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Liquid-liquid phase separation-related features of PYGB/ACTR3/
CCNA2/ITGB1/ATP8A1/RAP1GAP2 predict the prognosis of 
pancreatic cancer

Xiaofeng Li1#, Ranran Yu2#, Baochang Shi1, Akhil Chawla3,4, Xianguang Feng1, Kai Zhang1, Li Liang1

1Department of Hepatobiliary Surgery, Shandong Provincial Third Hospital, Shandong University, Jinan, China; 2Department of Pathology, The 

Second Affiliated Hospital of Shandong University of Traditional Chinese Medicine, Jinan, China; 3Department of Surgery, Northwestern University 

Feinberg School of Medicine, Chicago, IL, USA; 4Division of Surgical Oncology, Robert H. Lurie Comprehensive Cancer Center of Northwestern 

University, Chicago, IL, USA

Contributions: (I) Conception and design: X Li, R Yu, L Liang; (II) Administrative support: X Feng, K Zhang; (III) Provision of study materials or 

patients: X Li, R Yu, B Shi, L Liang; (IV) Collection and assembly of data: X Li, R Yu, B Shi; (V) Data analysis and interpretation: X Li, R Yu, X 

Feng, L Liang; (VI) Manuscript writing: All authors; (VII) Final approval of manuscript: All authors.
#These authors contributed equally to this work.

Correspondence to: Li Liang, MD. Department of Hepatobiliary Surgery, Shandong Provincial Third Hospital, Shandong University, No. 11 Central 

Wuying Hill Road, Jinan 250031, China. Email: L_L5211@163.com.

Background: The growth and metastasis of pancreatic cancer (PC) has been found to be closely associated 
with liquid-liquid phase separation (LLPS). This study sought to identify LLPS-related biomarkers in PC to 
construct a robust prognostic model.
Methods: Transcriptomic data and clinical information related to PC were retrieved from publicly 
accessible databases. The PC-related data set was subjected to differential expression, Mendelian 
randomization (MR), univariate Cox, and least absolute selection and shrinkage operator analyses to identify 
biomarkers. Using the biomarkers, we subsequently constructed a risk model, identified the independent 
prognostic factors of PC, established a nomogram, and conducted an immune analysis.
Results: The study identified four genes linked with an increased risk of PC; that is, PYGB, ACTR3, 
CCNA2, and ITGB1. Conversely, ATP8A1, and RAP1GAP2 were found to provide protection against PC. 
These findings contributed significantly to the development of a highly precise risk model in which risk, age, 
and pathology N stage were categorized as independent factors in predicting the prognosis of PC patients. 
Using these factors, a nomogram was established to predict survival outcomes accurately. An immune analysis 
revealed varying levels of eosinophils, gamma delta T cells, and other immune cells between the distinct risk 
groups. The high-risk patients exhibited increased potential for immune escape, while the low-risk patients 
showed a higher response to immunotherapy.
Conclusions: Six genes were identified as having potential causal relationships with PC. These genes 
were integrated into a prognostic risk model, thereby serving as unique prognostic signatures. Our findings 
provide novel insights into predicting the prognosis of PC patients.
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Introduction 

Pancreatic cancer (PC) is an exceedingly lethal digestive 
tract malignancy with a rising global incidence (1). Due 
to the lack of effective systemic treatment strategies, the 
current 5-year survival rate for PC is only 12% (2). Most 
PC are adenocarcinomas, which are extremely difficult to 
prevent and diagnose early at a curable stage (3).

Genet ic  a l terat ions  p lay  a  p ivota l  ro le  in  the 
pathogenesis and progression of PC (4). Currently available 
treatment options for PC include surgery, chemotherapy, 
radiotherapy, targeted therapy, and combination therapy; 
however, surgery remains the primary curative therapeutic 
modality for this disease (5). Unfortunately, almost 50% of 
patients present with distant metastasis, which reduces the 
opportunity for surgical intervention (6,7). Moreover, the 
enormous clinical cost, coupled with the medical burden 
associated with PC, poses a significant global public health 
issue. Thus, there is an urgent imperative to identify 
biomarkers or personalized therapeutic targets that facilitate 
the effective on biomarker during treatment of PC.

Previous studies have explored numerous potential 
PC biomarkers, such as carbohydrate antigen 19-9 
(CA19-9), cell division cycle 25C (CDC25C), and BUB1 
Mitotic Checkpoint Serine/Threonine Kinase (BUB1) 
(8-10). However, despite their role in PC prognosis, the 
sensitivity and specificity of many biomarkers remain 
subpar. Therefore, further in-depth investigations into PC 
biomarkers and the identification of novel, more effective 

biomarkers for early diagnosis and prognosis models are 
imperative.

It is generally agreed that cancer development is closely 
linked to genetic mutations and transcriptional changes; 
however, the precise mechanisms driving PC progression 
are not yet fully understood. Recent studies have shed 
light on the pivotal role of membrane-less organelles, like 
nucleoli, which display distinct liquid-like characteristics 
through a process known as liquid-liquid phase separation 
(LLPS) (11,12). With an advancing comprehension of 
the underlying role of LLPS in cancers, there has been 
increased understanding that LLPS plays a pivotal role in 
various cellular functional mechanisms, including stress 
response, gene expression regulation, signal transduction 
control, and other biological processes (13). An increasing 
number of studies have shown an association between 
LLPS and the onset and progression of tumors (14,15). 
LLPS influences cancer development through multiple 
mechanisms including the regulation of gene expression, 
promotion of cellular autophagy, modulation of tumor 
immunity, regulation of DNA damage repair, and cellular 
ferroptosis (16). It is important to note that abnormal LLPS 
not only impacts gene expression but also contributes to 
carcinogenesis by altering cellular autophagy, immune 
responses, DNA repair processes, and other signaling 
pathways (17). These findings reveal the intricate 
interplay between LLPS and various cellular processes in 
the context of cancer progression. LLPS-related genes 
(LRGs) have emerged as potential prognostic markers 
for malignancies such as low-grade glioma (18), ovarian 
cancer (19), and digestive system tumors (20). Offering 
new avenues for precision oncology. However, the specific 
roles of LRGs in shaping the prognosis and tumor immune 
microenvironment of PC remain to be elucidated.

Mendelian randomization (MR) is a type of instrumental 
variable (IV) analysis used in epidemiology to examine causal 
associations between risk factors and disease outcomes (21). 
This method uses publicly accessible data from an extensive 
integrative epidemiology unit (IEU) Open genome-wide 
association studies (GWAS) database (https://gwas.mrcieu.
ac.uk/) to examine risk factor “exposures” and disease 
“outcomes”, which effectively addresses the restrictions 
typically posed by a observational study (22). Three 
fundamental assumptions underpin MR investigations: (I) a 
strong and statistically significant association exists between 
IVs and exposure; (II) IVs are independent of confounding 
factors; and (III) IVs independently influence outcomes 
through exposure, excluding other pathways.

Highlight box

Key findings 
•	 This study established a novel prognostic risk model comprising six 

liquid-liquid phase separation-related genes (LRGs) in pancreatic 
cancer (PC) using transcriptomic data and clinical information 
from publicly accessible databases and a Mendelian randomization 
analysis.  

What is known and what is new? 
•	 LRGs can serve as significant prognostic indicators of cancers.
•	 PYGB, ACTR3, CCNA2, and ITGB1 are associated with an elevated 

risk of developing PC. Conversely, ATP8A1, and RAP1GAP2 offer 
protection against PC.

What is the implication, and what should change now?
•	 This study examined the relationship between these LRGs and 

immune infiltration, the efficacy of immunotherapy, associated 
pathways, and drug responsiveness in PC patients. Our findings 
provide novel insights into predicting the prognosis of PC patients.

https://gwas.mrcieu.ac.uk/
https://gwas.mrcieu.ac.uk/
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Randomized controlled trials (RCTs), which are widely 
recognized as the gold standard epidemiological design 
for establishing direct causal effects of risk factors on 
disease development, may not always be feasible due to 
cost constraints, implementation challenges, and ethical 
considerations (23). MR, which mimics RCT designs, 
has become a popular alternative approach. There is a 
current lack of empirical evidence demonstrating a causal 
association between PC and LLPS. 

This study leveraged PC-related transcriptome 
sequencing data and clinical information from publicly 
accessible databases,  and used a MR analysis  and 
bioinformatics tools to explore the LRGs causally associated 
with PC. The characterization of these genes facilitated the 
development of a novel model to evaluate patient prognosis. 
Our findings offer a novel perspective on the prognosis and 
treatment of PC. We present this article in accordance with 
the TRIPOD reporting checklist (available at https://jgo.
amegroups.com/article/view/10.21037/jgo-24-426/rc).

Methods

Data source

The Cancer  Genome At las  (TCGA)—pancreat ic 
adenocarcinoma transcriptomic data set and clinical 
information were obtained from TCGA database (http://
cancergenome.nih.gov/). The data set comprised 178 PC 
samples and four control samples. Pancreatic normal tissue 
samples from the Genotype-Tissue Expression (GTEx) 
database (http://www.gtexportal.org/home%5B33) were 
also included in the study. The two data sets were merged to 
create a training cohort that comprised 178 PC samples and 
171 control samples (24). Additionally, the GSE62452 data 
set, comprising 69 PC samples and 61 control samples, was 
acquired from Gene Expression Omnibus (GEO) database 
(https://www.ncbi.nlm.nih.gov/gds) for the acquisition of 
differential genes. A data set comprising 145 PC samples was 
acquired from the International Cancer Genome Consortium 
(ICGC) database (https://dcc.icgc.org) as the testing cohort. 
Moreover, 3,612 LRGs were obtained from the data resource 
of LLPS (DrLLPS) database (25,26) (https://llps.biocuckoo.
cn). The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013).

Identifying the DE-LRGs

In the GSE62452 data set, differentially expressed genes 

(DEGs) were obtained from the PC and control samples 
(based on the following criteria: |log2 fold change| >0.5 
and P<0.05) using the DESeq2 package (27) (v. 3.4.1). 
Next, the differentially expressed-LRGs (DE-LRGs) were 
obtained by overlapping the DEGs and 3,612 LRGs using 
the VennDiagram package (v. 1.7.3) (28).

MR analysis

The Expression Quantitative Trait Loci (eQTL) data 
for the DE-LRGs of MR analysis were obtained from 
the IEU Open GWAS database for use as exposure 
factors. The PC data set (bbj-a-140) from the IEU Open 
GWAS database, comprising 8,885,075 single nucleotide 
polymorphisms (SNPs) from 196,187 samples (case =442 
and control =195,745), was selected as the outcome variable. 
Next, MR analysis was conducted to identify the genes 
causally associated with PC. In the beginning, the extract_
instruments function of the TwoSampleMR package was 
used to read the exposure factors and screen the SNPs (29) 
(using the following criterion: P<5×10−8), and the SNPs that 
were significantly correlated with the exposure factors were 
identified. When clump = TRUE, any SNPs with linkage 
disequilibrium were removed using the following settings: 
r2=0.001 and kb =10. We ensured that our analyses included 
only independent SNPs to minimize the potential for 
confounding effects. Next, the harmonise_data function was 
used to harmonize the effect alleles with effect sizes.

In this study, five diverse MR methods [i.e., the MR-
Egger method (30), weighted median method (31), inverse 
variance weighted (IVW) method (32), simple mode (29), 
and weighted mode (33)] were used to explore the causality 
of the observed associations between the DE-LRGs and 
PC. This study focused on the P value and odds ratio (OR) 
value of the IVW method. A P value <0.05 indicated a 
significant causal association between the exposure factors 
and outcome, an OR value >1 indicated that the exposure 
factors were risk factors, and an OR value <1 indicated that 
exposure factors were protective factors.

Moreover, a sensitivity analysis was conducted to evaluate 
the reliability of the MR results. First, a heterogeneity  
test (34) was conducted using Cochran’s Q test via the MR_
heterogeneity function, and a P value >0.05 indicated no 
heterogeneity. Second, a horizontal pleiotropy test (35) was 
performed to determine the presence of confounding factors 
via the MR_pleiotropy_test function, and a P value >0.05 
indicated the absence of confounding factors in the MR 
analysis. Finally, a leave-one-out (LOO) sensitivity test (36)  

https://jgo.amegroups.com/article/view/10.21037/jgo-24-426/rc
https://jgo.amegroups.com/article/view/10.21037/jgo-24-426/rc
http://cancergenome.nih.gov/
http://cancergenome.nih.gov/
http://www.gtexportal.org/home%5B33
https://www.ncbi.nlm.nih.gov/gds
https://dcc.icgc.org
https://llps.biocuckoo.cn
https://llps.biocuckoo.cn
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was conducted by sequentially removing each SNP to 
evaluate the influence of excluding an individual SNP on 
the overall results. The genes that underwent the MR 
analysis and the sensitivity analysis were defined as the 
candidate genes for this study.

Functional enrichment analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) enrichment analyses of the 
candidate genes were conducted using the ClusterProfiler 
package (v. 4.7.1.3) (37) and org.Hs.eg.db package  
(v. 3.13.0) (38) (P<0.05). Subsequently, a protein-protein 
interaction (PPI) network was constructed of the candidate 
genes using the Search Tool for the Retrieval of Interacting 
Genes (STRING) database (interaction scores >0.4).

Construction and validation of a risk model

First ,  a univariate Cox regression analysis  of the 
candidate genes was conducted using the survival package  
(v. 0.4.9) (39) to initially identify the potential prognostic-
related genes. Subsequently, the glmnet package (v. 
4.1.4) (40) was used for the least absolute selection and 
shrinkage operator (LASSO) regression analysis of the 
potential prognostic-related genes to further screen for 
any biomarkers. Using the biomarkers, a risk model was 
constructed in the training cohort. The risk score of each 
PC patient was calculated using the following formula: 

( )1

n
in

Risk score coefi χ
=

= ∗∑ 	 [1]

where χi is the relative expression of biomarker i, and coefi 
is the LASSO coefficient of biomarker i.

PC patients were then categorized into high- and low-
risk groups according to the median value of the risk score. 
The survminer package (v. 0.4.9) (39) was used for the 
Kaplan-Meier (K-M) survival analysis of the different risk 
groups. The model’s 1-, 3- and 5-year receiver operating 
characteristic (ROC) curves were plotted using survival 
ROC package (v. 1.18.0) (41). In addition, the risk model 
was validated using the testing cohort.

Independent prognostic analysis

The risk scores and clinical characteristics [i.e., age, gender, 
alcohol history, examined lymph nodes, diabetes, pathologic 
TNM staging (pathologic N stage), family history of 
cancer, and grade] of PC patients from the training cohort 

were first combined to perform a univariate Cox regression 
analysis. Next, independent prognostic factors were 
identified by a multivariate Cox analysis of the variables 
that passed the proportional hazards (PH) assumption test. 
Finally, the rms package (v. 6.5.0) (42) was used to construct 
a nomogram of the independent prognostic factors. The 
predictive survival performance of the nomogram was 
evaluated using calibration curves and ROC curves.

Disease correlation and enrichment analysis

To determine the relationship between the biomarkers and 
PC, we analyzed the correlations between the two using the 
Comparative Toxicogenomics Database (CTD) (https://
ctdbase.org/). Next, the samples in the training cohort 
were classified into high- and low-expression groups. A 
differential expression analysis was then conducted using 
the DESeq2 package (v. 3.4.1) (27), and biomarkers ranked 
according to log2 fold change. A Gene Set Enrichment 
Analysis (GSEA) was conducted using the ClusterProfiler 
package (P<0.05). The Molecular Signatures DataBase 
(MSigDB) c2: KEGG gene set was used as the background 
gene set.

Immunoassays associated with PC

The ssGESA and Tumor Immune Dysfunction and 
Exclusion (TIDE) analysis of immune cells in PC
To assess the composition of the immune cells in the 
immune microenvironment of the PC patients, the single-
sample Gene Set Enrichment Analysis (ssGESA) algorithm 
in the GSVA package (v. 1.46.0) (43) was used to compute 
28 cell enrichment scores for the different risk groups and 
to compare differences between the groups. Correlation 
analyses between the biomarkers and differential immune 
cells were performed using the Spearman method. 
Moreover, to further assess the effectiveness of the 
immunotherapeutic response in the training cohort, 
TIDE scores, dysfunction scores, exclusion scores and 
microsatellite instability (MSI) scores were compared 
between the different risk groups. The TIDE algorithm was 
also used to assess the response rates of the different groups 
to immunotherapy.

Immune checkpoint inhibitor therapy
The immune checkpoint is a type of immunosuppressive 
molecule expressed on immune cells, which can modulate 
the level of immune activation. These molecules play a 

https://ctdbase.org/
https://ctdbase.org/
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crucial role in preventing the development of autoimmunity. 
To put it simply, they are small protein molecules produced 
by immune cells to regulate autoimmune function. A 
Spearman correlation analysis was conducted between 
these six prognostic genes and 19 immune checkpoints (44). 
In the training set samples, with a significance threshold 
of P<0.05 and a correlation coefficient of R>0.3 as the 
screening conditions. Through this analysis, we identified 
significant associations between the prognostic genes and 
immune checkpoints, which could provide insights into 
the mechanisms underlying PC progression and potential 
therapeutic targets.

Construction of a regulatory network

To identify other genes connected with biomarker function, 
a Gene-Gene Interaction (GGI) network was constructed 
based on the biomarkers using the GeneMANIA database 
(http://genemania.org). Additionally, in an effort to 
investigate the regulation of the biomarkers by transcription 
factors (TFs), the Jaspar database (http://jaspar.genereg.
net) was used to predict the TFs responsible for regulating 
these biomarkers. To further elucidate the mechanisms 
underlying the role of  the biomarkers in PC, we 
predicted the associated micro RNAs (miRNAs) using the 
miRTarBase (http://mirtarbase.cuhk.edu.cn/) and miRDB 
(http://www.mirdb.org/) databases, and determined the 
corresponding long non-coding RNAs (lncRNAs) using the 
starBase database (https://rnasysu.com/encori/). Eventually, 
a competitive endogenous RNA (ceRNA) network was 
established, and visualized using Cytoscape software (v. 
3.7.2) (45).

Drug sensitivity analysis

To further explore the potential drugs associated with 
PC, Gene Set Cancer Analysis (GSCA) Lite was used to 
assess the correlations and false discovery rates (FDRs) 
among the biomarker expression levels and drug sensitivity 
in the Cancer Therapeutics Response Portal (CTRP) 
(http://portals.broadinstitute.org/ctrp/) and Genomics 
of Drug Sensitivity in Cancer (GDSC) databases (http://
cancerrxgene.org) (using the following criteria: |cor| >0.1 
and FDR <0.05).

Statistical analysis

All the statistical analyses were executed in R software (v. 

4.2.3). Differences between the groups were analyzed by the 
Wilcoxon test. A P value <0.05 was considered statistically 
significant.

Results

A total of 297 DE-LRGs were identified

A total of 1,524 DEGs, of which 1,069 were upregulated 
and 455 were downregulated, were identified between 
the PC and control samples from the GSE62452 data set  
(Figure 1A,1B). Subsequently, 297 DE-LRGs were 
identified by overlapping the 1,524 DEGs and 3,612 LRGs 
(Figure 1C).

A total of 39 candidate genes were identified by the MR 
analysis

Upon identifying the 297 DE-LRGs, we conducted a MR 
analysis to examine any potential causal associations with 
PC. From the analysis, 39 genes emerged as candidate 
exposure factors, of which 20 appeared to decrease the risk 
of PC (OR <1), and 19 appeared to increase the risk of 
PC (OR >1) (Table 1). The results for ACTR3, ATP8A1, 
CCNA2, ITGB1, PYGB, and RAP1GAP2 were significant, 
and PYGB [OR =1.1117; 95% confidence interval (CI): 
1.0797–1.1447; P<0.001], ACTR3 (OR =17.3032; 95% CI: 
2.2063–135.7010; P=0.007), CCNA2 (OR =1.5399; 95% CI: 
1.1263–2.1055; P=0.007), and ITGB1 (OR =1.8330; 95% 
CI: 1.1335–2.9643; P=0.01) were identified as risk factors 
for PC, while ATP8A1 (OR =0.8833; 95% CI: 0.8061–
0.9680; P=0.008), and RAP1GAP2 (OR =0.7692; 95% CI: 
0.5997–0.9866; P=0.04) were found to be protective against 
PC. The degree of correlation between the 39 potential 
exposure factors and PC were visualized in a scatter plot 
(Figure S1), the forest plots substantiated the significant 
effect of the IVW model (Figure S2), and the funnel plots 
showed that MR conformed to Mendel’s second law of 
random grouping (Figure S3).

To assess the validity of the MR analysis, a sensitivity 
analysis was performed. The results from Cochran’s Q test 
indicated no heterogeneity (P>0.05) within the samples 
(Table 2). However, according to the horizontal pleiotropy 
test, LYZ, STAT1, PALLD, KIF23, TMOD3, and SCD5 
were found to have confounding factors (P<0.05), which 
necessitated their removal from the analysis (Table 2).  
On sequentially eliminating each SNP, the effect of the 
remaining SNPs on PC remained stable, indicating 

http://genemania.org
http://jaspar.genereg.net
http://jaspar.genereg.net
http://mirtarbase.cuhk.edu.cn/
http://www.mirdb.org/
https://rnasysu.com/encori/
http://portals.broadinstitute.org/ctrp/
http://cancerrxgene.org
http://cancerrxgene.org
https://cdn.amegroups.cn/static/public/JGO-24-426-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JGO-24-426-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JGO-24-426-Supplementary.pdf
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Figure 1 Identification of the DEGs in the GSE62452 data set. (A) Volcano plot of the DEGs between the PC and control samples. (B) 
Heatmap of the expression patterns of the DEGs. (C) Venn diagram illustrating the DE-LRGs by overlapping the DEGs and LRGs. FC, 
fold-change; DEGs, differentially expressed genes; LRGs, liquid-liquid phase separation-related genes; PC, pancreatic cancer; DE-LRGs, 
differentially expressed-LRGs. 

the reliability of the MR analysis results (Figure S4). 
Consequently, 39 candidate genes were determined to have 
potential causal associations with PC and were thus retained 
for further investigation.

Candidate genes were mainly involved in functions such as 
the regulation of ATP metabolic process and pathways such 
as tight junction

The functional enrichment analysis revealed that the 
candidate genes were associated with the regulation of the 
ATP metabolic process, cell-substrate junction, 3'-5' DNA 
helicase activity, and other GO entries (Figure 2A), and 
were enriched in KEGG pathways such as tight junction, 
the endocytosis, the regulation of actin cytoskeleton, and 
other pathways (Figure 2B). The PPI network demonstrated 
27 interactions for 19 proteins. For example, ALB was 
associated with ACTR3, BRCA2, ENO1, HSPA1B, 
PSEN1, and EIF2AK2 (Figure 2C).

The risk model demonstrated robust evaluation capabilities

A total of 21 potential prognostic-related genes were 

identified by the univariate Cox regression analysis (P<0.05) 
(Figure 3A). In total, 14 of these genes were consistent 
with the risk and protective factors of MR. Therefore, we 
selected these 14 genes for the next stage of the analysis. 
Ultimately, we identified six biomarkers; that is, ACTR3, 
ATP8A1 ,  CCNA2 ,  ITGB1 ,  PYGB ,  and RAP1GAP2 
(Figure 3B,3C). A risk model was constructed using these 
biomarkers, with the risk score calculated as follows: = 
ACTR3 × (−0.130110904) + ATP8A1 × (−0.040437132) + 
CCNA2 × 0.290313262 + ITGB1 × 0.187252514 + PYGB 
× 0.187252514 + RAP1GAP2 × (−0.302985606). The risk 
scores, survival status, and biomarker expression were 
calculated for different groups (Figure 3D). In the training 
cohort, patients with a low risk showed a longer survival 
span than those with a high risk (P<0.05) (Figure 3E).  
The areas under the curve (AUCs) were reported as 
0.741, 0.687, and 0.715 for 1, 3, and 5 years, respectively  
(Figure 3F), indicating the potential prediction capacity of 
this model. Additionally, consistent results were observed 
when verification was performed in the testing cohort. 
The risk scores, survival status, and expression of the 
biomarkers were displayed for the diverse groups in the 
testing cohort (Figure 3G). The low-risk patients survived 

https://cdn.amegroups.cn/static/public/JGO-24-426-Supplementary.pdf
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Table 1 Results of the MR analysis

Outcome Genes NSNP P value OR OR_lci95 OR_uci95

Pancreatic cancer (bbj-a-140) RECQL 20 0.009 1.5144 1.1095 2.0670 

AP2B1 16 0.001 1.4897 1.1847 1.8732 

MVP 24 0.02 1.3982 1.0605 1.8435 

EIF2AK2 33 0.02 0.7418 0.5814 0.9464 

BCAS1 14 <0.001 1.8245 1.3389 2.4863 

ENO1 45 <0.001 0.6452 0.5368 0.7755 

MCM6 115 0.004 0.9578 0.9301 0.9863 

PSEN1 62 <0.001 1.1518 1.0768 1.2321 

XPO1 10 0.001 2.3704 1.4225 3.9499 

LYZ 71 0.005 1.0609 1.0185 1.1051 

SEC14L2 16 <0.001 1.4994 1.2257 1.8341 

PYGB 109 <0.001 1.1117 1.0797 1.1447 

CORO1C 36 0.008 1.0886 1.0226 1.1589 

ACTR3 3 0.007 17.3032 2.2063 135.7010 

STAT1 48 <0.001 0.5549 0.4305 0.7151 

SLC25A12 35 0.03 0.8766 0.7809 0.9840 

ATP8A1 39 0.008 0.8833 0.8061 0.9680 

PALLD 17 0.003 0.5054 0.3249 0.7861 

ACTN4 38 <0.001 1.3653 1.1514 1.6190 

CAP1 27 0.003 1.3167 1.0957 1.5822 

RAP1GAP2 28 0.04 0.7692 0.5997 0.9866 

MYH11 31 <0.001 0.8892 0.8392 0.9421 

LCP1 15 0.001 1.5035 1.1794 1.9167 

KIF23 11 0.007 1.4953 1.1183 1.9994 

TMOD3 48 <0.001 0.6364 0.5865 0.6905 

BRCA2 8 0.02 0.6823 0.4925 0.9451 

PML 21 <0.001 1.4616 1.2171 1.7552 

CDC42BPA 37 0.004 0.6964 0.5447 0.8904 

RALB 67 <0.001 0.8847 0.8389 0.9331 

SCD5 31 <0.001 0.9138 0.8796 0.9492 

CCNA2 14 0.007 1.5399 1.1263 2.1055 

ITGB1 13 0.01 1.8330 1.1335 2.9643 

ALB 7 0.008 2.6246 1.2855 5.3587 

PSMD1 26 0.04 0.8901 0.7951 0.9965 

SPATS2L 60 0.002 0.8394 0.7509 0.9382 

KIF13B 21 <0.001 0.7696 0.6837 0.8663 

ECI2 18 0.04 0.8075 0.6578 0.9913 

INF2 11 0.002 0.7014 0.5621 0.8752 

HSPA1B 129 0.04 0.9047 0.8253 0.9918 

MR, Mendelian randomization; NSNP, number of single nucleotide polymorphism; OR, odds ratio; lci95, 95% lower confidence interval; 
uci95, 95% upper confidence interval.
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Table 2 Results of the heterogeneity test and the horizontal pleiotropy test 

Outcome Genes MR_pleiotropy_test Q_P value MR_heterogeneity P value

Pancreatic cancer (bbj-a-140) RECQL 0.89 0.49 

AP2B1 0.04 0.06 

MVP 0.70 0.33 

EIF2AK2 0.84 0.78 

BCAS1 0.83 0.31 

ENO1 >0.99 0.36 

MCM6 0.32 0.78 

PSEN1 >0.99 0.75 

XPO1 >0.99 0.98 

LYZ 0.27 0.006 

SEC14L2 >0.99 0.70 

PYGB 0.18 0.06 

CORO1C >0.99 0.93 

ACTR3 0.91 0.74 

STAT1 0.92 0.04 

SLC25A12 >0.99 0.94 

ATP8A1 0.99 0.43 

PALLD 0.56 0.005 

ACTN4 0.98 0.81 

CAP1 >0.99 0.86 

RAP1GAP2 0.64 0.46 

MYH11 >0.99 0.86 

LCP1 0.92 0.07 

KIF23 0.72 0.04 

TMOD3 0.38 0.001 

BRCA2 0.99 0.96 

PML 0.95 0.12 

CDC42BPA 0.99 0.18 

RALB 0.99 0.52 

SCD5 0.47 0.009 

CCNA2 0.97 0.75 

ITGB1 0.90 0.36 

ALB >0.99 0.79 

PSMD1 >0.99 0.50 

SPATS2L 0.16 0.05 

KIF13B 0.81 0.47 

ECI2 0.27 0.31 

INF2 0.39 0.09 

HSPA1B 0.60 <0.001

MR, Mendelian randomization. 
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Figure 3 Assessment and validation of risk models. (A) Univariate Cox regression analysis was conducted to screen the potential prognostic-
related genes. (B,C) LASSO regression analysis was conducted to identify biomarkers. (D) Distribution of the training cohort (left) risk 
scores, (right) survival status, (down) heatmap of the expression patterns of biomarkers between the high- and low-risk groups in the 
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longer than the high-risk patients (Figure 3H), while AUC 
scores of 0.73, 0.73, and 0.67 were obtained for 1, 3 and  
5 years, respectively (Figure 3I). These findings supported 
the predictive accuracy of the risk model.

Only risk score, age, and pathologic N stage were 
independent factors of prognosis in PC patients

The risk score, age, pathological N, and grade were selected 
for the subsequent univariate Cox regression analysis 
(P<0.05) (Figure 4A). The conformity of all four clinical 
attributes to the PH assumption was affirmed by the PH 
assumption test (P>0.05). This led to the application of a 
multivariate Cox regression analysis, taking into account 
the risk score, age, pathologic N stage, and grade. Based 
on the results, only risk score, age, and pathologic N stage 
emerged as independent predictors of the prognosis of PC 
patients (P<0.05) (Figure 4B).

Consequently, a nomogram was constructed to forecast 
the 1-, 3-, and 5-year survival rates of the PC patients 
(Figure 4C). Both the calibration curves (which showed 
a high degree of overlap with the reference line) and 
the ROC curves (with an AUC >0.6) indicated that the 
nomogram yielded promising predictions (Figure 4D,4E). 
This lends credence to the potential clinical applicability of 
our prognostic model.

CCNA2 gene was highly correlated with PC and enriched 
in pathways, such as maturity-onset diabetes of the young 
(MODY)

The reasoning scores for ACTR3, ATP8A1, CCNA2, ITGB1, 
PYGB, and RAP1GAP2 were 50.15, 32.73, 142.29, 93.19, 
44.95, and 35.43, respectively. CCNA2 had the highest 
reasoning score, which indicated that CCNA2 was highly 
correlated with PC (Figure 5A). The GSEA results showed 
that ATP8A1, CCNA2, PYGB, and RAP1GAP2 were co-
enriched in the MODY in the KEGG terms. ACTR3 and 
ITGB1 were co-enriched in olfactory transduction and graft 
versus host disease in the KEGG terms (Figure 5B-5G).

Immune analysis of PC patients

Based on the training cohort, an extensive series of immune 
analyses were performed on the PC patients. We found 
significant differences in 10 cell types, including eosinophils 
and gamma delta T cells, across the different groups 
(P<0.05) (Figure 6A,6B). These varying types of immune 
cells may influence the prognostic risk of PC patients, and 
thus could play a potential role in patient prognosis.

Additionally, a correlation analysis of the immune-
infiltrating cells revealed that ACTR3, CCNA2, and ITGB1 
were primarily associated with type 2 T helper cells, and 
ATP8A1 and PYGB were mainly linked to eosinophils, 
while RAP1GAP2 was strongly associated with gamma delta 
T cells. These findings suggest that these biomarkers may 
have influence PC prognosis through immune signatures 
(Figure 6C).

Higher TIDE and exclusion scores were observed in the 
high-risk patients, while significantly lower dysfunction 
scores were observed in the low-risk patients. These findings 
indicate that high-risk patients demonstrated an increased 
potential for immune escape, which could potentially 
diminish the efficacy of immune checkpoint inhibition 
(ICI) therapy (Figure 6D). Conversely, the low-risk patients 
exhibited a higher immunotherapy response rate of 43.18% 
(Figure 6E). And the results of immunological examination 
showed that most of the 6 biomarkers were correlated 
with 19 immunological examination points. Among 
them, RAP1GAP2 was negatively correlated with CD70 
(R=−0.31), and ACTR3 was positively correlated with 
CD47 (R=0.73) (Figure S5).

Regulatory networks of biomarkers

Through the analysis of the GGI network, we identified 
the main functions associated with six biomarkers, such as 
actin nucleation and actin binding (Figure 7A). The TF 
for ATP8A1 was not retrieved in database. Therefore, five 
biomarkers were used to construct a regulatory network of 
TFs and biomarkers. The results showed that the regulatory 

training cohort. (E) K-M survival curve of the high- and low-risk groups in the training cohort. (F) ROC curve of the training cohort. (G) 
Distribution of the testing cohort (left) risk scores, (right) survival status, (down) heatmap of the expression patterns of the biomarkers 
between the high- and low-risk groups in the testing cohort. (H) K-M survival curve of the high- and low-risk groups in the testing cohort. 
(I) ROC curve of the testing cohort. HR, hazard ratio; CI, confidence interval; TCGA, The Cancer Genome Atlas; PAAD, pancreatic 
adenocarcinoma; K-M, Kaplan-Meier; AUC, area under the curve; ICGC, International Cancer Genome Consortium; LASSO, least 
absolute selection and shrinkage operator; ROC, receiver operating characteristic. 

https://cdn.amegroups.cn/static/public/JGO-24-426-Supplementary.pdf
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Figure 5 Correlation and enrichment analyses. (A) Correlation analysis between biomarkers and PC. (B-G) GSEAs of ACTR3, ATP8A1, 
CCNA2, ITGB1, PYGB, and RAP1GAP2, respectively. KEGG, Kyoto Encyclopedia of Genes and Genomes; PC, pancreatic cancer; 
GSEAs, gene set enrichment analyses. 
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regulatory network. GGI, gene-gene interaction; TF, transcription factor; mRNA, messenger RNA; ceRNA, competitive endogenous RNA. 

network comprised a total of 95 TFs and 117 interaction 
pairs, such as CCNA2-RFXANK-PYGB-ZNF341-
ITGB1-SIRT6-ACTR3-BCOR-RAP1GAP2 (Figure 7B).  
The ceRNA network showed that 10 lncRNA (e.g., 
MIR29B2CHG, AC020916.1, and AC084082.1) regulated 
six messenger RNAs (mRNAs) through 28 miRNAs, 
forming a total of 50 interaction pairs, such as CCNA2-hsa-
miR-29a-3p-AC145207.5 (Figure 7C).

The six biomarkers were correlated with potential drugs

The results showed that the six biomarkers were co-
correlated with potential drugs, such as PHA-793887. 

Specifically, ACTR3 was correlated with PIK-93, BIX02189, 
and other drugs, ATP8A1 was correlated with PD-0325901, 
THZ-2-102-1, and other drugs, CCNA2 was correlated 
with TG101345, Y-39983, and other drugs, IGTB1 was 
correlated with PI-103, GSK690693, and other drugs, 
PYGB was correlated with ispinesib mesylate, navitoclax, and 
other drugs, and RAP1GAP2 was correlated with AZD6482, 
NPK76-II-72-1, and other drugs (Figure 8A-8F).

Discussion

PC is a highly malignant neoplasm with an unfavorable 
prognosis, and its incidence and mortality rates are 
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nearly equivalent (46). Owing to the absence of evident 
symptoms in the early stages of PC as well as the lack of 
biomarkers for its early detection, approximately 80% of 
diagnosed patients have advanced-stage disease at the time 
of diagnosis, which reduces their eligibility for surgical 
intervention (47). Moreover, PC exhibits low sensitivity to 
chemotherapy and immunotherapy regimens, even when 
combination therapeutic approaches are employed. Thus, it 
remains challenging to achieve favorable clinical outcomes 
for PC patients (48). Consequently, it is imperative to 
identify suitable biomarkers for the early detection and 
prognostic monitoring of PC.

Tumorigenesis is intricately linked to gene mutations 
and transcriptional dysregulation. However, despite 
considerable progress in cancer pathogenesis research, a 
comprehensive understanding of the mechanisms driving 
cancer growth remains elusive (19,49). Aberrant LLPS 
of biomolecules plays an important role in epigenetic 
dysregulation, significantly affecting transcriptional 
and translational regulation, which in turn promotes 
tumorigenesis and tumor progression (50-52). For example, 
LLPS drives cancer progression by influencing gene fusions 
and mutations through multivalent interactions forming 
SPOP-DAXX vesicles (53,54), PML vesicles (51), and FET 
protein condensates (55). Abnormalities in LLPS might 
impact biomolecules involved in DNA damage repair, 
thus affecting the DNA repair capacity of tumor cells. 
This effect can lead to genomic instability in tumor cells 
and promote tumorigenesis (17). Takayama’s study reveals 
that TF activation through LLPS-based transcription 
collaborates to contribute to tumor aggressiveness and drug 
resistance (56). Deeply exploring the molecular mechanisms 
of LLPS and its synergistic effects with RNA modifications 
can develop new therapeutic strategies and drug targets to 
treat cancer patients more effectively.

The merits of a MR analysis lie in its capacity to elucidate 
causal associations, mitigate confounding effects, and 
enhance analytical reliability. To the best of our knowledge, 
there is currently no established causal association between 
PC and LLPS based on MR. Thus, our research explored 
the potential causality between DE-LRGs and PC using 
the MR approach. This methodology astutely mitigates 
the confounding factors and reverse causality typically 
experienced in standard observational studies. We selected 
the IVW method as our primary approach, as it offers 
the improved detection of causal associations. The results 
revealed 19 risk factors and 20 protective factors among 
the exposure variables. By employing a MR analysis and a 

sensitivity analysis, we identified a total of 39 genes with no 
heterogeneity or horizontal pleiotropy. This indicates the 
reliability of our MR results.

Our investigation identified six LLPS-related biomarkers 
that were associated with the prognosis of PC; that is, 
ACTR3, ATP8A1, CCNA2, ITGB1, PYGB, and RAP1GAP2. 
Our MR analysis revealed that PYGB (OR =1.1117), CCN2 
(OR =1.5399), ITGB1 (OR =1.1117), and ACTR3 (OR 
=17.3032) were risk factors for PC, while ATP8A1 (OR 
=0.8833) and RAP1GAP2 (OR =0.7692) were protective 
factors for PC. This led us to advance our inquiry into the 
modes of action pertaining to underlying the six biomarkers 
identified in PC.

Importantly, these genes have been extensively studied 
for their involvement in tumorigenesis and tumor 
proliferation. Notably, ACTR3 expression is significantly 
upregulated in PC tissues, and high levels of ACTR3 are 
indicative of a poor prognosis in patients with PC. Further, 
ACTR3 promotes the migration and invasion of PC cells by 
inducing epithelial-mesenchymal transition (57). 

Phospholipid phosphatidylserine is the predominant 
constituent of eukaryotic cell membranes, and exhibits 
an asymmetric distribution within biofilms. ATP8A1 is 
a member of the P4-ATPase family, which consists of 
phospholipid turnover enzymes that intricately regulate the 
precise transport of phosphatidylserine. In hematopoietic 
stem cells, deficiency in Atp8a1 indirectly activates the 
PI3K-AKT-mTORC1 signaling pathway, resulting in 
an increase in JNK/AP-1 signaling activity and YAP1 
phosphorylation. This ultimately leads to an asymmetric 
loss of phosphatidylserine and disruption in intracellular 
signaling (58). ATP8A1 has been found to be upregulated in 
non-small cell lung cancer (NSCLC) tissues, and to enhance 
the invasive and migratory capabilities of NSCLC cells by 
upregulating the expression of MMP-9 and Vimentin, while 
downregulating the expression of E-cadherin (59).

CCNA2, a member of the cyclin family, has been 
identified as an oncogene in various solid tumors, and 
exerts a significant influence on the prognosis of diverse 
tumor types (60). Moreover, CCNA2 has been shown to 
be significantly correlated with the infiltration of immune 
cells and the expression of immune checkpoint inhibitory 
genes. Additionally, CCNA2 is closely associated with drug 
resistance. The overexpression of CCNA2 has been observed 
in endometrial cancer tissues, promoting cell migration and 
invasion, which can be targeted by miR-524-5p (61).

Under hypoxia, the lncRNA NNT-AS1/METTL3-
HuR complex mediates the m(6)A modification of ITGB1 
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expression, thereby promoting immune evasion in PC  
cells (62). Iwatate et al. found a significant correlation 
between the ITGB1 expression levels and a poor prognosis, 
as well as a high recurrence rate in the group with high 
ITGB1 expression, which suggests that targeting ITGB1 
could be a potential therapeutic strategy for PC (63).

PYGB exhibits high expression levels in PC, and it exerts 
a regulatory influence on the malignant behavior of PC cells 
via the modulation of the NF-kappa B signaling pathway. 
These findings suggest that targeting PYGB could serve as 
a potential therapeutic strategy for managing PC (64).

To date, no studies have reported on the association 
between RAP1GAP2 and tumor development. However, 
previous research has highlighted the crucial role played 
by Rap1gap2 in orchestrating axonal growth dynamics 
within olfactory sensory neurons during early postnatal 
development (65). Further, Rap1GAP2 has been shown 
to regulate dense granule secretion in platelets via its 
interaction with synaptotagmin-like protein 1 Slp1  
(Slp1) (66). 

Despite the extensive literature, the prognostic correlation 
between these six LRGs and PC patients remains unclear. 
Future research endeavors will include the continued 
observation of these genes with subsequent investigations 
into their mechanisms of action. This approach is anticipated 
to provide further understanding and clarification of their 
roles and implications in relation to PC.

Multiple signaling pathways are implicated in the 
tumorigenesis and malignant progression of PC. The 
present study found a significant association between 
CCNA2 and PC, particularly in individuals with MODY. 
Further, the GSEA analysis revealed the co-enrichment of 
ATP8A1, CCNA2, PYGB, and RAP1GAP2 in the AID-
juvenile diabetes pathway of the KEGG data set, but further 
experimental validation is required. Diabetes is not only a 
risk factor for PC, but is also one of the secondary diseases 
resulting from it. Type 2 diabetes mellitus serves as a 
predisposing factor for PC, particularly in cases of new-onset 
diabetes mellitus (67). These biomarkers are implicated in 
multiple signaling pathways. For instance, PYGB exerts 
an oncogenic role in ovarian cystadenocarcinoma (68), 
NSCLC (69), and gastric cancer (70) via the modulation 
of the Wnt/β-catenin signaling pathway. The expression 
of PYGB is significantly upregulated in PC, and it exerts 
regulatory control over the malignant behavior of PC cells 
by modulating the NF-kappa B signaling pathway (64). 
Biomarkers can exert their effects through diverse signaling 
pathways, and tumorigenesis represents a complex interplay 

among multiple signaling cascades.
The immune system exerts an anti-tumor effect 

by effectively targeting and eliminating tumor cells. 
Conversely, it can also contribute to the development 
of tumors by creating a conducive immunosuppressive 
microenvironment (71). PC represents one of the most 
immune-resistant tumor types characterized by its “cold” 
nature and limited response to immune-related therapies (72).  
This implies impaired immune cell function and resistance 
to checkpoint blockade, indicating that the mechanisms 
of immunotherapy resistance in the treatment of PC 
are diverse (73). Given the personalized genetic and 
phenotypic heterogeneity observed in individual patients 
with PC, immunotherapy strategies may need to be tailored 
accordingly.

To elucidate the underlying immune characteristics, we 
conducted an analysis of the high- and low-risk groups in 
the training cohort. Our findings revealed that patients 
in the high-risk group showed a heightened potential for 
immune evasion and a diminished response to ICI therapy, 
while those in the low-risk group demonstrated a favorable 
immunotherapeutic response rate. No significant disparities 
were observed in the immune microenvironment between 
the samples from the different risk groups, but notable 
distinctions were identified in 10 specific immune cell 
populations between these two groups. Notably, ACTR3, 
CCNA2, and ITGB1 displayed predominant associations 
with type 2 helper T cells, and ATP8A1 and PYGB showed 
primary associations with eosinophils, while RAP1GAP2 
showed primary associations with gamma delta T cells. 
These observations suggest that these biomarkers may exert 
their influence on patient outcomes via the modulation of 
these specific immune cell subsets. A low eosinophil count 
and a low eosinophil/lymphocyte ratio have been identified 
as independent risk factors for the poor prognosis of PC. 
T helper cell type 2 infiltration promotes tumor lymph 
node hyperplasia and influences the anti-tumor immune  
response (74). However, to date, there is no definitive 
conclusion regarding which subtype of PC patients would 
be more suitable candidates for immunotherapy.

In this study, a MR analysis was employed to identify six 
genes associated with LLPS, which play a role in immune 
cell infiltration. Compared to the low-risk patients, the 
high-risk patients exhibited significantly elevated TIDE and 
exclusion scores, along with notably reduced dysfunction 
scores. These findings suggest an increased probability of 
immune escape and diminished response to ICI therapy in 
high-risk patients, while low-risk patients demonstrated 
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higher rates of immunotherapy response. Therefore, 
our model could be used to potential the efficacy of 
immunotherapy for PC patients.

Our analysis of the GGI network revealed that the 
primary functions associated with the six identified 
biomarkers in PC were the Fc-gamma receptor signaling 
pathway, Fc receptor mediated stimulatory signaling 
pathway, and immune response-regulating cell surface 
receptor signaling pathway. These pathways are implicated 
in processes such as phagocytosis, actin nucleation, and 
actin binding. Notably, these pathways are closely linked to 
tumor immunity and metastasis.

The Fc-gamma receptor signaling pathway is a crucial 
mechanism by which various immune cell-mediated 
biological responses, including cellular phagocytosis, 
oxidative burst, and cytokine production, can be elicited. It 
is predominantly expressed on the surface of key immune 
cells, such as macrophages, dendritic cells, and natural killer 
(NK) cells. The activation of these receptors instigates 
phagocytic action in macrophages, dendritic cells, and 
NK cells, thereby enabling the efficient engulfment and 
degradation of pathogens, cellular debris, and tumor cells.

The mechanism of action of Fc-gamma receptor 
in anti-tumor immunotherapy is increasingly being  
acknowledged (75). Actin proteins are vital components of 
the cytoskeleton that are essential in maintaining cell shape 
and enabling functions such as cell movement. The nuclear 
localization and interaction of actin proteins are complexly 
involved in various biological processes, including cell 
signaling, migration, and division. Cancer cells exploit 
rearrangements of the actin cytoskeleton for malignant 
activities, such as activation, proliferation, migration, and 
invasion (76). Therefore, nuclear formation and the ligation 
of action proteins may also be involved in PC.

In our study, no TFs associated with ATP8A1 were 
identified. However, the other five biomarkers’ regulatory 
networks encompassed 95 TFs and 117 interaction pairs. 
Our analysis indicated that the TF RFXANK plays a 
pivotal role in the transcriptional regulation of MHC II 
genes, influencing the behavior of CCNA2, PYGB, and 
ACTR3. However, the exact mechanism of this regulation 
has yet to be elucidated. Additionally, TF ZNF341, which 
is part of the C2H2-type zinc finger protein family, is 
implicated in DNA binding and the modulation of gene 
transcription. Nonetheless, additional research is required 
to clarify the molecular mechanisms underlying this 
regulatory activity in PC.

The literature has reported that ZNF341 may exert a 

regulatory effect on the STAT3 gene (77). Our analysis 
revealed that ITGB1 and PYGB are under the regulation 
of ZNF341; thus, further research needs to be conducted 
into the underlying mechanism. The hsa-miR-29a-3p is 
a human miRNA that belongs to the class of small, non-
coding RNA molecules that play a pivotal role in post-
transcriptional gene expression regulation. Studies have 
demonstrated its potential effect on cancer development via 
the modulation of DNA methylation patterns (78,79). The 
lncRNA AC145207.5 has emerged as a potential prognostic 
biomarker for PC, based on available data.

This study identified six biomarkers, which led to the 
prediction that several compounds (i.e., PHA-793887, 
PIK-93, BIX02189, PD-0325901, and THZ-2-102-1) may 
hold therapeutic potential. Further, TG101343, Y-39983, 
PI-103, GSK690693, ispinesib mesylate, navitoclax, and 
AZD6482 emerged as promising agents. These compounds 
are linked to signaling pathways that inhibit cellular growth, 
proliferation, and differentiation, suggesting their possible 
therapeutic application in PC. For example, PHA-793887 is 
a cyclin-dependent kinase inhibitor that could be considered 
for clinical trial inclusion due to its potential to suppress 
tumor cell growth. PIK-93, which inhibits both PI3K and 
mTOR, targets important molecular pathways involved 
in tumor initiation and progression, including in PC. 
BIX02189, a selective inhibitor of MEK5, disrupts tumor 
cell signaling. Nevertheless, the precise relationships and 
effects of these agents require further empirical validation 
through experimental and clinical studies.

Prognostic risk models have demonstrated significant 
strengths in exploring the relationship between pancreatic 
adenocarcinoma and LLPS. First, high accuracy and 
personalized prediction. The prognostic risk model 
integrates key genes related to pancreatic adenocarcinoma, 
improving prediction accuracy and enabling personalized 
treatment plans. Additionally, consideration of immune 
microenvironment. The model incorporates traditional 
prognos t i c  f ac tor s  and  genes  f rom the  immune 
microenvironment, providing a more comprehensive risk 
assessment by reflecting inter-patient immune variability. 
Finally, utility and potential for clinical application. 
The prognostic risk model has shown good stability and 
applicability across diverse patient groups, indicating its 
strong potential for widespread clinical use. However, 
there are some limitations. All the clinical data on PC were 
derived from public databases, which may have introduced 
some bias into the data. Second, while our findings suggest 
a causal association between the LRGs and PC, the 
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underlying mechanism remains unclear. Additionally, the 
validity of the risk scoring model needs to be confirmed 
using a larger sample size. Finally, while our research was 
grounded in bioinformatics analyses, comprehensive in-vitro 
and clinical studies need to be conducted to substantiate 
our findings. Future work will thus seek to elucidate the 
functional implications of these genes in PC.

Conclusions

This study integrated a transcriptome analysis and a MR 
analysis to identify biomarkers associated with LLPS in 
PC. It also investigated the genetic causality between 
LRGs and PC, and developed a risk prognosis model. Our 
findings provide novel insights for the clinical diagnosis and 
treatment of PC. 
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