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Background: Pancreatic ductal adenocarcinoma (PDAC) is an exceptionally aggressive malignancy of the digestive system, 
characterized by a fibrotic microenvironment that serves as an ideal model for studying stress granules (SGs). This study aimed to 
investigate SG-related mechanisms in PDAC, with particular focus on risk stratification and therapeutic strategies.
Methods: PDAC-related datasets were retrieved from The Cancer Genome Atlas and Gene Expression Omnibus databases. 
Differential expression analysis, univariate Cox regression, and 101 algorithmic combinations from 10 machine learning methods 
were employed to identify prognostic SG-related genes (SGRGs) and construct a risk model. Prognostic analyses were further 
extended through independent prognostic evaluation, nomogram development, immune microenvironment profiling, drug sensi
tivity testing, and enrichment analysis. Additionally, GSE197177 was examined to identify key cell types and perform pseudo-time 
and cell communication analyses.
Results: A risk model based on four prognostic SGRGs (LAMA3, ITGA6, COL17A1, and TOP2A) was developed, demonstrating 
superior predictive accuracy for PDAC prognosis. A nomogram incorporating age, N stage, and risk score was constructed, 
showing robust prognostic capacity. Further analyses revealed that immune cells, such as M0 macrophages and CD8 T cells, as 
well as drug sensitivities to ERK inhibitors and trametinib, were associated with risk stratification in PDAC patients. ITGA6 was 
notably enriched in the “regulation of glycolytic process” pathway. Pseudo-time analysis indicated a significant correlation between 
the expression of prognostic SGRGs and the differentiation status of key ductal cells, while cell communication analysis highlighted 
strong interactions between ductal cells and fibroblasts.
Conclusion: This study highlights the pivotal role of SGs in PDAC progression. A novel prognostic signature based on SGRGs 
was developed and validated, offering substantial potential for predicting patient outcomes in PDAC.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC), the dominant histo
logical subtype of pancreatic cancer, constitutes more than 90% 
of cases[1]. Known for its high malignancy and rapid progression, 
PDAC is associated with a dismal 5-year survival rate of less than 
10%[2]. Even after radical surgery, the recurrence rate remains 

alarmingly high at 70–80%, leading to a poor overall 
prognosis[3]. Current treatment options for PDAC include surgi
cal resection, adjuvant chemotherapy, radiotherapy, and emer
ging immunotherapies[4]. However, their overall effectiveness is 
limited by challenges such as delayed diagnosis, the lack of effec
tive biomarkers for early screening, complex mechanisms of che
motherapy resistance, and slow advances in targeted drug 
development[5]. Furthermore, the tumor’s highly fibrotic micro
environment, marked by a dense extracellular matrix, hinders 
drug delivery, further diminishing the efficacy of existing 
treatments[6,7]. Thus, the identification of reliable prognostic bio
markers and therapeutic targets and the development of persona
lized intervention strategies are critical to addressing the 
therapeutic challenges of PDAC and improving patient outcomes.

Stress granules (SGs) are cytoplasmic, non-membranous 
aggregates that form in response to various cellular stresses. 
They serve as dynamic centers for mRNA storage and protein 
synthesis regulation, facilitating cellular adaptation and 
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survival[8,9]. The fibrotic tumor microenvironment and KRAS 
mutation-driven metabolic dysregulation in PDAC make it an 
ideal model for SG research[10]. For example, Hao et al demon
strated that increased BZW1 expression in PDAC cells pro
motes eIF2α phosphorylation via the PERK-eIF2α pathway. 
This phosphorylation inhibits translation initiation complex 
assembly, leading to the accumulation of mRNA-protein com
plexes and the initiation of SG formation. Thus, SG assembly 
significantly enhances PDAC cell survival under hypoxic and 
glucose-deprived conditions. Notably, high BZW1 expression 
is associated with poor prognosis in PDAC patients[11]. Despite 
these findings, the prognostic value of SGs in PDAC remains 
poorly understood, and the underlying mechanisms driving 
their roles in PDAC progression and drug resistance are yet to 
be fully elucidated.

Single-cell RNA sequencing (scRNA-seq) is a high-throughput 
technology that enables precise characterization of cellular het
erogeneity, elucidates intercellular communication patterns, and 
provides high-resolution dynamic transcriptomic profiling[12,13]. 
In PDAC research, scRNA-seq allows for the analysis of gene 
expression changes across diverse cell types within the tumor 
microenvironment, including cancer cells, fibroblasts, and 
immune cells. This technique facilitates the identification of key 
cellular subpopulations and core regulatory pathways driving 
PDAC initiation and progression[14]. Clinically, scRNA-seq con
tributes to patient stratification by identifying SG-related genes 
(SGRGs) linked to prognosis, offering a foundation for more 
accurate monitoring of drug responses and disease progression.

Machine learning (ML) algorithms are advanced computa
tional methods that construct data-driven models for pattern 
recognition, prediction, and decision making[15]. In recent 
years, integrated ML frameworks based on multialgorithm 
ensembles have made significant strides in PDAC research, pro
viding a new paradigm for understanding PDAC heterogeneity 
and enabling personalized diagnosis and treatment[16,17].

This study aimed to address existing knowledge gaps by 
developing a novel risk model based on SGRGs using an ensem
ble ML approach. By integrating comprehensive RNA-seq data 
from The Cancer Genome Atlas (TCGA), a risk model asso
ciated with patient survival was identified through robust ML 
algorithms. The prognostic utility of this model was validated in 
an external cohort from Gene Expression Omnibus (GEO), 
followed by a series of bioinformatics analyses, including 
immune microenvironment profiling, drug sensitivity testing, 
and functional enrichment analysis. Furthermore, scRNA-seq 
was employed to characterize the tumor microenvironment, 
assess cell-type-specific risk patterns, and explore intercellular 
communication networks, providing novel therapeutic targets 
and insights for PDAC management. All procedures conducted 
in this study were in line with REMARK criteria[18]. In compli
ance with the TITAN Guidelines 2025, this research was carried 
out without the utilization of artificial intelligence (AI) tools[19].

Materials and methods

Data acquisition

Transcriptome data from pancreatic adenocarcinoma (PAAD) 
patients were retrieved from the TCGA database (http://cancer 
genome.nih.gov/, accessed 20 March 2025). The PDAC training 
set (TCGA–PAAD) consisted of 179 tumor tissue samples 

classified as the PDAC group and 4 adjacent normal tissue 
samples as the normal group. Among these, 178 tumor tissue 
samples had available survival data. Transcriptome data from 
the validation set GSE28735 and the scRNA-seq dataset 
GSE197177, both related to PDAC, were obtained from the 
GEO database (http://www.ncbi.nlm.nih.gov/geo/). GSE28735 
retained 45 PDAC tumor tissue samples (42 with survival data) 
and 45 adjacent normal tissue samples (platform: GPL6244). 
GSE197177 (platform: GPL18573) included three PDAC tumor 
tissue samples and one adjacent normal tissue sample. 
Additionally, the GSE183795 dataset (GPL6244) (139 PDAC 
cancer tissue samples) and the GSE62452 dataset (GPL6244) 
(69 PDAC cancer tissue samples) were utilized for transcriptome 
validation. GSE212966 (GPL24676) (six PDAC cancer tissue 
samples and six adjacent normal tissue samples) served as 
the second scRNA-seq dataset. Moreover, 844 SGRGs were 
retrieved from the GeneCards database (https://www.gene 
cards.org/) (Supplemental Digital Content Table S1, available 
at: http://links.lww.com/JS9/G305).

Determination and functional enrichment analysis of 
differentially expressed stress granule-related genes 
(DE-SGRGs)

Differentially expressed genes (DEGs) between PDAC and nor
mal groups in the PDAC training set were determined using the 
DESeq2 package (v 1.40.2) (|log2 fold change (FC)| > 1 and P < 
0.05)[20]. The results were visualized using the ggplot2 (v 3.5.1) 
and ComplexHeatmap (v 2.16.0) packages to generate volcano 
plots and heatmaps, respectively[21,22]. To assess the consistency 
of the findings, a random sampling approach was applied with 
a random seed (seed = 5772), where 4 cases were randomly 
selected from the tumor samples and compared with TCGA 
normal samples (n = 4). This process was repeated five times. 
The overlap rate for each sampling (significant DEGs from ran
dom sampling/significant DEGs without sampling) was calcu
lated and visualized as a bar chart using ggplot2 (v 3.5.1). The 
intersection of DEGs and SGRGs was identified to obtain DE- 
SGRGs using the ggvenn package (v 0.1.10)[23]. To explore the 
biological functions and processes of DE-SGRGs in PDAC, Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) enrichment analyses were conducted using the 
clusterProfiler package (v 4.15.0.003) (adj. P < 0.05)[24]. The 
background gene set was set to SGRGs, and GO enrichment 
results were displayed (adj. P < 0.05). Finally, a protein–protein 
interaction (PPI) network was constructed using the STRING 

HIGHLIGHTS

● Key prognostic SGRGs in PDAC (LAMA3, ITGA6, 
COL17A1, and TOP2A) were identified.

● The differences in immune cell composition between high- 
and low-risk groups were analyzed.

● Sensitive drugs specific to high- and low-risk groups were 
identified.

● Biological mechanisms underlying prognostic SGRGs in 
PDAC were uncovered.

● Correlation between prognostic SGRGs and differentia
tion status of ductal cells was discovered.
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database (http://www.string-db.org/) (interaction score = 0.7) to 
examine the interaction relationships among proteins associated 
with DE-SGRGs.

Integrated machine learning algorithm

In cancer tissue samples from the PDAC-training set, univariate 
Cox regression analysis [hazard ratio (HR) ≠ 1, P < 0.001] and 
the proportional hazards (PH) assumption test (P > 0.05) were 
conducted on the DE-SGRGs to select candidate prognostic 
SGRGs (SGRGs1) using the survival package (v 3.7-0)[25]. Due 
to the small sample size, traditional ML algorithms were 
selected. To enhance precision and stability, 10 ML algorithms 
and 101 algorithmic combinations were employed. Model 
performance was rigorously evaluated using 10-fold cross- 
validation. The ML.Dev.Prog.Sig function of the Mime1 pack
age (v 0.0.0.9000) (mode = all) was utilized to integrate 
combinations[26,27]. The algorithms included LASSO regression, 
Ridge regression stepwise, COX regression, elastic net, RSF, 
CoxBoost, PLS-COX, supervised PCA, GBRM, and survival 
SVM. For each model, the concordance index (C-index) was 
computed for both the PDAC-training set and GSE28735. For 
Lasso/Ridge regression, the optimal regularization parameter 
lambda was automatically selected via 10-fold cross-validation 
in glmnet. In the random forest model, the minimum number of 
samples in terminal nodes was set to 5 (nodesize = 5). For the 
GBM model, early stopping was applied by monitoring cross- 
validation errors, with the iteration number yielding the smallest 
error selected. To prevent overfitting, the following control 
measures were implemented: (1) screening via univariate Cox 
regression (P < 0.05) combined with multivariate stepwise 
regression; (2) regularization (L1/L2 penalty); (3) controlling 
model complexity; and (4) evaluation using independent valida
tion sets (GSE183795 and GSE62452). The model with the 
highest average C-index was deemed optimal and used for 
screening candidate prognostic SGRGs (SGRGs2). The ggvenn 
package (v 0.1.10) was employed to identify the intersection of 
the candidate prognostic SGRGs, yielding the final set of prog
nostic SGRGs.

Construction and verification of prognostic SGRG signature

The prognostic SGRGs were then used to construct the risk 
model, defined by the following formula: 

risk score ¼
XN

i¼1
coef geneið Þ � expr geneið Þ

where coef represents the coefficient, and expr denotes the 
expression value of each gene. Subsequently, cancer tissue sam
ples with survival data from the PDAC-training set, GSE28735, 
GSE183795, and GSE62452 were classified into the high-risk 
group (HRG, risk score ≥ optimal cutoff value) and the low-risk 
group (LRG, risk score < optimal cutoff value) groups. The 
tinyarray package (v 2.4.2) was used to visualize the distribution 
of risk scores, patient survival conditions, and the expression 
levels of prognostic SGRGs between the two risk groups[28]. 
Kaplan–Meier (KM) and receiver operating characteristic 
(ROC) curves were generated using the survminer package (v 
0.4.9) and survivalROC package (v 1.0.3.1), respectively, to 
assess the prognostic performance of the risk model[29,30]. If the 
area under the curve (AUC) values for 1-, 2-, and 3-year survival 

exceeded 0.6, the model was considered to exhibit moderate 
discriminatory power. Additionally, ROC curves for individual 
prognostic SGRGs and the risk model were plotted at 1-, 2-, and 
3-year time points to evaluate the timeliness and stability of the 
model’s predictions.

Analyses of the clinical characteristics and nomogram

To evaluate the prognostic significance of the risk model for 
overall survival (OS) in PDAC-training set samples with avail
able survival data, univariate and multivariate Cox regression 
analyses (HR ≠ 1, P < 0.05) with PH assumption tests (P > 0.05) 
were performed using the survival package (v 3.7-0). These 
analyses incorporated clinical characteristics and risk scores to 
identify independent prognostic factors.

Subsequently, a nomogram was developed using the rms 
package (v 6.8-1) to predict 1-, 2-, and 3-year survival in 
PDAC patients[31]. The nomogram assigned points to each fac
tor, with each factor corresponding to a specific number of 
points. The total points from all factors were summed, allowing 
for the prediction of the 1-, 2-, and 3-year survival probabilities. 
To assess the reliability of the nomogram, calibration curves 
were generated using the rms package (v 6.8-1).

Immune microenvironment analysis

The progression and drug resistance of PDAC are strongly 
linked to the high heterogeneity of immune cells within the 
tumor microenvironment[14]. The CIBERSORT algorithm was 
used to calculate the infiltration abundance of 22 immune cell 
types in HRG and LRG of the PDAC-training set (excluding 
samples with P > 0.05). Differential immune cells (DICs) were 
identified by performing a Wilcoxon test (P < 0.05)[32]. 
Spearman correlation analyses between DICs and prognostic 
SGRGs were conducted using the psych package (v 2.4.6) (| 
correlation coefficient (cor)| > 0.30 and P < 0.05)[33]. The 
ESTIMATE package (v 1.0.13) was used to compute 
ESTIMATE scores, immune scores, and stromal scores for the 
two risk groups, with statistical significance set at P < 0.05[34]. 
Immune checkpoints, which suppress immune cell activity 
against tumor cells, were assessed by performing a Wilcoxon 
test (P < 0.05)[35].

Drug sensitivity analyses

For drug sensitivity analysis, the GDSC database (https://www. 
cancerrxgene.org/) was used to identify therapeutic recommen
dations for PDAC management. The oncoPredict package (v 
1.2) was employed to calculate the half-maximal inhibitory 
concentration (IC50) of 198 common chemotherapeutic and 
molecular-targeted agents in the PDAC-training set, which was 
used to infer drug sensitivity[36]. The Wilcoxon test was applied 
to compare the variations in drug sensitivity between HRG and 
LRG (P < 0.05). The top five drugs exhibiting the greatest 
significant differences in sensitivity were selected and visualized 
in a box plot.

Mutation status analysis

Somatic mutation analysis plays a pivotal role in identifying 
driver mutations and therapy-related mutations in tumor cells. 
This analysis provides valuable insights for the diagnosis, prog
nosis, and development of personalized treatment strategies for 
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PDAC[37]. To investigate somatic mutation variations between 
HRG and LRG in the PDAC-training set, the plotmafSummary 
function from the maftools package (v 2.16.0) was employed to 
analyze mutation information, including mutation count, distri
bution of mutation types, and highly mutated genes[38].

Gene set enrichment analysis (GSEA)

Gene set enrichment analysis (GSEA) was performed to further 
explore the potential biological functions of prognostic SGRGs 
in cancer tissue samples from the PDAC-training set with avail
able survival data. The Spearman correlation values for each 
prognostic SGRG with all other genes were computed using 
the psych package (v 2.4.6). These correlations were ranked in 
descending order, and the corresponding genome for each prog
nostic SGRG was identified. The reference gene set “c2.cp.all. 
v2022.1.Hs.symbols.gmt” from the Molecular Signature 
Database (MSigDB) (https://www.gsea-msigdb.org/gsea/ 
msigdb/) was used, and GSEA was performed with the 
clusterProfiler package (v 4.15.0.003) (P < 0.05).

The scRNA-seq data processing

For the scRNA-seq data from all samples in GSE197177, data 
were filtered using the Read10X and CreateSeuratObject func
tions from the Seurat package (v 5.1.0) to select high-quality 
cells (nFeature RNA between 200 and 10 000, nCount RNA > 
1000, and mitochondrial proportion < 20%)[39]. The data were 
then standardized using the LogNormalize function. The 
FindVariableFeatures function was applied to extract and dis
play the top 3000 highly variable genes (HVGs). Principal com
ponent analysis (PCA) was performed using the ScaleData, 
JackStraw, and ElbowPlot functions to determine the top prin
cipal components (PCs) (P < 0.05). Uniform Manifold 
Approximation and Projection (UMAP) was used for dimen
sionality reduction and cell clustering through the RunUMAP 
function (resolution = 0.5). Cells were annotated according to 
marker genes using the FindAllMarkers function, PDAC-related 
single-cell literature, and the CellMarker2.0 database (http:// 
117.50.127.228/CellMarker/index.html)[40]. The expression of 
marker genes across different cell types was visualized using 
a bubble plot. The proportions of annotated cells in each sample 
were presented, and cells with differential expression of each 
prognostic SGRG between PDAC and normal groups were 
selected as key cells (P < 0.05). Similarly, the same analysis 
was applied to the GSE212966 single-cell dataset. The scRNA- 
seq data were filtered using the Seurat package (v 5.1.0) to select 
high-quality cells (nFeature RNA between 200 and 7500, 
nCount RNA between 1000 and 80 000, and mitochondrial 
proportion <20%). The remaining analysis steps were consistent 
with those performed on GSE197177.

Pseudo-time and cell communication analysis

In all samples from GSE197177, key cells underwent secondary 
dimensionality reduction and clustering as described in section 
“The scRNA-seq data processing,” aiming to explore the 
dynamics and temporal trajectories of prognostic SGRG expres
sion across cell subtypes and to infer cell evolution during PDAC 
progression. The key cells were classified into distinct sub
groups, and pseudo-time analysis was performed using the 
monocle package (v 2.28.0) to investigate their differentiation 

states and subtypes[41]. The variations in prognostic SGRG 
expression levels were evaluated during key cell differentiation. 
To assess communication between the key cell clusters and other 
cell populations in PDAC and normal groups, the CellChat 
package (v 1.6.0) was applied[42].

Expression levels of prognostic SGRGs

Differences in the expression levels of prognostic SGRGs between 
PDAC and normal groups were analyzed in the PDAC-training set 
and GSE28735 datasets using the Wilcoxon test (P < 0.05).

Results

Identification and functional assessment of 90 DE-SGRGs

The PDAC-training set identified 3456 DEGs, consisting of 1860 
upregulated genes and 1596 downregulated genes in the PDAC 
group. The volcano plot highlighted the top 10 up- and down
regulated DEGs (Fig. 1A). A heatmap revealed diverse expression 
patterns between the PDAC and normal groups (Fig. 1B). The 
overlap rates of these five samplings ranged from 40.7 to 52.1%, 
showing significant differences from the DEGs without sampling 
(Supplemental Digital Content Figure S1, available at: http:// 
links.lww.com/JS9/G304). The intersection of the 3456 DEGs 
and 844 SGRGs revealed 90 DE-SGRGs (Fig. 1C, Supplemental 
Digital Content Table S2, available at: http://links.lww.com/JS9/ 
G305). Subsequent GO and KEGG analyses of the 90 DE-SGRGs 
elucidated their molecular biological processes. A total of 1150 
GO terms were enriched, with “reactive oxygen species metabolic 
process,” “leukocyte migration,” and “response to oxidative 
stress” enriched in 1024 biological process (BP) entries. In the 
cellular component (CC) category, 69 entries, including “endocy
tic vesicle” and “plasma membrane raft,” were identified. The 
molecular function (MF) category contained 57 entries, indicating 
a strong association of DE-SGRGs with “amyloid-beta binding” 
and “protein-lipid complex binding” (adj. P < 0.05, Fig. 1D, 
Supplemental Digital Content Table S3, available at: http://links. 
lww.com/JS9/G305). When the background gene set was 
switched to SGRGs, DE-SGRGs were enriched in six GO terms, 
such as “plasma lipoprotein particle clearance,” “cell periphery,” 
and “transporter activity” (adj. P < 0.05, Fig. 1E, Supplemental 
Digital Content Table S4, available at: http://links.lww.com/JS9/ 
G305). KEGG analysis revealed that DE-SGRGs were enriched in 
34 KEGG pathways, including the “AGE-RAGE signaling path
way in diabetic complications,” “leukocyte transendothelial 
migration,” and “ECM-receptor interaction” (adj. P < 0.05, 
Fig. 1F, Supplemental Digital Content Table S5, available at: 
http://links.lww.com/JS9/G305). A PPI network was constructed 
to investigate the interactions among the 90 DE-SGRGs, resulting 
in a network consisting of 72 proteins and 280 interaction pairs. 
Within this network, APOE, ITGB2, REN, CD36, PIK3CG, and 
ICAM1 exhibited extensive interactions with other proteins 
(Fig. 1G). These findings offer valuable insights into the molecular 
mechanisms driving PDAC.

Construction of SGRG-related risk model based on an 
integrated machine learning program

Univariate Cox regression analysis and PH assumption tests iden
tified 12 candidate prognostic SGRGs1 significantly associated 
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with OS in PDAC patients from the PDAC training set. All 
candidate prognostic SGRGs1, including LAMA3, ITGA6, 
COL17A1, and TOP2A, were considered risk factors (HR > 1) 
(Fig. 2A, Supplemental Digital Content Figure S2, available at: 
http://links.lww.com/JS9/G304). In both the PDAC-training set 
and GSE28735, 101 prediction models were fitted, and the 
C-index for each model was computed. Notably, 14 models 
exhibited the highest C-index of 0.61 in the validation cohort 

and a relatively high average C-index of 0.64 across all cohorts 
(Fig. 2B). Furthermore, four candidate prognostic SGRGs2 were 
identified: LAMA3, ITGA6, COL17A1, and TOP2A. The inter
section of candidate prognostic SGRGs1 and SGRGs2 revealed 
four prognostic SGRGs (LAMA3, ITGA6, COL17A1, and 
TOP2A) (Fig. 2C). The formula for the risk model in PDAC 
patients was determined as: risk score = (0.228) × LAMA3 expres
sion + (−0.399) × ITGA6 expression + (0.212) × COL17A1 
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Figure 1. (A) Volcano plot of DEGs in the PDAC-training set. (B) Heatmap of DEGs in the PDAC-training set. (C) Venn plot of DEGs and SGRGs. (D and E) GO 
enrichment analysis of DE-SGRGs with the background gene set as (D) the universe gene set and (E) SGRGs. (F) KEGG enrichment analysis of DE-SGRGs with 
the background gene set as the universe gene set. (G) PPI network of DE-SGRGs.
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expression + (0.485) × TOP2A expression. To evaluate the per
formance of this risk model, PDAC samples were categorized into 
high-risk (HRG) and low-risk (LRG) groups based on an optimal 
cutoff value for the risk score of 1.933407 (high/low risk 
patients = 78/100) in the PDAC-training set. The risk profile 

and survival status plot showed that in HRG, as risk scores 
increased, survival time decreased, and the number of deaths 
increased correspondingly. The expression levels of LAMA3, 
ITGA6, COL17A1, and TOP2A were higher in HRG (Fig. 2D). 
KM curves revealed a lower survival probability in HRG, 
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Figure 2. (A) Forest plot of univariate Cox regression analysis for candidate prognostic genes. (B) Heatmap of C-index results for machine learning model 
combinations. (C) Venn diagram showing the intersection of candidate gene sets selected by univariate Cox analysis and machine learning. (D and E) In the 
training set, (D) risk score curves for high/low-risk groups of PDAC (top); survival status of patients in high/low-risk groups (middle); heatmap of the expression of 
prognostic genes (bottom); (E) K–M curves evaluating the difference in overall survival (OS) between high/low-risk groups. (F and G) In the testing set, (F) risk 
score curves for high/low-risk groups of PDAC (top); survival status of patients in high/low-risk groups (middle); heatmap of the expression of prognostic genes 
(bottom); (G) K–M curves evaluating the difference in OS between high/low-risk groups.

7816                                                                                                              

Wang et al. International Journal of Surgery (2026)                                                                                                International Journal of Surgery  



indicating that PDAC patients with high risk had a poorer prog
nosis (P < 0.0001, Fig. 2E). This finding was further validated in 
the GSE28735 cohort (high/low risk patients = 25/17) (P < 0.05) 
(Fig. 2F and G). These results suggest that the risk model can 
accurately differentiate the prognosis of patients in different risk 
groups, highlighting its potential as a clinical tool for prognostic 
stratification.

Confirmation of SGRG-related risk model

The effectiveness and sensitivity of the established risk model 
were further validated within the PDAC-training set using AUC 
values. The model demonstrated strong predictive accuracy for 

OS in PDAC patients, with AUCs of 0.70, 0.73, and 0.75 for 1-, 
2-, and 3-year prognoses, respectively (Fig. 3A). Similarly, the 
AUC values for 1-, 2-, and 3-year survival in GSE28735 were 
0.64, 0.78, and 0.83, respectively, indicating that the risk model 
exhibited substantial effectiveness and robustness (Fig. 3B). The 
diagnostic performance of prognostic SGRGs was assessed using 
ROC curves. The AUC values for multiple prognostic SGRGs at 
1-, 2-, and 3-year time points were 0.698, 0.731, and 0.746, 
respectively, outperforming those of individual SGRGs. This 
suggests that the combined evaluation of multiple prognostic 
SGRGs may offer significant clinical value (Fig. 3C and D). 
Additionally, the risk model was validated in the GSE183795 
dataset, yielding favorable results (Supplemental Digital 
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Content Figure S3, available at: http://links.lww.com/JS9/ 
G304); however, its performance in the GSE62452 dataset was 
slightly weaker, with an AUC of 0.57 for 1-year survival 
(Supplemental Digital Content Figure S4, available at: http:// 
links.lww.com/JS9/G304).

Independent prognostic analyses are crucial for developing 
robust clinical decision support systems. In the PDAC-training 
set, risk score, N stage, and age were identified as independent 
prognostic factors through univariate and multivariate Cox 
regression analyses and PH assumption tests (Fig. 3E and 
F and Supplemental Digital Content Figure S5A–B, available 
at: http://links.lww.com/JS9/G304). A nomogram was then 
developed incorporating risk score, N stage, and age to illustrate 
predictive accuracy and clinical utility for PDAC patients at 1-, 
2-, and 3-year time points (Fig. 3G). Higher scores corresponded 
to a poorer prognosis for PDAC patients. Notably, calibration 
curves showed strong consistency between the survival probabil
ities predicted by the nomogram and the actual observed out
comes, demonstrating the model’s excellent predictive precision 
(Fig. 3H). In conclusion, the SGRG-related risk model effectively 
forecasts PDAC prognosis and holds significant potential in 
supporting clinical decision making.

Infiltration landscape associated with risk scores in PDAC

Tumor-infiltrating immune cells significantly impact PDAC pro
gression and are closely linked to clinical outcomes in PDAC 
patients. The abundance of immune cells was compared between 
HRG and LRG in the PDAC-training set (Fig. 4A). Among these 
immune cells, seven DICs showed significant differences (P < 
0.05). HRG exhibited a notable increase in the infiltration of 
memory M0 macrophages and eosinophils, while the infiltration 
rates of CD8 T cells and monocytes were significantly lower in 
HRG (P < 0.05, Fig. 4B). A correlation heatmap revealed that 
M0 macrophages had the strongest positive correlation with 
COL17A1 (cor = 0.33, P < 0.001), whereas CD8 T cells showed 
the strongest negative correlation with ITGA6 (cor = −0.30, P < 
0.001) (Fig. 4C). These results suggest that abnormal immune 
infiltration in PDAC, associated with SGs, offers valuable 
insights with critical clinical relevance.

The ESTIMATE algorithm results indicated that HRG had 
lower ESTIMATE, immune, and stromal scores (P < 0.05, 
Fig. 4D). Additionally, 13 immune checkpoint genes exhibited 
significant differences between the two risk groups (P < 0.05). 
For instance, nine immune checkpoint genes, including 
LGALS9, TNFSF9, HHLA2, and CD70, were significantly upre
gulated in HRG, while the expression levels of four immune 
checkpoint genes, including CD200, BTLA, and TNFSF14, 
were significantly lower in HRG (P < 0.05, Fig. 4E). These 
results suggest that patients in HRG may experience more pro
nounced immune evasion, potentially leading to less favorable 
outcomes with immunotherapeutic approaches.

SGRG signature as a potential tool for predicting treatment 
response

Drug sensitivity analysis of 148 anticancer drugs identified sta
tistically significant differences in sensitivity between risk groups 
(Supplemental Digital Content Table S6, available at: http:// 
links.lww.com/JS9/G305), with the top five drugs showing the 
most significant p-values selected for further analysis. Notably, 
low-risk patients demonstrated significantly higher sensitivities 

to drugs such as JAK1_8709 and sabutoclax (P < 0.0001), 
suggesting that these drugs may offer enhanced therapeutic 
responses in LRG (Fig. 5A). In contrast, high-risk patients exhib
ited lower IC50 values for ERK and VX.11e (P < 0.0001), 
indicating that PDAC patients at higher risk are more likely to 
show reduced resistance to chemotherapy (Acetalax was 
excluded due to hepatotoxicity concerns, and ERK was chosen 
for presentation instead) (Fig. 5B). These results suggest that 
targeting prognostic SGRGs with these drugs could improve 
PDAC treatment outcomes.

Comparison regarding the mutation status between HRG 
and LRG

The gradual accumulation of gene mutations is closely linked to 
the onset and progression of tumors[43]. Analyzing somatic 
mutation data provides deeper insights into the factors contri
buting to diverse clinical outcomes. The mutation analysis 
revealed that missense variants were the most common genetic 
alterations in the PDAC-training set. The waterfall plot demon
strated that typical gene mutations were present in both HRG 
and LRG. In HRG, the top three mutant genes were KRAS, 
TP53, and SMAD4, with KRAS exhibiting a dominant mutation 
rate of 77% and TP53 at 71% (Fig. 6A). In contrast, the top 
three mutant genes in LRG were TP53, KRAS, and TTN, with 
TP53 and KRAS mutation rates of 37 and 33%, respectively 
(Fig. 6B). Further examination of mutation types and single- 
nucleotide variation (SNV) patterns across the PDAC-training 
set and different risk groups revealed distinct mutation signa
tures associated with risk levels. Compared to HRG, LRG 
exhibited fewer mutations, a lower proportion of single-nucleo
tide polymorphisms (SNPs), and a higher proportion of 
C-T mutations (Fig. 6C and D). In summary, integrating muta
tion status with risk scores enhanced the predictive capacity for 
the prognosis of patients with PDAC.

Biological mechanisms associated with prognostic SGRGs 
in PDAC

GSEA plays a pivotal role in identifying extensive and consistent 
changes in biological pathways. GSEA indicated that LAMA3 
was significantly enriched in 2274 pathways, including “sulfa
tion” and “triglyceride-rich lipoprotein particle remodeling” 
(P < 0.05, Fig. 7A, Supplemental Digital Content Table S7, 
available at: http://links.lww.com/JS9/G305). ITGA6 was signif
icantly enriched in 2571 pathways, such as “regulation of fibri
nolysis,” “regulation of glutamate secretion,” and “glucose 
import” (P < 0.05, Fig. 7B, Supplemental Digital Content 
Table S8, available at: http://links.lww.com/JS9/G305). 
COL17A1 was enriched in 1737 pathways, including “interleu
kin 27 mediated signaling pathway,” “regulation of odontogen
esis,” and “blood vessel remodeling” (P < 0.05, Fig. 7C, 
Supplemental Digital Content Table S9, available at: http:// 
links.lww.com/JS9/G305). TOP2A was found to be enriched in 
1955 pathways, such as “deoxyribonucleoside triphosphate bio
synthetic process,” “regulation of transforming growth factor 
beta activation,” and “heparin biosynthetic process” (P < 0.05, 
Fig. 7D, Supplemental Digital Content Table S10, available at: 
http://links.lww.com/JS9/G305). These results suggest that 
prognostic SGRGs may influence SG formation by regulating 
these functional pathways during the pathophysiological pro
cess of PDAC.
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Comprehensive single-cell landscape of PDAC

Following integration and filtering of the original dataset, qual
ity control (QC) was performed. Pre-QC data consisted of 
49 331 cells and 33 538 genes, while post-QC data retained 
32 004 cells and all 33 538 genes (Supplemental Digital Content 
Figure S6A, available at: http://links.lww.com/JS9/G304). The 
top 3000 HVGs were then selected for downstream analysis 
(Fig. 8A). PCA and the scree plot indicated that the optimal 
dimensionality was 20, so the top 20 PCs were retained for 
further analysis (P < 0.05, Supplemental Digital Content 
Figure S6B and C, available at: http://links.lww.com/JS9/ 
G304). The cells were subsequently separated into 22 distinct 
clusters (Fig. 8B). These clusters were annotated into 11 cell 
types: ductal cells, mast cells, fibroblasts, macrophages, natural 

killer (NK) cells, T cells, plasma cells, acinar cells, endothelial 
cells, B cells, and endocrine cells (Fig. 8C). A bubble plot was 
generated to visualize the expression of marker genes across 
these cell types (Fig. 8D, Supplemental Digital Content Table 
S11, available at: http://links.lww.com/JS9/G305). The histo
gram displayed the relative abundance of the 11 annotated cell 
types, with T cells and ductal cells showing the highest abun
dance in PDAC samples (Fig. 8E). Notably, the expression of 
prognostic SGRGs in ductal cells exhibited significant differ
ences between the two groups (P < 0.01), leading to the selection 
of ductal cells as the key cell type for further analysis (Fig. 8F).

In the GSE212966 dataset, following integration and filter
ing, QC was also performed. Pre-QC data included 71 074 cells 
and 36 601 genes, while post-QC data retained 53 091 cells and 
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Figure 4. (A) Proportional plot of the infiltration abundance and (B) immune infiltration landscape of 22 immune cells in PDAC patients from high/low-risk groups. 
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Figure 5. Sensitivity score plot of common antitumor drugs (top five drugs) for PDAC patients with (A) low-risk group or (B) high-risk group showing greater 
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all 36 601 genes. Supplemental Digital Content Figure S7A, 
available at: http://links.lww.com/JS9/G304). The top 3000 
HVGs were selected for downstream analysis (Fig. 9A). PCA 
and scree plots determined that the optimal dimensionality was 
30, and the top 30 PCs were retained for subsequent analysis 
(P < 0.05, Supplemental Digital Content Figure S7B and C, 
available at: http://links.lww.com/JS9/G304). The cells were 
separated into 39 distinct clusters (Fig. 9B), which were anno
tated into the same 11 cell types as in the previous dataset 
(Fig. 9C). A bubble plot was generated to visualize marker 
gene expression (Fig. 9D). The histogram again showed that 
T cells and ductal cells were the most abundant cell types in 
PDAC samples (Fig. 9E). Given that prognostic SGRGs were 
highly expressed in ductal cells, these cells were selected as the 
key cell type for further investigation (Fig. 9F). The identifica
tion of ductal cells as key cells in both single-cell datasets demon
strated the robustness and stability of the analysis results.

Role of prognostic SGRGs and cell communication 
landscape in ductal cells

Following the identification of ductal cells as key cell types, 
pseudo-time analysis was performed to infer their differentiation 

trajectories, revealing six distinct subtypes: RPS3+, TFF1+, 
MKI67+, CEACAM5+, CEACAM6+, and MALAT1 + ductal 
cells (Fig. 10A). Notably, CEACAM6+ and RPS3 + ductal cells 
differentiated earlier, whereas MALAT1+ and MKI67 + ductal 
cells underwent later differentiation. The differentiation process 
of ductal cells progressed through three distinct states, high
lighting the inherent heterogeneity within ductal cell popula
tions. Specifically, state 1 differentiated earlier, while state 
three exhibited later differentiation (Fig. 10B–D). Furthermore, 
the expression patterns of prognostic SGRGs across the pseudo- 
time trajectories were explored in ductal cells. As differentiation 
progressed, COL17A1 and ITGA6 expression levels increased, 
while LAMA3 expression exhibited an initial rise followed by 
a decline. TOP2A expression initially decreased, then nearly 
ceased, and later rebounded (Fig. 10E).

The cell communication network diagram illustrated the 
number and strength of interactions among the annotated 
cell types, demonstrating that ductal cells communicated 
with several other cell types. Notably, the number and inten
sity of cell–cell interactions in the PDAC group were signifi
cantly higher than those observed in the normal group 
(Fig. 11A). Strong interactions between ductal cells and 

Figure 7. GSEA results of (A) LAMA3, (B) ITGA6, (C) COL17A1, and (D) TOP2A.
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Figure 8. (A) Volcano plot of variable genes, with the x-axis representing gene expression levels and the y-axis showing standard deviations. Black dots denote 
non-highly variable genes, red dots indicate highly variable genes, and labeled gene names correspond to the top 10 highly variable genes. (B) UMAP plot of cell 
cluster classification, with the x-axis as UMAP 1 and the y-axis as UMAP 2, where colors represent different clusters. (C) Cell annotation plot, with the x-axis as 
UMAP 1 and the y-axis as UMAP 2, where colors indicate different annotated cell types. (D) Bubble plot of marker genes, with the x-axis as marker genes and the 
y-axis as annotated cell types. Colors represent average expression levels, with bluer colors indicating higher expression, and dot sizes indicating the percentage 
of cells expressing the gene, with larger dots representing higher percentages. (E) Cell abundance plot, with the x-axis showing the percentage of all cells and the 
y-axis as samples, where colors represent different annotated cell types. (F) Plot of the expression levels of prognostic genes in various cell types within PDAC 
cancer tissue samples, with the x-axis as cell types and the y-axis as gene expression levels. Yellow represents the normal group, blue represents the tumor 
group, empty spaces indicate presence only in the tumor group, ns denotes no significant difference, * indicates P < 0.05, ** indicates P < 0.01, *** indicates P < 
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fibroblasts were evident across all tissue samples (Fig. 11B 
and C). These findings highlight the critical roles of ductal 
cells in PDAC pathogenesis.

Expression verification of prognostic SGRGs

Expression analysis of data from the PDAC-training set and 
GSE28735 revealed that LAMA3, ITGA6, COL17A1, and 
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TOP2A were significantly upregulated in PDAC tumor tissues 
(P < 0.05, Fig. 12A and B).

Discussion

This study utilized RNA sequencing and scRNA-seq data to 
unravel the complex landscape of PDAC, shedding light on 
cellular heterogeneity and its impact on tumor progression and 
patient outcomes. A PDAC risk model was successfully con
structed using ML algorithms, accompanied by comprehensive 
analyses of immune cell infiltration patterns, drug sensitivity, 
and functional pathways, offering novel insights for the devel
opment of PDAC treatment strategies.

Biological function of prognostic SGRGs

A risk model was developed using data from a PDAC training set 
to explore the relationship between SGs and clinical outcomes in 
patients with PDAC. The model, based on prognostic SGRGs, 
demonstrated robust reliability and consistency, as validated by 
both the PDAC training set and the GSE28735 dataset. Four 
independent prognostic SGRGs – LAMA3, ITGA6, COL17A1, 
and TOP2A – were identified.

LAMA3, located at 18q11.2 on chromosome 18, encodes the 
laminin subunit alpha 3, a secreted protein within the laminin 
family[44]. Laminin 332, of which LAMA3 is a key component, 
is critical to the basement membrane barrier and plays 
a significant role in tumor metastasis. The expression level of 
LAMA3 impacts the invasive and migratory capabilities of 
PDAC cells; higher LAMA3 expression facilitates basement 
membrane penetration, promoting tumor invasion and 
metastasis[44,45]. The epithelial–mesenchymal transition (EMT), 
a process that endows epithelial cells with mesenchymal traits – 

such as the loss of polarity and cell–cell junctions – enhances 
their migratory and invasive potential. In PDAC, LAMA3 pro
motes EMT by modulating key signaling pathways, thereby 
driving tumor progression[46].

ITGA6, located at 2q31.1 on chromosome 2, encodes the 
integrin subunit alpha 6, which forms heterodimers with β1 or 
β4 subunits to interact with ECM proteins like laminin. In 
PDAC, this interaction may enhance tumor cell adhesion to the 
surrounding stroma, promoting cell migration and invasion and 
facilitating the breach of the basement membrane for tumor cell 
infiltration into adjacent tissues[47]. The integrin α6β4 complex 
is involved in angiogenesis-related signaling pathways, and in 
PDAC, ITGA6 may contribute to tumor angiogenesis by mod
ulating these pathways, supplying nutrients, and offering meta
static routes for the tumor cells[48,49]. Additionally, the 
interaction between ITGA6-mediated cells and the ECM acti
vates intracellular signaling cascades that promote tumor cell 
proliferation, survival, and drug resistance. Through these path
ways, ITGA6 likely supports tumor growth and progression in 
PDAC[50].

COL17A1, located at 10q25.1 on chromosome 10, encodes 
the alpha 1 chain of type XVII collagen, a transmembrane pro
tein that is a structural component of hemidesmosomes. It plays 
a critical role in mediating keratinocyte adhesion to the base
ment membrane at the dermal–epidermal junction[51]. Elevated 
expression of COL17A1 has been linked to poor outcomes in 
pancreatic cancer, promoting tumor growth and metastasis[52].

TOP2A, located at 17q21–q22 on chromosome 17, encodes 
DNA topoisomerase IIα, a nuclear enzyme essential for DNA 
transcription and replication. TOP2A functions to control the 
local spatial conformation of DNA, participating in chromo
some condensation, chromatid separation, and relieving tor
sional stress during DNA transcription and replication. Its role 
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in DNA replication, transcription, and chromatin remodeling 
has implicated it in the progression of various cancers[53]. Recent 
studies have noted a high rate of HER2 amplification in PDAC 
individuals with concurrent TOP2A amplification[54]. TOP2A, 
along with its transcriptional activators SP1 and HMGB2, is 
overexpressed in human PDAC tissues, and knockdown of 
TOP2A sensitizes PDAC cells to chemotherapy[55].

A risk model based on prognostic SGRGs was constructed and 
validated using one training set and three validation sets. Among 
the four datasets, the AUC value was below 0.6 at 1 year in one 
dataset, while exceeding 0.6 in the others, indicating relatively 
stable predictive performance of the model. Previous studies have 
similarly reported lower 1-year AUC values compared to those at 
3 and 5 years[56]. This discrepancy may result from the fact that, 
within the 1-year follow-up period, some “actual incident cases” 
could be misclassified as “non-incident” (false negatives) due to 
delayed screening (e.g., lack of annual check-ups) or diagnostic 
errors (e.g., false-negative biopsies). Additionally, certain “benign 
lesions” (e.g., breast fibroadenomas, hepatic hemangiomas) may 
be incorrectly identified as “suspected incident cases” (false posi
tives). Moreover, our risk model represents an idealized frame
work based on bioinformatic analysis, and its clinical utility will 
require further validation and refinement through integration 
with clinical data in future studies.

Immune cell levels in high- and low-risk groups

Our findings revealed significant differences in the abundance of 
seven immune cell types between HRG and LRG in PDAC. 
Specifically, M0 macrophages and eosinophils demonstrated 
a significant positive correlation with all four prognostic 
SGRGs, while CD8 T cells showed a significant negative corre
lation with these SGRGs.

The PDAC stroma is heavily infiltrated by macrophages, 
which contribute to both immunosuppression within the 
tumor microenvironment and resistance to gemcitabine 
treatment[57,58]. Moreover, macrophages can shield tumor cells 
from complement-dependent cytotoxicity[58]. Early-stage M0 

macrophages, characterized by high plasticity, can enhance anti
tumor responses by increasing TNF-α secretion[59]. These 
macrophages may also interact with specific molecules on the 
surface of tumor cells, influencing tumor cell growth, prolifera
tion, and invasiveness. For instance, M0 macrophages can bind 
to adhesion molecules, such as integrins, on the tumor cell sur
face, altering the ECM’s adhesion properties and thereby 
impacting the migratory and invasive abilities of tumor 
cells[60]. Furthermore, M0 macrophages may phagocytose 
tumor cell debris, release antigenic peptides, and activate specific 
antitumor immune responses.

Eosinophils, specialized white blood cells, play critical roles in 
immune defense, migrating to sites of infection and releasing 
toxic chemicals and proteins to eliminate harmful cells or 
pathogens[61]. Elevated eosinophil levels can signal various 
health conditions, from allergic reactions and asthma to certain 
cancers[62]. Retrospective research has demonstrated that a high 
peripheral blood eosinophil count in patients with PDAC corre
lates with prolonged survival[63].

This study observed a significant reduction in CD8 T cell 
infiltration within the PDAC tumor microenvironment, likely 
due to the unique immunosuppressive conditions present. The 
highly fibrotic stroma in PDAC, where activated pancreatic 
stellate cells (PSCs) secrete ECM components and factors such 
as transforming growth factor-β[64], creates a physical barrier 
that impedes T cell infiltration. These factors may also induce 
functional exhaustion of CD8 T cells. Additionally, abnormal 
overexpression of immune checkpoint molecules, such as pro
grammed death-ligand 1 (PD-L1)[65], further suppresses the acti
vation and proliferation of CD8 T cells. This not only 
exacerbates T cell exhaustion but also diminishes their tumor- 
killing capacity, contributing to immune evasion in PDAC.

These findings provide valuable insights into the immune cell 
profile differences between individuals at different risk levels, 
highlighting the importance of understanding the roles of speci
fic immune cell populations in disease susceptibility and 
progression.
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Gene mutations in high- and low-risk groups

By analyzing somatic mutation data from TCGA, this study 
investigated the mutational gene profiles of two PDAC risk 
groups. This analysis revealed that mutations in key genes, 
including KRAS, TP53, SMAD4, CDKN2A, and TTN, drive 
PDAC progression in these populations[66–68]. Activating muta
tions in KRAS were found in 95% of pancreatic tumors[69], 
while CDKN2A, TP53, and SMAD4 are frequently inactivated 
through methylation or homozygous deletion in 50–80% of 
cases[70].

Drug sensitivity in high- and low-risk groups

Drug resistance remains a major therapeutic challenge in PDAC. 
Predicting drug sensitivity offers a way to personalize treatment 
by considering individual variations in chemotherapy response. 
Our findings suggest several potential therapeutic options for 
patients with PDAC, though the ultimate efficacy of these treat
ments will require validation in clinical trials.

Among the drugs with greater sensitivity in LRG, JAK1_8709 
showed the smallest p-values. JAK1_8709 is a selective JAK1 
kinase inhibitor that targets the Janus kinase–signal transducer 
and activator of transcription (JAK–STAT) pathway[71]. In 
PDAC, this pathway is often hyperactivated by inflammatory 
cytokines such as IL-6, contributing to an immunosuppressive 
tumor microenvironment and promoting fibrosis[72]. 
JAK1_8709 inhibits the JAK–STAT pathway, thereby impeding 
the formation of the tumor microenvironment, enhancing CD8 
T cell infiltration, and potentially reversing PDAC’s immune 
evasion phenotype.

For HRG, Acetalax showed the smallest P-values for drug 
sensitivity, although it was withdrawn in most countries in the 
early 1970s due to liver toxicity[73]. The next most sensitive drug 
was SCH772984, a highly selective ERK1/2 kinase inhibitor that 
targets a critical node in the MAPK signaling pathway[74]. KRAS 
mutations are common in PDAC, occurring in approximately 
90% of cases, leading to hyperactivation of the MAPK pathway, 
which promotes tumor cell growth, proliferation, and 
survival[75]. SCH772984 binds competitively to the ATP pocket 
of ERK, inhibiting its kinase activity and theoretically suppres
sing pancreatic cancer cell proliferation by blocking this 
pathway[76,77]. The third most sensitive drug was trametinib, 
although studies have shown that combining trametinib with 
gemcitabine – both of which inhibit the MAPK signaling path
way (RAF>MEK1/2 > ERK1/2) – did not improve OS, progres
sion-free survival, overall response rate, or duration of response 
in treatment-naïve patients with metastatic PDAC[78].

Biological mechanisms underlying prognostic SGRGs in 
PDAC

GSEA results targeting prognostic SGRGs have revealed poten
tial mechanisms underlying PDAC pathogenesis. The “Glucose 
Import” pathway may facilitate tumor cell proliferation by 
enhancing the Warburg effect, a metabolic phenomenon in 
which tumor cells primarily generate energy through glycolysis, 
even under normal oxygen conditions, leading to increased lac
tate production[79]. In contrast to normal cells, which primarily 
rely on oxidative phosphorylation, cancer cells prefer glycolysis. 
The Warburg effect promotes tumor progression by providing 
cellular building blocks for rapid growth, creating an acidic 

microenvironment, supporting immune evasion, and enhancing 
drug resistance[80]. PDAC, characterized by abundant stromal 
components and a hypoxic, poorly vascularized tumor 
microenvironment[81,82], increases tumor cell reliance on glyco
lytic pathways. The “Regulation of Immunoglobulin 
Production” pathway suggests that modulating B cell immune 
responses within the tumor microenvironment contributes to 
PDAC progression[83]. Furthermore, “Renal System 
Vasculature Development” and “Blood Vessel Remodeling” 
emphasize the role of vascular remodeling in PDAC. IL-27 sig
naling within the “Interleukin 27 Mediated Signaling Pathway” 
may promote immune evasion by modulating the Th17/Treg 
balance[84]. The “Protein Neddylation” modification pathway 
could influence the cell cycle by stabilizing oncogenic 
proteins[85]. Additionally, metabolic pathways such as 
“NADPH Regeneration” and “Deoxyribonucleoside 
Triphosphate Biosynthetic Process” suggest that reprogramming 
nucleotide anabolic metabolism in PDAC may offer potential 
therapeutic targets[86].

Among the SGRGs and their corresponding pathways, 
TOP2A is associated with the heparin biosynthetic process. In 
pancreatic cancer, aberrant expression of enzymes involved in 
heparin biosynthesis may impact processes such as tumor micro
environment modulation, cell proliferation, migration, and 
invasion. For example, heparanase, an enzyme involved in 
heparan sulfate (HS) degradation, is upregulated in pancreatic 
cancer and promotes tumor cell migration and invasion. 
Additionally, changes in the expression of enzymes like HS 
sulfotransferases can alter HS structure and function, influen
cing PDAC progression. HS3ST3B1, for example, can promote 
EMT in pancreatic cancer cells by activating the transcription 
factor SNAIL[87]. The upregulation of TOP2A affects the 
heparin biosynthetic process, thereby influencing tumor cell 
migration and PDAC progression. Meanwhile, LAMA3 is 
enriched in the sulfation pathway, and studies have shown that 
inhibiting the tyrosine sulfation axis of SLC35B2–TPST2 can 
reduce growth and metastasis in PDAC[88].

The role of ductal cells in the progression of PDAC

Previous single-cell analyses have highlighted the critical roles of 
ductal cells in PDAC. This cancer is believed to arise from the 
malignant transformation of pancreatic ductal epithelial cells, clo
sely associated with both genetic and epigenetic abnormalities in 
these cells. During the precancerous stage, ductal cells often harbor 
oncogenic KRAS mutations, present in approximately 90% of 
PDAC cases. These mutations lead to the persistent activation of 
the MAPK/ERK signaling pathway[89], driving cell proliferation, 
inhibiting apoptosis, and inducing metabolic reprogramming. This 
provides energy and biosynthetic precursors necessary for the rapid 
growth of tumor cells. The PDAC tumor microenvironment is also 
marked by a dense stromal component, with ductal cells recruiting 
fibroblasts, immune cells, and vascular endothelial cells through 
the secretion of cytokines and chemokines, thus promoting 
a protumorigenic environment[7]. Additionally, ductal cells secrete 
the sonic hedgehog (SHH) protein, which activates PSCs and 
induces collagen deposition, resulting in stromal stiffening that 
impedes drug penetration[90]. Notably, the expression dynamics 
observed in the quasitemporal analysis do not indicate causal 
regulation. Given the strong interaction between ductal cells and 
fibroblasts, it can be hypothesized that the prominent expression of 
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certain biomarkers might facilitate this intercellular communica
tion. For instance, TOP2A, in synergy with TGF-β secreted by 
cancer-associated fibroblasts (CAFs), promotes remodeling of the 
ductal cell ECM, creating a physical barrier that hinders immune 
cell infiltration and increases chemotherapy resistance[91,92]. Thus, 
the upregulated expression of TOP2A in this study likely contri
butes to ECM remodeling in ductal cells, further obstructing 
immune cell infiltration and enhancing resistance to chemotherapy.

Limitations and future perspectives

In summary, this study utilized SGs as a foundation to thor
oughly investigate the molecular mechanisms of prognostic 
SGRGs in PDAC. The resulting risk model demonstrated robust 
performance across multiple datasets, exhibiting strong prog
nostic predictive capabilities and potential clinical applications. 
Moreover, the analysis of drug sensitivity provided new targets 
for PDAC immunotherapy and drug development, while single- 
cell analysis results offered a more comprehensive understanding 
of PDAC pathogenesis.

Despite these strengths, the study has certain limitations. The 
current analysis of SG heterogeneity is based on bioinformatics 
predictions and lacks direct experimental validation, such as 
examining the assembly patterns of SGs (e.g., via immunofluor
escence staining) across different PDAC subpopulations. Future 
research will focus on using PDAC tissue microarrays and 
immunofluorescence colocalization techniques to validate the 
differences in SG assembly among various cell populations and 
samples with distinct pathological characteristics. Additionally, 
in vitro cell models (poorly differentiated and well-differentiated 
PDAC cell lines) will be employed to explore the regulatory 
mechanisms of SG heterogeneity. Furthermore, future studies 
should explore the interactions between SGRGs and other meta
bolic and signaling pathways in PDAC. Leveraging single-cell 
data to investigate the differentiation processes of key cell types, 
such as ductal cells, and elucidating their roles in PDAC, along 
with the molecular mechanisms of cellular differentiation, offers 
a promising direction for further investigation. Finally, as this 
study is based on computational predictions, it lacks validation 
through functional experiments and clinical sample testing. 
Future research will continue to prioritize experimental valida
tion to facilitate the clinical translation of these findings.

Conclusion

This study utilized ML approaches to develop a PDAC risk 
model that incorporates four prognostic SGRGs (LAMA3, 
ITGA6, COL17A1, and TOP2A). This model independently 
predicts the prognosis of patients with PDAC, demonstrating 
superior accuracy in OS prediction compared to traditional 
factors such as age, gender, and N stage. The calibration curve 
confirmed a high degree of agreement between the predicted and 
actual survival rates. This scoring system offers a personalized 
survival prediction tool for clinicians and patients, supporting 
the development of more effective treatment strategies. 
Additionally, this study highlighted significant differences in 
the tumor immune microenvironment between high- and low- 
risk groups, including variations in Naive B cells, Memory 
B cells, CD8 T cells, Monocytes, M0 Macrophages, M1 
Macrophages, and Eosinophils. The ESTIMATE algorithm 
revealed significant differences in immune, stromal, and 

combined scores between these risk groups. Furthermore, ana
lysis of relevant single-cell datasets identified 11 distinct cell 
types, including ductal cells, mast cells, fibroblasts, macro
phages, NK cells, T cells, plasma cells, acinar cells, endothelial 
cells, B cells, and endocrine cells. Ductal cells emerged as a key 
cell cluster. This study further explored cellular state transitions 
and cell-cell communication within ductal cells, providing 
a deeper understanding of PDAC pathogenesis.
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