min at RT. For co-cultures, 

NK cells (eFluor450 neg ) were distinguished from residual co-transferred MIA PaCa-2 cells (eFluor450 pos ).

For effects of PDAC cell line-conditioned media on NK cell phenotypes, unlabeled MIA PaCa-2 cell lines were cultivated for 48 h 

without NK cells and conditioned supernatants were harvested and employed for experiments or stored at – 80 ◦ C until further use. 

Primary NK cells were then cultivated in cancer-conditioned media or fresh control media for indicated durations, in the presence or 

absence of rhIL-2 (200 IU/mL; BioLegend), and stained as described below. For measurement of intracellular IFN-γ (FITC; mouse 

α-human, clone 4S.B3; 1:50 in permeabilization buffer; ThermoFisher Scientific) and TNF-α levels (PE; mouse α-human, clone 

Mab11; 1:50 in permeabilization buffer; BD Pharmingen), Brefeldin A (ThermoFisher Scientific) was added for the last 4 h of incuba-

tion, and staining was performed as described above (for granzyme B and perforin). For measurement of neutral lipid content, NK
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cells were washed, and stained with HCS LipidTOX Red Neutral Lipid Stain (1:1000 in FACS buffer; ThermoFisher Scientific) for 30 

min at RT.

Flow cytometry was performed using an SA3800 Spectral Analyzer (Sony Biotechnologies) or SP6800 Spectral Analyzer (Sony Bi-

otechnologies) and data was analyzed using the FlowJo software (v.10.10.0, BD Biosciences). The relative fraction [%] of p-mTOR/p-

S6-active NK cells was calculated as follows:

1 − p-mTOR neg 
=p-S6 neg NK cells

NK cell cytotoxicity assay

To determine the suppressive activity of MIA PaCa-2 cell lines on NK cell cytotoxicity, NK cells were either exposed to MIA PaCa-2 

cell line-conditioned media or fresh control media (as described above) for 24 h, or co-cultured with MIA PaCa-2 cell lines (NK 3:1 MIA 

PaCa-2) in the presence or absence of rhIL-2 (200 IU/mL; BioLegend) for 24 h. NK cells were then exposed to the eFluor450-labeled 

NK-sensitive K562 target cell line at indicated effector-to-target ratios for 3 h. Killing activity of NK cells was analyzed by flow cytom-

etry. Cells were incubated for 10 min with Human TruStain FcX (1:20 in FACS buffer; BioLegend) at 4 ◦ C and then stained for NK cell 

marker CD56 (PE-Cyanine7; mouse α-human, clone QA18A21; 1:100 in FACS buffer; BioLegend) and degranulation marker CD107a 

(PerCP-Cyanine5.5; mouse α-human, clone H4A3; 1:100 in FACS buffer; BioLegend) for 15 min at 4 ◦ C. To assess K562 cell death, 

cells were washed, stained with Annexin V (FITC; 1:40 in Annexin V Binding Buffer; BioLegend) for 15 min at RT, and resuspended in 

Annexin V binding buffer containing 7-AAD (1:20; ThermoFisher Scientific) for flow cytometry using an SA3800 Spectral Analyzer 

(Sony Biotechnologies). Data was analyzed using the FlowJo software (v.10.10.0, BD Biosciences). NK cell-specific induction of 

K562 cell apoptosis was determined by correcting for background apoptosis of K562 cells cultured without NK cells. 7-AAD pos 

dead NK cells were excluded from the analysis.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses

Sample sizes are indicated for human specimens. Tumor samples from the TUM Cohort were allocated to experimental groups 

based on tumor grade. No statistical method was used to predetermine sample sizes of experimental groups. If possible, experi-

ments were randomized and investigators were blinded to experimental allocation and outcome assessment. The GraphPad Prism 

software (v.10.4.1) or R (v.4.4.2) were used for statistical analyses, unless otherwise indicated. Affinity Designer (v.1.10.8). was used 

for graphical data visualization. Statistical analyses were performed in a two-tailed manner. Normal distribution of experimental 

groups was tested by Shapiro-Wilk tests. Parametric and nonparametric (in the absence of normal distribution) statistical tests 

were used to assess statistical significance, and corrected for multiple hypothesis testing if applicable, as indicated in the figure 

legends. The significance level was set to 0.05. Data are shown as mean ± s.d., mean ±95% CI, box and whiskers plots, or violin 

plots, as indicated in the figure legends.
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