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Abstract
Background  In the present study, we intended to discover predictive or prognostic factors of pancreatic ductal 
adenocarcinoma (PDAC). We intended to investigate the differences between PDAC cases that are treated with 
upfront surgery (UFS) and surgery after neoadjuvant FOLFIRINOX chemotherapy (NAT), and cases with good and poor 
responses to NAT, using digital spatial profiling (DSP) and immunohistochemical (IHC) analysis.

Methods  Forty-eight PDAC cases that were surgically resected with or without NAT were included. A tissue 
microarray was constructed for DSP and IHC. Pathological tumor regression to NAT was graded based on the College 
of American Pathologists (CAP) system.

Results  Between the UFS and NAT groups, there were no significant differentially expressed genes in all cell types. In 
the NAT group, MFAP4 and EGR3 were upregulated in CAP 2 in pan CK- and CD45-negative cells. Gene set enrichment 
analysis of CD45-positive cells showed that genes related to B or T cell-associated pathways were enriched in CAP 
2, which correlated with the IHC; higher CD3-, CD4-, and CD8-positive cell densities in CAP 2. Multivariate analysis 
revealed age, high monocyte infiltration, and high CD68-positive cell infiltration as independent prognostic factors for 
overall survival.

Conclusions  Increased expression of MFAP4 and EGR3 as well as high CD3-, CD4-, and CD8-positive cell infiltration 
may be predictive markers of the NAT response in PDAC. Additionally, high monocyte infiltration and high CD68-
positive cell infiltration could serve as prognostic markers for PDAC.
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Background
Pancreatic ductal adenocarcinoma (PDAC) is the third 
leading cause of cancer-related deaths, with a discourag-
ing 5-year survival rate of only 12% in the United States 
[1]. It is treated with neoadjuvant chemotherapy (NAT) 
and/or radiotherapy; [2] however, it often remains refrac-
tory to these treatments [3]. Approximately only 15% of 
patients present with resectable or borderline resectable 
PDAC, with surgery followed by chemotherapy as the 
mainstay of treatment [2]. Although immune checkpoint 
inhibitors have shown durable clinical benefits in a wide 
range of malignancies, these benefits have not been sig-
nificant in PDAC [4], probably because of highly immu-
nosuppressive microenvironment of PDAC [3]. 

Efforts to enhance therapeutic efficacy have led to 
ongoing research on prognostic and predictive factors, 
as well as molecular subtyping of PDAC [5]. However, 
the current molecular subtyping of PDAC is in its early 
stages and has not yet influenced clinical management 
[6, 7]. In the COMPASS trial, the “classical” subtype of 
PDAC exhibited a favorable response to chemotherapy 
compared to the “basal-like” subtype [8]. However, owing 
to numerous limitations in interpretation and applica-
tion, it is challenging to incorporate these results into 
clinical practice [5]. 

Recent advancements in single-cell RNA sequencing 
and spatial transcriptomics have aimed to overcome the 
limitations of bulk sequencing [7]. Hwang et al. utilized 
these techniques to construct a high-resolution molecu-
lar landscape of PDAC by refining its molecular and cel-
lular taxonomy [9]. Farren et al. applied digital spatial 
profiling to PDAC samples, suggesting that actionable 
signaling and immune biomarkers may shed light on how 
conventional therapy can be maneuvered to improve its 
efficacy [10]. Studies investigating the crosstalk between 
tumor cells and the tumor microenvironment (TME) [11] 
continue to discover possible druggable targets and prog-
nostic indicators in PDAC [3] as well as other cancers or 
infectious diseases [12]. 

This study aimed to discover potential prognostic and 
predictive factors of PDAC, using digital spatial profiling 
and immunohistochemistry. We also compared the dif-
ferentially expressed genes and proportions of immune 
cell components between PDACs that were treated with 
upfront surgical resection (UFS) and NAT to investigate 
the effect of chemotherapy. Additionally, we compared 
the differences between PDACs based on their response 
to chemotherapy to find out predictive markers.

Methods
Patients and samples
Forty-eight patients who underwent surgical resection 
for pancreatic cancer at Seoul National University Bun-
dang Hospital between May 2017 and December 2019 

were enrolled. Among these, 24 patients were treated 
with UFS (UFS group), and 24 underwent neoadjuvant 
FOLFIRINOX chemotherapy followed by surgery (NAT 
group). Clinicopathological information, including sex, 
age, and cancer stage, was retrieved from electronic med-
ical records and pathology reports. Pathological staging 
was performed according to the eighth edition of the 
American Joint Committee on Cancer staging manual 
[13]. The tumor response to NAT was scored based on 
the College of American Pathologists (CAP) grading sys-
tem [14]. A CAP score of 0 was defined as a pathologic 
complete response with no viable residual tumor. A CAP 
score of 1 was assigned to cases showing near-complete 
responses with single cells or rare small groups of cancer 
cells. A CAP score of 2 indicated a partial response with 
residual cancer and evident tumor regression but more 
than single cells or rare small groups of cancer cells. A 
CAP score of 3 was determined in cases of poor or no 
response, characterized by extensive residual cancer 
with no evident tumor regression. This study was con-
ducted in accordance with the Declaration of Helsinki 
and was approved by the Institutional Review Board 
of Seoul National University Bundang Hospital (no. 
B-2201-735-301).

Tissue microarray (TMA) construction
A tissue microarray (TMA) was constructed using 2-mm 
diameter cores derived from formalin-fixed paraffin-
embedded blocks after choosing the most representa-
tive tumor areas. GeoMx® Digital Spatial Profiler (DSP) 
(NanoString Technologies Inc., Seattle, WA, USA). Tran-
scriptomic Atlas and IHC analyses were performed in the 
TMA block.

Spatial transcriptomic analyses
The TMA slides were stained with fluorescently-labeled 
antibodies directed against pan-cytokeratin (pan-CK) 
(green), CD45 (red) and alpha-SMA (yellow), which 
served as visualization markers. The slide was imaged 
on the GeoMx® platform, which functions in part as a 
fluorescent slide scanner. One region of interest (ROI) 
was selected for each TMA core based on the visualiza-
tion markers using a custom-designed web-based control 
program. The ROIs were selected such that each com-
ponent was similarly distributed. Once the ROIs were 
selected, a programmable digital micromirror device 
precisely directed ultraviolet light to illuminate each ROI 
and cleave the oligos in a region-specific manner. The 
released indexing DNA oligonucleotides were collected 
by microcapillary aspiration and deposited in individ-
ual wells of a microtiter plate. The localized ultraviolet 
exposure and ultraviolet-cleaved oligo collection were 
repeated for each ROI.
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Library preparation and sequencing
Library preparation was conducted following the proto-
col provided by NanoString Technologies, specifically the 
NanoString DSP-Genomics Library Preparation Protocol, 
as described by Merritt et al. [15]. Oligonucleotides from 
each ROI were amplified using PCR, employing the i5/
i7 dual-indexing system from Illumina to ensure that the 
identity of each ROI was preserved. The PCR products 
were combined and cleaned using double-round AMPure 
XP beads (Beckman Coulter, Brea, CA, USA). A Bioana-
lyzer High-Sensitivity DNA Chip (Agilent Technologies, 
Santa Clara, CA, USA) was used to assess the concen-
tration and purity of the prepared library. Sequencing 
was performed using paired-end reads (2 × 75 bp) on an 
Illumina NextSeq system (Illumina Inc. San Diego, CA, 
USA). The sequencing reads were subsequently aligned 
to specific analyte barcodes using the Bowtie tool.

Differentially expressed genes and pathway enrichment 
analysis
Count data were generated from the DSP pipeline and 
technically pre-processed using the GeoMx® Data Analy-
sis Suite (DSPDA). Differentially expressed gene (DEG) 
analysis was conducted by integrating sample, group, 
and ROI annotations using the standR packages [16]. 
After quality control, the data were normalized using the 
Trimmed Mean of M-values method, and genes with low 
coverage were filtered using edgeR::filterByExpr. Differ-
ential expression analyses were performed using voom-
limma-duplicate correlation with the edgeR::voomLmFit 
function to fit the linear model. An empirical Bayes-
moderated t-statistic was generated, and statistically 
significant genes were identified based on the criteria 
of|log2 fold change (FC)| >1 and an adjusted p-value of 
< 0.05. The false discovery rate (FDR) was controlled by 
adjusting the p-value using the Benjamini–Hochberg 
procedure. Ranking genes by fold change expression and 
gene set enrichment analysis (GSEA) were performed 
using clusterProfiler packages [17] for hallmark gene sets 
and immunologic signatures obtained from the Molecu-
lar Signatures Database (MSigDB).

Estimate of infiltrating immune cell subsets
CIBERSORTx is an analytical tool that estimates the 
relative abundance of specific cell types in bulk tumors 
based on gene expression profile data [18]. To realize the 
precise quantification of the fraction of 22 immunocyte 
types, we used a gene signature matrix consisting of 547 
genes, termed “LM22 signature matrix file,” and set the 
quantity of permutations to 100 and no batch correc-
tion with disabled quantile normalization on CIBER-
SORTx web pages (​h​t​t​p​​s​:​/​​/​c​i​b​​e​r​​s​o​r​​t​x​.​​s​t​a​n​​f​o​​r​d​.​e​d​u​/). For 
each sample, 22 types of immune cells were quantified 
along with CIBERSORTx metrics, including the Pearson 

correlation coefficient, CIBERSORTx p-value, and root 
mean squared error (RMSE). The statistical signifi-
cance of the deconvolution results for the entire cellular 
subgroup was represented by the CIBERSORTx value, 
which was employed to exclude deconvolutions with less 
remarkable fit precision.

Immunohistochemical analyses
TMA was sectioned at a thickness of 4-µm and stained 
with specific antibodies against CD3 (polyclonal, 1:100, 
Dako, Glostrup, Denmark), CD20 (L26, ready-to-use, 
Dako), CD4 (SP35, ready-to-use, Ventana Medical Sys-
tems, Tucson, AZ, USA), CD8 (C8/144B, ready-to-
use, Dako), CD68 (PG-M1, 1:300; Dako), and CD163 
(OTI2G12, 1:500, Abcam, Cambridge, UK). Immunos-
taining was performed using the Ventana BenchMark 
XT staining system. The open-source software Qupath 
(https://qupath.github.io/) [19] was utilized to quantify 
each IHC-positive cell. Cell density was calculated as the 
number of IHC-positive cells per 1 mm2, and the median 
density for each antibody was used as the cutoff for sta-
tistical purposes.

Statistical analyses
Pearson’s chi-square test or Fisher’s exact test was used 
to compare categorical variables. To compare continu-
ous variables, the independent samples t-test or Mann–
Whitney U test was used. Univariate and multivariate 
logistic regression analyses were performed to determine 
the clinicopathological features associated with prog-
nosis. Survival outcomes were estimated using Kaplan–
Meier analysis and compared using the log-rank test. The 
clinical factors that affected survival were identified using 
the Cox proportional hazards model, and hazard ratios 
(HRs) were calculated using 95% confidence intervals 
(CIs). The results were considered statistically significant 
with a two-tailed p-value of less than 0.05. All data were 
analyzed using SPSS software (version 22.0; IBM Corp., 
Armonk, NY, USA) and R (version 3.6.3, ​h​t​t​p​:​/​/​w​w​w​.​r​-​p​r​
o​g​e​c​t​.​o​r​g​/​​​​​, accessed on September 10, 2021).

Results
Patient characteristics
The clinicopathological characteristics of patients with 
PDAC are summarized in Table  1. Despite the higher 
rates of initial resectability and negative postoperative 
surgical margins in the UFS group, there were no signifi-
cant differences in most clinicopathological parameters. 
Preoperative CA19-9 levels were significantly lower in 
the NAT group, although there was no significant differ-
ence in the initial or postoperative CA 19 − 9 levels.

https://cibersortx.stanford.edu/
https://qupath.github.io/
http://www.r-progect.org/
http://www.r-progect.org/
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All (N = 48) UFS group (N = 24) NAT group (N = 24) p-value
Sex 0.149
  Male 23 (47.9%) 14 (58.3%) 9 (37.5%)
  Female 25 (52.1%) 10 (41.7%) 15 (62.5%)
Age 0.235
  Median (range) (years) 66 (41–84) 67 (41–84) 64 (48–77)
Initial stage (image) < 0.001
  Resectable 24 (50.0%) 24 (100%) 0 (0%)
  Borderline resectable 20 (41.7%) 0 (0%) 20 (83.3%)
  Locally advanced 3 (6.3%) 0 (0%) 3 (12.5%)
  Metastatic 1 (2.1%) 0 (0%) 1 (4.2%)
Initial CA 19 − 9 0.864
  Median (range) 149 (6–5800) 187 (8–5800) 131 (6–2549)
Preoperative CA 19 − 9 0.014
  Median (range) 103 (5-5800) 187 (8-5800) 39 (5-1260)
Post-op CA 19 − 9 0.059
  Median (range) 56 (5–420) 87 (6–420) 25 (5–201)
Surgery 0.771
  Pancreatoduodenectomy 27 (56.3%) 13 (54.2%) 14 (58.3%)
  Distal pancreatectomy 21 (43.8%) 11 (45.8%) 10 (41.7%)
Pathologic diagnosis 0.234
  Ductal adenocarcinoma 45 (93.8%) 24 (100%) 21 (87.5%)
  Adenosquamous carcinoma 3 (6.3%) 0 (0%) 3 (12.5%)
Differentiation 0.066
  Moderately differentiated 32 (66.7%) 13 (54.2%) 19 (79.2%)
  Poorly differentiated 16 (33.3%) 11 (45.8%) 5 (20.8%)
Tumor location 0.213
  Uncinate process, head, neck 25 (52.1%) 11 (45.8%) 14 (58.3%)
  Body, tail 23 (47.9%) 13 (54.2%) 10 (41.7%)
Tumor size 0.369
  Median (range) (cm) 2.8 (1.0–7.7) 2.9 (1.2–4.7) 2.6 (1.0–7.7)
Angiolymphatic invasion 0.540
  Absent 16 (33.3%) 7 (29.2%) 9 (37.5%)
  Present 32 (66.7%) 17 (70.8%) 15 (62.5%)
Venous invasion 0.755
  Absent 33 (68.8%) 17 (70.8%) 16 (66.7%)
  Present 15 (31.3%) 7 (29.2%) 8 (33.3%)
Perineural invasion 0.050
  Absent 5 (10.4%) 0 (0%) 5 (20.8%)
  Present 43 (89.6%) 24 (100%) 19 (79.2%)
Surgical margin 0.039
  Negative 17 (35.4%) 11 (45.8%) 6 (25%)
  Less than 1 mm 26 (54.2%) 13 (54.2%) 13 (54.2%)
  0 mm 5 (10.4%) 0 (0%) 5 (20.8%)
pT category 0.245
  1–2 40 (83.3%) 22 (91.7%) 18 (75.0%)
  3–4 8 (16.7%) 2 (8.3%) 6 (25.0%)
pN category > 0.999
  0–1 42 (87.5%) 21 (87.5%) 21 (87.5%)
  2 6 (12.5%) 3 (12.5%) 3 (12.5%)
Stage (AJCC 8th) 0.401
  IA 7 (14.6%) 2 (8.3%) 5 (20.8%)
  IB 9 (18.8%) 4 (16.7%) 5 (20.8%)
  2 A 1 (2.1%) 0 (0%) 1 (4.2%)

Table 1  Clinicopathologic characteristics of patients with pancreatic cancer
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DEGs and pathway enrichment analysis in the UFS and NAT 
groups
There were no DEGs between the UFS and NAT groups 
for any of the three cell types (pan-CK-positive, CD45-
positive, or the remaining pan-CK- and CD45-negative 
cells). In GSEA using hallmark gene sets from MsigDB 
for pan-CK-positive cells, genes related to the epithelial-
mesenchymal transition (EMT) pathway were upregu-
lated in the UFS group, whereas genes related to hypoxia, 
reactive oxygen species, MYC targets, and the P53 path-
way were upregulated in the NAT group (Fig. S1).

DEGs and pathway enrichment analysis in CAP scores 2 
and 3 subgroups
There were no DEGs in pan-CK-positive and CD45-pos-
itive cells between the two subgroups. However, in the 
remaining cells, KRT8 was upregulated in the CAP score 
3 subgroup, whereas MFAP4 and EGR3 were upregulated 
in the CAP score 2 subgroup (Fig. 1A). When adjusting 
the FDR-adjusted p-value cutoff to 0.1, seven mRNAs 
were upregulated in the CAP score 3 subgroup (KRT8, 
KRT19, SLC2A1, ALDOA, S100A6, S100A10, and SPP1) 
compared to the CAP score 2 subgroup. Protein-protein 
interaction analysis using STRING (medium confidence 
(0.4), maximum number of interactors: 5 (1st shell)) 
showed that GAPDH was the hub node among these 
genes (Fig. S2). Of note, GSEA using hallmark gene sets 
in pan-CK-positive cells showed that genes related to the 
TGF-beta pathway were upregulated in the CAP score 3 
subgroup. In contrast, IFN-gamma and alpha response-
related gene pathways were enriched in the CAP score 
2 subgroup (Fig.  1B). GSEA using immune signature 
gene sets from CD45-positive cells revealed that genes 
related to monocyte-associated pathways were enriched 
in the CAP score 3 subgroup, whereas genes related to B 
or T cell-associated pathways were enriched in the CAP 
score 2 subgroup (Fig. 1C). In the remaining cells, GSEA 
using hallmark genes showed that EMT- and angiogen-
esis-related pathways were prominent in the CAP score 
3 subgroup. IFN-gamma and TNF-alpha pathways were 
upregulated in the CAP score 2 subgroup (Fig. 1D).

Immune cell composition analysis using CIBERSORT
Deconvolution of CD45-positive cells was performed 
using CIBERSORTx. When the proportions of immune 
cells in each case were dichotomized into low or high 
(cutoff: median), high plasma cell infiltration was more 
frequently observed in UFS group (p = 0.013) (Fig.  2A). 
High CD8 T cell, CD4 naïve T cell, CD4 memory rest-
ing T cell and CD4 memory active T cell infiltration were 
more common in CAP score 2 group, but the differences 
were not statistically significant.

High CD8 T cell infiltration was associated with lower 
postoperative CA19-9 levels (cutoff: median) and nega-
tive surgical margins (all p < 0.05). High naïve B-cell 
infiltration was also associated with favorable clinico-
pathological variables, including lower initial and post-
operative CA19-9 levels, absence of venous invasion, 
and lower recurrence rates (all p < 0.05). In contrast, high 
monocyte infiltration was associated with higher fre-
quencies of recurrence (p = 0.018) and death (p = 0.006) 
(Table S1).

Immune cell composition analysis using 
immunohistochemistry
Representative IHC images for each antibody and 
immune cell densities are presented in Fig. S3 and Table 
S2. In the NAT group, high CD3-, CD4-, CD8-, and 
CD163-positive cell infiltrations were more frequent 
in the CAP 2 subgroup than in the CAP 3 subgroup (all 
p < 0.05) (Table 2).

High CD3-, CD4-, and CD8-positive cell infiltrations 
were associated with a lower pT category and a lower fre-
quency of recurrence (all p < 0.05). In addition, high CD3- 
and CD4-positive cell infiltrations were associated with 
the absence of venous invasion (p = 0.029). High CD8-
positive cell infiltration was associated with lower initial 
CA19-9 levels (p = 0.019). (Supplementary Table S3).

Survival analysis
At the time of analysis, the median progression-free sur-
vival (PFS) and overall survival (OS) were 15.9 months 
(range, 4.0–76.9) and 33.7 months (range, 5.0–86.5), 
respectively. Thirty-five patients (72.9%) had disease 
progression, and 36 (75.0%) died. In the multivariate 
Cox regression analysis for OS, three variables remained 

All (N = 48) UFS group (N = 24) NAT group (N = 24) p-value
  2B 24 (50.0%) 15 (62.5%) 9 (37.5%)
  3 7 (14.6%) 3 (12.5%) 4 (16.7%)
CAP score NA
  CAP score 2 10 (20.8%) NA 10 (41.7%)
  CAP score 3 14 (29.2%) NA 14 (58.3%)
AJCC, american joint committee on cancer; CAP, college of american pathologists; N, number; NA, not applicable; NAT, neoadjuvant chemotherapy; UFS, upfront 
surgical resection

Table 1  (continued) 
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independent prognostic factors: age, high monocyte infil-
tration, and high CD68-positive cell infiltration. For PFS, 
the multivariate analysis revealed female sex, high post-
operative CA19-9 level, and high monocyte infiltration as 
independent prognostic factors (Table 3). In the Kaplan–
Meier survival analysis, high monocyte infiltration and 
high CD68-positive cell infiltration were associated with 
longer OS (all p < 0.05) (Fig. 3). There was a trend toward 
improved PFS for high CD3-, CD4-, and CD8-positive 
cell infiltration, which was not statistically significant 
(Fig. S4).

In the UFS group, only high monocyte infiltration 
was associated with worse OS in the univariate analysis 
(p = 0.017). Venous invasion and high monocyte infiltra-
tion were independent prognostic factors for PFS in the 
multivariate analysis (Supplementary Table S4). In the 
NAT group, high plasma cell infiltration and high M0 
macrophage infiltration remained independent prognos-
tic factors for OS. Multivariate analysis for PFS identified 
CAP score 3 and high plasma cell infiltration as indepen-
dent prognostic factors (Table S5).

Fig. 1  Differences in gene expression between the CAP subgroups in the neoadjuvant chemotherapy group. (A), Volcano plot depicting differentially 
expressed genes in the CAP scores 2 and 3 subgroups in the remainder cells. The p-values represent a function of the fold change (FC) between the 
indicated groups. The cutoff used was:|log2FC| >1 and FDR-adjusted p-value < 0.05. Red dots indicate significantly upregulated genes, and blue dots 
indicate significantly downregulated genes in the CAP score 3 subgroup compared with the CAP score 2 subgroup. (B), Gene set enrichment analysis 
(GSEA) using hallmark gene sets from MsigDB in the pan-CK-positive cells showed that genes related to the TGF-beta pathway were upregulated in the 
CAP score 3 subgroup. However, IFN-gamma and alpha response-related gene pathways were enriched in the CAP score 2 subgroup. (C), GSEA using 
immune signature gene sets from MsigDB in CD45-positive cells revealed that genes related to monocyte-associated pathways were enriched in the 
CAP score 3 subgroup, and genes related to B or T cell-associated pathways were enriched in the CAP score 2 subgroup. (D), GSEA using hallmark gene 
sets from MsigDB in the remaining cells showed that EMT and the angiogenesis-relate pathways were prominent in the CAP score 3 subgroup. However, 
IFN-gamma and TNF-alpha pathways were upregulated in the CAP score 2 subgroup
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Table 2  Results of immunohistochemical analysis in pancreatic cancer
IHC antiboty UFS group NAT group p-value NAT group p-value

CAP score 2 CAP score 3
(N = 24) (N = 24) (N = 10) (N = 14)

CD3 IHC 1.000 0.036
  Low 12 (50.0%) 12 (50.0%) 2 (20.0%) 10 (71.4%)
  High 12 (50.0%) 12 (50.0%) 8 (80.0%) 4 (28.6%)
CD4 IHC 0.564 0.005
  Low 13 (54.2%) 11 (45.8%) 1 (10.0%) 10 (71.4%)
  High 11 (45.8%) 13 (54.2%) 9 (90.0%) 4 (28.6%)
CD8 IHC 1.000 0.036
  Low 12 (50.0%) 12 (50.0%) 2 (20.0%) 10 (71.4%)
  High 12 (50.0%) 12 (50.0%) 8 (80.0%) 4 (28.6%)
CD20 IHC 0.564 0.240
  Low 13 (54.2%) 11 (45.8%) 3 (30.0%) 8 (57.1%)
  High 11 (45.8%) 13 (54.2%) 7 (70.0%) 6 (42.9%)
CD68 IHC 0.083 0.403
  Low 9 (37.5%) 15 (62.5%) 5 (50.0%) 10 (71.4%)
  High 15 (62.5%) 9 (37.5%) 5 (50.0%) 4 (28.6%)
CD163 IHC 0.021 0.032
  Low 8 (33.3%) 16 (66.7%) 4 (40.0%) 12 (85.7%)
  High 16 (66.7%) 8 (33.3%) 6 (60.0%) 2 (14.3%)
CAP, college of american pathologists; IHC, Immunohistochemical analysis; N, number; NAT, neoadjuvant chemotherapy; UFS, upfront surgical resection

Fig. 2  Immune cell deconvolution analysis using CIBERSORTx and immunohistochemical analysis. (A), High plasma cell infiltration was more common 
in upfront surgery (UFS) group. (B), After each region of interest (ROI) per one core, which is composed of three cell components, was selected (pan-CK: 
green, CD45: red, alpha-SMA: yellow) from CAP 3 and CAP 2 subgroup, segmentation was performed for sequencing (pan-CK: magenta, CD45: green, the 
remaining cells: yellow). Higher proportion of CD45 cell in CAP 2 than in CAP3 is noted. Black contoure in HE stained cores match with the ROIs. (C) CD3, 
CD4, CD8 immunohistochemistry revealed higher CD3, CD4 and CD8-positive cell infiltration in CAP2
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Discussion
This study aimed to investigate the differences between 
the UFS and NAT groups and the CAP scores 2 and 3 
groups using DSP and IHC analysis. Although there were 
no significant differences in RNA expression between 
the UFS and NAT groups, subgroup analysis based on 
NAT response revealed that the differences in RNA 
expression mainly occurred in the tumor stroma. When 
examining the immune cell fraction through cell decon-
volution analysis, the differences between each group 
were not prominent; however, a high monocyte status 
was identified as an independent poor prognostic factor 
for both OS and PFS in patients with PDAC, suggest-
ing its potential as a prognostic predictor. IHC revealed 
that high CD3-, CD4-, and CD8-positive cell infiltration 
was significantly associated with a better NAT response. 
In addition, high CD68-positive cell infiltration was an 
independent prognostic factor for OS, which was consis-
tent with the DSP results.

The absence of DEGs between the UFS and NAT 
groups suggested that NAT did not alter the overall RNA 
expression profiles in PDAC. Similarly, Farren et al. con-
ducted RNA sequencing to assess the effect of NAT on 
gene expression patterns related to immunological func-
tion in PDAC tumors and reported no DEGs between the 
two groups [10]. A study that analyzed the effects of che-
motherapy on PDAC using single-cell RNA sequencing 
also demonstrated that chemotherapy did not induce sig-
nificant changes in tumor subtype composition and that 
intertumoral heterogeneity was highly pronounced [20]. 
Additionally, the study demonstrated that chemotherapy 
did not significantly alter the subpopulations of cancer-
associated fibroblasts and macrophages within the tumor 
microenvironment (TME) [20], aligning with the findings 
of this study. However, Porter et al. addressed that that 
FOLFIRINOX combination chemotherapy in pancreatic 
cancer induces a more quasi-mesenchymal state [21]. 
Further studies including matched pre- and post- chemo-
therapy samples are necessary to assess the precise role 
of chemotherapy in PDAC.

Within the NAT group, subgroup analysis based on the 
CAP score revealed differential gene expression patterns 
only in pan-CK- and CD45-negative remaining cells, sug-
gesting the role of the tumor stroma in determining treat-
ment responses. MFAP4 and EGR3 were significantly 
upregulated in the CAP score 2 subgroup compared with 
the CAP score 3 subgroup. Although the role of MFAP4 
in malignancy is not clearly understood, it is known to be 
strongly associated with the impairment and alteration of 
elastic fibers and the mechanism of fibrogenesis [22, 23]. 
High mRNA expression of MFAP4 was significantly cor-
related with improved survival outcome in breast cancer 
[23], lung adenocarcinoma [24] and oral squamous cell 
carcinoma [25]. Similarly, Li et al. found that patients Va
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with hepatocellular carcinoma (HCC) with higher 
MFAP4 protein and mRNA expression in peritumoral 
stromal tissues had a longer OS, potentially due to its role 
in maintaining extracellular matrix integrity and promot-
ing immune cell infiltration [26]. Based on these obser-
vations, we propose that MFAP4 plays a critical role in 
modulating the tumor microenvironment by promoting 
immune cell infiltration, which may in turn enhance the 
efficacy of chemotherapy. This is further supported by 
our findings, where the CAP 2 subgroup, characterized 
by high MFAP4 expression, also exhibited increased infil-
tration of CD3-, CD4-, and CD8-positive T cells. These 
findings suggest that MFAP4 may play a role in shaping 
an immune-permissive tumor microenvironment, poten-
tially explaining the improved NAT response observed in 
these patients. Conversely, in serous ovarian cancer [27] 
and neuroblastoma [28], high MFAP4 expression was 
associated with inferior survival. In gliomas, MFAP4 is 
aberrantly overexpressed and has been associated with 
adverse clinicopathological features [29]. While this 
finding contrasts with our results, it is notable that high 
MFAP4 expression in gliomas is also linked to increased 
T cell infiltration [29], which aligns with our data. To 
date, few studies have investigated the role of MFAP4 in 
PDAC. Further studies, including functional analyses of 
MFAP4, are warranted to clarify its precise role in PDAC.

Although EGR3 regulates neurodevelopment [30], 
autoimmunity [31], inflammation [32], and angiogenesis 

[33], its role in tumorigenesis remains controversial. High 
EGR3 expression is associated with poor survival in 
breast cancer [34, 35], adrenal cortical carcinoma 
[36] and glioblastoma [37]. In contrast, an association 
between decreased EGR3 expression and poor survival 
has been observed in gastric cancer [38] and cutaneous 
melanoma [36]. Shin et al. also revealed that EGR3 blocks 
the EMT process and suppresses tumor migration and 
invasion by transcriptionally activating ZFP36 GADD 
45B and SOCS3 genes in prostate cancer [39]. These lat-
ter results align with the pathway analysis in our study, 
which revealed highly enriched EMT-related pathways 
in the CAP 3 subgroup compared with the CAP score 
2 subgroup. Moreover, a recent study using The Can-
cer Genome Atlas pan-cancer data reported that EGR3 
mRNA expression was associated with high immune 
cell infiltration [36]. Additionally, another study found 
that the transcription factors EGR2 and EGR3 were 
highly induced in tumor-infiltrating lymphocytes (TILs) 
across multiple cancer patient cohorts. The deficiency of 
EGR2 and EGR3 in T cells resulted in enhanced tumor 
growth and fewer TILs in mouse models [40], which may 
explain the higher density of CD3-, CD4-, and CD8-pos-
itive immune cells in the CAP score 2 subgroup in this 
study. High expression of MFAP4 and EGR3 is a poten-
tial predictive marker for the NAT response in PDAC. 
Patients exhibiting low levels of these markers, if this 
can be screened in routine practice [41], may benefit 

Fig. 3  Representative images of fluorescent and CD68 immunohistochemical staining and Kaplan-Meier survival curves. (A), Representative cases show-
ing high and low monocyte and CD68-positive cell infiltration. (B), Kaplan-Meier survival analysis reveals significantly poor overall survival in high mono-
cyte and CD68-positive cell infiltration cases
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less from NAT and might be more appropriately man-
aged with alternative strategies—such as radiation ther-
apy or targeted treatments tailored to their mutational 
profiles—alongside conventional chemotherapy. This 
might ultimately lead to our understanding of PDAC and 
improved prognosis in PDAC [42]. Nonetheless, valida-
tion in large independent cohort using single cell RNA 
sequencing or multi-region spatial profiling, especially 
focusing on the various components of tumor microen-
vironment, as well as preclinical studies using cell line or 
patient-derived xenograft model, are warranted.

KRT8 was upregulated in the non-epithelial, non-
immune cell compartment of the CAP score 3 subgroup. 
Although KRT8 is normally expressed in epithelial cells, 
including pancreatic acinar and ductal cells [43], Shi et al. 
reported that increased c-Myc expression in fibroblasts 
resulted in increased and decreased expression of epi-
thelial and mesenchymal markers, respectively, thereby 
leading to mesenchymal-epithelial transition (MET) [44]. 
Although the precise mechanism by which fibroblasts in 
PDAC express KRT8 remains unclear, our results suggest 
that KRT8 expression in stromal cells is a possible pre-
dictive marker for NAT. In addition, when adjusting the 
FDR-adjusted p-value cutoff to 0.1, protein-protein inter-
action analysis showed that GAPDH was the hub node of 
upregulated genes in the CAP score 3 subgroup. GAPDH 
mainly plays a role in glycolysis. Although the role of gly-
colysis in response to chemotherapy has been scarcely 
reported, many studies have found that glycolysis pro-
motes tumor growth, metastasis, and chemoresistance 
and inhibits the apoptosis of tumor cells [45]. 

The immune cell deconvolution and pathway analysis 
results from the DSP data correlated well with the IHC 
results. In the CAP score 2 subgroup, in which B and T 
cell-associated pathways were enriched, high CD3-, CD4- 
and CD8-positive cell infiltration was noted in IHC. In 
the CAP score 3 subgroup, genes related to the TGF-beta 
pathway, which is known to create an immune-suppres-
sive tumor microenvironment and tumor progression 
[46, 47], were upregulated in pan-CK-positive cells. 
These results also correlated well with the low immune 
cell infiltration and limited chemotherapy response in the 
CAP 3 subgroup. Although a higher density of TILs has 
been reported to be associated with better prognosis in 
PDAC [48], limited data are available regarding the pre-
dictive role of TIL in NAT response. This study proposes 
the possible utility of CD3, CD4, and CD8 IHC as predic-
tive markers for the NAT response, although additional 
research is required.

In the survival analysis, high monocyte infiltration was 
found to be an independent poor prognostic factor for 
OS and PFS overall and in the UFS group. These results 
align with previous studies in which most types of can-
cer, including lung cancer, breast cancer, HCC and gastric 

cancer, high levels of tumor-associated macrophages in 
the TME were associated with cancer progression, meta-
static spread, poor treatment efficacy and shorter survival 
time [49]. When multivariate analysis was performed 
separately, high CD68-positive cell infiltration was also 
found to be an independent prognostic factor for OS, 
confirming the DSP results. Although statistical signifi-
cance was not reached, high CD3-, CD4- and CD8-pos-
itive cell infiltration showed a trend toward superior PFS. 
They were associated with a lower frequency of recur-
rence. The absence of a statistically significant association 
may be due to the limited number of patients included 
in our study, considering that CD3-, CD8-, CD4- positive 
TILs are associated with prognostic benefits in most can-
cer types [50]. 

In the NAT group, high plasma cell infiltration, but 
not high monocyte infiltration, was an independent 
poor prognostic factor for OS and PFS. Contrary to our 
findings, high plasma cell infiltration is generally associ-
ated with better outcomes [51, 52]. Plasma cells induce 
tumor cell death via IgG-mediated antibody-dependent 
cellular cytotoxicity and promote antigen presenta-
tion by dendritic cells [53, 54]. However, sustained anti-
body production can also promote cancer development 
and progression by inducing chronic inflammation via 
immune complexes and an activated complement sys-
tem, which could explain our results [55]. Furthermore, 
a recent study employing single-cell multi-omics for a 
comprehensive analysis of immune cell features in PDAC 
classified the TME into myeloid-enriched (ME) tumors 
and adaptive-enriched (AE) tumors [56]. ME tumors, 
which are characterized by a high density of immunosup-
pressive myeloid cells, such as macrophages, exhibited 
higher plasma cell infiltration than AE tumors and were 
associated with a worse prognosis [56]. These findings are 
in line with our findings that high plasma cell infiltration 
in the NAT group was a poor prognostic factor. Although 
further validation in independent cohorts is required, our 
results suggest that high plasma cell infiltration may rep-
resent an immunosuppressive TME.

A high M0 macrophage infiltration was an independent 
prognostic factor for improved OS in the NAT group. 
M0 macrophages can differentiate into M1 and M2 mac-
rophages [57]. Although previous studies have reported 
that M0 macrophages express M2 macrophage markers 
[58, 59], the prognostic significance of M0 macrophages 
in cancer remains contradictory [57, 60, 61]. Therefore, 
additional research is warranted to determine the role of 
M0 macrophages in PDAC progression.

This study had some limitations. First, while we care-
fully selected ROIs for DSP to include the most repre-
sentative tumor areas, the use of TMA might have not 
fully capture the intratumoral heterogeneity of the entire 
tumor. Despite selecting representative regions, spatial 
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variation within the tumor may limit the generalizability 
of our findings. Second, the DSP sequencing results were 
not generated at the single-cell level, limiting our abil-
ity to resolve distinct cellular subpopulations. Third, the 
relatively small sample size reduces the statistical power 
of subgroup analyses. Fourth, although we analyzed post-
operative samples from both the UFS and NAT groups, 
the absence of matched pre-treatment biopsy samples in 
NAT group restricts our ability to differentiate chemo-
therapy-induced effects from baseline tumor heterogene-
ity. Future studies should incorporate larger, independent 
cohorts with paired pre- and post-treatment specimens, 
as well as preclinical models with genetic lineage tracing 
and single-cell RNA sequencing.

Conclusions
In conclusion, while the gene expression and immune cell 
infiltration pattern of PDAC appeared largely unaffected 
by NAT, differences were observed primarily in the 
tumor stroma and immune cell components between the 
CAP score 2 and 3 subgroups. MFAP4, EGR3 and KRT8 
expression and CD3, CD4, and CD8 IHC could be possi-
ble predictive indicators for NAT. Moreover, high mono-
cyte infiltration and high CD68-positive cell infiltration 
can be potential prognostic markers in PDAC.
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