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Abstract

Background
Pancreatic ductal adenocarcinoma (PDAC) shows marked clinical heterogeneity and extensive tumor
microenvironment (TME) remodeling. Protein palmitoylation regulates membrane-associated signaling
and tumor-related biological processes, but its transcriptional relevance to PDAC molecular stratification
and microenvironmental states remains unclear.

Methods
Integrated GEO and TCGA transcriptomic cohorts were used to characterize palmitoylation-related
expression patterns in PDAC. Consensus clustering, ssGSEA, pathway analysis, immune infiltration
estimation, and LASSO-Cox regression were applied to define molecular subtypes, construct a
palmitoylation score, and develop a prognostic model. scRNA-seq, CellChat analysis, multiplex
immunofluorescence, in vitro assays, western blotting, and xenograft models were used to investigate
the cellular context and biological role of FNDC3B.

Results
Palmitoylation-related genes stratified PDAC patients into three molecular subtypes with distinct survival
outcomes and biological programs. Cluster B showed the poorest prognosis and was enriched for
proliferative, DNA repair, epithelial-mesenchymal transition, and TME-remodeling features. A patient-level
palmitoylation score captured adverse subtype-associated transcriptional patterns and was associated
with shorter overall survival. A five-gene prognostic model comprising FNDC3B, ALDH9A1, CAPRIN2,
TTC9, and GPR133 robustly stratified patient survival across validation cohorts. FNDC3B was associated
with unfavorable prognosis and macrophage-enriched immune infiltration. Functionally, FNDC3B
knockdown impaired PDAC cell proliferation, colony formation, migration, and xenograft tumor growth,
accompanied by reduced mTOR pathway phosphorylation. Single-cell and spatial analyses identified
tumor-enriched FNDC3B-positive macrophages linked to adverse prognosis, an SPP1-centered
communication program, and SPP1-rich tumor niches.

Conclusions
This study defines a palmitoylation-associated transcriptional framework for PDAC stratification and
prognostic assessment. FNDC3B emerges as a risk-associated molecule linking tumor-cell malignant
phenotypes, mTOR-related signaling, macrophage-enriched immune features, and spatial
microenvironmental remodeling.
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Background
Pancreatic ductal adenocarcinoma (PDAC) remains a clinically refractory malignancy of the digestive
system, with a 5-year relative survival rate below 15%[1, 2]. Late clinical presentation, early dissemination
and frequent diagnosis at locally advanced or metastatic stages continue to limit the curative impact of
surgery and systemic therapy[2]. Although surgical resection, multi-agent chemotherapy and
perioperative treatment strategies have improved outcomes in selected patients, recurrence, therapeutic
resistance and disease progression remain major barriers in PDAC management[2–4]. Immune
checkpoint blockade has changed treatment paradigms in several solid tumors, but its activity in
unselected PDAC remains limited[5, 6], largely owing to low immunogenicity, desmoplastic stroma and
immunosuppressive cellular infiltration[6, 7]. These observations support the need for molecular
stratification frameworks that incorporate both tumor-cell programs and microenvironmental context.
The clinical heterogeneity of PDAC is closely linked to molecular diversity and organization of the tumor
microenvironment (TME). Transcriptomic and multi-omic studies have shown that PDAC comprises
tumor-cell-intrinsic states, including classical and basal-like/squamous programs, as well as stroma-
associated subtypes with prognostic relevance[8–10]. Desmoplastic stroma and an immunosuppressive
ecosystem are core features of the PDAC TME and can influence disease progression by restricting drug
delivery, impairing effector immune-cell infiltration and facilitating therapeutic resistance[7, 11, 12].
Tumor-associated macrophages are particularly abundant in PDAC and have been implicated in tumor
progression, immune suppression, extracellular matrix remodeling and therapeutic resistance[13]. Thus,
prognostic differences in PDAC should be interpreted not only through individual driver genes or isolated
tumor-cell states, but also through the co-evolution of malignant epithelial programs and
microenvironmental ecosystems.

Existing molecular classifications and prognostic models have improved the description of PDAC
heterogeneity[8–10]. However, how post-translational regulatory mechanisms shape tumor-cell state
transitions and microenvironmental adaptation remains less well defined. Protein post-translational
modifications (PTMs) provide a regulatory layer between gene expression and protein function by
affecting protein localization, stability, trafficking and signaling output[14]. Among these PTMs, S-
palmitoylation is a dynamic and reversible lipid modification that attaches palmitate to cysteine residues
and regulates membrane association, intracellular trafficking, protein complex assembly and membrane-
proximal signaling[15–17]. Because many receptors, adhesion molecules, immune-regulatory proteins
and signaling intermediates depend on membrane localization and trafficking, palmitoylation may
influence not only tumor-cell proliferation and survival but also cell-cell communication within the
TME[18]. In cancer, palmitoylation dysregulation has been implicated in oncogenic signaling, metabolic
adaptation, invasion, therapy resistance and immune escape[19]. PDAC-related studies have linked
palmitoylation dysregulation to tumorigenesis and radiosensitivity[20], MYC-driven tumor
progression[21], glycolytic activity and chemotherapy response[22], and macrophage-phagocytosis
evasion[23]. However, most studies have focused on individual palmitoylating enzymes, substrates or
signaling axes. Whether coordinated palmitoylation-associated transcriptional heterogeneity can define
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clinically meaningful PDAC subtypes and connect tumor-cell programs with macrophage-associated
TME remodeling remains insufficiently clarified.

Here, we systematically interrogated palmitoylation-related gene expression patterns in PDAC to identify
molecular subtypes, derive a patient-level palmitoylation score and develop a prognostic risk model.
Rather than treating palmitoylation-related genes solely as isolated enzymes or substrates, we used their
coordinated expression patterns as a transcriptional entry point into PDAC heterogeneity. FNDC3B was
subsequently prioritized as a risk-associated candidate gene, and multi-level analyses were integrated to
characterize its cellular distribution, biological role and relationship with immune microenvironmental
remodeling. A workflow diagram is provided to summarize the study design (Fig. 1). This integrated
analysis provides a palmitoylation-associated framework for PDAC molecular stratification, prognostic
assessment and investigation of tumor-immune interactions.

Materials and Methods

Bulk RNA sequencing data acquisition and preprocessing
Bulk transcriptomic profiles and corresponding clinical information for pancreatic ductal
adenocarcinoma (PDAC) were obtained from the Gene Expression Omnibus (GEO) and The Cancer
Genome Atlas (TCGA) databases[24, 25]. The GSE62452 and GSE85916 datasets were integrated as the
primary GEO-meta cohort for subtype discovery, palmitoylation score construction and model
development. Additional GEO datasets, including GSE21501, GSE57495 and GSE28735, together with
TCGA-PAAD, were used for cohort-level robustness assessment, external validation and combined-
cohort analyses of the prognostic model and key genes. The IMvigor210 cohort was included for
exploratory immunotherapy-response analysis[26]. Samples lacking essential survival information were
excluded from survival analyses. Expression matrices were log2-transformed when required and
normalized using the limma R package[27]. Batch effects across datasets were corrected using the
ComBat algorithm implemented in the sva package[28], followed by Z-score normalization for cross-
cohort analyses.

Identification of palmitoylation-related genes
Palmitoylation-related genes were retrieved from the Molecular Signatures Database (MSigDB; v2025.1,
Homo sapiens)[29]. Gene Ontology (GO) terms related to protein palmitoylation and depalmitoylation
were used to define the candidate gene set[30]. A total of 40 candidate genes were initially identified.
After matching gene symbols with the integrated transcriptomic matrix, 34 genes with available
expression data were retained for subsequent analyses.

Consensus clustering analysis
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Unsupervised consensus clustering was performed using the ConsensusClusterPlus R package[31]
based on the expression profiles of palmitoylation-related genes in the primary GEO-meta cohort.
Clustering was repeated 1,000 times with 80% sample resampling, using Pearson correlation distance
and hierarchical clustering. The optimal cluster number was determined according to the consensus
cumulative distribution function (CDF), delta area curve, and consensus matrix. Principal component
analysis (PCA) was used to visualize clustering patterns.

Construction of the palmitoylation score
A palmitoylation score (PalS) was calculated using single-sample gene set enrichment analysis
(ssGSEA) implemented in the GSVA R package (version 2.4.8; R version 4.5.2)[32, 33]. The scoring gene
set consisted of prognosis-related genes identified by univariate Cox regression among the overlapping
subtype-associated differentially expressed genes (DEGs). Patients were stratified into PalS_High and
PalS_Low groups according to the median PalS value.

Construction of the prognostic model using iterative LASSO-Cox
regression
A palmitoylation-associated prognostic signature was developed from survival-associated candidate
genes using an iterative LASSO-Cox regression approach[34]. In each iteration, 80% of samples were
randomly resampled with replacement and subjected to 10-fold cross-validated LASSO-Cox regression
using the lambda.min criterion. Genes with non-zero coefficients were recorded in each iteration. This
procedure was repeated 1,000 times, and genes selected in at least 50 iterations were retained as stable
candidates and ranked according to selection frequency. Cox models containing increasing numbers of
top-ranked genes were evaluated using the mean time-dependent area under the curve (AUC) for 1-, 2-
and 3-year overall survival[35]. Because the predictive performance increased rapidly up to the five-gene
model and then reached a plateau with only marginal improvement after adding more genes, a
parsimonious five-gene signature was retained for downstream validation. The risk score was calculated
as the sum of gene expression values weighted by multivariate Cox regression coefficients.

Differential expression and functional enrichment analyses
Pairwise differential expression analyses among palmitoylation-related molecular subtypes were
performed using the limma R package[27]. Overlapping subtype-associated differentially expressed
genes (DEGs) were defined as genes shared across all three pairwise subtype comparisons. Prognosis-
associated overlapping genes were identified by univariate Cox regression analysis. GO enrichment
analysis was performed using the clusterProfiler R package[36].

Gene set variation analysis (GSVA) was performed using hallmark and curated pathway gene sets[33],
and differential pathway activity between groups was estimated using the limma package[27]. For
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pathway-level visualization, gene sets with significant differences between comparison groups were
retained. Immune-cell infiltration was estimated using the CIBERSORT algorithm with the LM22 signature
matrix[37]. Correlation matrices and scatter plots were used to visualize associations among model
genes, immune-cell infiltration and palmitoylation-related genes.

Single-cell RNA sequencing analysis
The GSE212966 single-cell RNA sequencing (scRNA-seq) dataset, comprising paired tumor and adjacent
pancreatic tissue samples from six PDAC patients, was obtained from a previously published study[38].
For the main single-cell analyses, only tumor-derived samples were retained. Adjacent samples were
incorporated only for paired tumor–adjacent comparisons of FNDC3B expression and FNDC3B-positive
macrophage distribution. Data processing was performed using the Seurat R package[39]. Cells with
fewer than 500 detected genes, fewer than 1,500 UMIs, mitochondrial RNA percentage ≥ 15%, or
erythroid-associated signal ≥ 1% were excluded. After LogNormalize normalization, the top 2,000 variable
features were selected, and samples were integrated using the Seurat anchor-based workflow with
FindIntegrationAnchors and IntegrateData. PCA and uniform manifold approximation and projection
(UMAP)[40] were used for dimensionality reduction and visualization, followed by graph-based
clustering. Cell types were annotated using canonical marker genes and established PDAC single-cell
annotation strategies. Palmitoylation-associated transcriptional activity at the single-cell level was
quantified using AUCell[41].

Cell-cell communication analysis
Cell-cell communication analysis was performed using the CellChat R package based on curated ligand–
receptor interactions[42]. Annotated cell populations were used as input groups. FNDC3B-positive
macrophages were defined as macrophages with normalized FNDC3B expression > 0 after log-
normalization, whereas macrophages with no detectable FNDC3B expression were defined as FNDC3B-
negative macrophages. Communication probabilities and pathway-level signaling networks were inferred
across cell populations. Outgoing signaling patterns from FNDC3B-positive and FNDC3B-negative
macrophages were compared, and dominant signaling pathways and ligand–receptor pairs were further
examined.

Cell culture and lentiviral transduction
Human pancreatic cancer cell lines PANC-1, PaTu8988, MiaPaCa-2, AsPC-1, BxPC-3 and Capan-1 were
obtained from the American Type Culture Collection (ATCC). Cells were cultured in DMEM (Gibco, USA)
supplemented with 10% fetal bovine serum (Gibco, USA) and 1% penicillin–streptomycin solution (Gibco,
USA) at 37°C in a humidified incubator with 5% CO₂. To establish stable FNDC3B-knockdown pancreatic
cancer cells, lentiviral vectors carrying short hairpin RNAs targeting human FNDC3B and the
corresponding negative control vector were obtained from GeneChem (Shanghai, China). The shRNA
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sequences were cloned into the GV493 lentiviral vector carrying the hU6-MCS-CBh-gcGFP-IRES-
puromycin cassette, and the recombinant vectors were confirmed by Sanger sequencing. For lentivirus
production, recombinant lentiviral vectors were co-transfected with the packaging plasmids psPAX2 and
pMD2.G into 293T cells using Lipofectamine 2000 reagent (Invitrogen; Thermo Fisher Scientific, USA).
Lentiviral particles were harvested 72 h after transfection, centrifuged to remove cell debris, filtered
through 0.45 µm cellulose acetate filters and stored at − 80°C until use. PANC-1 and PaTu8988 cells
were transduced with lentivirus and selected with puromycin to generate stable FNDC3B-knockdown
cells.

The shRNA sequences used for FNDC3B knockdown were as follows: shFNDC3B-1,
CGGATCTGAAATCCTTGCTTA; shFNDC3B-2, GCCATCATTGTGCTTGGCTTT; and shNC,
TTCTCCGAACGTGTCACGT.

Cell proliferation and colony formation assays
For CCK-8 assays, pancreatic cancer cells were seeded into 96-well plates at a density of 4,000 cells per
well, with five replicate wells for each condition. Cell viability was measured daily for five consecutive
days. At each time point, 10 µL of CCK-8 solution was added to each well and incubated for 1 h at 37°C,
and absorbance was measured at 450 nm.

For colony formation assays, 1,000 cells were seeded into six-well plates with three replicate wells per
group and cultured for 14 days. Colonies were fixed with paraformaldehyde and stained with crystal
violet (Solarbio, #G1062, China), followed by imaging and quantification.

Transwell migration assay
A total of 1 × 10^5 pancreatic cancer cells suspended in 200 µL serum-free medium were seeded into
the upper chambers of Transwell inserts with 8.0-µm pores (Corning, USA), and 600 µL of complete
medium containing 10% FBS was added to the lower chambers as a chemoattractant. After 24 h of
incubation, cells remaining on the upper membrane surface were removed with cotton swabs. Migrated
cells on the lower surface were fixed with paraformaldehyde, stained with crystal violet, photographed,
and quantified. All experiments were performed independently in triplicate.

Western blotting
Cells were washed with PBS and lysed on ice in RIPA buffer (Solarbio, Beijing, China) supplemented with
PMSF and phosphatase inhibitor cocktail. Protein lysates were centrifuged at 12,000 × g for 15 min at
4°C, and protein concentrations were determined using a BCA protein assay kit. Equal amounts of
protein were separated by SDS–PAGE and transferred onto 0.22-µm PVDF membranes (Millipore, USA).
Membranes were blocked with 5% bovine serum albumin for 1 h at room temperature and incubated
overnight at 4°C with primary antibodies. After washing with TBST, membranes were incubated with
HRP-conjugated secondary antibodies for 1 h at room temperature. Protein bands were visualized using
enhanced chemiluminescence reagents. The primary antibodies used were as follows: FNDC3B
(Proteintech, #86272-1-RR, 1:10000), β-actin (Proteintech, #66009-1-Ig, 1:50000), mTOR (Cell Signaling
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Technology, #2983, 1:1000), p-mTOR (Ser2448) (Cell Signaling Technology, #5536, 1:1000), S6 (Cell
Signaling Technology, #2217, 1:1000), p-S6 (Ser235/236) (Cell Signaling Technology, #4858, 1:2000), 4E-
BP1 (Cell Signaling Technology, #9644, 1:1000), and p-4E-BP1 (Thr37/46) (Cell Signaling Technology,
#2855, 1:1000).

Flow cytometry
Cell-cycle distribution was analyzed using the Cell Cycle and Apoptosis Analysis Kit (C1052, Beyotime
Biotechnology, China) according to the manufacturer’s instructions. Briefly, cells were fixed in 70%
ethanol at 4°C and stained with propidium iodide (PI)/RNase staining solution in the dark. Samples were
analyzed by flow cytometry (BD Biosciences, USA), and data were processed using FlowJo software
(v10).

Multiplex immunofluorescence staining
Multiplex immunofluorescence (mIF) staining was performed on formalin-fixed, paraffin-embedded
tissue microarrays (TMAs) containing paired PDAC tumor and peritumoral tissue cores. TMA sections
were deparaffinized, rehydrated, treated with 3% hydrogen peroxide, subjected to heat-induced antigen
retrieval and blocked with 5% bovine serum albumin. A five-marker panel including panCK, CD68,
FNDC3B, SPP1 and α-SMA was stained using a tyramide signal amplification-based sequential protocol.
In each cycle, sections were incubated with the indicated primary antibody, followed by HRP-conjugated
secondary antibody incubation, tyramide fluorophore development and antibody stripping before the
next staining round. After all markers were labeled, nuclei were counterstained with DAPI, and sections
were mounted with anti-fade mounting medium. Fluorescence images of TMA cores were acquired
using identical imaging settings for paired tumor and peritumoral tissues.

Quantitative pathology
Quantitative analysis of mIF images was performed using QuPath software (v0.6.0)[43]. Scanned TMA
images were imported into QuPath, and individual tissue cores were manually annotated. Cell
segmentation was performed using the Cellpose extension with a Cellpose-SAM model, with DAPI used
for nuclear detection[44]. Fluorescence intensity measurements for panCK, CD68, FNDC3B, SPP1 and α-
SMA were extracted for each detected cell. Marker-positive cells were defined using optimized single-
measurement classifiers based on marker-specific fluorescence intensity. Composite classifiers were
generated to identify FNDC3B-negative CD68-positive and FNDC3B-positive CD68-positive macrophages,
and SPP1 positivity was quantified within each FNDC3B-positive or FNDC3B-negative macrophage
subset. Spatial proximity analysis was performed to quantify macrophage subsets located within 30 µm
of panCK-positive tumor regions or SPP1-positive cells. Correlations between the proportions of
FNDC3B-positive macrophages and SPP1-positive macrophages were assessed.

Xenograft model
Five-week-old male BALB/c nude mice were housed under specific pathogen-free conditions. All animal
experiments were approved by the Animal Care and Use Committee of Peking University First Hospital
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(Ethical Review NO.S2025396). Control and FNDC3B-knockdown PANC-1 and PaTu8988 cells were
harvested, washed with PBS, and resuspended in PBS at a density of 2 × 10^6 cells per 100 µL. Cells
were subcutaneously injected into nude mice. Five weeks after implantation, mice were sacrificed, and
xenograft tumors were excised. Tumor volume was calculated as length × width² / 2.

Statistical analysis
Statistical analyses and data visualization were performed using R software (version 4.5.2) and
GraphPad Prism (version 10). Comparisons between two independent groups were conducted using the
Wilcoxon rank-sum test, whereas paired comparisons were performed using the Wilcoxon signed-rank
test. Comparisons among three or more groups were conducted using the Kruskal-Wallis test. Fisher’s
exact test was used to compare categorical response distributions. P values were adjusted for multiple
comparisons using the Benjamini-Hochberg method when applicable. Correlations between continuous
variables were assessed using Spearman correlation analysis. Survival curves were generated using the
Kaplan–Meier method and compared using the log-rank test. Cox proportional hazards regression
analysis and time-dependent receiver operating characteristic (ROC) curve analysis were used for
prognostic modeling and performance evaluation. A two-sided P < 0.05 was considered statistically
significant unless otherwise specified.

Results

Palmitoylation-related molecular subtypes reveal
biological and prognostic heterogeneity in PDAC
To characterize palmitoylation-associated molecular heterogeneity in PDAC, we performed unsupervised
consensus clustering based on the expression of 34 palmitoylation-related genes in an integrated cohort
of 145 patients from GSE62452 and GSE85916 (Additional file 1: Table S1). Evaluation of the consensus
cumulative distribution function curve and the relative change in area under the curve supported k = 3 as
the optimal clustering solution (Figure S1A, B). Patients were classified into Cluster A (n = 54), Cluster B
(n = 34), and Cluster C (n = 57) (Fig. 2A; Additional file 1: Table S2). The consensus matrix showed high
within-cluster consistency and clear separation among the three clusters, and principal component
analysis further confirmed distinct transcriptomic distributions across the three subtypes (Fig. 2B).
Overall survival differed significantly among the subtypes, with Cluster B showing the shortest survival,
Cluster C intermediate survival, and Cluster A the longest survival (Fig. 2C). The 34 palmitoylation-related
genes exhibited distinct cluster-associated expression patterns, with different gene subsets
preferentially expressed across Clusters A, B and C (Fig. 2D).

We next compared biological and microenvironmental features across the palmitoylation-related
subtypes, focusing on Clusters A and B because they showed the greatest survival difference. Pathway
enrichment analysis revealed greater enrichment of proliferative and DNA damage-repair programs in
Cluster B, including DNA replication, mismatch repair, base excision repair, nucleotide excision repair,
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and DNA damage-response pathways, while Cluster C generally showed intermediate enrichment of
these pathways (Fig. 2E). TME signature analysis showed higher scores for antigen-processing
machinery, epithelial-mesenchymal transition, TMEscore, and TMEscoreA in Cluster B, whereas
TMEscoreB was higher in Cluster A. ssGSEA-based immune profiling further showed broad immune
remodeling in Cluster B, including higher enrichment of selected activated/memory T-cell, dendritic-cell,
and natural killer-cell signatures, but lower enrichment of activated B-cell, mast-cell, effector memory
CD8 + T-cell, and eosinophil signatures than Cluster A (Figure S1C; Additional file 1: Table S3).

Pairwise differential-expression analyses identified 189 genes shared across all three subtype
comparisons (Fig. 2F; Additional file 1: Table S4). Among these genes, univariate Cox regression
identified 25 genes significantly associated with overall survival (Fig. 2G; Additional file 1: Table S5).
Gene Ontology enrichment analysis linked these genes to cell-cycle regulation, chromosome
organization, translation, oxidoreductase activity, and growth factor activity (Fig. 2H). Based on these 25
prognosis-related genes, we calculated a patient-level palmitoylation score, termed PalS, using ssGSEA
(Additional file 1: Table S6). Patients in the PalS_High group had significantly shorter overall survival
than those in the PalS_Low group in the integrated derivation cohort (Fig. 2I). PalS largely recapitulated
subtype-associated transcriptional differences, as most subtype-associated DEGs showed concordant
changes in the PalS_High-versus-PalS_Low comparison. This concordance was weaker for Cluster C
versus Cluster B, suggesting that PalS mainly reflected the transcriptional contrast between Clusters A
and B and only partially captured Cluster C-related differences (Figure S1D). Consistently, comparison of
the 34 palmitoylation-related genes between the PalS_High and PalS_Low groups revealed distinct
expression profiles, with several ZDHHC family members showing higher expression in the PalS_High
group (Figure S1E). Collectively, these findings indicate that palmitoylation-related molecular subtypes
capture major biological, immune and prognostic heterogeneity in PDAC, and support the use of PalS as
a patient-level measure of this subtype-associated transcriptional phenotype.

High PalS is associated with proliferative and immune-
regulatory programs and unfavorable clinical outcomes
We next examined the relationship between PalS and the palmitoylation-related molecular subtypes.
PalS differed significantly among the three subtypes, with the highest scores in Cluster B, the lowest
scores in Cluster A, and intermediate scores in Cluster C (Fig. 3A), consistent with the survival gradient
observed across the three subtypes. A Sankey plot further showed that most Cluster B patients were
classified into the PalS_High group, which contained a higher proportion of deaths, whereas Cluster A
patients were predominantly assigned to the PalS_Low group and were more frequently alive (Fig. 3B). A
protein-protein interaction network based on genes differentially expressed between the PalS_High and
PalS_Low groups revealed a densely connected integrin-associated adhesion module involving ITGA6,
ITGB4, ITGB1, ITGA3, ITGA2, COL17A1, TNS4, and FLNB (Fig. 3C). Hallmark gene-set analysis showed
that PalS_High tumors had higher enrichment scores for several proliferation- and tumor progression-
related programs, including mTORC1 signaling, MYC targets, G2/M checkpoint, E2F targets, glycolysis,
and TGF-β signaling (Fig. 3D). Immune-cell ssGSEA further revealed differences between the PalS
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groups across activated and memory T-cell, regulatory T-cell, dendritic-cell, natural killer-cell, eosinophil,
and B-cell signatures (Fig. 3E). Several immune-regulatory genes, including CD274 and IDO1, together
with genes involved in TGF-β signaling, were also expressed at higher levels in the PalS_High group
(Fig. 3F).

We further evaluated the clinical relevance of PalS in IMvigor210, an external cohort of patients with
metastatic urothelial carcinoma treated with the anti-PD-L1 antibody atezolizumab[26]. Patients with
complete or partial responses were classified as responders, whereas those with stable or progressive
disease were classified as nonresponders. Nonresponders had significantly higher PalS scores than
responders (Fig. 3G). Patients in the PalS_High group also had significantly shorter overall survival than
those in the PalS_Low group (Fig. 3H), along with lower proportions of complete and partial responses
and higher proportions of stable and progressive disease (Fig. 3I). Collectively, high PalS was associated
with proliferative and immune-regulatory programs in PDAC and with poorer response and survival in an
external ICB-treated cohort.

Development and validation of a palmitoylation-associated
prognostic signature in PDAC
Given the prognostic value of PalS, we developed a PalS-based prognostic signature for PDAC using the
integrated GSE62452 and GSE85916 cohort as the training cohort. LASSO-penalized Cox regression
identified a five-gene signature comprising FNDC3B, ALDH9A1, CAPRIN2, TTC9, and GPR133 (Fig. 4A).
The risk score was calculated as follows:

Risk score = − 0.3466 × ALDH9A1 + 0.2157 × FNDC3B + 0.1558 × CAPRIN2 + 0.1238 × TTC9 − 0.1626 ×
GPR133.

Kaplan–Meier analysis showed that patients in the high-risk group had significantly shorter overall
survival than those in the low-risk group (Fig. 4B). Time-dependent receiver operating characteristic
analysis yielded area under the curve values of 0.659, 0.761, and 0.758 for 1-, 2-, and 3-year overall
survival, respectively (Fig. 4C). The model was further evaluated in the merged GSE57495 and GSE62452
datasets (Fig. 4D), GSE62452 alone (Fig. 4E), and TCGA-PAAD (Fig. 4F). Across all validation cohorts,
patients in the high-risk group had significantly shorter overall survival than those in the low-risk group.
The 25 survival-associated candidate genes identified by univariate Cox regression showed distinct
expression patterns between the high- and low-risk groups (Fig. 4G). GSVA further revealed distinct
pathway enrichment patterns between the two groups. The high-risk group showed increased
enrichment of glycolysis, apical junction, mitotic spindle, hypoxia, p53 signaling, mTORC1 signaling, and
G2/M checkpoint programs (Fig. 4H). Together, these findings demonstrate that the five-gene signature
captures prognostically distinct biological states in PDAC and provides a framework for identifying key
functional regulators within the signature.
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FNDC3B promotes PDAC cell growth, migration and
tumorigenicity
We next evaluated the individual genes comprising the prognostic signature to identify candidates with
potential biological relevance in PDAC. FNDC3B, CAPRIN2, and TTC9 showed higher expression in tumor
tissues than in non-tumor tissues (Figure S2A). Higher expression of FNDC3B, CAPRIN2, and TTC9 was
associated with shorter overall survival, whereas higher expression of ALDH9A1 and GPR133 was
associated with longer survival (Figure S2B). These prognostic associations were further examined in an
expanded GEO-TCGA meta-cohort comprising GSE21501, GSE62452, GSE85916, GSE57495, and TCGA-
PAAD. High FNDC3B expression was significantly associated with shorter overall survival (Fig. 5A), and
the remaining four signature genes showed consistent survival associations (Figure S2C). FNDC3B
expression correlated with multiple palmitoylation-related genes, including positive correlations with
ZDHHC5, ZDHHC7, ZDHHC9, ZDHHC20, and LYPLA1 (Fig. 5B). These correlations were further evaluated
in TCGA-PAAD and the expanded GEO-TCGA meta-cohort (Figure S2D).

To determine the functional role of FNDC3B in PDAC cells, FNDC3B was knocked down in PANC-1 and
PaTu8988 cells using two independent shRNAs. Western blotting confirmed efficient FNDC3B depletion
in both cell lines (Fig. 5C). FNDC3B knockdown impaired PDAC cell growth, as shown by reduced cell
viability and growth in CCK-8 assays, with differences becoming more pronounced at later time points
(Fig. 5D, E). Consistently, colony formation assays showed significantly reduced clonogenic capacity
after FNDC3B depletion in both cell lines (Fig. 5F, G), and Transwell assays demonstrated significantly
reduced PDAC cell migration (Fig. 5H, I). Flow-cytometric analysis further revealed cell-line-dependent
changes in cell-cycle distribution: FNDC3B knockdown reduced the G0/G1-phase fraction and increased
the G2-phase population in PANC-1 cells, whereas it decreased the G2-phase population without
significant changes in G0/G1 or S phase in PaTu8988 cells (Fig. 5J, K). To explore transcriptional
changes associated with FNDC3B depletion, we performed bulk RNA sequencing of control and
FNDC3B-knockdown cells. Gene-set enrichment analysis revealed negative enrichment of mTOR-related
signaling pathways following FNDC3B knockdown in both cell lines (Figure S2E). Consistently, western
blotting demonstrated reduced phosphorylation levels of mTOR, S6, and 4E-BP1 after FNDC3B depletion,
whereas the corresponding total protein levels remained largely unchanged (Fig. 5L). In xenograft
models, representative excised tumors derived from FNDC3B-knockdown PANC-1 and PaTu8988 cells
were smaller than those from control cells (Fig. 5M), and endpoint tumor volume quantification
confirmed significantly reduced tumor growth in both models following FNDC3B knockdown (Fig. 5N).

Given the association of FNDC3B with the prognostic signature and its potential relevance to tumor
biology, we next investigated whether FNDC3B was linked to immune features in PDAC. CIBERSORT
analysis revealed substantial interpatient heterogeneity in inferred immune-cell composition (Figure S3A,
B). Compared with the low-risk group, the high-risk group exhibited increased proportions of M0
macrophages and resting dendritic cells, together with reduced proportions of monocytes, naive B cells,
and CD8 + T cells (Figure S3C). Among the five signature genes, FNDC3B showed a positive correlation
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with M0 macrophage abundance (Figure S3D), and this association was consistently observed across
four additional GEO-based cohorts (Figure S3E).

Single-cell analysis identifies tumor-enriched FNDC3B-
positive macrophages in PDAC
To place FNDC3B and palmitoylation-associated transcriptional activity within the cellular context of
PDAC, we analyzed tumor-derived scRNA-seq data from six PDAC patients. After quality control, 28,291
high-quality cells were retained for downstream analysis (Figure S4A-C). Seurat-based integration
followed by UMAP visualization demonstrated effective inter-sample integration across the six samples
(Fig. 6A). Using canonical marker genes and established PDAC annotation strategies, we identified
major cell populations, including T cells (CD2 and CD3D), fibroblasts (LUM), ductal cells (KRT19),
macrophages (AIF1 and CD68), B cells (MS4A1), stellate cells (RGS5), endothelial cells (CDH5), mast
cells (TPSAB1 and CPA3), neutrophils (S100A8 and G0S2), plasma cells (MZB1), and Schwann cells
(S100B and GAP43) (Fig. 6B). Cell-type composition analysis showed that T cells, fibroblasts, ductal
cells, and macrophages were major components of the PDAC TME (Fig. 6C).

At single-cell resolution, FNDC3B was detectable across multiple cellular compartments and showed
relatively higher expression in fibroblasts, ductal cells, macrophages, endothelial cells, and neutrophils
(Fig. 6D, E). FNDC3B-positive cells were preferentially distributed within stromal, epithelial, and myeloid
compartments, whereas T cells predominated among FNDC3B-negative cells (Fig. 6F, G). Palmitoylation-
associated transcriptional activity, assessed by AUCell scoring based on the palmitoylation-related gene
set, was highest in ductal cells and fibroblasts, while macrophages, stellate cells, endothelial cells, and
neutrophils showed intermediate scores (Fig. 6H, I). Given the enrichment of FNDC3B expression within
macrophages and their relevance to immune regulation, macrophages were selected for subsequent
FNDC3B-centered analyses. Paired adjacent samples from the same six patients were incorporated for
tumor-adjacent comparison. Tumor- and adjacent-derived cells occupied a shared integrated landscape
(Figure S4D). FNDC3B expression was increased and more broadly distributed in tumor-derived cells
compared with adjacent-derived cells, as shown by UMAP visualization, violin plot analysis, and paired
sample-level comparison (Figure S4E-G). Consistently, the proportion of FNDC3B-positive macrophages
was significantly increased in tumor samples compared with matched adjacent samples (Figure S4H).
Finally, an FNDC3B-positive macrophage signature derived from genes upregulated in FNDC3B-positive
macrophages was projected onto the GSE62452-GSE85916 cohort. Patients with higher signature
scores showed significantly worse overall survival than those with lower scores (Figure S4I). Together,
these findings support the association of tumor-enriched FNDC3B-positive macrophages with adverse
prognosis in PDAC.

FNDC3B-positive macrophages exhibit an SPP1-centered
communication program and localize to SPP1-rich tumor
niches
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Using the FNDC3B-based macrophage stratification defined in the Methods, we applied CellChat to infer
ligand-receptor-mediated intercellular communication across annotated cell populations in the PDAC
TME. The global CellChat network revealed extensive predicted interactions among epithelial, stromal,
immune, and neural-associated populations (Fig. 7A). Compared with FNDC3B-negative macrophages,
FNDC3B-positive macrophages exhibited stronger outgoing signaling across multiple pathways, with
SPP1 signaling showing the most prominent increase (Fig. 7B). As sender cells, FNDC3B-positive
macrophages displayed broad communication with multiple recipient populations (Fig. 7C), and sender-
specific networks for the remaining annotated populations supported this interconnected
communication landscape (Figure S5). Pathway-level analysis further linked FNDC3B-positive
macrophages to several outgoing programs, including SPP1, FN1, MHC-related, COLLAGEN, and
GALECTIN pathways, with SPP1 representing the dominant communication axis (Fig. 7D). COLLAGEN
and FN1 network analyses further showed matrix-associated communication patterns (Figure S4J-M).
SPP1 network analysis identified FNDC3B-positive macrophages as prominent senders of SPP1
signaling. Among ligand-receptor interactions, the SPP1-CD44 axis showed the largest contribution,
followed by multiple SPP1-integrin interactions (Fig. 7E). Bubble plots and circular network visualization
further illustrated SPP1 signaling from FNDC3B-positive macrophages toward multiple recipient
populations within the PDAC microenvironment (Fig. 7F, G). Expression analysis supported the inferred
SPP1 communication pattern: SPP1 was mainly enriched in macrophage populations, including
FNDC3B-positive macrophages, whereas putative SPP1 receptors, including CD44 and integrin subunits,
were broadly expressed across stromal, epithelial, endothelial, and immune compartments (Fig. 7H, I).
Within macrophages, joint stratification according to FNDC3B and SPP1 expression identified four
macrophage states: FNDC3B-positive SPP1-positive, FNDC3B-positive SPP1-negative, FNDC3B-negative
SPP1-positive, and double-negative macrophages (Fig. 7J, K). These populations accounted for 56.4%,
16.6%, 14.9%, and 12.1% of macrophages, respectively, with FNDC3B-positive SPP1-positive
macrophages representing the predominant state (Fig. 7L).

To evaluate these single-cell and CellChat-derived findings at the tissue level, we performed multiplex
immunofluorescence staining of paired PDAC tumor and peritumoral TMA cores. Composite and single-
channel images demonstrated panCK, CD68, FNDC3B, SPP1, α-SMA, and DAPI signals across both
tissue compartments (Fig. 8A). Among FNDC3B-negative CD68-positive macrophages, the proportion of
SPP1-positive cells was significantly higher in tumor tissues than in paired peritumoral tissues, whereas
SPP1 positivity among FNDC3B-positive CD68-positive macrophages did not differ significantly between
tissue compartments (Fig. 8B). Within tumor tissues, FNDC3B-positive CD68-positive macrophages
were more frequently localized within 30 µm of panCK-positive cells than FNDC3B-negative
macrophages (Fig. 8C) and showed increased spatial proximity to SPP1-positive cells (Fig. 8D). Enlarged
multiplex images further illustrated FNDC3B and SPP1 signals within macrophage-rich regions (Fig. 8E).
Tumor-only analysis further demonstrated a higher proportion of SPP1-positive cells among FNDC3B-
positive CD68-positive macrophages compared with FNDC3B-negative macrophages (Fig. 8F). Across
paired tissues, the proportions of FNDC3B-positive and SPP1-positive macrophages were positively
correlated (Spearman ρ = 0.473) (Fig. 8G). Collectively, these findings indicate that FNDC3B-positive
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macrophages are associated with an enhanced SPP1-centered communication program and
preferentially localize near tumor epithelial regions and SPP1-rich microenvironmental niches in PDAC.

Discussion
In this study, we used palmitoylation-related gene expression as a transcriptional entry point to
characterize molecular heterogeneity in PDAC. This framework identified three palmitoylation-associated
molecular subtypes with distinct survival outcomes, biological programs and immune
microenvironmental features. We further derived a patient-level palmitoylation score and a five-gene
prognostic model, and prioritized FNDC3B as a risk-associated candidate gene. By integrating functional
experiments, single-cell analysis, CellChat inference and multiplex immunofluorescence, we linked
FNDC3B to PDAC cell growth, mTOR-related signaling output and tumor-enriched macrophage niches
characterized by SPP1-centered communication.

PDAC heterogeneity is shaped by both tumor-cell-intrinsic programs and the organization of the TME.
Previous transcriptomic and multi-omic studies have classified PDAC into classical, basal-
like/squamous and stroma-associated states with prognostic and therapeutic relevance[8–10]. In
parallel, desmoplastic stroma and myeloid immune suppression are recognized as core features of the
PDAC ecosystem[7, 12]. Our findings extend these classification efforts by showing that coordinated
expression of palmitoylation-related genes can stratify PDAC patients into biologically and clinically
distinct subtypes. Cluster B, which had the least favorable prognosis, showed enrichment of proliferative,
DNA damage-repair, EMT and TME-remodeling programs, suggesting that palmitoylation-associated
transcriptional patterns may mark an adverse tumor state integrating malignant epithelial activity and
microenvironmental remodeling. This framework is biologically meaningful because S-palmitoylation is a
reversible lipid modification that regulates membrane localization, protein trafficking, complex assembly
and membrane-proximal signaling[15, 16]. These properties are directly relevant to cancer biology, where
receptor signaling, adhesion, immune-regulatory molecules and ligand-receptor communication often
depend on membrane dynamics. In PDAC, palmitoylation dysregulation has been linked to
tumorigenesis, radiosensitivity, MYC-driven progression, metastasis, glycolytic activity and
chemotherapy response[20–22, 45]. Most prior studies have focused on individual
palmitoyltransferases, substrates or signaling axes. By contrast, our study captures palmitoylation-
associated biology at the transcriptional program level and connects it with patient prognosis, pathway
activity, immune infiltration and spatially resolved cellular states. Thus, the main value of this work is not
the identification of a single biochemical palmitoylation event, but the construction of a clinically
interpretable framework for studying palmitoylation-related heterogeneity in PDAC.

The palmitoylation score translated subtype-level differences into an individual-level measure. High PalS
was associated with shorter survival and enrichment of proliferation, glycolysis, mTORC1, MYC/E2F and
TGF-β-related programs, together with increased expression of immune-regulatory genes such as CD274
and IDO1. These findings suggest that high PalS reflects a proliferative and immune-regulatory tumor
state. The association between high PalS and poorer outcome in the IMvigor210 immunotherapy-treated
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cohort further supports the possibility that palmitoylation-associated transcriptional states intersect
with immune-regulatory programs. Although this external cohort is not derived from PDAC, the analysis
provides a useful exploratory link between PalS and therapy-associated clinical outcome. From a clinical
modeling perspective, the five-gene signature consisting of FNDC3B, ALDH9A1, CAPRIN2, TTC9 and
GPR133 provides a compact readout of palmitoylation-associated adverse biology. The model stratified
patient survival and showed consistent prognostic performance across additional cohort settings.
Compared with broad pathway scores or high-dimensional molecular classifications, a concise gene
signature may be more amenable to future assay standardization and cohort-level validation. Therefore,
this model may complement existing clinicopathological factors and transcriptomic subtype frameworks
by providing a palmitoylation-associated risk dimension for PDAC prognostic assessment.

FNDC3B emerged as a particularly relevant candidate within this framework. It was upregulated in PDAC
tumor tissues, associated with poor prognosis, correlated with macrophage infiltration and related to
multiple palmitoylation-associated genes. Functionally, FNDC3B knockdown reduced PDAC cell
proliferation, colony formation, migration and xenograft tumor growth. At the signaling level, FNDC3B
depletion reduced phosphorylation of mTOR, S6 and 4E-BP1 while leaving total protein levels largely
unchanged, suggesting attenuation of mTOR pathway activity rather than broad suppression of pathway
protein abundance. Given the central role of mTOR signaling in nutrient sensing, protein synthesis,
metabolic adaptation and PDAC progression[46, 47], FNDC3B may represent a candidate regulator
linking transcriptional risk status with malignant tumor-cell behavior. Future studies clarifying the
upstream intermediates between FNDC3B and mTOR activation may help define whether FNDC3B is a
functional driver, pathway modulator or context-dependent marker of aggressive PDAC biology.

The single-cell and spatial analyses further broaden the relevance of FNDC3B from tumor-cell behavior
to the immune microenvironment. FNDC3B expression was detected not only in epithelial compartments
but also in fibroblasts and macrophages. FNDC3B-positive macrophages were enriched in tumor tissues,
and their bulk-projected signature was associated with poor survival, suggesting that part of the
FNDC3B-related risk signal may reflect a myeloid immune context. CellChat analysis associated
FNDC3B-positive macrophages with enhanced outgoing communication, with SPP1 emerging as the
dominant inferred signaling program. SPP1 can signal through CD44 and integrin receptors to regulate
adhesion, migration, stromal remodeling and immune regulation[48], and previous studies have linked
SPP1-positive macrophages to immune evasion and TME remodeling in pancreatic cancer[49–51].
Multiplex immunofluorescence provided spatial support for this inference by showing that FNDC3B-
positive CD68-positive macrophages were enriched near panCK-positive tumor regions and SPP1-rich
niches. These findings position FNDC3B-positive macrophages as a tumor-enriched myeloid state
embedded in SPP1-associated tumor-stromal-immune communication networks.

This study also highlights several directions for future work. First, palmitoylation-associated
transcriptional states should be integrated with direct palmitoyl-proteomic approaches to determine how
transcriptional risk programs relate to biochemical S-palmitoylation events. Second, the five-gene model
requires prospective validation in clinically annotated PDAC cohorts and comparison with established

Page 17/33



clinicopathological and molecular classification systems. Third, the mechanistic relationship among
FNDC3B, mTOR signaling and SPP1-associated macrophage niches warrants functional testing using
rescue experiments, co-culture systems, ligand-receptor blockade and spatial omics. These studies will
help determine whether FNDC3B is only a marker of aggressive tumor-microenvironmental states or an
actionable regulator within this network.

In summary, this study delineates a palmitoylation-associated transcriptional framework for PDAC
molecular stratification and prognostic assessment. Within this framework, FNDC3B links PDAC cell
proliferation, migration, mTOR-related signaling and macrophage-enriched microenvironmental
remodeling. These findings connect the dynamic biology of protein palmitoylation with tumor-cell
malignant programs and spatial immune niches, providing a basis for future studies of PDAC risk
stratification and microenvironment-focused intervention.
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Figure 1

Workflow diagram illustrating the study design and analytical pipeline.
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Figure 2

(A) Consensus clustering matrix of the integrated GEO cohort based on 34 palmitoylation-related genes,
identifying Cluster A, Cluster B and Cluster C. (B) Principal component analysis (PCA) of the three
palmitoylation-related clusters. (C) Kaplan–Meier analysis of overall survival among the three clusters (P
= 0.017). (D) Heatmap showing expression patterns of palmitoylation-related genes across the three
clusters. (E) Gene-set enrichment analysis of proliferative and DNA damage-repair pathways across the
three palmitoylation-related molecular subtypes. (F) Venn diagram of overlapping differentially
expressed genes (DEGs) across the three molecular subtypes. (G) Forest plot of prognosis-related genes
identified by univariate Cox regression analysis. (H) GO enrichment of prognosis-associated overlapping
genes. (I) Kaplan–Meier survival analysis of the PalS_High and PalS_Low groups in the integrated
derivation cohort. (*P < 0.05; **P < 0.01; ***P < 0.001.)
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Figure 3

(A) Distribution of PalS across the three palmitoylation-related molecular subtypes. (B) Sankey diagram
linking molecular subtype, PalS group and vital status at the last follow-up. (C) Protein–protein
interaction network constructed from genes differentially expressed between the PalS_High and
PalS_Low groups. (D) Hallmark gene-set enrichment analysis of biological pathways in the PalS_High
and PalS_Low groups. (E) ssGSEA-based comparison of immune-cell-associated signatures between the
PalS_High and PalS_Low groups. (F) Expression of representative immune-regulatory genes in the
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PalS_High and PalS_Low groups. (G) PalS in responders and nonresponders in the IMvigor210 cohort.
(H) Kaplan–Meier analysis of the PalS_High and PalS_Low groups in the IMvigor210 cohort. (I)
Distribution of immunotherapy response categories between the PalS_High and PalS_Low groups. (*P <
0.05; **P < 0.01; ***P < 0.001.)

Figure 4

(A) Iterative LASSO-Cox optimization showing the mean time-dependent AUC across cumulative top-
frequency genes. The five-gene signature was retained as a parsimonious model after the AUC curve
reached a plateau. (B) Kaplan–Meier analysis of high- and low-risk groups in the training cohort. (C)
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Time-dependent ROC curves for 1-, 2- and 3-year overall survival prediction. (D–F) Kaplan–Meier
performance assessment in the merged GSE57495-GSE62452 dataset, GSE62452, and TCGA-PAAD. (G)
Heatmap illustrating the expression patterns of the 25 survival-associated candidate genes between the
high- and low-risk groups. (H) GSVA of biological pathways between the high- and low-risk groups.

Figure 5
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(A) Kaplan–Meier analysis of FNDC3B expression in the expanded GEO–TCGA meta-cohort. (B)
Correlation analysis between FNDC3B and palmitoylation-related genes. (C) Western blot validation of
FNDC3B knockdown in PANC-1 and PaTu8988 cells. (D, E) CCK-8 assays showing reduced cell viability
and growth after FNDC3B knockdown in PANC-1 and PaTu8988 cells. (F, G) Colony formation assays
showing impaired clonogenic growth following FNDC3B knockdown in PANC-1 and PaTu8988 cells. (H, I)
Transwell migration assays showing decreased migratory ability in FNDC3B-knockdown PANC-1 and
PaTu8988 cells. Magnification: 200×. (J, K) Flow-cytometric analysis of cell-cycle distribution after
FNDC3B knockdown in PANC-1 and PaTu8988 cells. (L) Western blot analysis showing reduced
phosphorylation of mTOR, S6 and 4E-BP1 after FNDC3B knockdown. (M) Representative xenograft
tumors derived from control and FNDC3B-knockdown PANC-1 and PaTu8988 cells. (N) Endpoint
quantification of xenograft tumor volumes in control and FNDC3B-knockdown groups. (*P < 0.05; **P <
0.01; ***P < 0.001; ****P < 0.0001.)

Figure 6
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(A) Integrated UMAP visualization of tumor-derived scRNA-seq data from six PDAC patients. (B) UMAP
of major annotated cell populations in the PDAC TME. (C) Cell-type composition across the six tumor-
derived samples. (D, E) FNDC3B expression across the single-cell landscape and annotated cell types. (F,
G) Distribution and cell-type composition of FNDC3B-positive and FNDC3B-negative cells. (H, I)
Palmitoylation-related AUCell activity across the single-cell landscape and major cell populations.

Figure 7
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(A) Global CellChat-inferred communication network across annotated cell populations. (B) Enhanced
outgoing signaling pathways in FNDC3B-positive macrophages compared with FNDC3B-negative
macrophages. (C) Outgoing communication network from FNDC3B-positive macrophages to recipient
cell populations. (D) Pathway-level outgoing signaling patterns associated with FNDC3B-positive
macrophages. (E) Network role and ligand–receptor contribution of the SPP1 signaling pathway. (F, G)
Bubble plot and circular network of SPP1-mediated communication from FNDC3B-positive
macrophages. (H, I) Expression of SPP1 and its major receptors across annotated cell populations. (J, K)
Joint stratification of macrophages according to FNDC3B and SPP1 expression. (L) Quantification of
FNDC3B/SPP1-defined macrophage subsets.

Page 31/33



Figure 8

(A) Representative composite and single-channel multiplex immunofluorescence images of paired PDAC
tumor and peritumoral TMA cores stained for panCK, CD68, FNDC3B, SPP1, α-SMA and DAPI. (B) SPP1-
positive proportions within FNDC3B-negative and FNDC3B-positive CD68-positive macrophages in paired
tumor and peritumoral tissues. (C) Proportions of FNDC3B-positive and FNDC3B-negative CD68-positive
macrophages located within 30 μm of panCK-positive epithelial/tumor cells. (D) Proportions of FNDC3B-
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positive and FNDC3B-negative CD68-positive macrophages located within 30 μm of SPP1-positive cells.
(E) Enlarged multiplex immunofluorescence images showing FNDC3B and SPP1 signals in macrophage-
rich regions. (F) Tumor-only comparison of SPP1 positivity between FNDC3B-positive and FNDC3B-
negative CD68-positive macrophages. (G) Correlation between FNDC3B-positive and SPP1-positive
macrophage proportions across paired tissues. (*P < 0.05; **P < 0.01; ***P < 0.001.)
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