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A B S T R A C T

Pancreatic ductal adenocarcinoma (PDAC) is among the most lethal malignancies, underscoring the need for 
minimally invasive biomarkers to support patient stratification and disease monitoring. In this study, we aimed 
to identify PDAC-associated immune signatures by reanalyzing a single-cell RNA-sequencing dataset and to 
validate key findings using flow cytometry in an independent cohort predominantly composed of advanced-stage 
PDAC. Analysis of peripheral blood mononuclear cells from patients with PDAC and healthy donors revealed 
increased expression of S100A6, S100A8, and S100A12, particularly within monocytes and dendritic cells. These 
transcriptional changes were confirmed at the protein level, demonstrating enrichment of S100A6+ monocytes, 
S100A6+/S100A8+ DCs, activated monocytes, and plasmacytoid DCs in PDAC. Univariate ROC analyses iden
tified S100A6+ plasmacytoid DCs, S100A8+ plasmacytoid DCs, and CD14+CD86+S100A8+ monocytes as 
candidate PDAC-associated immune features. However, further validation incorporating benign pancreatic 
conditions and multivariable modeling is required before conclusions can be drawn regarding diagnostic spec
ificity and clinical applicability.
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1. Background

Pancreatic ductal adenocarcinoma (PDAC) is a prevalent and 
aggressive form of pancreatic cancer, which is considered the thir
d‑leading cause of cancer-related deaths in both men and women [1]. Its 
incidence and mortality continue to rise globally, with estimates 
reaching 18.6 cases per 100,000 by 2050, underscoring its growing 
public health impact [2]. Despite remarkable advancements in our un
derstanding of PDAC biology, the prognosis of affected patients is poor, 
owing to late-stage diagnosis, the occurrence of early metastasis, and the 
limited availability of treatment options [3]. These challenges under
score the urgent need for sensitive biomarkers to improve the detection 
and monitoring of PDAC, thereby improving patient management and 
clinical decision-making. A key hurdle lies in identifying and validating 
tumor biomarkers through minimally invasive approaches, such as 
liquid biopsy [4]. However, the detection of small amounts of tumor- 
specific molecules such as cell-free DNA, cell-free RNA fragments, 
tumor antigens, or exosomes in the body fluids of patients for cancer 
detection remains challenging, especially in early-stage cancer due to 
extremely low levels of tumor-specific molecules in the peripheral blood 
[5]; Carbohydrate antigen 19–9 (CA 19–9) seems to be one of the rare 
serum biomarker widely approved for the clinical management of such 
patients [6,7]. This protein is also relevant in other gastrointestinal, 
hepatopancreatobiliary, and extragastrointestinal cancers, with roles in 
diagnosis, prognosis, and surgical decision-making [8]. PDAC is char
acterized by immune dysfunction both within the tumor microenvi
ronment (TME) and systemically. The TME shows multiple immune 
deficiencies, including reduced levels of functional CD4+ and CD8+ T 
cells. Systemically, there is an increase in immunosuppressive cell 
populations such as regulatory T cells, myeloid-derived suppressor cells 
(MDSCs), and M2 macrophages, which collectively enable tumor cells to 
evade immune surveillance and metastasize to distant organs [9]. 
Although immunosuppression is a hallmark of pancreatic cancer [10], 
investigations into immunosuppressive features of the PDAC immune 
landscape, especially at the systemic level using liquid biopsy, are very 
few. Peripheral blood mononuclear cells (PBMCs) are the immune sys
tem's first line of defense against cancer [11]. They could be a promising 
source of biomarkers for pancreatic cancer detection [12], as growing 
evidence demonstrates that systemic impairment of antitumor immunity 
plays a key role in the adaptive immune response in PDAC [13]. 
Moreover, PBMCs would not depend on tumor burden, which could be 
crucial for cancer detection. In this context, cutting-edge approaches 
such as single-cell RNA sequencing are a revolutionary tool for unrav
eling cellular heterogeneity and deciphering immune system dynamics, 
allowing the identification of disease biomarkers [14]. This technology 
not only facilitates the analysis of gene expression at the single-cell level 
but also enables the identification of gene origins across diverse cell 
types, thereby deepening our understanding of disease pathogenesis and 
clarifying the specific roles of genes and proteins in shaping the immune 
landscape of PDAC. In the current study, aimed at identifying liquid 
biopsy-based potential biomarkers that can discriminate PDAC patients 
from healthy subjects, we first re-analyzed single-cell transcriptomic 
data from PBMCs of PDAC patients and healthy controls to reveal dif
ferential gene expression and pathway activation within defined cell 
clusters. This analysis allowed us to identify higher expression of S100A 
family genes in the dendritic cell and monocyte populations of PDAC 
patients compared with healthy subjects, a finding we subsequently 
validated in a real-world cohort of advanced-stage PDAC patients and 
healthy controls.

2. Material and method

2.1. Study population

The ethical approval for this study was granted by the IRCCS Istituto 
Tumori “Giovanni Paolo II” of Bari under ethical code 574/2016. All 

participants provided informed and written consent before any pro
cedures were conducted. The inclusion criteria for patients with 
pancreatic ductal adenocarcinoma included the ability to provide 
informed consent, being over 18 years of age, and having a histological 
diagnosis confirming the condition. Conversely, individuals who had 
undergone surgery or other treatments were excluded from the study. 
For healthy participants, inclusion criteria comprised being over 18 
years old and capable of providing informed consent, while exclusion 
criteria involved the presence of inflammatory or chronic diseases. Data 
collection involved obtaining blood samples from patients and healthy 
donors prior to any surgical intervention or other treatments for the 
former group.

2.2. Single-cell transcriptome analysis of PBMCs

The scRNA-seq dataset, GSE155698 [13], was obtained from the 
Gene Expression Omnibus (GEO) and reanalyzed using the Scanpy 
pipeline [14–16]. This dataset contains gene expression profiles taken 
from PBMCs collected from 16 treatment-naïve PDAC patients, along 
with samples from 4 healthy donors. Initially, we employed quality 
control procedures to remove low-quality cells with fewer than 4000 
expressed genes, more than 32,000 counts per gene, or greater than 20% 
mitochondrial content. Furthermore, genes expressed in only a 
maximum of 20 cells were removed for further analysis. The raw gene 
expression counts were normalized using the sc.pp.normalize_total func
tion to achieve a total sum of 104 counts. This was followed by a loga
rithmic transformation to stabilize the variance. The sc.pp. 
highly_variable_genes function was applied to define Highly Variable 
Genes (HVGs), and the top four thousand HVGs were considered the 
most informative genes for further analysis. Principal component anal
ysis (PCA) was performed on these HVGs for dimensional reduction 
[17,18]. The ComBat algorithm (sc.pp.combat(adata, key = ‘sample’)) 
was used to correct for batch effects within samples, with sample 
identity specified as the batch variable. Uniform Manifold Approxima
tion and Projection (UMAP) was computed on the batch-corrected 
neighborhood graph to generate a low-dimensional visualization of 
the integrated dataset using `sc.tl.umap(adata)`.

The final integrated dataset comprised 34,554 cells and 18,507 genes 
and was used for all downstream analyses. Cell-type annotations were 
assigned using the CellTypist “Healthy_COVID19_PBMC” reference 
model, which is trained on peripheral blood mononuclear cell profiles 
from healthy individuals and patients with COVID-19 and comprises 51 
immune cell types (version v1, released March 10, 2022). This model is 
well-suited to high-resolution annotation of PBMC populations and has 
been previously validated in large-scale immune-profiling studies 
[19,20]. Moreover, differential expression analysis of genes (DEGs) were 
identified using the sc.tl.rank_genes_groups function, with a paired t-test 
to identify significant gene expression differences between the PDAC 
and healthy groups. Genes selected for downstream analysis had an 
adjusted p-value <0.05 and a log2 fold change >1 or < − 1. The adjusted 
p-values were calculated using the Benjamini-Hochberg method 
[21,22]. Finally, to investigate Gene Set Enrichment Analysis (GSEA), 
we used the WEB-based Gene Set Analysis Toolkit (webgestalt; https 
://www.webgestalt.org/option.php) to identify potential signaling 
pathways for the DEGs using Gene Ontology (GO) Biological Process 
gene programs. Lastly, to specifically investigate the potential disease 
associations of the genes of interest (S100A6, S100A8, and S100A12), 
we submitted them to Metascape (https://metascape.org/) for func
tional annotation and disease enrichment analysis using the DisGeNET 
database [23].

2.3. Whole blood and Peripheral blood mononuclear cells (PBMCs) 
isolation

A total of 10 mL of peripheral blood was collected into heparinized 
tubes, of which 100 μL was used for immunostaining using flow 
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cytometry. The remaining blood was subjected to PBMCs isolation by 
density gradient centrifugation using Ficoll-Hypaque, as previously 
described [24]. Red Blood Cells (RBCs) were lysed using ACK Lysing 
Buffer according to the manufacturer's protocol (Thermofisher, US). 
PBMCs were stored at − 195 ◦C in media containing 20% FBS, 10% 
DMSO, 1% ACD, and 70% RPMI until staining.

2.4. Flow cytometry analysis (Whole blood and PBMCs)

To prevent non-specific antibody binding, the aliquots of unlysed 
whole blood and PBMC were first incubated with a human FcR blocking 
reagent (Miltenyi Biotec) following the manufacturer's instructions. 
Subsequently, for whole blood analysis, a surface-staining antibody 
cocktail — including CD3 (OKT-3), CD8 (OKT-8), CD56 (NCAM), CD25 
(BC96), CD303a (201 A), CD11b (ICRF44), CD11c (3.9), CD80 (B7–1) 
(2D10.4), CD14 (61D3), CD83 (HB15e), CD11b (ICRF44), CD15 (MMA), 
HLA-DR (LN3), CD206 (MMR) and propidium iodide (10 μg/mL) was 
added, and samples were incubated for 30 min at 2–4 ◦C. Afterward, the 
samples were washed twice, the red blood cells were lysed using ACK 
buffer, and then the cells were fixed and permeabilized by Intracellular 
Fixation & Permeabilization Buffer Set, according to the manufacturer's 
instructions (ThermoScientific, #88–8823-88). The cells were incubated 
with an antibody cocktail for intracellular staining, FOXP3 (PCH101), 
IFN-γ (4S.B3), and CD68 (eBioY1/82 A (Y1/82 A)) for 30 min at room 
temperature, washed, and resuspended in PBS without Ca2+ and Mg2+

for acquisition.
Whole blood was used to analyze monocytes, DCs, macrophages (M1 and 

M2), Myeloid-derived suppressor cells (MDSCs), Treg, NKT, and CD8+ T cells, 
according to the following gating strategy: active CD8+ T cells (CD8+IFNg+), total 
DC (CD11b+CD11c+HLADR+), active DC (CD83+CD11b+CD11c+HLADR+) 
plasmacytoid DC (CD11b+CD11c+CD303+), active plasmacytoid DC 
(CD83+CD11b+CD11c+CD303+), M1 (CD68+HLADR+CD80+), M2 
(CD68+HLADR+ CD206+), mMDSC (CD11b+HLADR− CD14+), PMN-MDSC 
(CD11b+HLADR-CD15+), Treg (CD4+CD25+FOXP3+), NKT (CD3+CD56+). 
The gating strategy for whole blood analysis was summarized in Supplementary 
Fig. 1.

The PBMCs were stained with a combination of fluorescently labeled 
anti-human antibodies (candidate biomarkers), including CD14 (61D3), 
CD86 (B7–2), CD11c (3.9), CD19 (4G7), CD83 (HB15e), CD303a (201 
A), CD9 (eBioSN4), CD45RO (UCHL1), propidium iodide (10 μg/mL), 
and primary antibody S100A6 (3), S100A12 (161205) and S100A8 (CF- 
145) followed by fluorescent goat anti-mouse IgG2b and fluorescent rat 
anti-mouse IgG1 secondary antibodies according to a procedure based 
on previously described protocol [25]. PBMCs were used to analyze 
monocytes and DCs, and to evaluate the expression of S100A6, S100A8, 
and S100A12, according to the following gating strategy: monocytes 
(CD14+), activated monocytes (CD14+CD86+), total DCs (CD11c+), 
mature total DCs (CD11c+CD83+), plasmacytoid DCs 
(CD11c+CD303A+). The Attune TMNxT Acoustic Focusing Cytometer 
(Thermo Fisher Scientific, Waltham, MA, United States) equipped with 
four lasers (405nm violet, 488nm blue, 561nm yellow, and 637nm red) 
was used for the sample reading. The data were analyzed using the At
tune TMNxT Analysis Software (Thermo Fisher Scientific, Waltham, MA, 
United States). The gating strategy for PBMCs was summarized in Sup
plementary Fig. 2. Fluorescence minus one (FMO) controls were used to 
define the gating boundaries for S100A proteins and to assess fluores
cence compensation (Supplementary Fig. 3).

2.5. Statistical analysis

Data analysis was conducted using GraphPad Prism version 8.4.3. 
The Mann-Whitney U test was used to assess the statistical significance 
of mean differences between two groups (PDAC and healthy donors) in 
whole-blood and PBMC analyses. For the disease stages analysis, Sta
tistical comparisons between groups (Stage II, Stage III, and Stage IV) 
were performed using the Kruskal-Wallis test.

A significance level of p < 0.05 was considered significant between 
the groups. “ns” indicates that the observed difference is not statistically 
significant (p-value >0.05); one star (*) means p-value <0.05; Two stars 
(**) indicate p-value <0.01, while three stars (***) represent signifi
cance with p-value <0.001. The diagnostic accuracy of S100A+ immune 
cell populations, which differed significantly (P < 0.05) between PDAC 
patients and healthy subjects, was assessed using Receiver Operating 
Characteristic (ROC) analysis with an AUC ≥ 0.8.

3. Results

3.1. UMAP Visualization of PBMCs and cell distribution across the 
samples

Fig. 1a illustrates the workflow for processing the GSE155698 
dataset. The UMAP visualizations of PBMCs from PDAC patients and 
healthy donors show cell distributions vary between the two groups 
(Figs. 1b and c). Based on the expression of gene markers using cell 
typist approach, the cells were categorized into 49 clusters (Fig. 1d). 
Notably, we observed a different distribution of immune cell clusters 
between healthy controls and PDAC patients, with a increased trend in 
myeloid populations including DCs, pDCs, and both CD14+ and CD16+

monocytes in the patient group, as shown in Fig. 1e. In terms of bio
logical processes, the enrichment analyses of identified DEGs in PBMCs 
of the two groups demonstrated that these genes were significantly 
involved in processes like peptidyl-cysteine modifications, dopami
nergic neuron differentiation, regulation of embryonic development, 
and chemokine production (FDR < 0.05) (Fig. 1f).

3.2. The S100A6, S100A8, and S100A12 mRNA expression in PBMCs

The DEG analyses have shown that S100A6, S100A8, and S100A12 
were significantly upregulated in the PBMCs of PDAC patients compared 
to healthy controls (adjusted p-value <0.01; Fig. 2a and Supplementary 
Table 1). The GeneMANIA plugin in Cytoscape 3.10.1 was used to 
analyze the physical interactions and co-expression of the S100A6, 
S100A8, and S100A12 genes, with a maximum of 2 resultant genes. 
Furthermore, disease enrichment analysis using Metascape with the 
DisGeNET database revealed significant enrichment in pancreatic 
neoplasm and myocardial ischemia. These findings suggest that S100A6, 
S100A8, and S100A12 are associated with these disease conditions, 
supporting their roles in inflammatory responses and cancer-related 
processes (Supplementary Table 1).

Based on the network result, the S100A12 co-expressed with 
advanced glycosylation end product-specific receptor (AGER), while 
S100A8 co-expressed with S100A9. On the other side, S100A8, S100A9, 
S100A12, and AGER exhibit physical interactions with one another 
(Fig. 2b).

After identifying the S100A6, S100A8, and S100A12 as significantly 
upregulated genes in the PBMCs of PDAC patients, the subsequent an
alyses have shown that S100A6, S100A8, and S100A12 were expressed 
mainly in the monocyte and DC populations of the included PBMCs 
(Fig. 2c and d). Notably, there is an increasing trend in the expression of 
S100A8 and S100A12 in the monocytes and DCs of patients compared to 
controls (Fig. 2d).

3.3. Demographics, clinical profiles, and medical history of patients and 
healthy donors

A total of 19 PDAC patients and 10 healthy donors were included to 
validate our bioinformatic findings. These two populations were 
matched in terms of age and sex (Table 1). In the PDAC cohort, the 
majority of patients were diagnosed at the advanced stages and pre
sented with metastases at the time of diagnosis. Only five patients un
derwent tumor resection (Table 1). Our validation cohort did not have 
patients with benign pancreatic diseases.
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Fig. 1. Analysis of scRNA-seq data from PBMCs of PDAC patients and healthy donors. a shows the overall design of the dataset and the schematic workflow for 
scRNA-seq data analysis. b illustrates a UMAP visualization of cells, with colours corresponding to their respective samples. c displays a UMAP visualization of cells 
coloured by their status. d presents a UMAP visualization of cell types observed in PDAC and healthy samples. e displays a bar plot indicating the percentage of each 
cell type across different statuses. f Shows the GSEA of DEGs focusing on GO Biological Process gene programs. The Fig. 1a was designed using Biorender.
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3.4. Immune cell changes in the whole blood of real-life cohorts of PDAC 
patients and controls

We investigated the immune cell profile in intact whole blood from 
PDAC patients and healthy individuals to provide evidence of a 
comprehensive immune response in PDAC patients. As shown in Fig. 3, 
our analysis revealed no significant difference in monocytes and DC 
populations percentage between PDAC patients and healthy controls; 
however, some immunosuppressive cells, such as PMN-MDSCs and 
regulatory T cells, were higher in PDAC patients than in healthy subjects 

(Figs. 3i and k, respectively), while M2, M-MDSC, and plasmacytoid DC 
levels were not significantly different. Additionally, the M1 and acti
vated CD8+ T cell populations were significantly decreased in PDAC 
patients compared to healthy controls (Fig. 3f and l, respectively), 
suggesting that circulating immune cells are associated with a more 
regulatory and protumorigenic immune phenotype.

3.5. Validation of S100A protein in the peripheral monocyte population

To validate the in-silico analysis, we performed flow cytometry analysis to 

Fig. 2. Cellular and molecular characterization as well as the analysis of DEGs in PDAC PBMCs. a describes a volcano plot revealing the DEGs specific to PDAC. A 
cutoff (log2 fold change >4 or < − 8 and adjusted p-value <1 × 10− 8) was applied to highlight the most strongly regulated genes. S100A6, S100A8, and S100A12 
were considered as highly expressed genes for further investigation. b presents the analysis of co-expression/physical interaction among S100A6, S100A8, S100A9, 
S100A12, and AGER genes using the Genemania database. c shows a zoomed-in annotation and UMAP visualization representing the expression pattern of S100A6, 
S100A8, and S100A12 genes in PBMCs, with predominant expression observed in myeloid cells (CD14_monocyte, CD_16 monocyte, pDC, and DC3). d shows a dot 
plot visualization of S100A6, S100A8, and S100A12 genes in PBMCs, monocytes, and DCs.
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determine how the expression of S100A6, S100A8, and S100A12 proteins 
differs in PBMCs of PDAC patients and healthy controls (Fig. 4a). In contrast to 
the in-silico data, we found that the expression of S100A6 and S100A8 pro
teins did not differ significantly in PBMCs from PDAC patients compared with 
healthy donors; additionally, the expression of S100A12 in PBMCs of patients 
was lower than in controls (Fig. 4b-d). To further validate the in-silico findings, 
we assessed the expression levels of S100A6, S100A8, and S100A12 focusing 
on CD14+ monocyte of patient's PBMCs and compared them with those of 
healthy subjects. The analysis showed no significant difference in the per
centage of CD14+ cells in the peripheral blood of PDAC patients versus healthy 
controls (Fig. 4e). However, only CD14+ S100A6+ monocytes were signifi
cantly higher in PDAC patients than in healthy controls (Fig. 4f-h). Since 
Hansen et al. [26] recently found a significant increase in the expression of 
CD86 in circulating monocytes of PDAC patients, which are regarded as 
activated monocytes, we also determined the percentage of CD86+ cells in the 
CD14+ population, and we found that CD14+CD86+ monocytes were 

Table 1 
The characteristics of included PDAC patients and healthy controls.

PDAC patients (n = 19) 
Frequency (%) or median 
(IQR)

Controls (n = 10) 
Frequency (%) or median 
(IQR)

Age (y) 69.8 (49–84) 60.6 (47–68)
Sex Male 11 (57.9) 7 (70)

Female 8 (42.1) 3 (30)
Stage at 

diagnosis
II 6 (31.6%) Irrelevant

III 3 (15.8%) Irrelevant
IV 10 (52.6%) Irrelevant

Metastasis Present 9 (47.4%) Irrelevant
Absent 10 (52.6%) Irrelevant

Surgery Yes 5 (26.3%) Irrelevant
No 14 (72.7%) Irrelevant

Fig. 3. Whole blood staining for immune cells. Immune populations include monocytes (a), dendritic cells (DCs) (b), activated dendritic cells (c), plasmacytoid DCs 
(pDCs) (d), activated pDCs (e), macrophages with both M1 (f) and M2 (g) phenotypes, myeloid-derived suppressor cells (MDSCs), including monocytic (h) and 
polymorphonuclear (i) subsets, natural killer T (NKT) cells (j), regulatory T cells (Tregs) (k), and IFN-γ+ CD8+ T cells (l).
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Fig. 4. Analysis of S100A6, S100A8, and S100A12 proteins in monocyte populations in PBMCs of PDAC patients and controls. Fig. 4a summarizes the process used 
for the flow cytometry validation of S100A6, S100A8, and S100A12 upregulation in the PBMCs of our included PDAC patients. S100A6+ cells (b), S100A8+ cells (c), 
and S100A12+ cells (d), proportion of CD14+ monocyte (e), CD14+S100A6+ monocytes (f), CD14+CD86+S100A8+ monocytes (g) and CD14+CD86+S100A12+

monocytes (h), proportion of CD14+CD86+ monocytes (i), CD14+CD86+S100A6+ monocytes (j), CD14+CD86+S100A8+ monocytes (k), and CD14+CD86+S100A12+

monocytes (l).ns: not significant, *p < 0.05, **p < 0.01. Fig. 4a was designed using Biorender.
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significantly higher in PDAC patients compared to healthy controls. Notably, 
the percentage of CD14+CD86+S100A6+, CD14+CD86+S100A8+, and 
CD14+CD86+S100A12+ subpopulations was significantly higher in the PDAC 
patients compared to healthy controls (Fig. 4j-l).

3.6. Validation of the expression of S100A6, S100A8, and S100A12 in 
the peripheral DCs

Regarding DC populations, the results of flow cytometry analysis 
demonstrated that total DCs, S100A6+DCs, and S100A8+DCs pop
ulations were significantly higher in the PBMCs of PDAC patients than 
the control ones (Fig.5a-d). Accordingly, the total mature DC popula
tion, as well as the subpopulations CD11c+CD83+S100A6+ and 

CD11c+CD83+S100A8+, were significantly higher in the PBMCs of 
PDAC patients (Fig. 5e-h). Regarding plasmacytoid DC, our results 
demonstrated that total plasmacytoid DC CD11c+CD303A+ and all three 
plasmacytoid DC subpopulations, namely CD11c+CD303A+S100A6+, 
CD11c+CD303+S100A8+, and CD11c+CD303+S100A12+, were signifi
cantly higher in the PBMCs of PDAC patients than controls (Fig. 5i-l).

3.7. Determination of the diagnostic value of S100A-expressing immune 
cell populations

We assessed the diagnostic potential of S100A-expressing immune 
cell populations identified in the PBMCs of patients with PDAC using 
ROC analysis. The association between the indicated immune cell 

Fig. 5. Analysis of S100A6, S100A8, and S100A12 proteins in dendritic cells in PBMCs of PDAC patients and controls. (a-d) graphs showing the proportions of total 
DCs (a), S100A6+ DCs (b), S100A8+ DCs (c), and S100A6+ DCs (d). (e-h) graphs illustrating the proportions of mature DC populations, including CD11c+CD83+ DCs 
(e), CD11c+CD83+S100A6+ DCs (f), CD11c+CD83+S100A8+ DCs (g), and CD11c+CD83+S100A12+ (h). (i-l) graphs depicting the proportions of plasmacytoid DC 
(pDC) populations, including pDCs (i), pDCs S100A6+ DCs (j pDCs S100A8+ DCs (k), and pDCs S100A12+ DCs (l). ns: not significant, *p < 0.05, and **p < 0.01.
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populations and the presence of pancreatic cancer was assessed using 
AUC with 95% confidence intervals. The analysis revealed that S100A6+

plasmacytoid DCs displayed an ROC curve AUC of 0.8158, S100A8+

plasmacytoid DCs displayed an ROC curve AUC of 0.8447, and 
CD14+CD86+S100A8+ monocytes displayed an ROC curve AUC of 
0.800, ultimately showing the strongest classification performance 
among the evaluated immune subsets between PDAC patients and 
healthy subjects (Table 2). However, these represent univariate analyses 
only, and no combined multivariable diagnostic model was developed. 
The clinical applicability of these individual biomarkers requires inde
pendent prospective validation and assessment of their specificity rela
tive to benign pancreatic diseases.

We then assessed the frequencies of these three populations across 
disease stages, including Stage II (n = 3), Stage III (n = 6), and Stage IV 
(n = 10) PDAC, to determine whether their abundance changes with 
disease progression (Supplementary Fig. 4). No statistically significant 
differences were observed in the frequencies of S100A6+ plasmacytoid 
DCs, S100A8+ plasmacytoid DCs, or CD14+CD86+S100A8+ monocytes 
among Stage II, Stage III, and Stage IV patients. These candidate bio
markers do not appear to stratify PDAC severity across the stages 
assessed in this advanced-stage cohort, and their potential utility in 
early-stage disease detection requires further investigation.

4. Discussion and conclusion

PDAC is recognized as a highly aggressive malignancy, driven by its 
complex molecular profile and immunosuppressive tumor microenvi
ronment [27]. Therefore, identifying biomarkers that distinguish PDAC 
patients from healthy individuals and from benign pancreatic diseases 
could significantly improve clinical outcomes. For this purpose, we 
focused on identifying systemic immune populations via liquid biopsy as 
potential complementary biomarkers to instrumental assessment to 
improve the diagnostic accuracy of the tumor. By performing the whole 
blood analysis of both PDAC patients and healthy donors we found a 
significant increase in the percentage of myeloid derived suppressor 
cells and regulatory T cells along with a decrease of effector cells in 
PDAC patients, which depicts a scenario similar to that reported by 
Sivakumar et al. [26], who demonstrated that circulating CD4+T cells 
are dominated by Treg cells in PDAC patients. Overall, it correlated with 
reduced antitumor immune response. Since the majority of the body's 
immune response relies on PBMCs' activity, in order to identify critical 
effector molecules involved in shaping the immune landscape, and that 
are characteristic of patients with PDAC, we performed the in-silico 
analysis of differentially expressed genes in PBMCs of PDAC patients 
and healthy subjects, which highlighted that S100A6, S100A8, and 
S100A12 were significantly upregulated in DCs and the monocyte 
population of PDAC patients with respect to healthy subjects. The S100 
protein family comprises at least 25 Ca2+-binding proteins with high 

sequence and structural similarity [27], known to exert diverse immu
nomodulatory functions, such as regulation of immune cell migration, 
invasion, and differentiation [28–29]. Given the growing body of evi
dence indicating that S100 proteins play a critical role in the develop
ment and progression of various cancers, [30− 31] and the established 
prognostic relevance of certain members, such as S100A6 and S100A8 in 
pancreatic cancer [32], we further investigated the expression levels of 
S100A6, S100A8, and S100A12 in PBMC subpopulations of real life 
cohort of patients with PDAC, predominantly with stage III–IV disease, 
compared with healthy controls.

Importantly, benign pancreatic diseases were not included in the 
validation cohort; therefore, the diagnostic specificity of these bio
markers, particularly their ability to distinguish PDAC from non- 
malignant pancreatic diseases, remains to be established in future 
studies.

Using flow cytometry, we found that patients with PDAC had a 
higher percentage of S100A6- or S100A8-positive activated dendritic 
cells (DCs) and plasmacytoid DCs than healthy subjects. Moreover, 
within the classical CD14+ monocyte population, PDAC patients showed 
an increased proportion of activated monocytes expressing S100A6, 
S100A8, or S100A12, potentially reflecting a role for these proteins in 
modulating the adaptive immune response by promoting immunosup
pressive networks that support tumor progression. Accordingly, Basso D 
et al. demonstrated that the S100A8/A9 soluble complex plays a role in 
the crosstalk between tumor cells and the immune system, ultimately 
suggesting that the release of these proteins allows for a progressive 
imbalance between regulatory and effector immune cells during 
pancreatic cancer progression [33]. In this context, to investigate 
whether the higher percentages of S100A6+ plasmacytoid DCs, 
S100A8+ plasmacytoid DCs, and CD14+CD86+S100A8+ monocytes in 
PDAC patients compared to healthy subjects might have diagnostic 
significance, we performed ROC analysis, which revealed the highest 
diagnostic accuracy for all three immune cell populations. However, we 
acknowledge that further research is needed, particularly to elucidate 
the signaling pathways mediated by these S100A proteins in circulating 
immune cells of PDAC patients. Notably, AGER, identified by the gene- 
gene interaction analysis as a contributor to the functional network of 
S100 proteins, may play a critical role in circulating adaptive immunity, 
given its involvement in regulating the myeloid response in pancreatic 
cancer [34]. This work has several remarkable strengths and important 
limitations. A significant strength is that, to our knowledge, this is the 
first study to identify members of the S100A family at a high-resolution, 
cell–type–specific level in peripheral blood from patients with PDAC and 
to validate these findings at the protein level using flow cytometry.

Several limitations should also be acknowledged. The validation 
cohort was enriched for advanced-stage disease (52.6% stage IV), 
limiting our ability to determine whether these biomarkers perform 
differently in early-stage PDAC. Although stage-stratified analyses 
revealed no significant differences among stages II, III, and IV, the very 
small number of stage II cases (n = 3) substantially limited statistical 
power. Therefore, the performance of biomarkers in early-stage disease 
remains unresolved. Additionally, the validation cohort included only 
patients with PDAC and healthy controls; benign pancreatic conditions, 
such as pancreatitis, were not evaluated. As a result, the diagnostic 
specificity of these biomarkers, particularly their ability to distinguish 
PDAC from non-malignant pancreatic diseases, remains unknown. 
Third, only univariate ROC analyses were performed. No combined or 
multivariable diagnostic model integrating the identified biomarkers or 
relevant clinical variables was constructed, precluding assessment of 
their collective diagnostic performance and clinical readiness. Finally, 
while single-cell RNA sequencing enabled precise attribution of S100A6 
and S100A8 expression to specific immune cell populations, additional 
functional and mechanistic studies are required to clarify the biological 
roles of S100 family proteins in PDAC-associated immune dysregulation.

Further studies using large, prospective, stage-inclusive cohorts are 
needed to integrate these biomarkers with clinical parameters 

Table 2 
The diagnostic accuracy of S100A6, S100A8, and S100A12 positive monocyte 
and DC sub-populations.

Population Area under 
curve

CI 95% P- 
value

CD14+CD86− S100A6+

monocytes
0.7778 0.5759–0.9797 0.0165

CD14+CD86+S100A6+ monocyte 0.7895 0.6254–0.9535 0.0116
CD14+CD86+S100A8+ monocyte 0.8000 0.6386–0.9614 0.0089
CD14+CD86+S100A12+

monocyte
0.7737 0.6053–0.9420 0.0170

S100A6+ DCs 0.7684 0.5658–0.9710 0.0193
S100A8+ DCs 0.7474 0.5400–0.9547 0.0310
S100A6+ mature DCs 0.7421 0.5411–0.9431 0.0348
S100A8+ mature DCs 0.7368 0.5294–0.9443 0.0389
S100A6+plasmacytoid DCs 0.8158 0.6610–0.9706 0.0059
S100A8+ plasmacytoid DCs 0.8447 0.6862–1.000 0.0027
S100A12+ plasmacytoid DCs 0.6105 0.3818–0.8393 0.3353
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(including CA 19–9), elucidate the mechanisms of S100A proteins in 
PDAC, and evaluate their longitudinal diagnostic, predictive, and 
prognostic value.

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.clim.2026.110665.
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