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Identification of prognostic and
therapeutic biomarkers associated
with macrophage and lipid
metabolism in pancreatic cancer
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Although macrophages and lipid metabolism significantly influence the progression of various cancers,
their precise roles in pancreatic cancer (PC) remain unclear. This study focuses on identifying and
validating biomarkers associated with macrophage-related genes (MRGs) and lipid metabolism-related
genes (LMRGs), providing new targets and strategies for therapeutic intervention. This research
utilized datasets from TCGA-PAAD, GSE62452, and GSE57495. Candidate genes were identified by
overlapping differentially expressed genes with MRGs from WGCNA and LMRGs. Regression analyses
were performed to pinpoint potential biomarkers and construct a risk model, which underwent
evaluation. A nomogram was subsequently developed and validated. Additional analyses, including
functional enrichment, somatic mutation profiling, immune landscape assessment, and RT-qPCR, were
performed to investigate the underlying biological mechanisms in PC. The study identified ADH1A,
ACACB, CD36, CERS4, PDE3B, ALOX5, and CRAT as biomarkers for PC. RT-qPCR results revealed
reduced expression of ADH1A, ACACB, CD36, CERS4, PDE3B, and CRAT in tumor samples compared
to adjacent tissues, whereas ALOX5 expression was significantly elevated in tumor samples. A risk
model utilizing these biomarkers classified PC patients into high- and low-risk cohorts, with high-risk
patients showing lower survival probabilities. Subsequently, risk score and N stage were identified

as independent prognostic factors, leading to the development of a nomogram. Notably, both risk
cohorts showed significant enrichment in the “cell cycle” pathway. Furthermore, TP53 mutations

were prevalent in both high-risk (76%) and low-risk (50%) cohorts. Correlation analysis indicated that
PVRL2 (an immunosuppressive factor), CD276 (an immunoactivator), and CCL20 (a chemotactic factor)
had the highest positive correlation with the risk score. In this study, ADH1A, ACACB, CD36, CERS4,
PDE3B, ALOX5, and CRAT were identified as biomarkers for PC, with their expression levels validated
in clinical samples. These findings offered a potential theoretical foundation for developing targeted
treatments for PC.
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MRGs Macrophage-related genes

LMRGs Lipid metabolism-related genes
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WGCNA Weighted correlation network analysis

RT-gPCR Reverse transcription-quantitative PCR

KRAS Kirsten rat sarcoma viral oncogene homolog
SLC25A1 Solute carrier family 25 member 1
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Pancreatic cancer (PC) is experiencing a rising incidence and is considered one of the deadliest human
malignancies!, with a current 5-year overall survival rate of less than 9%?2. Patients are often diagnosed at
advanced stages and a lack of effective early cancer screening methods. While surgical resection remains the
only potential cure, treatment options are severely limited for advanced diseases, including those with distant
metastasis or locally advanced tumors?. Consequently, early detection of invasive precursors and the identification
of molecular therapeutic targets are critical for improving survival outcomes. Furthermore, routine screening
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for PC is not recommended for the general population, since even extremely sensitive screening tests can lead
to unacceptable false-positive results, but emerging evidence indicates that monitoring specific high-risk groups
by using biomarkers may enhance prognosis’. This underscores the urgent need to explore new biomarkers that
hold clinical significance for screening at-risk PC patients.

Lipids, which include fats, phospholipids and sterols, are vital nutrients that serve as structural components
of cells, organelles, and nuclear membranes*. Moreover, they are crucial for energy storage and act as second
messengers in intracellular signaling, especially during nutrient deprivation. Increasingly, research indicates
that lipids and their metabolites play key roles in complex signaling pathways. Aberrant lipid metabolism
is strongly implicated in the initiation and progression of PC® influencing processes such as membrane
biosynthesis, lipid turnover, and lipid-mediated signaling. During tumor progression, cancer cells exploit
lipid metabolism to support rapid proliferation, survival, migration, invasion, and metastasis®-®. Studies have
reported that in KRASS?P-gspecific mouse models of pancreatic acinar cells, upregulation of SLC25A1 enhances
the level of Carnitine Palmitoyltransferase 1A (CPT1A) and 1B (CPT1B), and Fatty Acid Synthase (FASN),
accelerating pancreatic tumorigenesis’. The oncogenic KRAS is a primary driver of PC development, regulating
the storage and utilization of lipid droplets, with the expression of lipid droplet-associated genes correlating
with overall survival in PC patients®. In various tumors, including PC, reduced expression of Acetyl-CoA
Carboxylase (ACLY) leads to decrease tumor cell proliferation and inhibit tumor progression'®!!. Additionally,
downregulation of Low-Density Lipoprotein Receptor reduces cholesterol uptake and tumor proliferation in PC,
small cell lung cancer, and breast cancer cells!>~!4,

PC is characterized by a complex tumor microenvironment (TME), comprising a dense stromal matrix
interspersed with a limited number of tumor cells and a diverse array of immunosuppressive components!>1¢.
Among these, tumor-associated macrophages (TAMs) serve as critical regulators within the TME, playing a
central role in modulating the tumor’s immune landscape!”"'%. Macrophages, a type of innate immune cell first
described by Elie Metchnikoff in the nineteenth century, play a crucial role in engulfing foreign substances!*2°.
They are primarily classified into two subtypes: classically activated (M1) and alternatively activated (M2). M1
macrophages are inflammatory and generally considered anti-tumor, while M2 macrophages are associated with
anti-inflammatory responses and are primarily linked to tumor progression??2. Recent research has shown that
lipids and their metabolites significantly influence macrophage responses to pathogens, phagocytosis, ferroptosis,
and inflammatory processes*’. Among the various lipids, oxidized low-density lipoprotein (0xLDL) has been
extensively studied for its role in inducing M2 macrophage polarization*?*. Similarly, Similarly, arachidonic
acid-derived metabolites, including prostaglandin E2 (PGE2), are known to enhance the M2 phenotype?®. This
M2 polarization is further facilitated by increased lipid accumulation observed in TAMs across various cancers
in both humans and mice?”. Thus, the relationship between lipid metabolism and macrophage is pivotal in
understanding the tumor-promoting environment in cancer. However, there is a lack of in-depth studies on the
relationship between macrophage-related genes (MRGs) and lipid metabolism-related genes (LMRGs) with PC.

This study employed a range of bioinformatics methods to identify biomarkers associated with macrophage
and lipid metabolism in PC. Then these biomarkers in clinical samples were validated through RT-qPCR. In
addition, Conducted functional explorations that included constructing risk and prognostic models, performing
functional enrichment analysis, analyzing somatic mutations, assessing the immune landscape, and predicting
drug responses were performed to investigate the differences between high-risk and low-risk PC patients. These
analyses provide new insights into the treatment and prognosis of PC.

Materials and methods

Data collection

TCGA-PAAD dataset, which included transcriptomic data, clinical and survival information for PC patients,
was sourced from the TCGA database. This dataset consisted of 178 tumor pancreatic tissue samples (with
survival information available for 177 of these samples), and 4 normal pancreatic tissue samples. Additionally,
this study incorporated data from the GSE62452 and GSE57495 datasets, retrieved from the GEO database.
Specifically, the GSE62452 dataset comprised 69 tumor and 61 normal pancreatic tissue samples, based on the
GPL6244 platform Meanwhile, GSE57495 (GPL15048 platform) comprised 63 tumor pancreatic tissue samples.
Furthermore, a total of 1,045 lipid metabolism-related genes (LMRGs) were identified from the literature
(Supplementary Table 1)%.

Immune infiltration analysis

Immune infiltration analysis in tumor and adjacent normal samples was analyzed using the GSE62452 dataset.
The ssGSEA algorithm from “immunedeconv” package (v 2.1.0) was employed to calculate the infiltration scores
for 28 immune cell types?**?. Next, the Wilcoxon test was applied to compare the infiltration scores of these
immune cells between tumor and normal samples, identifying differential immune cells (P<0.05) for further
investigation. Subsequently, Spearman correlation analysis was performed using the ‘cor’ function to explore the
relationships among the differential immune cells, considering correlations significant at |cor|>0.3 and P<0.05.

WGCNA

In the GSE62452 dataset, we used the “WGCNA” package (v 1.72-5) for WGCNA to identify macrophage—
related key modules®!. First, we excluded outlier samples through hierarchical clustering. Then, we determined
the optimal soft threshold that made the scale-free fitting index R? greater than 0.9 and the mean connectivity
approach zero. A co-expression matrix was constructed with a minimum module gene number (minModuleSize)
of 50 and a module merging height threshold (mergeCutHeight) of 0.4, and each module was distinguished by
color. We used Pearson correlation analysis (|cor|>0.3, P<0.05) to screen out the key modules most strongly
correlated with the macrophage trait and the macrophage-related genes (MRGs) within them.
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To ensure the reliability of the WGCNA analysis, we calculated the scale-free fitting index and mean
connectivity under different soft thresholds to select the optimal soft threshold, ensuring that the node
connectivity in the network conformed to the power-law distribution, which is a key assumption in WGCNA
analysis. We also evaluated the network topological structures under different soft threshold values by plotting
the scale-free fitting index diagrams.

Differential expression analysis

Differentially expressed genes (DEGs) between tumor and normal samples in the GSE62452 dataset were
identified using the “limma” package (v 3.54.0)*', with thresholds set at [log, FC|>0.5 and P <0.05. Visualization
of the DEGs was performed using a volcano plot and a heatmap. The volcano plot was generated with the
“ggplot2” package (v 3.4.1)*, and a heatmap created using the “ComplexHeatmap” package (v2.14.0), showcasing
the top 10 upregulated and downregulated genes ranked by |log,FC|.%.

Function analysis

Candidate genes were obtained by intersecting DEGs, MRGs, and LMRGs using the “ggvenn” package (v0.1.9).
Functional enrichment analysis was conducted using the “clusterProfiler” package (v4.7.1.3) to perform GO and
KEGG pathway analysis, with a significance threshold of P<0.05*-%". To explore protein-protein interactions, a
PPI network was constructed via the STRING database (confidence score > 0.4). Outlier genes were filtered, and
the network was visualized using Cytoscape (v3.9.1)%.

Determination of the biomarkers

Based on the candidate genes, survival-related genes were identified by univariate Cox regression analysis
[hazard ratio (HR) # 1, P<0.05] and proportional hazards (PH) assumption test (P>0.05). Notably, univariate
Cox regression analysis was conducted by “survival” package (v 3.5.3)*°. Subsequently, the least absolute
shrinkage and selection operator (LASSO) was applied to refine biomarker selection, employing the “glmnet”
package (v4.1.4)*°. When choosing the lambda value in the LASSO regression, we gave priority to the prediction
performance of the model and the robustness of the biomarkers. Since lambda.min corresponded to the model
with the minimum cross—validation error, it could provide the best prediction performance and contain more
potential biomarkers. While lambda.lse offered a more concise model, it might sacrifice prediction accuracy.
Moreover, the objectives and resources of our study allowed for the subsequent validation of more variables.
Therefore, we chose lambda.min as the optimal model. The optimal lambda value was determined through
tenfold cross-validation.

To verify the proportionality assumption of the Cox regression models, we used the cox.zph function from
the “survival” package to calculate the Schoenfeld residuals. This function was used to calculate the Schoenfeld
residuals and test the time—dependent covariates. For each univariate Cox model, we extracted the chi-square
statistic (chisq), degrees of freedom (df), and p-value. Covariates with a p-value greater than 0.05 were considered
to satisfy the PH assumption, indicating that their hazard ratios remained constant over time. Covariates that
did not meet the PH assumption (p <0.05) were excluded from further analysis to ensure the validity of the Cox
regression models.

Establishment and validation the risk model
A risk model was built based on the identified biomarkers, with the risk score calculated as follows:

riskscore = Z(coefi * X1)

i=1

where “coef” represents the coefficients of the biomarkers in LASSO analysis and “expression” indicates their
expression levels.

Afterward, to evaluate the risk model, Using survival data from 177 PC patients in the TCGA-PAAD dataset,
patients were stratified into high- and low-risk cohorts based on an optimal risk score cutoff. KM survival curves
were plotted to compare survival probabilities between the two cohorts (P<0.05). ROC curves for 1-, 2-, and
3-year survival predictions were constructed using the “survivalROC” package (v1.0.3.1)*!, with all AUC values
exceeding 0.6. Additionally, a heatmap was generated to visualize biomarker expression patterns across the
cohorts.

Besides, to validate the risk model, the same methods were applied to the GSE57495 dataset, which included
63 samples with complete survival information.

Clinical characteristics analysis

To thoroughly analyze the distribution of clinical characteristics in the high- and low-risk cohorts from the
TCGA-PAAD dataset, a heatmap was created. Additionally, the proportions of clinical characteristic subgroups
in two risk cohorts were explored, including age (> 60 and <60), stage (I-IV), N stage (NO-N1), gender (female
and male), T stage (T1-T4), and G stage (G1-G4).

Development and assessment of a nomogram

In PC patients with complete survival information from the TCGA-PAAD dataset, the risk score was integrated
with clinical characteristics. Then, univariate Cox analysis (HR # 1 and P <0.05), PH assumption tests (P> 0.05),
and multivariate Cox regression analysis (HR # 1 and P < 0.05) were performed to identify independent prognostic
factors for PC patients. Specifically, we first included all potential clinical variables such as T stage, N stage,
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tumor grade, age, gender, and risk score in the univariate Cox regression analysis. The univariate Cox regression
analysis was performed using the “survival” package (v 3.5.3) in R. After excluding these non—significant
variables, we conducted the proportional hazards (PH) assumption test and multivariate Cox regression analysis
on the remaining variables. Finally, the independent prognostic factors were determined. Based on independent
prognostic factors, a nomogram was developed with the “rms” package (v6.5.0) to predict overall survival (OS)
at1,2,and 3 years42. To assess model accuracy and ROC curves for 1-, 2-, and 3-year survival were generated
using the “survivalROC” package (AUC > 0.6). Next, We used the C-index (concordance index) to evaluate the
accuracy of the model. First, we used the cph function in the “rms” package (v 7.0.0)* to fit the Cox proportional
hazards model, establishing the relationship between the predictive factors and survival outcomes. Then, we
calibrated the fitted Cox model through the calibrate function. Additionally, Decision Curve Analysis (DCA)
was performed to evaluate the nomogram’s predictive ability.

Overall, these analyses provided a comprehensive evaluation of the nomogram’s accuracy and clinical utility
in predicting the mortality rate of PC based on the identified independent prognostic factors.

Function analysis of high- and low-risk cohorts

To explore the biological pathways distinguishing high- and low-risk cohorts in TCGA-PAAD, functional
enrichment analysis was performed. Differential gene expression analysis between the two risk groups was
conducted using “DESeq2” (v1.42.0)*, with DEGs ranked by log, fold change (log,FC). Gene set enrichment
analysis (GSEA) was conducted using the “clusterProfiler” package, with the “c2.cp.kegg.v2022.1.Hs.symbols.
gmt” gene set from MSigDB. Pathways were considered significant if [NES|>1 and P<0.05.

Somatic mutation analysis
Somatic mutation data for PC patients from TCGA-PAAD were analyzed using the “maftools” package (v2.18.0)*.
The top 20 most frequently mutated genes were identified for both high- and low-risk cohorts, and waterfall
plots were generated to visualize these mutations. Tumor mutational burden (TMB) scores were calculated and
compared between risk groups using the “maftools” and “rstatix” packages, with statistical significance assessed
by the Wilcoxon test (P<0.05)%.

Spearman’s correlation analysis was also performed to explore the relationship between TMB and risk scores.
Survival analysis using Kaplan-Meier curves was conducted to compare survival across various combinations
of TMB and risk groups (H-TMB + high-risk, H-TMB +low-risk, L-TMB + high-risk, and L-TMB +low-risk).

Immune landscape analysis

In this study, to effectively guide PC immunotherapy, we utilized 20 immunosuppressive factors, 38
immunoactivator factors, and 36 chemotactic factors sourced from the literature?’. Specifically, the expression
of these factors in high- and low-risk cohorts, as well as in different clinical characteristic subgroups, was
analyzed and presented in heatmap. Additionally, Spearman correlation analyses were conducted to explore the
relationships between immunosuppressive factors and risk scores, immunoactivator factors and risk scores, and
chemotactic factors and risk scores (|cor|>0.3 and P<0.05).

Drug sensitivity analysis

Generally, a higher IC, indicates lower drug sensitivity. To assess the drug sensitivity of PC patients in high- and
low-risk cohorts from the TCGA-PAAD dataset, IC, values for 138 conventional drugs were calculated using
the “pRRophetic” package (v 0.5)*8. Subsequently, the Wilcoxon test was utilized to compare the differences in
IC,, between the two risk cohorts (P<0.05). The top 10 drugs with the most significant differences, ranked by
P value (from low to high), were displayed. Additionally, he three-dimensional structures of these drugs were
visualized using PubChem (https://pubchem.ncbi.nlm.nih.gov).

Evaluation biomarkers expression levels
In GSE62452 datasets, Wilcoxon tests were utilized to compare the expression difference between tumor and
adjacent normal samples (P <0.05).

Besides, to validate the expression of biomarkers in clinical samples, reverse transcription quantitative PCR
(RT-qPCR) analysis was performed as priviously described*’. The primer sequences are listed in Supplementary
Table 2. Specifically, a total of 20 samples (10 tumor-adjacent and 10 tumor tissues) were acquired from the clinic
in the Fujian Medical University Union Hospital. All participants were given informed consent.

This study had the approval of the Ethics Review Committee, Fujian Medical University Union Hospital
(approval number: 2023KJCXC028). All research was performed in accordance with relevant guidelines and
regulations and in accordance with the Declaration of Helsinki.

Statistical analysis
The R (v 4.2.2) was utilized to conduct statistical analysis. Differences analysis between groups was executed via
the Wilcoxon test (P<0.05).

Results

Identification of 2,860 MRGs

The overall workflow of this work is presented in Fig. 1. The immune infiltration proportions of 28 immune
cell types in tumor and normal samples from the GSE62452 dataset were illustrated in Supplementary Fig. 1A.
Notably, 18 immune cell types displayed differential infiltration between the tumor and normal samples (P <0.05).
Specifically, macrophages, activated CD4 T cells, and activated dendritic cells were notably more abundant in
tumor samples, while eosinophils were found to be more abundant in the normal samples (Supplementary
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Fig. 1B). Further analysis indicated that regulatory T cells had the strongest positive correlation with myeloid-
derived suppressor cells (MDSC) (cor=0.91, P<0.05), and macrophages were positively correlated with effector
memory CD8 T cells and immature B cells (cor=0.82, P<0.05) (Supplementary Fig. 1C). In the WGCNA
analysis of the GSE62452 dataset, no outlier samples were detected or removed (Supplementary Fig. 2A). The
optimal power value was determined to be 12, as it exceeded the red line indicating an R? value of 0.9, with
mean connectivity approaching 0 (Supplementary Fig. 2B). Modules were merged from the co-expression
matrix, resulting in the identification of 14 gene modules (excluding a gray module for unclassified genes),
each represented by a distinct color (Supplementary Fig. 2C). The MEyellow module exhibited the highest
positive correlation with macrophages (cor=0.793, P=5 x 107'¢), whereas the MEgreen module demonstrated
a significant negative correlation with macrophages (cor=-0.361, P=0.002) (Supplementary Fig. 2D).
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«Fig. 1. A workflow of the study. Data acquisition: Pancreatic cancer—related datasets such as TCGA-PAAD,
GSE62452, and GSE57495 were obtained from The Cancer Genome Atlas (TCGA) and the Gene Expression
Omnibus (GEO), laying the foundation for subsequent analyses. Immune infiltration analysis: Analyze
the data to explore the infiltration of immune cells in pancreatic cancer and clarify the role of the immune
system. WGCNA analysis: Construct a gene co-expression network, identify key gene modules, and explore
gene relationships. Identification of candidate genes: Overlap and analyze differentially expressed genes with
macrophage—related genes (MRGs) and lipid metabolism—related genes (LMRGs) obtained from WGCNA
analysis to determine relevant candidate genes. Risk model construction: Based on candidate genes, construct
and evaluate a risk model through regression analysis and other methods to classify patients into different
risk levels. Clinical characteristics and risk scores: Calculate risk scores by combining clinical characteristics,
analyze the relationships between risk scores and clinical indicators to assist in clinical diagnosis and
treatment. Gene set enrichment and prognostic analysis: Use Gene Set Enrichment Analysis (GSEA) to
explore the pathways of candidate genes, and conduct independent prognostic analysis to evaluate their impact
on prognosis. Immune landscape and drug sensitivity analysis: Analyze the immune landscape, study the
relationships between immune—related genes and risk scores, and screen out drugs sensitive to different risk
groups. Validation of prognostic genes: Use techniques such as RT—qPCR to validate the expression levels of
candidate (prognostic) genes in clinical samples and confirm their reliability as biomarkers.

Consequently, the 1,485 genes within the MEyellow module and 1,375 genes within the MEgreen module were
identified as MRGs, totaling 2,860 genes.

Discovery and functional exploration of candidate genes

Differential expression analysis identified 1,553 DEGs (tumor vs. normal), including 1,080 upregulated and
473 downregulated genes in tumor samples (Fig. 2A,B). By intersecting the 1,553 DEGs with 2,860 MRGs,
and 1,045 LMRGs, the 38 candidate genes were identified (Fig. 2C). Functional enrichment analysis revealed
that these 38 candidate genes were significantly associated with 513 GO terms, which included 416 BPs, 84
MFs, and 13 CCs, as well as 34 KEGG pathways. Notable GO terms included “lipid catabolic process” (BP),
“peroxisomal matrix” (CC), and “lipase activity” (MF) (Fig. 2D). In the KEGG pathways, the candidate genes
were significantly enriched in “fat digestion and absorption’, “metabolism of xenobiotics by cytochrome P450%,
and “retinol metabolism”, among others (Fig. 2E). Furthermore, after removing four outlier genes, a PPI network
was constructed, comprising 34 nodes and 97 edges (Fig. 2F). Notably, ACACB was found to interact closely
with CD36 and SCD5 within this network. In summary, these findings highlighted candidate genes and their
functional associations, paving the way for further investigation into their roles in tumor biology.

Construction of well-performing risk model

From an initial set of 38 candidate genes, 11 survival-related genes were identified using univariate Cox regression
analysis (HR# 1, P<0.05) and the PH assumption test (P>0.05) (Fig. 3A, Supplementary Table 3). The LASSO
method further refined this to seven biomarkers: ADH1A, ACACB, CD36, CERS4, PDE3B, ALOX5, and CRAT,
based on a lambda min of 0.043 with non-zero regression coefficients (Fig. 3B).

A risk model was then developed using these seven biomarkers identified from LASSO analysis, risk score
was calculated based on the coeflicients of the biomarkers in LASSO analysis (Supplementary Table 4) and
expressions of biomarkers. This risk model enabled for the stratification of 177 PC patients with complete
survival data from the TCGA-PAAD dataset into 76 high-risk and 101 low-risk cohorts at an optimal cutoff
risk score of —1.689375. Similarly, 63 PC patients from the GSE57495 dataset were classified into 26 high-risk
and 37 low-risk cohorts using an optimal cutoff risk score of —6.941261. Subsequent analyses, including risk
curves and survival status distribution diagrams, showcased a clear distinction between high-risk and low-risk
cohorts in the TCGA-PAAD dataset, with high-risk patients demonstrating higher mortality rates and shorter
survival times (Fig. 3C). K-M curves indicated significantly lower survival probabilities for high-risk patients
in the TCGA-PAAD dataset (P <0.05) (Fig. 3D). ROC curves revealed AUC values exceeding 0.6, underscoring
the robust predictive performance of the risk model (Fig. 3E). Additionally, a heatmap illustrated that the seven
biomarkers were expressed at lower levels in the high-risk cohort from the TCGA-PAAD dataset (Fig. 3F).
Importantly, these results were consistently validated in the GSE57495 dataset (Supplementary Fig. 3A-D).
Opverall, these findings emphasized the utility of the developed risk model in stratifying PC patients, potentially
facilitating more personalized treatment strategies and improved disease management.

Association of clinical characteristics with risk score

A heatmap illustrated the relationship between clinical characteristics and risk scores, revealing that G3 and G4
stages were more frequent in the high-risk cohort compared to the low-risk cohort (Fig. 4A). In contrast, the
distributions of age and gender among the subgroups were relatively similar across both cohorts. Additionally,
A higher proportion of high-risk patients were classified in advanced tumor stages (G3 and G4), whereas low-
risk patients were more commonly in T1 and T2 stages (Fig. 4B). In summary, these findings suggested that
tumor grade might be a critical factor in risk stratification for PC patients, emphasizing the need for tailored
management strategies based on individual clinical characteristics.

Establishment good nomogram based on independent prognostic factors
Univariate Cox regression analysis demonstrated that when evaluating the associations between multiple
variables and the prognosis of PC, the risk score (P <0.05, HR =3.989, 95% CI 2.067-7.696) and N stage (P <0.05,
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Fig. 2. Screening for candidate genes. (A) Differential gene volcano plot, purple dots represent upregulated
genes, blue dots represent downregulated genes, and gray dots indicate non-significant genes. (B) Differential
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Fig. 3. Screening for prognostic genes and risk model construction. (A) Univariate cox forest plot of
prognosis-related genes. (B) Lasso regression analysis. The left panel showed the path of Lasso regression
coefficients; the right panel showed the Lasso cross-validation curve. (C) Risk curves and survival state
distributions for the training set TCGA-PAAD sample. (D) K-M plot for low and high risk groups in training
set TCGA-PAAD. (E) ROC curve for assessing the predictive performance of the risk model in the TCGA-
PAAD training set. (F) Heatmap illustrating the expression levels of prognostic genes across low and highrisk
groups in the validation set. The color scale represented the gene expression levels, where red indicated high
expression and blue indicated low expression. The normalization method employed was z-score normalization.
Each gene’s expression values across all samples were standardized, resulting in a mean of 0 and a standard
deviation of 1 after standardization.
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HR=2.231, 95% CI 1.313-3.379) were significantly associated with the prognosis, while some variables such as
gender (P=0.221) showed no significant association. Meanwhile, the 2—year AUC values of each factor were
presented to assist in assessing the predictive efficacy (Fig. 5A). For the proportional—hazards assumption test,
the P-value of the Global Schoenfeld test was 0.7521, and the P-values of the individual Schoenfeld tests for
most indicators were greater than 0.05, indicating that the proportional—hazards assumption was valid and the
Cox regression model was applicable (Fig. 5B). In the multivariate Cox regression analysis, after adjusting for
other factors, the risk score (P<0.05, HR=4.32, 95% CI 2.164-8.622) and N stage (P<0.05, HR=2.18, 95% CI
1.282-3.707) were identified as independent prognostic factors, which had a significant impact on the survival
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Fig. 5. Construction of a nomogram based on independent prognostic factors. (A) Clinicopathologic
characteristics and risk modeling of patients in the training set univariate cox analysis of forest plots. (B) PH
hypothesis test. (C) Clinicopathologic characteristics of training set patients and risk models for multifactorial
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curves for nomogram models. (F) ROC curves of nomogram. (G) DCA decision curve. The horizontal
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probability of PC patients (Fig. 5C). Through a series of analyses, the N stage and risk score were determined
to be independent prognostic factors for PC. Subsequently, a nomogram was developed that assigned specific
point values to each independent prognostic factor. The total score, obtained by summing these points, indicated
that higher scores were associated with increased mortality risk for PC patients (Fig. 5D). Calibration curves
demonstrated a small deviation between the model predictions and the actual results (Fig. 5E). Moreover, the
nomogram achieved AUC values exceeding 0.6 for 1-, 2-, and 3-year predictions (Fig. 5F), indicating robust
predictive performance. The DCA revealed that the nomogram provided a greater net benefit compared to
individual factors alone (Fig. 5G). Overall, these results validated the nomogram’s strong capability in predicting
mortality for PC patients, establishing it as a valuable tool for personalized risk assessment and management in
clinical practice.

Deciphering the differences of functional pathways and mutation status between two risk
cohorts

GSEA analysis identified that two risk cohorts were significantly enriched in 26 KEGG pathways. The top five
pathways with the highest enrichment scores included “Type II diabetes mellitus”, “calcium signaling pathway”,
“cell cycle’, “spliceosome’, and “neuroactive ligand-receptor interaction” (Fig. 6A). In high-risk cohorts, the three
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genes with the highest mutation frequencies were KRAS (89%), TP53 (76%), and CDKN2A (27%) (Fig. 6B). In
contrast, low-risk cohorts showed the highest mutation frequencies for TP53 (50%), KRAS (47%), and SMAD4
(18%) (Fig. 6C). The predominant mutation types included missense mutations, nonsense mutations, and multi-
hit. Moreover, high-risk PC patients exhibited significantly higher TMB scores (P <0.05) compared to low-risk
patients (Fig. 6D). Spearman correlation analysis indicated a strong positive relationship between risk score
and TMB score (cor=0.46, P=6.3x107'%) (Fig. 6E). In addition, K-M survival analysis revealed significant
differences among the four groups (P=0.00019) (Fig. 6F). Notably, PC patients in the H-TMB +low-risk group
had a higher survival probability than those in the H-TMB + high-risk group (P=0.04). Additionally, patients
in the L-TMB +low-risk group demonstrated better survival rates compared to the H-TMB + high-risk group
(P=0.00062). Furthermore, individuals in the H-TMB +low-risk group had improved survival odds over those
in the L-TMB + high-risk group (P=0.018), while L-TMB +low-risk patients fared better than L-TMB + high-
risk patients (P=0.00017) (Supplementary Fig. 4). These findings highlight potential strategies for targeted
therapies and personalized treatment in PC management.

Investigating the therapeutic effect of immunotherapy on PC

The Fig. 7A illustrates the expression levels of 20 immunosuppressive factors. The analysis revealed that PVRL2 had
the strongest direct relationship with the risk score, while CD160 demonstrated the highest negative correlation
(cor=-0.51, P<0.05) (Fig. 7B, Supplementary Table 5). Additionally, a heatmap displaying the expression of 38
immunosuppressive factors was presented in Fig. 7C. Here, CD276 showed the highest positive correlation with
the risk score (cor=0.431, P<0.05), whereas IL6R had the highest negative correlation (cor=-0.516, P<0.05)
(Fig. 7D, Supplementary Table 6). Furthermore, Fig. 7E presents the expression of 36 chemotactic factors, where
CCL20 displayed the highest positive correlation with the risk score (cor=0.32, P<0.05), and CCL14 had the
highest negative correlation (cor=-0.551, P<0.05) (Fig. 7F, Supplementary Table 7). These results underscored
the complex interplay between immune factors and risk scores, highlighting their potential significance in tumor
biology and PC patient’s prognosis.

Revealing differences of drug sensitivity in high- and low-risk cohorts

The drug sensitivity analysis revealed that 129 drugs exhibited significant differences in IC,, values between
the two risk cohorts (P<0.05). The top 10 drugs identified were AG.014699, BI.2536, Cyclopamine, EHT.1864,
FH535, Gemcitabine, Rapamycin, Roscovitine, VX.680, and WZ.1.84. Notably, AG.014699, BI.2536,
Gemcitabine, Roscovitine, VX.680, and WZ.1.84 showed significantly reduced IC50 values in the high-risk
cohort, suggesting increased drug sensitivity in these patients. Conversely, Cyclopamine, EHT.1864, FH535,
and Rapamycin displayed markedly higher IC, values in the high-risk cohort, suggesting that these patients
had reduced sensitivity to these drugs (Fig. 8A). Additionally, the 3D conformations of the eight drugs were
presented (the conformations of FH535 and Rapamycin were not found) (Fig. 8B). These findings suggested that
the differential drug sensitivities observed between risk cohorts might inform personalized treatment strategies,
potentially allowing for more effective selection of therapies based on individual patient risk profiles.

Exploring the expression of biomarkers in clinical samples

Gene expression analysis in the GSE62452 dataset revealed that the expression of ADH1A, ACACB, CD36,
CERS4, PDE3B, and CRAT was obviously lower in tumor samples, while the expression of ALOX5 was markedly
higher in tumor samples (Fig. 9A). Notably, RT-qPCR results further supported these findings, with ADH1A
(p=0.025), ACACB (p=0.021), CD36 (p=0.01), CERS4 (p=0.005), PDE3B (p<0.0001), and CRAT (p=0.03)
showing significantly reduced expression in tumor tissues, whereas ALOX5 exhibited significantly elevated
expression in tumor samples (p<0.001) (Fig. 9B). This comprehensive analysis highlighted expression of
biomarkers that could guide personalized treatment strategies for PC patients.

Discussion

PC remains one of the deadliest malignancies globally, with metastatic disease present in approximately half
of newly diagnosed cases®*-2. Despite surgical resection being the only potentially curative option, current
therapeutic strategies benefit only about 20% of patients®”. This critical situation underscores the need for novel
biomarkers to predict the prognosis of PC patients and to develop personalized treatment strategies?*?. Prior
studies have identified potential risk markers such as PYGL, CCND2, BCAT1 and KRT7°%%. Although many
risk markers have been developed to predict prognosis, their sensitivity and specificity remain unsatisfactory.
Given the pivotal roles of macrophages and lipid metabolism in PC carcinogenesis and progression?*>>, this
study identified biomarkers associated with MRGs and LMRGs in PC and constructed a prognostic model based
on biomarkers through comprehensive analyses using the TCGA and GEO public databases. Notably, this model
serves as an independent prognostic indicator. Additionally, we developed a nomogram that incorporates both
clinical information and prognostic scores to enhance the clinical utility of this model, which was validated
through calibration curves, ROC curves, and DCA curves. Collectively, these findings suggest that the MRGs-
LMRGs-based prognostic model holds significant potential for prognostication in PC and could offer valuable
insights for personalized treatment strategies.

Through intersecting analysis, we identified 38 candidate genes, which were primarily associated with
lipid and fatty acid metabolic pathways, this was confirmed by GO and KEGG enrichment analysis. Further
investigations highlighted seven specific biomarkers, including six upregulated genes in the normal group—
ADHI1A, ACACB, CD36, CERS4, PDE3B, and CRAT—and one downregulated gene in the normal group,
ALOXS5. Survival analysis indicated that higher expression levels of ADH1A, ACACB, CD36, CERS4, PDE3B,
and CRAT were correlated with improved patient outcomes, suggesting these markers could predict surgical
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Fig. 7. Immunoscape and immune checkpoint analysis. (A) Expression of immunosuppressive factors between
low and high risk groups. (B) Correlation between immunosuppressive factors and risk scores. (C) Expression
of immune activating factors between low and high risk groups. (D) Correlation between immune activating
factors and risk scores. (E) Expression of chemokines between low and high risk groups. (F) correlation
between chemokines and risk scores.
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treatment efficacy. Conversely, patients with elevated ALOX5 expression had poorer prognoses, indicating the
need for alternative therapeutic strategies and further research.

Among these seven genes, ALOX5 was found to be highly expressed in PC and demonstrated independent
prognostic value concerning overall survival (0S)*°. ALOXS5, as part of the lipoxygenase family, primarily
mediates arachidonic acid metabolism to produce leukotrienes®. In immune regulation, ALOX5 promotes PC
invasion and metastasis by modulating M2 polarization of tumor-associated macrophages®. Its low expression
correlates with poor survival in prostate cancer’, while overexpression exacerbates lung cancer progression
via upregulating matrix metalloproteinase 9 (MMP9) expression®®. Although ALOX5 is considered a tumor-
promoting factor in pancreatic cancer, its role seems to be contradictory in other cancers, such as prostate
cancer. In prostate cancer, low expression of ALOX5 is associated with poor survival, suggesting that it may have
a tumor-suppressive effect®. This difference may be attributed to the variations in the tumor microenvironment
and signaling pathways among different cancer types.In pancreatic cancer, ALOX5 promotes tumor progression
by regulating the M2 polarization of tumor-associated macrophages (TAMs) and enhancing the production of
leukotrienes. Leukotrienes are known to contribute to tumor invasion and metastasis®®. Specifically, ALOX5
promotes the M2 polarization of TAMs through the JAK/STAT signaling pathway, thereby inhibiting the
anti-tumor immune response. It also enhances the invasiveness and metastatic ability of tumor cells through
metabolites such as leukotriene B4 (LTB4). In contrast, in prostate cancer, ALOX5 may exert an anti-tumor
effect by participating in the regulation of lipid metabolism and inflammatory responses, thus suppressing
tumor growth®. Such tissue-specific functional differences suggest that the tumor-promoting effect of ALOX5
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Fig. 9. Expression validation of prognostic genes. (A) Expression of prognostic genes in the training set
GSE62452. (B) Prognostic gene expression level in tissue samples of PC patients. *P<0.05, **P<0.01,
PP <0.001, ****P<0.0001.

in pancreatic cancer may be closely related to its unique tumor microenvironment. Future research should
further explore the specific molecular mechanisms of ALOXS5 in pancreatic cancer to develop targeted treatment

strategies.

ADHIA participates in fatty acid metabolism and counteracts lipid peroxidation®!. Previous studies have
shown that overexpression of ADH1A in gastric cancer cells suppresses proliferation, migration, and invasion
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by modulating the cGMP/PKG signaling pathway and inflammatory cytokines such as IL-6 and IFN-y%2. Our
study aligns with these findings as we observe significantly reduced ADHI1A expression in pancreatic tumor
tissues. High ADH1A expression is associated with increased chemotherapy sensitivity and higher infiltration of
CD4+ T cells, CD8+ T cells, and macrophages in the tumor microenvironment, indicating a protective role in
Pancreatic Ductal Adenocarcinoma (PDAC) tissues®>%4.

CERS4, a key enzyme in ceramide synthesis, is closely linked to pathways involving cell death and
proliferation®>%. In colorectal cancer patients, CERS4 expression is significantly downregulated, with T cells
lacking CERS4 exhibiting sustained activation and inhibited inflammation resolution, leading to increased
tumor burden in a colitis-associated cancer mouse model®. Conversely, high CERS4 expression is correlated
with better prognostic outcomes in non-small cell lung cancer®.

PDE3B, responsible for degrading intracellular cyclic adenosine monophosphate (cAMP) and cyclic
guanosine monophosphate (cGMP), shows reduced expression in bladder cancer, correlating with better
prognosis®®. Additionally, research has found that circ_ PDE3B is highly expressed in esophageal squamous
cell carcinoma tissues and cells, where knocking down circ_PDE3B significantly reduces cell proliferation,
migration, and invasion by regulating miR-136-5p and MAP3K2”°. In Sa3 and HeLa cells, knocking down
PDE3B induces an increase in cyclic GMP, thereby inhibiting tumor cell growth”!. Thus, the specific role of
PDE3B in PC warrants further investigation.

CrAT, mainly located in the mitochondrial matrix, catalyzes transfer reactions between carnitine and acetyl-
CoA”2 Existing research links CrAT with melanoma, suggesting that through fatty acid metabolism, it might
influence tumor cell migration and invasion”®. However, more experimental evidence is needed to clarify its
specific mechanisms in PC.

ACACB plays a critical role in maintaining the balance between fatty acid synthesis and oxidation’*. Although
its specific mechanisms in PC are still under investigation, existing clues suggest that ACACB may impact cancer
cell proliferation and survival strategies by regulating fatty acid metabolism”>7°.

Recent studies using bioinformatics and systems biology approaches have revealed the crucial roles
of macrophages and lipid metabolism in cancer progression. A study on the impact of dermatomyositis on
interstitial lung disease’’found that the NF-«B signaling pathway regulates macrophage activation, providing an
analogical perspective on macrophage behavior in the tumor microenvironment. Research on type 2 diabetes
and non-alcoholic fatty liver disease’® has clarified the significance of abnormal lipid metabolism in these
diseases. The lipid metabolism pathways involved have potential links to lipid metabolism reprogramming in
cancer. These findings offer new evidence for understanding metabolic disorders in tumors such as pancreatic
cancer and developing targeted therapeutic strategies.

In this study, Gene Set Enrichment Analysis (GSEA) showed that the “cell cycle” pathway was significantly
enriched in both the high-risk and low-risk cohorts. This result suggests that the activation of the cell cycle may
play an important role in the progression of pancreatic cancer (PC), and there may be an interaction between
it and the regulation of lipid metabolism and macrophages. Recent studies have shown that lipid metabolism
plays a crucial role in regulating the cell cycle. For example, fatty acid synthase (FASN), a key enzyme for de
novo fatty acid synthesis, is upregulated in various cancers, including pancreatic cancer’®. High levels of FASN
increase the synthesis of fatty acids, which can be used for cell membrane biosynthesis and energy production,
thus promoting the progression of the cell cycle®. In pancreatic cancer cells, enhanced lipid metabolism can
promote the expression of cell cycle regulators (such as cyclin D1), and cyclin D1 is crucial for the transition
of the cell cycle from the G1 phase to the S phase®!. Macrophages, especially tumor-associated macrophages
(TAMs), are also closely related to the cell cycle. In the tumor microenvironment, TAMs polarize into the M2
phenotype, and the cytokines and growth factors secreted by these M2 macrophages can directly affect the cell
cycle of cancer cells®. For example, M2 macrophages secrete a large amount of CCND1 and CCNEI, which
are key regulators of the cell cycle. These factors can prompt pancreatic cancer cells to enter the cell cycle and
enhance their proliferative ability?. In addition, lipid metabolism can regulate the polarization of macrophages.
Oxidized low-density lipoprotein (0xLDL) can induce macrophages to polarize into the M2 phenotype®. Once
polarized, M2 macrophages can further promote the activation of the cell cycle in cancer cells, forming a positive
feedback loop that may drive the progression of pancreatic cancer.In conclusion, the enrichment of the “cell
cycle” pathway in our study may be closely related to the dysregulation of lipid metabolism and the polarization
state of macrophages in pancreatic cancer. Further research is needed to fully elucidate the detailed molecular
mechanisms behind these interactions.

We found that the mutation frequency of TP53 in the high-risk group was significantly higher than that in the
low-risk group (76% vs. 50%). As a classical tumor suppressor gene, mutations in TP53 are closely associated with
tumor invasiveness, metastasis, and therapeutic resistance in various cancers. Mutations in TP53 not only lead
to the loss of its tumor suppressor function but may also promote tumor progression by affecting key pathways
such as cell cycle regulation, DNA repair, and apoptosis®*. Especially in pancreatic cancer, TP53 mutations, in
conjunction with KRAS mutations, drive the metabolic reprogramming and immune evasion of tumor cells®*.
Our Gene Set Enrichment Analysis (GSEA) showed that the high-risk group was significantly enriched in the
“cell cycle” pathway, which is highly consistent with the function of TP53 mutations. The normal function of
TP53 is to regulate the cell cycle checkpoints to prevent cells with DNA damage from entering the proliferative
cycle. However, TP53 mutations can lead to the loss of control of the cell cycle and promote the abnormal
proliferation of tumor cells®*. In addition, TP53 mutations may further exacerbate the metabolic disorders of
tumor cells by affecting the expression of genes related to lipid metabolism. For example, TP53 mutations have
been shown to upregulate the expression of fatty acid synthase (FASN), promoting lipid synthesis in tumor cells,
thereby supporting their rapid proliferation and survival®®.Therefore, the difference in the mutation frequency
of TP53 not only reflects that the tumors of patients in the high-risk group are more invasive but may also reduce
the sensitivity of these patients to traditional chemotherapy and targeted therapies by affecting the cell cycle
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and metabolic pathways. Future research could further explore how TP53 mutations affect the progression of
pancreatic cancer and the therapeutic response by regulating these pathways, thus providing a theoretical basis
for the development of personalized treatment strategies targeting TP53 mutations.

Besides macrophages and lipid metabolism-related biomarkers, our study also identified the correlation
between immune response and risk scores based on immune-related genes and more effective guidance for PC
immunotherapy. Immunosuppressive factors include PVRL2, CD160, CD276, and CCL20. PVRL2 showed the
strongest positive correlation with the risk score (cor=0.356, p <0.05) in the present study. It is known to promote
tumor growth by inhibiting CD8+ T cells and NK cells, playing a critical role in creating an immunosuppressive
environment®, especially in liver cancer, where its expression is significantly upregulated. Blocking PVRL2
enhances immune cell-induced tumor lysis®®. CD160 is an Ig-like glycoprotein acting as an activating receptor
on lymphocytes®. In hepatocellular carcinoma, lower densities of intratumoral CD160+ cells correlate with
more severe disease and higher recurrence rates®. Our study found CD160 to have a strong negative correlation
with the risk score (cor=-0.51, p <0.05), indicating that the expression of CD160 in PC may be associated with
better prognosis. Therefore, comprehensive consideration of the expression of these immune-related markers is
helpful to optimize the treatment strategy of PC.

CD276 is an immune checkpoint protein with high expression linked to lower survival in PC*»*2. CAR-T
cells targeting CD276 have shown high cytotoxicity against various human cancer cell lines, including pancreatic,
liver, glioma, renal, fibrosarcoma, breast, ovarian, and colon cancers”. In a study of 150 PC patients, high CD276
expression was prevalent in most tumor tissues and was independently associated with lower survival rates®.
Aligned with these findings, our results revealed a significant direct correlation between CD276 and the risk
score (cor=0.431, p<0.05).

Chemokines are crucial regulators of tumor progression, involved in controlling apoptosis, migration,
proliferation, invasion, and metastasis of tumor cells®>. CCL20 is a protein expressed in the liver, colon, and
skin, playing roles in inflammation and homeostasis through its specific receptor, CCR6*°. The CCR6/CCL20
axis has been shown to aid tumor growth and liver metastasis in PC mouse models®’. In alignment with these
findings, our immune landscape analysis revealed a strong positive correlation between CCL20 and the risk
score (cor=0.32, p<0.05). Additionally, CCL14 has been shown to inhibit colon cancer cell proliferation and
invasion by promoting M1 macrophage polarization and suppressing M2 polarization®®. In our study, we found
that CCL14 had the strongest negative correlation with the PC risk score (cor=-0.551, p <0.05).

In addition, the biomarkers identified in this study, such as ALOX5 and ADHIA, have significant potential
in being integrated into the current treatment strategies for pancreatic cancer (PC). For ALOX5, it is highly
expressed in pancreatic cancer and is associated with a poor prognosis. In the current treatment strategies, it is
advisable to consider incorporating ALOXS5 inhibitors into the treatment regimen. Existing studies have shown
that ALOX5 is involved in the arachidonic acid metabolic pathway, promoting the invasion and metastasis of
tumor cells®. For example, zileuton, as an ALOX5 inhibitor, has demonstrated the effects of inhibiting tumor
growth and metastasis in preclinical studies of some cancers!'®. In the treatment of pancreatic cancer, for patients
with high ALOX5 expression, the combined use of an ALOX5 inhibitor and traditional chemotherapeutic drugs
(such as gemcitabine) may enhance the efficacy of chemotherapy by inhibiting the migration and invasion
of tumor cells. At the same time, it can regulate the tumor microenvironment and improve the sensitivity to
immunotherapy. ADH1A is downregulated in pancreatic cancer tissues, and its high expression is associated
with increased chemosensitivity. To better integrate ADH1A into the treatment strategy, attempts can be made
to develop drugs or therapies that can upregulate the expression of ADHIA. From a molecular mechanism
perspective, ADH1A is involved in fatty acid metabolism and counteracts lipid peroxidation!®!. By screening
small-molecule compounds or biological agents to activate the expression regulation pathway of ADHIA, there
is hoped to improve the response of pancreatic cancer patients to chemotherapy. In addition, gene therapy
strategies can also be considered as a potential option. By using vectors to introduce the ADHIA gene into
tumor cells, the expression level can be restored, thereby enhancing the effect of chemotherapy!'®. In conclusion,
the rational integration of biomarkers such as ALOX5 and ADHIA into the treatment strategies for pancreatic
cancer is expected to provide more effective personalized treatment options for pancreatic cancer patients and
improve their prognosis.

In this study, the drug sensitivity analysis showed that drugs such as AG.014699, B1.2536, and Gemcitabine
exhibited lower IC50 values in high-risk pancreatic cancer patients, indicating that these drugs may have higher
efficacy for high-risk patients. However, the clinical relevance of these drugs still needs further exploration.
AG.014699 is a PARP inhibitor that has currently undergone clinical trials in multiple cancer types, especially
demonstrating significant efficacy in BRCA mutation-related breast cancer and ovarian cancer!%®. Although there
isrelativelyless research on PARP inhibitors in pancreatic cancer, existing studies have shown that PARP inhibitors
may have potential therapeutic value in pancreatic cancer patients with DNA repair defects'. Particularly for
high-risk pancreatic cancer patients, PARP inhibitors may enhance the efficacy of chemotherapeutic drugs
by inhibiting the DNA repair pathway'®®. Gemcitabine is a standard first-line chemotherapeutic drug for
pancreatic cancer and is widely used in clinical treatment!%. Our research results further support the sensitivity
of Gemcitabine in high-risk patients, suggesting its potential application value in personalized treatment.In
addition, BI.2536 is a PLK1 inhibitor, and multiple clinical trials are currently underway to evaluate its efficacy
in various solid tumors, including pancreatic cancer'””. PLK1 plays a crucial role in cell cycle regulation, and
inhibiting PLK1 may enhance the effect of chemotherapy by interfering with the proliferation and survival of
tumor cells!®. Although these drugs show potential sensitivity in high-risk pancreatic cancer patients, their
clinical application still needs further verification. Future research should combine clinical trial data to evaluate
the actual efficacy and safety of these drugs in pancreatic cancer patients, especially for personalized treatment
regimens targeting high-risk patients.
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Taken together, a comprehensive investigation of the discrepancies in immunosuppressive factors between
high- and low-risk groups can assist in the identification of valuable immunotherapy targets, which can serve as
a reference for clinicians in the development of a more tailored treatment plan for their patients.

However, this study still has some limitations. Firstly, the bioinformatics analysis relies on existing databases.
The limited sample size may affect the generality and accuracy of the results. Moreover, the imbalance in the
number of samples may lead to a decrease in the statistical power of the tests, causing the omission of key
information or making the results of the differential expression analysis overly biased towards tumor samples.
Secondly, in the analysis of the immune landscape, the correlations between the risk score and immune factors
such as PVRL2 and CD276 lack in vitro or in vivo functional verification. Meanwhile, the sample size for RT-
qPCR verification is relatively small (20 samples), which limits the universality of the results and the statistical
power. In future research, the sample size will be expanded, and more patient samples from different ethnic
groups, regions, and clinical backgrounds will be included. By integrating more clinical and pathological
characteristics (such as tumor staging, molecular subtypes, etc.), the universality of the model and its clinical
application value will be enhanced. At the same time, functional verification experiments are planned to be
carried out. Gene editing technologies such as CRISPR/Cas9 will be used to regulate the expression of immune
factors. Combined with animal models of pancreatic cancer, the role of immune factors in tumor progression
and their causal relationships with the risk score will be explored. In addition, multi-omics data will be further
integrated to optimize the prediction model, and the clinical application potential of the biomarkers will be
verified through prospective clinical trials, providing a more solid theoretical foundation and practical basis for
the personalized treatment of pancreatic cancer.

In conclusion, this study emphasizes the prognostic significance of MRGs and LMRGs in PC, uncovering
novel biomarkers and potential therapeutic targets. As the understanding of PC biology deepens, these findings
will assist in propelling personalized treatment advancements, ultimately improving patient survival outcomes.

From the perspective of clinical application, the biomarkers identified in this study provide a new direction for
the selection of treatment regimens. For patients with high ALOX5 expression, since this biomarker is associated
with tumor invasion and poor prognosis, ALOXS5 inhibitors can be added to traditional treatments. By doing so,
it can inhibit the migration and invasion of tumor cells, regulate the tumor microenvironment, and enhance the
effectiveness of immunotherapy. For patients with low ADHI1A expression, considering that its high expression
is positively correlated with chemosensitivity, gene therapy can be attempted to increase its expression level, or
small-molecule drugs that enhance its activity can be screened to improve the chemotherapeutic response of
these patients and optimize the treatment effect.In terms of future research, it is necessary to verify the stability
and predictive ability of the biomarkers in large-scale and diverse patient cohorts to ensure their reliability under
different clinical backgrounds. In-depth basic research should be carried out to clarify the molecular regulatory
mechanisms of these biomarkers in the occurrence and development of pancreatic cancer, laying a theoretical
foundation for the development of precise targeted therapeutic drugs. Prospective clinical trials should be
conducted to compare the advantages of personalized treatment based on biomarkers and traditional treatment
in improving patients’ quality of life and prolonging their survival, accelerating the transformation of research
achievements into clinical practice.Through these clinical application plans and future research directions,
the aim is to better apply the research achievements to clinical practice, provide more effective personalized
treatment strategies for pancreatic cancer patients, and effectively enhance the practicality and clinical value of
the research.
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The data underlying the results presented in this study are provided within the manuscript and its supplementa-
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