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Abstract

Background Pancreatic cancer is a highly aggressive cancer characterized by low survival rate. Enhanced ribosome bio-
genesis may be associated with tumor drug resistance and malignant phenotypes, representing a potential therapeutic
target in pancreatic cancer. Therefore, exploring the molecular mechanisms of ribosome biogenesis in pancreatic cancer
may uncover new biomarkers and potential therapeutic targets, facilitating the development of personalized treatment
strategies.

Methods Ribosome biogenesis-related gene signatures were acquired from TCGA and Gene Cards databases. Prognostic
gene sets were screened using machine learning algorithms to construct a risk model, which was externally validated
via GEO database. Single-cell RNA sequencing analysis (GSE155698 dataset) was performed to assess gene expression
patterns and module scores.

Results Sixty ribosome biogenesis-related prognostic genes were identified in pancreatic cancer. Cox regression and
machine learning algorithms selected nine pivotal biomarkers (ECT2; CKB; HMIGA2; TPX2; ERBB3; SLC2A1; KRT13; PRSS3;
CRABP2) with high diagnostic and prognostic specificity for PAAD. The machine learning-derived risk score correlated
strongly with tumor proliferation pathways and immunosuppression, suggesting dual roles in tumor promotion and
immunosuppressive microenvironment remodeling. Single-cell analysis highlighted predominant expression of CKB,
SLC2A1, ERBB3, CRABP2, and PRSS3 in pancreatic ductal epithelial cells.

Conclusions Our results shed light on the potential connections between ribosome biogenesis-related molecular char-
acteristics and clinical features, the tumor microenvironment, and clinical drug responses. The research underscores the
critical role of ribosome biogenesis in the progression and treatment resistance of pancreatic cancer, offering valuable
new perspectives for prognostic evaluation and therapeutic response prediction in pancreatic cancer.
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1 Introduction

Pancreatic cancer (pancreatic adenocarcinoma,PAAD) is the most aggressive malignant tumor in the digestive system
and ranks seventh in global cancer-related deaths. Due to the lack of early symptoms and effective diagnostic markers,
most patients are diagnosed at an advanced stage, with a 5-year survival rate of only approximately 9% [1]. Pancreatic
cancer has a very poor prognosis. Although surgical resection remains the preferred treatment for PAAD, only 15-20%
of patients are eligible for surgery at the time of diagnosis [2, 3]. In recent years, new strategies such as FOLFIRINOX
combined chemotherapy and neoadjuvant therapy have significantly improved the survival rates of some patients [4].
However, the efficacy of current chemotherapy regimens is limited by drug resistance [5], highlighting the urgent need
for new adjuvant treatment strategies and biomarkers to better assess prognosis and guide personalized treatment.

Ribosome biogenesis is the process of assembling ribosomal complexes, a critical and complex process closely related
to cell growth and protein synthesis, and is strictly regulated by numerous auxiliary factors [6, 7]. In tumor cells, ribosome
biogenesis is often upregulated and regulated by various signaling pathways, such as mTOR and Myc, to meet the high
demand for protein synthesis required for rapid tumor growth, proliferation, and migration. This upregulation involves
enhanced function of the nucleolus (the primary site of ribosomal RNA synthesis) and the overexpression of genes asso-
ciated with ribosome assembly [8-10]. In pancreatic cancer research, ribosome biogenesis plays a significant role in the
initiation and progression of the disease. For example, it has been reported that oncogenic RAS signaling enhances the
RNA-binding activity of the nucleolar protein nucleolin (Ncl), reshaping the RNA-binding protein network of pancreatic
cancer cells and leading to the phosphorylation of Ncl downstream of Erk1/2. The phosphorylation of Ncl enhances the
binding of precursor rRNA and ribosome biogenesis. This nucleolin-dependent enhancement of ribosome biogenesis is
crucial for RAS-induced proliferation of pancreatic cancer cells. Targeted therapies directed at this process can effectively
inhibit tumor growth. [11, 12]. Additionally, studies have shown that proteins involved in ribosome assembly, such as
RRP9, can activate certain signaling pathways, thereby increasing the resistance of pancreatic cancer cells to the drug
gemcitabine [13]. Moreover, ribosome biogenesis inhibitors targeting ribosome biogenesis may prevent the progression
of pancreatic cancer by inducing oncogene-induced senescence in combination with ERK hyperactivation [14].

Therefore, this study aims to leverage multiple machine learning approaches to construct a robust prognostic model
for assessing the clinical outcomes of pancreatic cancer patients. Additionally, it seeks to elucidate the critical role of
ribosome biogenesis in pancreatic cancer initiation and progression, analyze somatic mutations associated with the
disease, and identify novel therapeutic targets to advance treatment strategies.

2 Materials and methods
2.1 Data sources

A total of 177 pancreatic cancer tissue samples (after excluding one sample with missing survival data) were selected
from The Cancer Genome Atlas (TCGA) database (accessed on September 26, 2024). Clinical and pathological informa-
tion, including age, sex, tumor grade, tumor stage, tumor type, tumor location, TNM staging, survival days, and survival
status, were obtained. Transcriptomic sequencing data (seg-tpm and seg-count), methylation level data and microRNA
expression matrix data were also acquired, along with transcriptomic sequencing data (seg-tpm and seqg-count) from 180
normal pancreatic tissue samples sourced from the Genotype-Tissue Expression (GTEx) database (accessed on September
26, 2024). All transcriptomic sequencing data were normalized. Ribosome biogenesis-related genes were obtained from
the GeneCards website (accessed on September 22, 2024). Selected only protein-coding genes, and set the relevance
threshold to above 1.2 from GeneCards.

Validation cohorts, including ICGC-PACA-AU, GSE78229, GSE183795, and GSE62452, were retrieved from the Interna-
tional Cancer Genome Consortium (ICGC) and Gene Expression Omnibus (GEO) databases. These datasets collectively
demonstrate the reproducibility of the research findings. Additionally, single-cell RNA sequencing data (scRNA-seq) for
10 PAAD tumor tissues (GSE155698) were used for single-cell analysis. Immunohistochemistry (IHC) data were down-
loaded from the Human Protein Atlas (HPA, http://www.proteinatlas.org) to verify protein expression in PAAD tissues.
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2.2 Methods
2.2.1 Differential gene expression analysis between PAAD and non-tumor tissues

To identify transcriptomic differences between PAAD and non-tumor tissues, 177 PAAD tumor samples were downloaded
from the TCGA database (https://www.cancer.gov/ccg/research/genome-sequencing/tcga), and 180 normal pancreatic
tissue samples were obtained from the GTEx database (https://gtexportal.org/home/) as controls. Using the DESeq2
package (version 1.42.0) in R, differentially expressed genes (DEGs) between tumor and non-tumor samples were identi-
fied based on |fold-change|> 1.5 and adjusted p-value <0.05. The results were visualized using the “ggplot2 “package
(version 3.5.0).

2.2.2 Weighted gene co-expression network analysis (WGCNA) and identification of ribosome biogenesis-related genes
in PAAD

WGCNA was applied to further identify gene modules closely related to tumors in the TCGA-PAAD dataset [15]. Using
the WGCNA package (version 1.73) in R, DEGs of PAAD were analyzed. A gene expression matrix was constructed based
on 4,725 DEGs from 357 samples for subsequent analysis. Since the module-trait correlation is strongest at the corre-
sponding inflection point, the soft thresholding power was set to 5 to construct the gene co-expression network. After
that, the gene—gene co-expression similarity and adjacency are calculated and converted into a Topological Overlap.

Matrix (TOM). Hierarchical clustering based on TOM was then used to assign genes to modules. Through this process,
gene modules significantly associated with clinical features were identified. In module analysis, key genes were screened
by comparing gene significance (GS, indicating the correlation between the gene and clinical features) with module
membership (MM, indicating the correlation between the gene and the module). Ultimately, upregulated genes associ-
ated with ribosome biogenesis (up CARGs) were extracted from these tumor-related modules. Simultaneously, 1250
ribosome biogenesis-related genes were collected from the GeneCards database (https://www.genecards.org/) with the
filtering criteria being the selection of protein-coding genes only and a relevance score threshold set above 1.2. Using
the VennDiagram package (version 1.7.3) in R, an intersection analysis was performed between upregulated CARGs
in PAAD and ribosome biogenesis-related genes, resulting in 60 significantly upregulated ribosome biogenesis-related
genes in PAAD, which were prioritized for subsequent analyses.

2.2.3 Construction and validation of prognostic signatures based on multiple machine learning methods for ribosome
biogenesis-related genes

To construct a prognostic model based on the identified 60 Ribosome Biogenesis-related genes (CARGs), univariate Cox
regression analysis was performed. Subsequently, the R package Mime1 (version 1.0.0) was employed, leveraging its
foundation on the performance of a comprehensive ensemble comprising 100+ machine learning models. By evaluating
multiple model combinations, the optimal ensemble was identified and selected, significantly enhancing the overall
performance of the model.

These methods included StepCox (stepwise regression), RSF (random survival forest), SuperPC (supervised principal
component analysis), Lasso (least absolute shrinkage and selection operator), Survival-SVM (survival support vector
machine), GBM (gradient boosting machine), CoxBoost (boosting algorithm for Cox regression), Enet (elastic net regres-
sion), Ridge (ridge regression), and plsRcox (partial least squares regression for Cox models).

Models were constructed using different machine learning algorithms, mixing them up, and worked with a dataset
that had 177 samples—93 of which were death events. We figured out the concordance index (C-index) for each model.
Furthermore, the predictive performance of the models was assessed using the TCGA-PAAD dataset as the training set,
while the ICGC-PACA-AU, GSE78229, GSE183795, and GSE62452 datasets were used as independent validation sets. The
average C-index across these validation datasets was also computed to ensure robustness.

Based on the median risk score calculated from the best model combination, the TCGA-PAAD training cohort was
divided into low-risk and high-risk groups. Kaplan—-Meier survival curves were plotted using the survival (version 3.6-4)
and survminer packages (version 0.4.9), and log-rank tests were performed to assess survival differences between
the two groups. Receiver operating characteristic (ROC) curves were generated using the timeROC package (ver-
sion 0.4.2) to calculate the area under the curve (AUC), evaluating the model’s sensitivity and specificity in predicting
2-year, 3-year, and 5-year survival probabilities. Additionally, we normalized data and corrected batch effects using
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the normalizeBetweenArrays function and the ComBat function from the sva package. The validation set, comprising
pancreatic cancer tissue samples, was sourced from ICGC-PACA-AU (International Cancer Genome Consortium) and
GEO datasets (GSE78229, GSE183795, GSE62452), potentially including samples from diverse countries or institutions.
It included gene expression matrices and survival indicators, serving as a counterpart to the TCGA-PAAD training set.
Using GEO datasets, we validated the robustness and effectiveness of the CARGs prognostic model. We also analyzed the
correlation between risk scores and corresponding clinical indicators using the Wilcoxon rank-sum test and visualized
the results with heatmaps generated by the heatmap package (version 1.0.12).

We applied univariate and multivariate Cox proportional hazards models to evaluate whether the CARGs prognostic
model could independently predict outcomes after adjusting for other clinical and pathological features (such as age,
sex, histological grade, pathological stage, and TNM stage). Based on univariate analysis, independent risk factors were
integrated to construct a nomogram for predicting patient prognosis. Calibration curves were plotted to assess the
consistency between predicted survival rates and actual observations.

2.2.4 Identification of differentially expressed genes between high and low-risk groups and functional enrichment analysis

Using the DESeq2 package in R, DEGs between the high-risk and low-risk groups (DEGs 2) were identified based on
[fold-change|> 1 and adjusted p-value < 0.05. Functional enrichment analysis of the DEGs was performed using the clus-
terProfiler package (version 4.12.0) to evaluate potential biological functions. Gene Set Enrichment Analysis (GSEA) was
conducted using the reference gene sets “c2.cp.reactome.v7.0.entrez.gmt” and “h.all.v7.0.symbols.gmt”. Pathways were
considered statistically significant if the normalized p-value <0.05 and the false discovery rate (FDR) g-value < 0.25. The
most enriched pathways were ranked based on the normalized enrichment score (NES). The limma package (version
3.54.2) was used to quantify the differential pathway activities between the high-risk and low-risk groups.

2.2.5 Tumor microenvironment and immune infiltration analysis

Firstly, we applied the single-sample Gene Set Enrichment Analysis (ssGSEA) algorithm to convert the gene expression
data from the TCGA dataset into the abundance of 23 immune cell types. The proportions of infiltrating immune sub-
types, including activated B cells, activated CD4" T cells, M1 macrophages, and plasma cells, were assessed. Based on the
differential analysis results, the infiltration levels of these immune cells were compared with the Ribosome Biogenesis
risk scores. The Wilcoxon rank-sum test and Spearman correlation analysis were employed to further explore the rela-
tionship between risk scores and immune checkpoint expression. Additionally, the CIBERSORT algorithm was utilized to
perform deconvolution analysis of the tumor immune microenvironment, calculating the infiltration levels of 22 immune
cell types in each sample. Spearman correlation analysis was conducted to evaluate the correlation between risk scores
and the infiltration levels of these 22 immune cell types. Furthermore, Spearman correlation analysis was performed
to examine the relationship between the expression levels of the nine key genes and the infiltration degrees of the 22
immune cell types. Subsequently, the ESTIMATE algorithm was applied to evaluate immune and stromal infiltration
scores and their correlation with Ribosome Biogenesis risk scores. The results were visualized using scatter plots and
linear regression models. The Tumor Immune Dysfunction and Exclusion (TIDE) algorithm was employed to assess the
response to immunotherapy, calculating immunotherapy scores for each sample. Additionally, immune scores under
different immune checkpoint inhibitors (such as CD44 and TNFSF9) were compared between the high-risk and low-risk
groups using immunotherapy data from the TCIA database. The results were visualized using box plots, and the Wilcoxon
rank-sum test was used to assess the significance of the differences.

2.2.6 Mutation analysis

We utilized the maftools package (version 2.20.0) to analyze and visualize somatic mutation data between the high-risk
and low-risk groups in the TCGA dataset, comparing the number and mutation spectra between the two groups. The
maftools, remodeling2 (version 1.0.0), and ggpubr packages (version 0.6.0) were used to generate waterfall plots illus-
trating the mutation distribution of key mutated genes in each group. Additionally, we combined risk scores with tumor
mutation burden (TMB) data to compare TMB differences between the high-risk and low-risk groups. Box plots displaying
TMB differences were generated using the ggpubr package, and statistical tests were performed. Based on the median
TMB value, samples were further classified into high-TMB and low-TMB groups. The chi-square test was used to evaluate
the proportion differences between the high-risk and low-risk groups, and the results were visualized using bar charts.
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2.2.7 Drug sensitivity evaluation

We employed the oncoPredict package (version 0.2.3) in R to assess the predictive capability of Ribosome Biogenesis
risk scores for 198 chemotherapy and targeted therapy drugs. In the TCGA-PAAD dataset (n=177), we calculated the IC50
(half-maximal inhibitory concentration) for various drugs for each patient and categorized the patients into high-risk
(n=88) and low-risk (n=89) groups. The Wilcoxon rank-sum test was used to analyze the differences in IC50 Z-scores
between the high-risk and low-risk groups, exploring the potential value of Ribosome Biogenesis risk scores in predict-
ing drug sensitivity.

2.2.8 Correlation analysis of DNA methylation levels and microrna with key genes and risk groups

Gene methylation levels and miRNA expression data for PAAD patients were obtained from the TCGA database. Dif-
ferential analysis was conducted using the limma package in R, with the criteria of |fold-change|> 1 and adjusted
p-value <0.05. Correlation coefficients between the nine key genes and their corresponding gene methylation levels,
as well as differentially expressed miRNAs, were calculated.

2.2.9 Single-cell RNA sequencing analysis and hpa immunohistochemistry validation

scRNA-seq data, including raw sequencing data from 10 PAAD tumor tissues(GSE155698,https://www.ncbi.nlm.nih.gov/
geo/query/acc.cgi?acc=GSE155698), were downloaded from the GEO database. Data processing and analysis were per-
formed using Seurat (version 4.3.0.1). Cells with a gene count (nFeature_RNA) greater than 200 but less than 5000, and
UMI counts (nCount_RNA) between 200 and 50,000 were selected. Cells with mitochondrial UMI counts (pMT) exceeding
20% and red blood cell UMI counts (pHB) exceeding 5% were removed. Data normalization was performed using the
“NormalizeData” and ScaleData functions, and 2000 highly variable genes were identified using the “FindVariableFea-
tures” function. Dimensionality reduction was conducted using Principal Component Analysis (PCA), and batch effects
were corrected using the “RunHarmony” function. Cell clusters were visualized using t-SNE and UMAP, and cell clusters
were manually annotated based on known marker genes. Additionally, IHC data were downloaded from the HPA (http://
www.proteinatlas.org) to evaluate the high and low expression levels of the nine key genes in pancreatic cancer tissues.

2.2.10 Statistical analysis

All statistical analyses were performed using RStudio (version R 4.3.2) and relevant R packages. All p-values were based
on two-sided tests, and p-values less than 0.05 were considered statistically significant.

3 Results

3.1 Identification of differentially expressed genes in pancreatic cancer and ribosome biogenesis-related
genes identification and enrichment analysis

In the TCGA and GTEx cohorts, a total of 4625 DEGs were identified between PAAD samples and normal pancreatic tissues,
meeting the criteria of p-value <0.05 and absolute log, fold change > 1.5. Among these, 3701 genes were upregulated,
and 924 genes were downregulated (Fig. 1).

3.2 Identification of highly correlated gene modules in TCGA-PAAD and ribosome biogenesis-related genes
identification and enrichment analysis

To further uncover key genes associated with tumors, WGCNA was employed to identify gene modules highly cor-
related with tumors in the TCGA-PAAD dataset. Initially, nine outlier samples were identified and excluded from the
analysis through sample clustering (Fig. 2a). Subsequently, a soft-thresholding power of 5 was set (Fig. 2a), and a gene
dendrogram was constructed to partition the genes into ten modules: red, purple, pink, black, yellow, magenta, green,
turquoise, brown, and blue (Fig. 2b). The heatmap illustrating the correlations between different modules is also pre-
sented. The results demonstrated that tumor occurrence was significantly positively correlated with the turquoise module
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Fig. 1 Identification of DEGs
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(correlation coefficient=0.98, p-value =6e—247) and the blue module (correlation coefficient=0.88, p-value=5e—115)
(Fig. 2d). Additionally, the gene significance (GS, indicating the correlation between genes and clinical features) and
module membership (MM, indicating the correlation between genes and modules) within the turquoise and blue mod-
ules were highly correlated, suggesting a strong association of genes in these modules with tumors (Fig. 2c). Genes in
the yellow and green modules also exhibited strong correlations with tumors, whereas genes in other modules showed
weaker associations (Figures S1). Finally, 2875 upregulated genes (up CARGs) were extracted from the turquoise and blue
modules and intersected with 2259 ribosome biogenesis-related genes obtained from the GeneCards database using
the VennDiagram package in R. This intersection analysis resulted in 60 key ribosome biogenesis-related genes (Fig. 3a).
Principal Component Analysis (PCA) further validated that the expression of these 60 CARGs effectively distinguished
tumor samples from non-tumor samples (Figures S2a). Additionally, a heatmap illustrated the differential expression of
these 60 CARGs between tumor and non-tumor tissues (Figs. 3b).

Gene Ontology (GO) enrichment analysis was performed on these 60 CARGs to explore potential molecular mecha-
nisms associated with PAAD progression. The results indicated that these DEGs were primarily enriched in chromosomal
regions, nuclear division, and mitosis-related processes, suggesting that ribosome biogenesis contributes to the synthesis
of new proteins that may play roles in cell cycle control and cell division. In terms of cellular components, enrichment
analysis revealed that these genes were closely associated with structures such as the spindle, blood microparticles,
and the cell cortex, further indicating that the enrichment of ribosome biogenesis in these cellular components may
be related to the enhanced proliferation and migratory capabilities of pancreatic cancer. Additionally, the enriched
molecular functions were closely related to DNA binding, bending, and other related activities (Fig. 3c). These results
collectively suggest that ribosome biogenesis may play a crucial role in PAAD development and progression by regulat-
ing the structure and function of genetic material, as well as extracellular signal transduction. Overall, these findings
indicate that ribosome biogenesis may influence PAAD development and progression through the regulation of genetic
material structure and gene expression.

3.3 Construction and validation of prognostic model for ribosome biogenesis-related genes
Using multiple machine learning methods, we constructed a risk prediction model based on ribosome biogenesis-

related genes from the TCGA database and validated it using GEO datasets. Initially, univariate Cox regression analysis
of the 60 identified CARGs revealed 28 prognostically significant genes (Fig. 3d). We then constructed models using
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Fig.2 Identification of the
highly correlated gene mod-
ules in WGCNA. a Soft-thresh-
olding power determination:
the left panel’s y-axis indicates
the scale-free fit index,

while the right panel’s y-axis
indicates mean connectivity.
The x-axis represents power
values. b Dendrogram of
differentially expressed genes
clustered using a dissimilarity
measure (1-TOM), with colors
indicating identified gene
modules. ¢ Gene correlation
scatter plots for the turquoise
and blue modules: the x-axis
represents module member-
ship (MM), indicating the
correlation between genes
and modules, and the y-axis
represents gene significance.
d Correlations between gene
modules and clinical traits:
Boolean variables denote clin-
ical phenotypes, representing
"Normal" and "Tumor."
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Fig. 3 a Identification of the intersection among ribosome biogenesis-related genes, upregulated DEGs, and genes from the WGCNA-iden-
tified tumor-associated turquoise and blue modules. b Expression levels of Gene 55 in tumor versus normal tissues. ¢ GO term analysis of
genes identified in the Venn diagram intersection among upregulated DEGs, ribosome biogenesis-related genes, and turquoise and blue
modules. d Forest plot showing prognosis-related genes in PAAD identified through univariate Cox regression analysis

both individual and combined machine learning algorithms and calculated the concordance index (C-index) for each
model. The average C-index across three datasets was computed to evaluate the predictive performance of all mod-
els. The optimal model combination was found to be a combination of Lasso (Least Absolute Shrinkage and Selection
Operator) and RSF (Random Survival Forest), and the C-index was 0.65 (Fig. 4a). The analytical framework integrated
linear screening with nonlinear dynamic modeling through a two-stage approach: initially employing Lasso regression
with L1 regularization for secondary dimensionality reduction, where cross-validation identified the optimal A value
(lambda=0.023) to retain 9 pivotal genes that eliminated multicollinearity while capturing synergistic genomic interac-
tions, subsequently constructing an enhanced random survival forest comprising 1,000 survival decision trees trained
via stratified sampling without replacement (SWOR) with 112 samples (63% of total cohort) per bootstrap iteration,
constraining terminal nodes to a minimum sample size of 5 to balance overfitting risks (averaging 24.85 nodes per tree),
and innovatively implementing a logrank random splitting strategy that randomly selected 3 candidate genomic vari-
ables per node evaluation and conducted 10 split attempts at each node to enhance nonlinear relationship detection,

=
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Fig.4 Construction of a machine learning-based risk-scoring model for PAAD patients using the TCGA database. a C-index values for the
test and validation prognostic signatures. b Patient risk score distribution and Kaplan—-Meier survival analysis of TCGA-PAAD patients in
high-risk versus low-risk groups. ¢ ROC curve analysis of the model’s performance for predicting 2-, 3-, and 5-year overall survival (OS)

RSF + GBM

(c)

@ Discover



Analysis
Discover Oncology (2025) 16:905 | https://doi.org/10.1007/512672-025-02733-7

ultimately achieving a standardized Continuous Ranked Probability Score (CRPS =0.14) with 45% improvement over
conventional Cox models (CRPS >0.25) and near-perfect alignment between predicted survival curves and actual event
distributions (Kolmogorov-Smirnov D=0.08, p=0.72), thereby validating the framework’s dual capability in genomic
signal purification and complex survival pattern reconstruction. These results show that the model has solid predictive
capabilities. Ultimately, nine genes were identified as significantly impacting survival outcomes: CKB, ECT2, HMGA2, TPX2,
ERBB3, SLC2A1, KRT13, PRSS3, and CRABP2 (Figures S3).

Based on this algorithm, risk scores for each sample were calculated, and the median risk score of 40.41 was used as
the threshold to classify PAAD patients into low-risk (n =89) and high-risk (n =88) groups. Scatter plots demonstrated a
significant decline in overall survival (OS) with increasing individual risk scores (Fig. 4b). Kaplan-Meier survival curves
and log-rank tests further confirmed that OS was significantly lower in the high-risk group compared to the low-risk
group (p <0.0001; Fig. 4b).

To evaluate the performance of the prognostic model, time-dependent ROC curve analysis was conducted to assess
the sensitivity and specificity of the model. The area under the curve (AUC) for predicting 2-year, 3-year, and 5-year sur-
vival were 0.976, 0.987, and 0.938, respectively, indicating high accuracy in predicting OS (Fig. 4c). The model achieved
sensitivities of 0.938, 0.943, and 0.861 for 2-, 3-, and 5-year predictions, respectively, with corresponding specificities
of 0.917, 0.995, and 0.986. Subsequently, the feasibility of using ribosome biogenesis features to predict PAAD patient
prognosis was validated using three GSE datasets and one ICGC dataset. Kaplan-Meier survival curves showed that
patients in the low-risk group had better OS than those in the high-risk group (Fig. 53, ¢, e, and g). Robust AUC values for
the 2-year, 3-year, and 5-year survival predictions were also observed in both the training and validation cohorts (Fig. 5b,
d, f, and h). The model exhibited sensitivities of 0.724 and 0.657 at 2- and 3-year intervals in the ICGC dataset, paired
with specificities of 0.600 and 0.833, respectively. Concurrently, the GEO cohort demonstrated robust discriminative
power, maintaining consistently high sensitivities (range: 0.62-0.85) and specificities (range: 0.6-0.99) across 2-, 3-, and
5-year prognostic windows (Table 1). Clinical correlation analysis revealed significant associations between risk scores
and follow-up tumor status, radiation therapy, and residual tumors (Fig. 6a-d). In summary, the ribosome biogenesis-
related prognostic features constructed using multiple machine learning methods demonstrated excellent performance
in predicting survival outcomes for PAAD.

3.4 Ribosome biogenesis-related prognostic features as independent prognostic factors in PAAD

To determine independent prognostic factors for PAAD patients, we included ribosome biogenesis-related risk scores
and various clinical characteristics (including age, sex, histological grade, T stage, M stage, N stage, history of malignancy,
follow-up tumor status, tumor location, DCC histological type, history of radiotherapy, residual tumor, and chronic pan-
creatitis) in univariate and multivariate Cox regression analyses. The univariate Cox regression results indicated that
age (HR=1.028, 95% Cl 1.007-1.049), histological stage (HR=2.350, 95% Cl 1.078-5.126),N stage (HR=2.0961, 95% Cl
1.249-3.519), follow-up tumor status (HR=2.491, 95% Cl 1.077-5.762), radiation therapy (HR=0.453, 95% Cl 0.257-0.798),
DCC histological type (HR=1.770, 95% Cl 1.077-2.908), and residual tumor (HR=1.770, 95% Cl 1.097-2.857) were all sig-
nificant prognostic factors in the TCGA cohort (Fig. 7a). In the multivariate Cox regression analysis, the risk score remained
a significant independent prognostic factor closely associated with prognosis (Fig. 7b).

Seven significant clinical variables, along with the risk score, were incorporated into the model. Based on the stepwise
Cox regression model, a nomogram was constructed to predict 2-year, 3-year, and 5-year OS. The parameters included
in the nomogram were risk score, age, N stage, histological grade, follow-up tumor status, history of radiotherapy, DCC
histological type, and residual tumor. The results emphasized the predictive capability of ribosome biogenesis-related
risk scores in PAAD prognosis (Fig. 8a). The AUC values for predicting 2-year, 3-year, and 5-year OS were 0.986, 0.990, and
0.949, respectively (Fig. 8b). Subsequently, calibration curves were plotted to assess the performance of the nomogram
model. The calibration curves closely aligned with the 45-degree diagonal, indicating a high consistency between the
predicted survival probabilities and the actual observed outcomes in the TCGA-PAAD cohort (Fig. 8c).

3.5 Functional analysis of ribosome biogenesis-related gene set and mutation analysis
To investigate the biological behaviors associated with different Ribosome Biogenesis risk score groups, we employed
the GSVA package in R for functional annotation of TCGA-PAAD samples. The heatmap of GSVA-KEGG results revealed

that taurine and hypotaurine metabolism-related pathways were significantly enriched in the high-risk group. Addi-
tionally, pathways related to the cell cycle and DNA replication were also markedly enriched in the high-risk group.
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Tablel1 .S.en.sitivities ar?d. Cohort Threshold Sensitivity Specificity Time
specificities in both training
(TCGA) and validation (GEO TCGA 103 0.93836 0.91667 730
and ICGC) cohorts 110 0.94353 0.99535 1095
123 0.86110 0.98684 1825
ICGC-PACA-AU Threshold Sensitivity Specificity Time
58 0.72407 0.60000 730
47 0.65693 0.83333 1095
GSE183795 Threshold Sensitivity Specificity Time
84 0.75736 0.60714 730
79 0.68407 0.75000 1095
79 0.67323 0.99160 1825
GSE62452 Threshold Sensitivity Specificity Time
39 0.69528 0.77778 730
48 0.78803 0.72727 1095
39 0.68181 0.97412 1825
GSE78229 Threshold Sensitivity Specificity Time
27 0.65764 0.85714 730
40 0.85385 0.66667 1095
27 0.62865 0.95282 1825

Furthermore, the p53 pathway exhibited higher activity in the high-risk group. In contrast, protein degradation
pathways were significantly enriched in the low-risk group (Fig. 9c).

Simultaneously, GSVA-HALLMARK enrichment analysis demonstrated that multiple pathways associated with can-
cer progression and cell proliferation were significantly enriched in the high-risk group. These pathways include MYC
target-related pathways, DNA repair, G2/M checkpoint-related pathways, mTORC1 signaling, hypoxia, and apoptosis-
related pathways. Notably, cancer-related pathways such as the p53 pathway, Notch signaling pathway, and TGF-3
signaling were more active in the high-risk group compared to the low-risk group (Fig. 9a-b), which was generally
consistent with the GSVA-KEGG results. GSEA further indicated significant enrichment of pathways related to the
regulation of cell cycle checkpoints, mitosis, and keratinocyte envelope formation (Fig. 9e).

To further explore the differential gene expression between the CARGs and the risk scores in PAAD patients, we
identified DEGs (DEGs 2) between the high-risk and low-risk groups and performed GO-KEGG enrichment analysis
using the “org.Hs.eg.db” and “clusterProfiler” packages. The results revealed that these DEGs were enriched in various
cellular components, including neuronal cell bodies, synaptic membranes, transmembrane transporter complexes,
and ion channel complexes related to neuronal cell membrane structures and channel complexes. In biological pro-
cesses, these genes were primarily enriched in processes such as the regulation of chemical synaptic transmission,
membrane potential regulation, and potassium ion transport. In terms of molecular functions, significant enrichment
was observed in potassium and metal ion transmembrane transporter activities, voltage-gated channel activities,
and ion channel activities (Fig. 9d). Additionally, KEGG pathway analysis indicated enrichment in neuroactive ligand-
receptor interactions and dopaminergic synapse-related pathways (Fig. 9f), suggesting that neuroregulation and
metabolic abnormalities may play crucial roles in the initiation and progression of PAAD.

We also analyzed the genomic mutation characteristics associated with the CARGs gene set, including mutation
counts and mutation spectra. Utilizing the maftools package, we visualized the mutation patterns of 168 patients
from the TCGA-PAAD cohort. The results indicated that the overall mutation rate was higher in the high-risk group
compared to the low-risk group, suggesting greater genomic instability in the high-risk group. TP53 and KRAS were
the most frequently mutated genes in the high-risk group, with mutation rates significantly higher than those in the
low-risk group (TP53: 70% vs. 51%, KRAS: 80% vs. 50%) (Fig. 10a, b). These mutations are closely associated with cancer
progression and poor prognosis across various cancers, indicating their potential critical roles in disease progression
among high-risk patients. Additionally, CDKN2A and SMAD4 exhibited relatively high mutation frequencies in both
groups, with slightly higher rates in the high-risk group, further supporting their importance in tumor suppression
and signal transduction. Furthermore, TTN also displayed moderately high mutation frequencies in both groups,
warranting further investigation.
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Fig. 7 Univariate (a) and multivariate (b) regression analysis of the risk score in the TCGA-PAAD cohort; Cox proportional hazards regression

Regarding TMB, the proportion of high-TMB samples was higher in the low-risk group compared to the high-risk
group, and this difference was statistically significant based on the chi-square test (Fig. 10c—d, p=0.0032). This sug-
gests that the high-risk group may be associated with poorer responses to immunotherapy.

3.6 Correlation analysis of immune infiltration and tumor microenvironment

To explore the relationships among Ribosome Biogenesis, immune infiltration, and the tumor microenvironment,
we first conducted ssGSEA to compare immune cell infiltration levels between the high-risk and low-risk groups.
The results indicated that in the high-risk group, the infiltration levels of CD4* T cells and Type Il helper T cells were
significantly higher than those in the low-risk group (P < 0.05). Conversely, the low-risk group exhibited significantly
higher infiltration levels of activated B cells and eosinophils (P <0.01), as well as higher infiltration levels of monocytes
and macrophages (P <0.05) (Fig. 11a).

In terms of immune functions, the high-risk group showed elevated levels of antigen-presenting cell co-inhibi-
tion, immunosuppressive inflammation, and Type | interferon responses compared to the low-risk group (P <0.05)
(Fig. 11b). Using the ESTIMATE algorithm, we examined the relationship between Ribosome Biogenesis and the
tumor microenvironmentin 177 PAAD patients from TCGA. ESTIMATE analysis revealed that the high-risk group had
higher tumor purity compared to the low-risk group (Fig. 11f), while the ESTIMATE score and immune score were
lower in the high-risk group, with no significant difference in the stromal score between the two groups (Fig. 11e).

In immune checkpoint analysis, CD44, LGALS9, CD160, IDO2, and TNFSF9 were significantly more highly expressed
in the high-risk group (Fig. 11c), suggesting that immune checkpoint inhibitors (ICls) targeting these molecules
may offer potential therapeutic benefits. TIDE algorithm, a computational tool for predicting responses to immune
checkpoint blockade (ICB), was employed to assess the potential clinical responses to ICB in different risk groups. The
results indicated that the relationship between patient immune treatment responses and their risk scores did not
reach statistical significance, suggesting that patients in the high- and low-risk groups may not differ significantly in
their responses to conventional ICB treatments (Fig. 11f).

Subsequently, using the CIBERSORT algorithm, we performed deconvolution analysis of the tumor immune micro-
environment and assessed the correlation between infiltration levels and risk scores. The results demonstrated that
activated mast cells and activated B cells were negatively correlated with risk scores, while M1 macrophages and
activated dendritic cells were positively correlated with risk scores, with all correlations being statistically significant
(P <0.05) (Fig. 12a-c). Spearman correlation analysis revealed that among the nine CARGs, the expression levels of
ECT2 were strongly correlated with the infiltration levels of Type Il helper T cells, ERBB3 and PRSS3 with the infiltra-
tion levels of Type 17 helper T cells, SLC2AT with CD56"dim natural killer (NK) cells, and TPX2 with activated CD4* T
cells (Fig. 11d).
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Fig. 8 aThis nomogram estimates 2-year, 3-year, and 5-year overall survival probabilities for patients with PAAD. The included predictors are
risk score, age, stage, AJCC pathological N, follow-up tumor status, WHO histological classification, radiation therapy, and residual tumor sta-
tus. b AUC values of the nomogram for predicting 2-year, 3-year, and 5-year survival. ¢ Calibration curves showing the agreement between
the nomogram’s predicted probabilities and the actual observed outcomes at 2-year, 3-year, and 5-year intervals. The x-axis represents pre-
dicted survival probability, and the y-axis represents observed survival probability

3.7 Drug sensitivity prediction and CARGs risk score

We utilized cell line data from the Cancer Genome Project (CGP) database to predict the IC50 of commonly used
chemotherapy drugs for different risk groups of PAAD patients. Gemcitabine is a first-line treatment for pancreatic
cancer and can be used alone or in combination for PAAD chemotherapy [16]. According to our study, patients in
the low-risk group exhibited significantly higher sensitivity to gemcitabine compared to those in the high-risk group
(P<0.001), with a correlation coefficient of 0.4 between risk scores and gemcitabine IC50 (Fig. 13a). This suggests
that the median inhibitory concentration (IC50) for gemcitabine is significantly lower in the low-risk group, indicat-
ing that low-risk patients may be more sensitive to gemcitabine, while high-risk patients may be more prone to
developing resistance.

Additionally, the IC50 values for other first-line chemotherapy drugs, such as platinum-based drugs (oxaliplatin,
cisplatin) and topoisomerase inhibitors (irinotecan), were also significantly lower in the low-risk group (P <0.001,
Fig. 13b-d). Notably, high-risk patients exhibited significantly lower IC50 values for paclitaxel, erlotinib, Laptinib, and
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Acetalax compared to the low-risk group (Figs. 13e-f and S4a-b), suggesting that these drugs may offer potential
therapeutic benefits for patients in the high-risk category.

3.8 Analysis of gene methylation levels and miRNA expression

We conducted differential analysis of gene methylation levels and miRNA expression between the high-risk and low-risk
groups. The results indicated that there were no significant differences in the methylation levels of corresponding genes
between the high-risk and low-risk groups (Figure S5a). Furthermore, there was no apparent correlation between the
methylation levels of the nine key prognostic CARGs and their mRNA expression levels (Figure S5b). This suggests that
these genes may not be significantly associated with methylation levels.

Differential analysis of miRNA expression between the high-risk and low-risk groups revealed that miR-203a-3p, hsa-
miR-196b-5p, and hsa-miR-205-5p were highly expressed in the high-risk group (Figure S5c). However, the correlation
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Fig. 10 a The top 20 genes with the highest mutation frequencies in the high-risk group. b The top 20 genes with the highest mutation
frequencies in the low-risk group. ¢ A bar chart illustrating the distribution of tumor mutation burden (TMB) across the high- and low-risk
groups. d TMB distribution differences between the two groups (Wilcoxon test)

between the mRNA expression levels of the nine genes and miRNA expression levels did not reach a correlation coef-
ficient of 0.7 (Figure S5d).

3.9 Validation of ribosome biogenesis-related genes at the single-cell level and protein expression analysis

To further elucidate the specific roles of CARGs in PAAD progression, we performed single-cell RNA sequencing analysis
on 10 samples (GSE155698) to study the expression profiles of Biogenesis-related genes in the pancreatic malignant
tumor microenvironment. After quality control filtering, we obtained 24,094 cells from 10 primary pancreatic tumors.
These cells were subsequently merged, clustered, and annotated (Fig. 14a). Based on cell type-specific marker genes,
the cells were classified into T cells, macrophages, endothelial cells, pancreatic ductal cells, NK cells, fibroblasts, B cells,
and pancreatic cancer stem cells (Fig. 14b).

Next, we plotted the expression profiles of nine ribosome biogenesis-related genes, including ECT2, CKB, HMGA2, TPX2,
ERBB3, SLC2A1, KRT13, PRSS3, and CRABP2. As shown in Fig. 14c, CKB, SLC2A1, ERBB3, and CRABP2 were predominantly
highly expressed in pancreatic ductal cells, while PRSS3 was highly expressed in both pancreatic acinar and ductal cells.
The other genes exhibited only minimal expression (Fig. 14c). To further quantify the overall expression levels of these
genes across different cell types, we calculated a module score based on the nine genes. This module score represented
the collective expression level of these nine genes within individual cells. The results indicated higher expression levels
in ductal epithelial cells and acinar cells (Fig. 14d). These findings suggest that ribosome biogenesis may play critical
roles in these cell types.
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Fig. 11 TCGA tumor microenvironment between high-group and low-risk group. a Boxplots of the 23 immune signature ssGSEA scores
comparing high-risk and low-risk patients in TCGA. b Boxplots of immune function ssGSEA scores comparing high-risk and low-risk patients
in TCGA. c Differential expression of ADORA2A, BTLA, CD160, CD200, CD276, CD44, HHLA2, IDO2, KIR3DL1, LGALS9, and TNFSF9 between
high- and low-risk groups in TCGA. Statistical significance is indicated as follows: *p <0.05, **p<0.01, ***p<0.001, ns=not significant. d
Spearman’s correlation coefficients between the 9 genes and infiltration levels of 23 immune cell types. e Differences in stromal score, ESTI-
MATE score, and immune score between the high-risk (n=88) and low-risk (n=89) groups in TCGA PAAD patients. f Differences in tumor
purity between the high-risk (n=88) and low-risk (n=89) groups in TCGA PAAD patients. g Differences in TIDE scores between the high-risk

(n=88) and low-risk (n=289) groups

IHC data were downloaded from the HPA(http://www.proteinatlas.org) to evaluate the expression levels of eight genes
(CKB, HMGA2, TPX2, ERBB3, SLC2AT, KRT13, PRSS3, and CRABP2) in pancreatic cancer tissues (Figs. 15, 16). IHC analysis
demonstrated varying degrees of protein expression, ranging from low to high, in representative PAAD samples.

3.10 Cell communication

The intercellular signaling network diagram (Fig. 17a) reveals complex signal transduction relationships among various
cell types, including macrophages, endothelial cells, pancreatic ductal cells, pancreatic acinar cells, and fibroblasts. In
this network, node size represents different cell types, while the thickness of the connections indicates the strength of
the signaling interactions. Heatmaps illustrating signaling patterns across cell types (Fig. 17b and c) demonstrate that
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high-scoring ductal epithelial cells exhibit strong outgoing signals in pathways such as MIF, MK, and PDGF. Conversely,
macrophages show robust incoming signals in pathways including MIF, SPP1, and CSF. These findings highlight the
diversity of intercellular communication. Collectively, these results elucidate the complexity of the intercellular com-
munication network and the specificity and intensity of signaling pathways between distinct cell types. The heatmap
depicting communication probability and strength between different cell types (Fig. 17d) indicates that high-scoring
ductal epithelial cells engage in strong ligand-receptor interactions with B cells and macrophages. This visualization
underscores the key communications among various cell types within the tumor microenvironment through diverse
signaling pathways. Furthermore, we conducted an analysis of the MIF signaling pathway network (Fig. 17e and f), where
nodes represent different cell types and the thickness of the connections reflects the intensity of MIF signal transduc-
tion. This analysis emphasizes the complex and critical role of MIF signaling in mediating intercellular communication.

4 Discussion

Using the model, we identified nine genes—ECT2, CKB, HMGA2, TPX2, ERBB3, SLC2A1, KRT13, PRSS3, and CRABP2—that
are strongly linked to the clinical traits and chemotherapy resistance of malignant tumors. Research indicates that these
genes demonstrate the following characteristics:

ECT2, a RhoGTPase activator essential for cytokinesis, has been identified as an oncogene with exhibiting distinct
oncogenic mechanisms at different cellular locations [17]. In tumors, CKB may support rapid proliferation and the
protein synthesis demands of ribosome biogenesis by maintaining high levels of energy metabolism [18]. Research
indicates that HMGAZ is involved in maintaining epithelial-mesenchymal transition (EMT) in human pancreatic cancer
cells and it is is a potential therapeutic target for pancreatic cancer treatment [19]. TPX2, a critical regulator of cell
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Boxplots of the estimated IC50 of Oxaliplatin in the high- (n=88) and low-risk (n=89) group. e Correlation analysis of the Risk Score with
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division and a potential oncogenic driver, emerges as a promising therapeutic target for pancreatic cancer [20, 21].
ERBB3, which localizes to the nucleolus in various cancers, has been shown to induce apoptosis in pancreatic cancer
cells through its downregulation [ 22, 23]. SLC2AT has been demonstrated that promotes metabolic reprogramming
and chemoresistance in PAAD [24]. KRT13 is upregulated in pancreatic cancer stem cell-like cells and is associated
with radiotherapy resistance [25]. PRSS3 promotes tumor cell invasion and metastasis, and its overexpression has
been observed in metastatic pancreatic cancer cell lines [26-29]. CRABP2 promotes ribosome biogenesis, contribut-
ing to tumor invasiveness and metastasis [30].

Furthermore, this nine-gene signature risk model can independently predict overall survival outcomes beyond known
clinical and pathological risk factors. Through our enrichment analysis that some target genes like ECT2, ERBB3, HMGA2,
and a few others are getting pretty cozy in key pathways that are related to pancreatic cancer growth. For instance, ECT2
and TPX2 are kind of troublemakers when it comes to genomic stability because they mess with how the mitotic spindle
is assembled. On the flip side, ERBB3 and PRSS3 kick off the ERBB/MAPK signaling pathway, which is a big player in mak-
ing chemotherapy less effective. Then HMGA2 and CRABP2 that team up to boost EMT and metastasis through pathways
like Wnt/B-catenin and retinoic acid metabolism. Over here, SLC2AT and CKB are in charge of regulating glycolysis and
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Fig. 14 Expression of nine ribosome biogenesis-related genes in a single-cell RNA sequencing dataset. a Cell cluster annotations. b Cell
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expression levels of these ribosome biogenesis-related genes across various cell types in pancreatic cancer, as revealed by single-cell RNA
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phosphocreatine metabolism, which helps tumors switch up their metabolism. All this interconnected pathway action
really shows how gene interactions push.

Our analysis through the integration of advanced multiple machine learning algorithms to differentiate high and low-
risk groups based on risk scores and identify potential drugs significantly affecting disease prognosis. High-risk PAAD
patients appear to exhibit resistance to chemotherapy drugs that interfere with DNA synthesis, such as gemcitabine,
oxaliplatin, and cisplatin, as well as topoisomerase | inhibitors like irinotecan. Mechanisms underlying resistance to
DNA synthesis inhibitors generally include enhanced DNA repair capabilities and altered cellular metabolic pathways.
Enhanced DNA repair ability can reverse DNA damage induced by topoisomerase | inhibitors, thereby diminishing the
cytotoxic effects of irinotecan [16, 31, 32]. These mechanisms may be potentially linked to our finding that high-risk
groups are enriched in DNA repair pathways.

Additionally, we discovered that paclitaxel may offer benefits to high-risk patients. Paclitaxel inhibits cell mitosis by
stabilizing microtubule structures, and often used in combination with gemcitabine as a first-line chemotherapy regi-
men for pancreatic cancer and metastatic pancreatic cancer [33]. This aligns with our enrichment results, where high-
risk group patients are more enriched in pathways regulating cell cycle checkpoints and mitosis, potentially serving as
potential targets for paclitaxel.

Erlotinib and Acetalax are both EGFR tyrosine kinase inhibitors (TKIs). Erlotinib, in combination with gemcitabine,
remains a first-line chemotherapy option for advanced pancreatic cancer. However, compared to the FOLFIRINOX regi-
men, it has limitations and is suitable for specific patient populations who cannot tolerate multiple chemotherapy
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Fig. 15 Protein expression
levels of ECT2, CKB, HMGA2,
TPX2, ERBB3 and SLC2AT1 in
PAAD tumor tissue
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regimens [34]. In our cohort, high-risk group patients may benefit from erlotinib. Laptinib and Acetalax have primarily
been studied for their potential roles in HER2-positive and triple-negative breast cancers, respectively [35, 36]. Their
effects on pancreatic cancer require further experimental and theoretical support.

Based on our study cohort’s enrichment analysis results, the high-risk group is primarily enriched in MYC target-related
pathways, DNA repair, G2/M checkpoint-related pathways, mTORC1 signaling, hypoxia, apoptosis-related pathways, the
p53 pathway, Notch signaling pathway, and TGF- signaling-related Hallmark pathways.

MYCis a crucial transcription factor closely associated with cell growth and proliferation. Multiple biological processes
regulated by c-MYC enhance ribosome generation and function [37, 38]. mTORC1 is a key regulator of cellular metabolism,
protein synthesis, and cell proliferation [39]. The Notch signaling pathway is believed to regulate tumor development and
the tumor microenvironment [40]. Other pathways are closely linked to processes related to cell proliferation and cancer
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Fig. 16 Protein expression Low/Not detected Medium High
levels of KRT13, PRSS3 and
CRABP2 in PAAD tumor tissues

KRT13

PRSS3

CRABP2

progression. GSEA enrichment analysis also revealed a strong association with cancer cell proliferation pathways related
to cell cycle and mitosis. GO-KEGG analysis showed significant enrichment in neuroactive ligand-receptor interactions,
transmembrane receptors, ion channels, neurotransmitter-regulated processes, and pathways, indicating a complex
interplay between high metabolic activity in tumor cells and neural signaling networks and regulation.

In the cytokine network of pancreatic cancer, immature CD4* T cells can be activated in various cytokine environments
[41]. Studies have shown that in PAAD, cytokines such as TNF-a and IL-1p released by tumor cells can induce cancer-
associated fibroblasts (CAFs) to secrete thymic stromal lymphopoietin (TSLP), activating resident dendritic cells (DCs).
These DCs release Th2 chemokines (CCL2, CCL17), which recruit Th2 cells-subset differentiated from CD4" T cells-to the
tumor region. Subsequently, Th2 cells secrete cytokines that promote M2 polarization, mediating immune evasion [42].

These findings are consistent with our study, where high-risk patients in our model cohort exhibited higher infiltra-
tion levels of CD4* T cells and Type Il helper T cells. In the low-risk group, increased infiltration levels of activated B cells,
eosinophils, monocytes, and macrophages are associated with enhanced immune responses and surveillance, as well
as pro-inflammatory functions. The M1 subtype of macrophages possesses antitumor activities [43], suggesting that
the low-risk group may predominantly harbor M1 macrophages. However, our study also found a positive correlation
between M1 macrophages and risk scores, although insufficient to indicate significantly higher infiltration levels in the
high-risk group. This slight increase may be related to enhanced metabolism leading to compensatory antitumor activ-
ity, warranting further investigation. These results provide a basis for further exploring the potential roles of immune
cells in tumor prognosis and therapy.

Tumor immunotherapy, particularly ICB and cell therapy, remains a persistent area of interest in cancer treatment.
However, its clinical efficacy is often limited by the immunosuppressive tumor microenvironment. TIDE analysis
revealed no statistically significant difference in ICB treatment between high-risk and low-risk groups, due to the
complex immune microenvironment of pancreatic cancer and single risk score. Additionally, limitations of sample
sizes, data heterogeneity, and lack of experimental validation, may also impact the results. Therefore, future studies
should integrate larger-scale clinical data and experimental validations to deeply explore the potential associations
between ribosome biogenesis risk scores and ICB treatment responses. Furthermore, the expression of multiple
immune checkpoint genes, including CD44, LGALS9, CD160, IDO2, and TNFSF9, was significantly in high-risk patients,
suggesting ICls targeting these molecules may offer potential therapeutic benefits. However, ICB treatment prediction
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indicated that risk scores did not significantly differ in their association with ICB treatment responses, possibly due to
the inherently "cold tumor" characteristics of pancreatic cancer, which render it less responsive to immunotherapy
[44]. Immunotherapy for pancreatic malignancies still requires further exploration.

In our analysis of somatic mutations, we found that TP53 and KRAS had significantly higher mutation frequencies
in the high-risk group compared to the low-risk group. Both subgroups exhibited high mutation rates of CDKN2A and
SMAD4, with slightly higher rates in the high-risk group. Mutations in KRAS and TP53 have been extensively studied
and consistently shown to have profound impacts on the survival of pancreatic cancer patients. Mutations in CDKN2A
often lead to aberrant cell cycle regulation, while deletions or mutations in SMAD4 are closely associated with meta-
static pancreatic cancer [45]. Moreover, we also found that TTN exhibited a moderately high mutation frequency. TTN,
a structural protein in striated muscle, has the longest exon length in the genome [46]. The predictive significance of
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TTN mutations may be primarily driven by statistical mechanisms, but its specific functional mechanisms in certain
cancers remain unclear [47].

Future experimental studies are needed to validate how TTN mutations affect the structural stability of pancreatic
cancer cells and the specific functions of signaling pathways, thereby clarifying their clinical significance. These findings
underscore the critical role of key gene mutations in the progression of pancreatic cancer and suggest that therapeutic
strategies targeting these gene mutations may help improve patient prognosis and develop personalized treatment
plans.

Although some miRNAs have been identified to play roles in pancreatic cancer cell proliferation, invasion, and metas-
tasis, their study remains limited. In our study cohort, we identified that hsa-miR-203a-3p, hsa-miR-196b-5p, and hsa-miR-
205-5p were highly expressed in the high-risk group based on the ribosome biogenesis risk score model, whereas these
miRNAs were not highly expressed in the low-risk group.

hsa-miR-203a-3p plays a critical role in various cancers, typically acting as a tumor-suppressive miRNA. In naso-
pharyngeal carcinoma, it inhibits tumor growth and metastasis by targeting LASP1 [48]. Its high expression in breast
cancer and non-small cell lung cancer is associated with better prognosis [49, 50]. However, our study found that miR-
203a-3p is highly expressed in the high-risk group of pancreatic cancer, suggesting it may have dual functions. Existing
literature indicates that miR-203a-3p acts as a tumor suppressor in some cancers, while in others, it may promote tumor
progression by enhancing EMT and targeting PDE4D to promote colorectal cancer cell proliferation, colony formation,
and migration and invasion [51, 52]. This dual functionality may be related to its regulation of different target genes and
signaling pathways in various biological environments. Therefore, future studies should further investigate the specific
mechanisms of miR-203a-3p in pancreatic cancer to elucidate its potential therapeutic value.

miR-196b-5p in pancreatic cancer can regulate the expression of the ING5 gene, inhibiting apoptosis and promoting
cancer cell proliferation [53]. It also enhances the invasiveness and anti-apoptotic capabilities of cancer cells in lung small
cell carcinoma and colorectal cancer [54, 55].

hsa-miR-205-5p exhibits dual roles in different tumors, acting both as a tumor suppressor and a tumor promoter.
Its specific function depends on the type of cancer and the tissue microenvironment. Currently, there are few studies
confirming miR-205 as a biomarker for pancreatic cancer. Some studies suggest it has ambiguous and pro-tumorigenic
roles [56].

Additionally, we analyzed the single-cell sequencing data of the nine genes included in our model and observed differ-
ential distribution of cells expressing these molecules in pancreatic cancer. Notably, these cells were primarily distributed
in ductal epithelial cells, acinar cells, and a subset of cancer stem cells. Combined with the impact of the risk model on
immune infiltration, we speculate that the "cold tumor" characteristics of pancreatic cancer cells may contribute to the
formation of an immunosuppressive microenvironment, ultimately resulting in an "immune desert" phenotype. Moreover,
our cell communication analysis revealed intricate interactions among cell populations. Ductal epithelial cells associ-
ated with hub genes may have complex connections with the MIF signaling pathway, warranting further investigation.

Despite identifying ribosome biogenesis-related risk score groups and prognostic genes in PAAD for the first time, our
study has several limitations. First, the number of cohorts and sequencing data used was limited. Second, clinical and
pathological feature information of patients was insufficient, necessitating more practical and valuable factors to predict
1- to 5-year survival rates. Lastly, there was a lack of basic experiments to validate the expression of these prognostic
genes in pancreatic cancer cell lines, which requires further investigation.

In summary, we identified key prognostic genes associated with ribosome biogenesis and constructed a prognostic risk
model for PAAD. The results revealed nine prognostic genes that are highly associated with tumorigenesis and immune
cellinfiltration. This prognostic risk model demonstrated robust and effective performance in predicting overall survival
outcomes for PAAD patients. These findings challenge the traditional perception of ribosomes as mere passive protein
factories, redefining them as dynamic hubs that integrate metabolism, immunity, and genomic instability. Overall, our
findings hold significant implications for in-depth studies of the molecular pathways and mechanisms underlying PAAD,
as well as for the development of targeted therapeutic and prognostic strategies for pancreatic cancer.

5 Limitations
Although this study integrated multiple public databases and employed a series of bioinformatics and machine learning

analyses, there are still several limitations. First, all the data used were derived from publicly available databases, poten-
tially leading to issues with data completeness and heterogeneity. Secondly, this study primarily relies on bioinformatics

@ Discover



Analysis
Discover Oncology (2025) 16:905 | https://doi.org/10.1007/512672-025-02733-7

analyses, and further in vitro and in vivo experimental validation of the molecular biological mechanisms of these
prognostic genes in pancreatic cancer cell lines is still needed. Finally, given the significant heterogeneity of pancreatic
cancer, further validation in multiple centers with diverse patient populations is required to assess the generalizability
and clinical applicability of these findings.
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