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523 Figure 2. PDAC therapeutic response correlates with distinct CAF subpopulation distributions and
524  NFATC2 expression levels.

525 (A) Left: UMAP plots of stromal cells colored by subtype identity including inflammatory CAFs (iCAF),
526 NFATC2-positive CAFs (NFATC2+ CAF), myofibroblastic CAFs (myCAF), pericytes, and vascular smooth
527  muscle cells (vSMC). Right: Volcano plot for differential gene expression for NFATC2+ CAFs compared
528 to other stromal cells.

529 (B) Left: UMAP plots of stromal cells colored by patient therapy response categories (untreated, poor
530 response, minimal response, and moderate response). Right: Violin plot showing NFATC2 expression
531 levels across different treatment response groups.

532 (C) Alluvial diagram quantifying the relative proportional distribution of cell types across different
533  therapeutic response groups. Y-axis represents the percentage of cells (0-100%), with each cell type
534  shown in distinct colors. The width of each bar reflects the relative sample size per response category.

535 (D) Kaplan-Meier survival analysis demonstrates that patients with high NFATC2 (red line) based on the
536 median pseudobulk expression in CAFs exhibit significantly longer progression-free survival compared to
537  those with low expression (blue line, p = 0.039, log-rank test). The risk table shows patient numbers at
538 different time points.

539 (E) Representative images from tissue microarray analysis of PDAC patient samples stratified by
540  treatment response. Upper panels show H&E staining of stromal regions from treatment-naive tumors
541 (left), poor responder tumors (middle), and good responder tumors (right) following chemotherapy. Lower
542 panels display corresponding NFATC2 immunohistochemistry staining of serial sections from the same
543 regions. Black boxes indicate representative fields shown at higher magnification. NFATC2-positive CAFs
544 (brown nuclear staining) are more abundant in good responder samples compared to poor responders
545 and treatment-naive samples. Scale bars = 100 pm.

546 (F) Quantification of NFATC2-positive CAF percentage across patient response groups. Bar graph shows
547 percentage of NFATC2-positive stromal cells in treatment-naive tumors (orange, n=5), poor responders
548 (pink, n=2), moderate responders (green, n=6), and good responders (blue, n=3). Each dot represents an
549 individual patient sample. NFATC?2 positivity progressively increases with better treatment response, with
550 good responders showing markedly higher NFATC2+ CAF percentage (~40%) compared to poor
551 responders (~5%) and treatment-naive samples (~12%). Data are presented as mean + SEM.

552 (G) Heatmap displaying functional enrichment analysis results for each stromal cell subtype across
553 different therapeutic response groups and N stage. Gene Ontology Biological Process (GO BP) terms are
554  grouped by functional categories. The color scale represents normalized enrichment scores, with red and
555 blue indicating positive and negative enrichment, respectively.
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558 Figure 3. NFATC2 expression in CAFs limits PDAC cell growth and enhances apoptosis.

559 (A) Western blot showing ectopic NFATC2 expression in pancreatic CAFs (pCAF) generated using
560 lentiviral transduction. GAPDH served as loading control. WT, wild-type pCAFs; NFATC2+, NFATC2-
561 expressing pCAFs. Uncropped blots are shown in Supplementary Figure 3A.

562 (B) Representative fluorescence microscopy images of PANC1-pCAF co-cultures. PANC1 cells are
563 labeled with mCherry (red) and pCAF cells with EGFP (green). WT and NFATC2+ pCAF co-cultures are
564  shown on days 1-3 under vehicle or FOLFIRINOX treatment. Scale bar, 10pum.

565 (C) Quantification of PANC1 cell numbers using CellProfiler from fluorescence images showing that
566 NFATC2+ CAFs significantly reduce cancer cell proliferation, particularly under FOLFIRINOX treatment.
567 Data are presented as mean + SEM (n=3 independent experiments). Upper panel: p<0.0001. Lower
568  panel: p=0.0092, two-way ANOVA.

569 (D) Flow cytometry analysis of PANC1-pCAF co-culture systems with WT pCAFs (left) and NFATC2+
570  pCAF (right). Scatter plots display mCherry fluorescence (x-axis) versus eGFP fluorescence (y-axis),
571 PANC1 cells (mCherry+, eGFP-) seen in the lower right quadrant.

572 (E) Annexin V-FITC apoptosis assay by flow cytometry. Density plots showing the fraction of apoptotic
573 cells (Q2, top-right quadrant) relative to live cancer cells (Q3, bottom-right quadrant) following co-culture
574  with WT or NFATC2+ pCAFs + FOLFIRINOX. In FOLFIRINOX-treated cells, the apoptotic fraction
575 increased from 19.1% in WT pCAF co-cultures to 33.0% in NFATC2+ pCAF co-cultures, indicating
576 enhanced chemotherapy-induced apoptosis in cancer cells co-cultured with NFATC2+ pCAFs.
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579 Figure 4. Transcriptional programs and paracrine effects underlying NFATC2-dependent CAF-
580 cancer cell interactions.

581 (A) GSVA heatmap showing pathway activity differences between WT and NFATC2+ CAF-conditioned
582 PANC-1 cells across four experimental conditions (direct co-culture and conditioned medium, each with
583  vehicle or FOLFIRINOX treatment). Each condition contains paired samples (WT and NFATC2+,
584 representing merged biological triplicates). GSVA enrichment scores were calculated for each sample
585 and averaged across biological triplicates. Rows represent selected pathways from Hallmark, KEGG and
586 GO BP databases. Color intensity indicates GSVA enrichment Z-score (red, upregulated; blue,
587 downregulated). Left annotation bar indicates pathway database source, top annotation bars CAF
588 genotype (WT, blue; NFATC2+, red), culture method (direct, blue; CM, teal), and treatment (vehicle, cyan;
589 FOLFIRINOX, orange).

590 (B) GSVA enrichment analysis of apoptotic pathways from RNA-seq data. Box plots comparing extrinsic
591 (left) and intrinsic (right) apoptosis pathway scores between WT CAF and NFATC2+ pCAF co-cultures £
592  FOLFIRINOX. ***p < 0.001, *p < 0.05 (t-test).

593 (C) NFATC2 expression levels in different cell populations after 48-hour co-culture with activated T cells
594 under vehicle (blue) and FOLFIRINOX (red) treatments. Five experimental groups were analyzed: (1) WT
595 CAFs cultured alone; (2) WT CAFs co-cultured with T cells; (3) PANC-1 cells co-cultured with T cells; (4)
596 PANC-1 and WT CAF co-culture system stimulated with T cells (PANC-1+ CAF+ T cell); (5) T cells
597 cultured alone. Of note, T cells were removed from the co-cultures by washing before RNA extraction and
598 gPCR analysis, ensuring that measured NFATC2 expression represents only CAF or PANC-1 cells. Data
599 are presented as mean + SEM of NFATC2 expression relative to vehicle CAF (n=3 biological replicates
600 per group). Statistical significance was determined by unpaired Student's t-test comparing vehicle vs
601 FOLFIRINOX within each cell type. P-values compared with CAF Vehicle group are indicated above bars.
602  ***p < 0.001, **p < 0.01, *p < 0.05 (t-test).
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605 Figure 5. Transcriptional signatures of tumor cells stratified by NFATC2 expression in CAFs and
606 treatment response.

607 (A) UMAP visualization of single-cell transcriptomes of malignant cells from patients stratified by CAF
608 NFATC2 expression levels and treatment response. Tumor cells are colored by patient treatment
609 response classification: untreated (orange), poor response (purple), minimal response (green), and
610 moderate response (blue).

611 (B) Venn diagram illustrating the overlap of differentially expressed genes in tumor cells between
612 response group comparisons. Numbers indicate unique and shared genes between Moderate vs
613 Untreated (334 unique), Moderate vs Minimal (70 unique), and Moderate vs Poor (97 unique), with 72
614  shared genes commonly differentially expressed across all three comparisons and varying degrees of
615 pairwise overlap.

616 (C) Dot plot showing enriched biological processes and signaling pathways in the 72 overlapped genes
617  from GO and KEGG pathway enrichment analysis. The x-axis represents the enrichment factor, the y-axis
618  shows statistical significance as -log10(p-value), dot size indicates the number of genes in each category
619 (3-8 genes), and dot color intensity represents the p-value.

620 (D) Gene Set Enrichment Analysis (GSEA) plots of six cancer-relevant pathways in tumor cells comparing
621 moderate responders to other response groups. Each panel displays the enrichment plot (left) with
622 running enrichment score and rank metric, accompanied by a heatmap (right) showing normalized
623 expression of leading-edge genes across response groups. Normalized negative enrichment scores
624 (NES) indicate pathway downregulation in moderate response group compared to other responders.
625  Analyzed pathways include ERBB2 Signaling Pathway (NES = -1.57, P = 0.01), TGF Beta Signaling
626  Pathway (NES = -1.59, P < 0.0001), Hypoxia (NES = -1.4, P < 0.0001), p53 Pathway (NES = -1.56, P <
627 0.001), Epithelial Cell Proliferation (NES = -1.22, P = 0.04), and Stem Cell Proliferation (NES = -1.5, P <
628  0.001). Leading-edge genes driving pathway enrichment are labeled on the enrichment curves. Heatmap
629 displays z-score normalized expression of those genes ranging from -2 (blue, low expression) to +2 (red,
630  high expression).
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633 Figure 6. ERBB-targeted therapies enhance chemotherapy efficacy in NFATC2+ pCAF co-culture
634  system.

635 (A) Representative fluorescence microscopy images of PANC1-pCAF co-culture system under different
636 treatment conditions. Cancer cells (mCherry+, red) and CAFs (eGFP+, green) were treated with vehicle
637 control, standard chemotherapy regimens (FOLFIRINOX or Gemcitabine plus Paclitaxel) alone, or
638 chemotherapy combined with ERBB-targeted inhibitors including Trastuzumab, Erlotinib and Neratinib.
639 Scale bar, 10um.

640  (B) Quantification of PANC1 cancer cell numbers from fluorescence microscopy analysis. Data represent
641 mean * SEM from three independent experiments. Statistical significance: *p < 0.05, **p < 0.01, ***p <
642 0.001, t-test.

643 (C) Normalized cell numbers of PANCL1 from fluorescence microscopy analysis based on vehicle control
644  from each group. Data represent mean £ SEM from three independent experiments. Same statistical
645  significance marks used as (B).

646 (D) Flow cytometry analysis of the co-culture system after three-day treatment. Density plots display
647 mCherry fluorescence (x-axis) versus eGFP fluorescence (y-axis), revealing distinct cell populations:
648  PANCL1 cells (mCherry+, eGFP-, lower right quadrant), CAFs (mCherry-, eGFP+, upper left quadrant),
649  and cellular debris (lower left quadrant). Quantification of PANC1 cell proportions demonstrating a
650 marked reduction in the cancer cell population following chemotherapy combined with ERBB-targeted
651 inhibitors, particularly Trastuzumab and Neratinib, in the presence of NFATC2+ pCAFs.
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654 Figure 7. External data validation cohorts demonstrate that NFATC2 expression in CAFs is
655  associated with chemotherapy response and treatment sensitivity across cancer types.

656  (A) UMAP visualization of CAFs from an independent pancreatic cancer validation cohort**, colored by
657  treatment status: untreated (light blue) and treated (dark blue) patients showing distinct transcriptional
658  states between chemotherapy-exposed and treatment-naive stromal populations.

659 (B) UMAP visualization of the same CAFs colored by treatment response categories: untreated (orange),
660 progressive disease (purple), stable disease (green), and partial response (blue), demonstrating
661 response-associated distribution patterns of CAF subpopulations.

662 (C) NFATC2 expression levels in CAFs stratified by treatment status, showing markedly elevated
663 expression in chemotherapy-treated patients (umean = 623.75, n=7) compared to untreated patients
664  (umean = 62.64, n=20) (p<0.05, t-test).

665 (D) NFATC2 expression in CAFs stratified by treatment response, showing higher NFATC2 expression in
666  partial response compared untreated or progressive disease (* p<0.05, ** p<0.01, *** p<0.001, t-test).

667 (E) GSVA heatmap showing pathway enrichment scores in cancer cells from the same pancreatic cancer
668  validation cohort®, stratified by treatment response. Rows represent different Gene Ontology Biological
669 Process (GOBP) pathways including negative regulation of EGFR, ERBB signaling pathway, extrinsic
670  apoptotic signaling, and intrinsic apoptotic signaling. Columns represent different treatment responses
671 (Untreated, PD, SD, PR) with color intensity indicating pathway enrichment scores.

672 (F) UMAP visualization of CAFs from a rectal cancer cohort’” colored by treatment response: no
673 responder (NR, purple), partial responder (PR, green), and complete responder (CR, blue), showing
674  distinct clustering patterns associated with therapeutic outcomes.

675 (G) UMAP visualization of the same CAFs colored by timepoint: pre-treatment (orange) and post-
676  treatment (blue), illustrating treatment-associated shifts in CAF transcriptional states.

677 (H) NFATC2 expression levels in CAFs from the rectal cancer cohort prior to treatment, stratified by
678 response group.
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() Violin plot displaying post-treatment NFATC2 expression levels in CAFs across treatment response
groups, showing higher NFATC2 expression in complete response group (** p<0.01, t-test).

(J) GSVA heatmap showing pathway enrichment scores in cancer cells from the rectal cancer cohort>,
stratified by treatment response groups (NR, PR, CR) and timepoint (pre- and post-treatment). The same
GOBP pathways are analyzed as in panel E, showing dynamic changes in pathway activities across
response categories and treatment timepoints.
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STARBMETHODS
KEY RESOURCES TABLE

REAGENT OR RESOURCE SOURCE IDENTIFIER

Antibodies

Mouse NFATC2 Monoclonal Antibody Thermo Fisher Scientific MA1-025, RRID:
AB_2152763

Mouse GAPDH Monoclonal Antibody Thermo Fisher Scientific 437000, RRID:

AB_10374327

Goat anti-Mouse IgG (H+L) Secondary Antibody, HRP

Thermo Fisher Scientific

31430, RRID: AB_228307

Horse Anti-Mouse IgG Antibody (H+L), Peroxidase

Vector Laboratories

PI-2000-1, RRID:

AB_2336177
Bacterial and virus strains
One Shot™ Stbl3™ Chemically Competent E. coli Thermo Fisher Scientific C737303
Chemicals, peptides, and recombinant proteins
DMEM (Dulbecco's Modified Eagle Medium) Gibco 41965-039
MSC-GRO™ Pancreatic Stellate CAFs Maintenance Medium VitroBiopharma PC00B5
Annexin V Conjugates for Apoptosis Detection Invitrogen A13199
Fetal Bovine Serum (FBS) Life Technologies A5256701
Penicillin/streptomycin (P/S) Gibco 15140122
L-glutamine Gibco 25030024
Sodium Pyruvate Thermo Fisher Scientific 11360039
MEM Non-essential amino acids Thermo Fisher Scientific 11140035
Lipofectamine 2000 Thermo Fisher Scientific 11668019
Flow Cytometry Buffer Invitrogen 00-4222-26
Enhanced Chemiluminescence (ECL) Reagent Bio-Rad 1705060
0.5% TrypsinEDTA Thermo Fisher Scientific 25200056
Gemcitabine Selleckchem S1149
Nab-paclitaxel Selleckchem E1068
5-Fluorouracil Selleckchem S1209
Oxaliplatin Selleckchem S1224
Leucovorin Selleckchem S2588
Irinotecan Selleckchem S5026
Trastuzumab Selleckchem A2007
Erlotinib Selleckchem S1023
Neratinib Selleckchem S2150
Critical commercial assays
KAPA mRNA HyperPrep Kit Roche 8098123702
DAB detection system kit DAKO K8000
Deposited data
PANC1 co-culture RNA-sequencing data This paper GEO: GSE316877
Single-nucleus RNA sequencing data of pancreatic cancer Hwang et al.** GEO: GSE202051

Single-cell RNA sequencing data of pancreatic cancer

Werba et al.?*

GEO: GSE205013
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Single-cell RNA sequencing data of rectal cancer Qinetal® CNGBdb: CNP0004138 ‘
Experimental models: Cell lines ‘
PANC1 ATCC CVCL_0480

MIA Paca-2 ATCC CVCL_0428

Pancreatic cancer associated fibroblasts VitroBiopharma CAF08

FT293 Thermo Fisher Scientific CVCL_6911
Oligonucleotides

Primer: GAPDH Forward: GGCCTCCAAGGAGTAAGACC This paper N/A

Primer: GAPDH Reverse: AGGGGAGATTCAGTGTGGTG This paper N/A

Primer: NFATC2 Forward: ATCCCTGAATATCGGAACAA This paper N/A

Primer: NFATC2 Reverse: TGGGTGGTAGGTAAAGTGC This paper N/A

Recombinant DNA

psPAX2 Didider Trono Lab Addgene_12260

pMD2.G Didider Trono Lab Addgene_12259

pLV-eGFP Pantelis Tsoulfas Lab Addgene_36083

pLV-mCherry

Pantelis Tsoulfas Lab

Addgene_36084

TFORF1069

Feng Zhang Lab

Addgene_143463

Software and algorithms

Scanpy (v1.10.1)

Wolf et al.ﬁ

SCR_018139

Seurat (v4.4.0)

Hao et al.®’

SCR_016341

CellOracle (v0.16.0)

Kamimoto et al.®®

https://github.com/morris-
lab/CellOracle

NicheNet (v2.2.0)

Browaeys et al.”*

https://github.com/saeysla
b/nichenetr/tree/master

Fiji (v1.53) NIH https://imagej.net/software
ffijil

FlowJo (v10.6.1) BD https://www.flowjo.com/

GraphPad Prism (8.3.0) GraphPad https://www.graphpad.co
m/

CellProfiler (v4.2.5) Stirling et al.” SCR_007358

FastQC (v0.12.1)

Babraham Bioinformatics

https://www.bioinformatics
.babraham.ac.uk/projects/
fastgc/

STAR aligner (v2.5.2b)

Dobin et al.”

https://github.com/alexdob
in/STAR

Trim Galore (v0.6.10)

Krueger et al.

SCR_011847

Samtools (v1.7)

Li et al.”

https://samtools.sourcefor
ge.net/

HTSeq (v2.0.5)

Anders et al.”®

https://github.com/htseg/h
tseq

DESeq2 (v1.40.0)

Love et al.”

https://github.com/thelovel
ab/DESeq2

KMplotter

Posta et al.”

https://kmplot.com/analysi
s/
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689 METHOD DETAILS

690  Single-nucleus sequencing data analysis

691  We analyzed a publicly available snRNA-seq dataset from pancreatic ductal adenocarcinoma patients®,
692 comprising 42 samples (18 chemotherapy-treated and 24 treatment-naive). Raw count matrices were
693  processed using Scanpy (v1.10.1, RRID: SCR_018139)% in Python (3.9.22) and Seurat (v4.4.0, RRID:
694 SCR_016341)69 in R (4.4.1). Nuclei were filtered based on the following criteria: 200-6000 detected genes,
695  <20% mitochondrial gene content, and <1% hemoglobin gene content. Data were normalized using the
696  standard log-normalization method, and the top 2000 highly variable genes were identified using the
697  function ‘FindVariableFeatures’. Principal component analysis was performed on scaled data, and the top
698 30 principal components were used for downstream analysis. UMAP dimensionality reduction was applied
699 for visualization. Leiden clustering (resolution = 0.5) was performed to identify cell clusters.

700 Major cell types were annotated as previously described in the original publication®®, including epithelial
701 cells, endothelial cells, immune cells (T cells, myeloid cells, B cells), and other stromal populations. Then,
702 stromal cell populations (fibroblasts, pericytes, and vascular smooth muscle cells) were subset and re-
703  clustered at higher resolution (resolution = 1.0) to identify distinct subtypes. CAF subtypes were classified
704  based on established marker gene expression patterns™”’®’": Inflammatory CAFs (iCAFs): characterized
705 by high expression of inflammatory markers including C3, C7, FBLN1 and IGF1. Myofibroblastic CAFs
706 (myCAFs): defined by expression of FAP, ACTA2, INHBA and POSTN. Pericytes were characterized by
707 RGS5, MCAM and TAGLN expression. Vascular smooth muscle cells (vSMCs) were defined by high

708 expression of ACTA2, TAGLN and SMTN.

709 To validate our findings, we analyzed a second independent scRNA-seq dataset from PDAC patientsz“,
710  comprising samples from both chemotherapy-treated (n=7) and treatment-naive (n=20) primary PDAC
711  and liver metastasis tissues. This dataset was obtained through direct correspondence with the original
712 authors. Raw count matrices were processed using Seurat (v4) in R (4.4.1) with identical quality control
713 criteria as applied to the primary dataset: 200-6000 detected genes, <20% mitochondrial gene content,
714  and <1% hemoglobin gene content. Data were normalized using standard log-normalization, and the top
715 2000 highly variable genes were identified. Cell type annotations provided by the original authors were
716 utilized to examine gene expression patterns across treatment conditions and cellular populations.

717 For additional validation across cancer types, we analyzed a third independent scRNA-seq dataset from
718 rectal cancer patients treated with neoadjuvant FOLFIRINOX*, containing 52 samples (25 treated and 27
719  treatment- Naive) from 29 patients. The data was downloaded from China National GeneBank Database
720 (CNGBdb) with accession humber CNP0004138 and processed using the same computational pipeline
721 and quality control thresholds.

722  Construction of gene regulatory network (GRN) and identification of hub TFs in PDAC

723 To identify specific relations between TFs and genes, we created a gene regulatory network (GRN). This
724  network allows to identify relations between TFs and target genes (TGs) at a deeper level, revealing
725  dependencies between gene-gene regulation. The network is built using CellOracle (v0.16.0 on Python
726 3.8)*, a state-of-the-art tool specifically designed to generate GRNs for single cell datasets. As initial
727 configuration, the tool requires a set of pre-existing TF-TG relations. This was created by using the well-
728 known gimmemotifs (v5 vertebrate) human dataset™ provided by the authors of the tool. After this step,
729  we split the single cell dataset into different subgroups of interest, like cell type and treatment information.
730  After this initial sub-classification, the set of cells is reduced to allow a faster and more accurate
731  computation of the network. We included 10k cells (randomly sampled) and 3k genes (highly variable
732 genes) in each network. One network contained the cells coming from treated samples and the other
733  contained cells coming from treatment-naive samples. Both networks used epithelial cells (malignant and
734 benign) and CAF. Then the method uses Bayesian ridge regression model to predict the contribution of
735 each TF to modulate a target gene expression. After this step, we have two distinct GRN that can be used
736  to extract information about the connections of each TF and TG. By using common networks measures
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737 like the eigenvector centrality, we retrieved a set of TFs representing hubs (heavily connected genes).
738 These hubs are heavily connected to genes with many connections in the network, meaning that the
739 influence of these TF in the network is high.

740 Differential gene expression analysis

741 Differential expression analysis was performed using a pseudobulk approach. First, malignant cells from
742  each patient were aggregated by patient ID to generate pseudobulk expression profiles, which reduces
743 single-cell noise while preserving biological variability between patients. Gene expression counts were
744  summed across all malignant cells within each patient, and only genes expressed in at least 10% of
745 patients were retained for downstream analysis. Pseudobulked samples were grouped according to
746  neoadjuvant therapy response categories (untreated, poor response, minimal response, and moderate
747 response) and analyzed using DESeq2”. Differentially expressed genes (DEGs) were identified based on
748  following threshold: absolute log2 fold change 2 1 and adjusted p-value < 0.05.

749 Functional pathway enrichment analysis

750  Gene Ontology biological process (GO BP) and Kyoto Encyclopedia of Genes and Genomes (KEGG)
751  enrichment analyses were conducted using the R package ‘clusterProfiler’”. Threshold of p value < 0.05
752  was used for filtering. Gene set enrichment analysis (GSEA) and gene set variation analysis (GSVA) were
753 implemented with the ‘GSVA' package®, and visualized using the 'GseaVis' package. Gene sets used
754  including Hallmark, GO and KEGG were obtained from MSigDB®".

755 Survival analysis

756 Kaplan-Meier analysis was conducted using the R packages 'survival' and 'survminer'. For single-cell data,
757  patients were stratified into high and low NFATC2 expression groups based on the median pseudobulk
758 expression level of NFATC2 in CAFs as the cutoff threshold. Kaplan-Meier survival curves were
759 generated for high and low NFATC2 expression groups, and the log-rank test was used to assess
760  statistical significance between survival curves, with p-values < 0.05 considered statistically significant.

761 Bulk RNA sequencing data from The Cancer Genome Atlas (TCGA) pancreatic adenocarcinoma cohort
762 (PAAD, n=178) were obtained through UCSC Xena browser®. Patients were similarly stratified based on
763 median NFATC2 expression levels in tumor samples for Kaplan-Meier analysis. The database
764  ‘kmplotter'”> was utilized for following pan-cancer survival analysis.

765 Cell crosstalk analysis

766 Ligand-receptor interaction analysis was performed using the R package ‘nichenetr’ . Cell types with

767  sufficient cell numbers (>50 cells) were included in the analysis. Potential ligands were identified from
768  sender cells (CAF subtypes) based on expression levels and cell type specificity. Ligand activity scores
769  were calculated using NicheNet's built-in ligand-target regulatory network.

770 Immunohistochemistry

771 Human pancreatic cancer tissues were obtained from Oslo University Hospital patients undergoing
772 neoadjuvant treatment (FOLFIRINOX, 4 cycles) followed by surgery (n=11) or upfront surgery (n=4). The
773 collection of samples was approved by the Regional Ethics Committee (REK 2015/738). All patients had
774  given written informed consent for the use of tumor tissue for research purposes.

775 Formalin-fixed paraffin-embedded 3.5-micron thick whole tissue sections were incubated with mouse anti-
776 NFATC2 (1:25, overnight incubation, Thermo Fisher Scientific, #MA1-025, RRID: AB_2152763) following
777 antigen-retrieval (95°C, 30 min, citrate buffer solution, pH 6.0). Subsequently, sections were incubated
778  with horseradish peroxidase (HRP)-conjugated secondary antibody (Vector Laboratories, #31430, RRID:
779  AB_2336177) for 30 minutes, stained with a DAB detection system kit (EnVision Flex DAB+; DAKO North
780  America, Santa Clara, CA, USA), and counterstained with hematoxylin. Inmunostaining was assessed on
781 digital whole slide images by manual counting of positive and negative stromal cells in 5 hot spots (each
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782 measuring 0.6 mm?) containing at least 200 stromal cells. The percentage of positive stromal cells
783 averaged over the 5 hot spots was compared between cases.

784  Cell lines and plasmids

785  Human pancreatic carcinoma cell lines PANC1 (RRID: CVCL_0480), MIA PaCa-2 (RRID: CVCL_0428)
786  were cultured in DMEM (Gibco, Life Technologies) supplemented with 2 mM L-glutamine (Gibco,
787 25030024), 10% fetal bovine serum (FBS), and 1% Penicillin-Streptomycin (Gibco, 15140122). Human
788  pancreatic adenocarcinoma cancer-associated fibroblasts (VitroBiopharma, #CAF08) were cultured in
789 MSC-GRO™ Pancreatic Cancer-Associated Fibroblast (CAF) Maintenance Medium (VitroBiopharma,
790  #PCO0B5) with 1% Penicillin-Streptomycin. 293FT (Thermo Fisher Scientific, #R70007, RRID:
791 CVCL_6911) cells were cultured in DMEM supplemented with 10% FBS, 6mM L-glutamine (Gibco,
792  25030024), 1% Penicillin-Streptomycin, 1% Sodium Pyruvate (Thermo Fisher Scientific, #11360039) and
793 1% MEM Non-essential amino acids (Thermo Fisher Scientific, #11140035). All cell lines were tested for
794  mycoplasma contamination, cultured at low passages and maintained in a humidified incubator at 37 °C
795 and with 5% CO2. NFATC2 full-length ORF plasmid was a gift from Feng Zhang (Addgene, #143463,
796  RRID: Addgene 143463)%.

797  Lentivirus production and stable transduction

798  For virus production, NFATC2 full-length ORF plasmid was co-transfected with the packaging plasmids
799 psPAX2 (Addgene #12260, RRID: Addgene 12260) and pMD2.G (Addgene, #12259, RRID:
800  Addgene_12259) in a ratio of 4:3:1 into 293FT cells with Lipofectamine 2000 (Thermo Fisher Scientific,
801  #11668019). Then, culture medium was replenished on the following day and supernatant containing the
802  viral particles was collected after 48 h ours, filtered with 0.45 mm filters (Merck, #SE1M003MO00), and
803 concentrated using Lenti-X concentrator (Clontech, #631232), tittered using qPCR Lentivirus Titer Kit
804 (ABM, # LV900) following the manufacturer's protocol and stored as single-use aliquots in-80 °C.

805 For stable transduction, an empty vector was transfected as control. A total of 4 x 10° pCAFs in 2 mL of
806  medium with 2 pg/mL polybrene were infected with 30 uL of lentivirus supernatant. After 72 h, 2 pg/ml
807 puromycin was used for NFATC2 overexpression selection of a stable cell pool. Cell sorting was used for
808 eGFP and mCherry fluorescent marker selection. The efficiency of overexpression in a stable cell line was
809  validated by gRT-PCR and Western blot assays as described in following methods.

810  Western blot analysis

811 Pancreatic CAFs were lysed in RIPA Buffer (Thermo Fisher Scientific, #89900) supplemented with
812 protease inhibitor cocktail (Thermo Fisher Scientific, #78441). Protein concentration was determined
813 using the Bradford Protein Assay Kit (Bio-Rad, #5000202). Equal amounts of protein (20 ug) were
814  separated by SDS-PAGE and transferred onto PVDF membranes (Bio-Rad, #1620177). Membranes were
815 blocked with 5% non-fat milk in TBST (Tris-buffered saline with 0.1% Tween-20) The membranes were
816  then incubated overnight at 4°C with primary antibodies diluted in 1% BSA in TBST: anti-NFATC2 (1:1000,
817  Thermo Fisher Scientific, #MA1-025, RRID: AB 2152763) and anti-GAPDH (1:5000, Thermo Fisher
818 Scientific, #437000, RRID: AB_10374327) as a loading control. Following three washes with TBST,
819 membranes were incubated with Goat anti-Mouse Secondary antibody (1:10000, Thermo Fisher Scientific,
820  #31430, RRID: AB_228307) for 1 hour at room temperature. Protein bands were visualized using
821 enhanced chemiluminescence (ECL) reagent (Bio-Rad, #1705060) and detected with a ChemiDoc
822 imaging system (Bio-Rad, #12003153).

823 Direct co-culture of cancer cells and pCAFs and drug treatment

824 Prior to establishing the co-culture system, we performed ratio optimization experiments to determine the
825  optimal CAF: cancer cell ratio according to previous reports®*’. PANC1 cells were co-cultured with
826  pancreatic CAFs at four different ratios: 3:1, 2:1, 1:1, and 1:3 (CAF: cancer cell). After 72 hours of co-
827 culture, we found that the 3:1 ratio maintained the most stable co-culture conditions without overgrowth of
828 either cell type. Therefore, a ratio of 3:1 was selected for all subsequent co-culture experiments. Drug
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829 treatment was initiated on the second day following cell seeding, and subsequent quantitative and
830  functional assays were performed on the fourth day.

831  Drug treatments were administered at the following concentrations®*®’. All drugs were dissolved in DMSO

832 and diluted to ensure a final DMSO concentration of £1% in each well. FOLFIRINOX: 5-Fluorouracil
833 (Selleckchem, #S1209) at 10 uM, oxaliplatin (Selleckchem, #S1224) at 100 nM, leucovorin (Selleckchem,
834  #S2588) at 132 nM and irinotecan (Selleckchem, #S5026) at 123 nM. Other combination therapy:
835 Gemcitabine (Selleckchem, #S1149) at 100 nM, nab-paclitaxel (Selleckchem, #E1068) at 10 nM,
836  trastuzumab (Selleckchem, #A2007) at 10 pg/mL, erlotinib (Selleckchem, #S1023) at 1 uM, and neratinib
837  (Selleckchem, #S52150) at 100 nM.

838 Image acquisition and quantitative analysis

839 Fluorescence images were acquired using Zeiss AxioVert fluorescence microscope. For each
840  experimental condition, at least 3-4 random fields of view were captured per well, multiple with 3
841 biological replicates. Images were acquired with consistent exposure times and laser power settings
842 across all samples to ensure comparability.

843 Fluorescence microscopy images from co-culture experiments were quantitatively analyzed using
844  CellProfiler” (version 4.2.5, RRID: SCR_007358). Images were acquired in CZI format containing dual
845  fluorescence channels: mCherry-labeled cancer cells (red) and eGFP-labeled pCAFs (green). Raw
846 images were imported into CellProfiler and underwent the following preprocessing steps and parameters:
847 Multi-channel fluorescence images were separated into individual channels using the "ColorToGray".
848  Then, "CorrectllluminationApply" module was used to correct for uneven background illumination. Noise
849 reduction with Gaussian filtering (sigma = 2-3 pixels). Total cell numbers for each fluorescence channel
850 (mCherry+ cancer cells and eGFP+ CAFs) were quantified per field of view.

851 RNA isolation, quantitative real-time PCR and RNA-sequencing

852 Total RNA was isolated from two experimental designs: (1) direct co-culture of PANC1 with WT CAF and
853 NFATC2+ CAF for 3 days with or without FOLFIRINOX treatment, (2) PANC1 cultured with both CAF-
854  conditioned medium for 3 days with or without FOLFIRINOX treatment. RNA extraction was performed
855 using the RNeasy Mini Kit (Qiagen, #74136) according to the manufacturer's protocol. RNA concentration
856 and purity were assessed using a NanoDrop spectrophotometer, with A260/A280 ratios between 1.8-2.0
857  considered acceptable. NFATC2 expression was quantified using the following primer sequences (forward:
858 5-ATCCCTGAATATCGGAACAA-3, reverse: 5-TGGGTGGTAGGTAAAGTGC-3'). GAPDH served as the
859 internal reference gene (forward: 5'-GGCCTCCAAGGAGTAAGACC-3, reverse: 5'-
860 AGGGGAGATTCAGTGTGGTG-3'). Relative gene expression was calculated using the 2*(-AACt) method,
861  with each sample analysed in triplicate.

862 RNA-seq libraries were constructed using 800-1000 ng of total RNA with the KAPA mRNA HyperPrep Kit
863 (Roche, #8098123702) following the manufacturer's protocol. Libraries were quantified using Qubit
864  dsDNA HS Assay Kit. Libraries were sequenced on lllumina NovaSeq X platform generating 150 bp
865 paired-end reads.

866 Raw sequencing reads were assessed for quality using FastQC (v0.12.1). Adapter sequences and low-
867  quality bases were trimmed using Trim Galore (v0.6.10) with a quality threshold of Phred score 220 and
868 minimum read length of 20 bp. Quality-filtered reads were aligned to the human reference genome
869 (GRCh38) using STAR aligner (v2.5.2b)™" in two-pass mode with default parameters. Uniquely mapped
870 reads were retained for downstream analysis. The resulting BAM files were sorted and indexed using
871  Samtools (v1.7)"”. Gene-level read counts were quantified using HTSeq (v2.0.5)" in union mode with
872 GENCODE v38 gene annotations. Differential gene expression analysis was performed using DESeq2
873  (v1.40.0)"*in R (v4.3.0). Raw count matrices were normalized using the DESeq2 median-of-ratios method
874  to account for library size and composition biases. Genes with fewer than 10 reads across all samples
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875  were excluded from analysis. Statistical significance was determined using the Wald test with Benjamini-
876 Hochberg correction for multiple testing.

877  Flow cytometry analysis

878  Following treatments for 3 days, co-cultured cells were harvested for flow cytometric analysis. Culture
879 medium was aspirated from the co-culture systems, and cells were washed once with PBS. Cells were
880  dissociated using 0.25% trypsin-EDTA solution and incubated at 37°C for 5 minutes. Trypsin activity was
881 neutralized by adding an equal volume of complete medium containing FBS. Single-cell suspensions
882  were generated by gentle pipetting, followed by centrifugation at 400g for 4 minutes at room temperature.
883 Cell pellets were resuspended in 1 mL flow cytometry buffer (Invitrogen, #00-4222-26) and passed
884  through 40 pm cell strainers (Corning, #CLS431750) to remove cell aggregates and debris. Flow
885 cytometric analysis was performed using a Sony SH800S Cell Sorter (Sony Biotechnology) operating in
886 analysis mode. The instrument was cleaned and calibrated according to manufacturer protocols before
887 each experimental session. Standard fluorescent beads were used for instrument calibration and quality
888  control. Single-stained controls (eGFP-positive CAFs only and mCherry-positive PANCL1 cells only) and
889 unstained cells were used as negative controls for compensation adjustment and gating strategy
890  optimization. Cell suspensions were loaded into the flow cytometer sequentially, with data acquisition
891 initiated immediately upon sample loading. Data acquisition was performed until the entire sample from
892  every condition was processed to ensure comprehensive quantitative assessment of cell population ratios
893  and amounts.

894

895 SUPPLEMENTAL INFORMATION

896 Document S1: Figures S1-S6.

897 Document S2: Table S1. NFATC2 immunohistochemistry quantification in PDAC tissue
898  microarray. Related to Figure 2.

899  Table S2. Differential expressed gene list from stromal cell subtypes. Related to Figure 2.

900 Table S3-S6. Differential expressed genes of PANCL in different co-culture conditions. Related to
901
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