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Abstract

Background: Ribosome biogenesis (RiboSis) is strongly associated with cancer progression, but its
regulatory mechanisms in glioma are poorly understood. Therefore, it is of great significance to explore the
relationship between ribosome biogenesis and glioma and to search for new prognostic genes for glioma.
Methods: Glioma related data and RBRGs were obtained from public databases and literature. Prognostic
genes were obtained by differential expression analysis, Mendelian randomization (MR), as well as Cox and
least absolute shrinkage and selection operator regression analysis (LASSO) regression analyses, and
prognostic risk models were constructed and verified. The calculation of the risk groups score was the basis
for the classification of glioma patients into high risk and low risk groups. Enrichment analysis, immune
microenvironment analysis, drug sensitivity analysis and molecular docking were performed.

Results: Seven prognostic genes (NCL, FBLL1, YBEY, TP53, POP5, GNL2, and ZEB1) causally
associated with glioma were obtained. The risk model effectively predicted the survival status of glioma
patients. Enrichment analysis showed significant differences in pantothenate and CoA biosynthesis, and
cardiac muscle contraction between high risk and low risk patients. Plasma B cells , monocytes, and
activated natural killer (NK) cells were more abundant in the low risk groups. Conversely, M1/M2
macrophages and memory resting CD4+ T cells were more abundant in the high risk groups. Drug
sensitivity analysis demonstrated that entrectinib and NVP-ADW742 exhibited the greatest discrepancy
between the high-risk group and the low-risk group.

Conclusion: Seven prognostic genes, namely NCL, FBLL1, YBEY, TP53, POP5, GNL2, and ZEB1, were
associated with RiboSis and effectively predicted survival in glioma patients, informing the development of
more effective, individualized treatments.

Keywords: Glioma, Ribosome biogenesis, Prognostic risk model, Mendelian randomization, Immune
microenvironment

Introduction

prognosis for gliomas remains very pessimistic !
For patients with glioblastoma, even combination
of temozolomide with radiotherapy can improved
survival, the 5-year survival is still below
10%(9.8%)?: The median overall survival of
Glioblastoma approximately 15  months®.
Therefore, exploring the molecular mechanism of
glioma is of great significance for improving
treatment strategies and patient prognosis. The
development of new prognostic models and
personalized treatment plans will help improve the

Glioma is one of the most common primary
tumors of the central nervous system. And it is a
heterogeneous tumor that ranges from a surgically
curable low-grade glioma to a highly aggressive
and virtually incurable glioblastoma multiforme.
Although standard treatments such as surgery,
radiation ,chemotherapy, Tumor treating fields or
immunotherapy including immune checkpoint
blockade, chimeric antigen receptor T (CAR T)
cell therapy, oncolytic virotherapy, and vaccine
therapy have increased in recent years, the

CURRENT SCIENCE

CS 5 (2), 1536-1558 (2025) | 1536



CURRENT SCIENCE

Yihong Chen

accuracy and effectiveness of treatment.

The ribosome is an intercellular structure
composed of proteins and nucleic acids and is
responsible for protein synthesis in the cell.
Ribosome biogenesis (RiboSis) refers to the
process of ribosome generation, which involves
ribosomal RNA (rRNA) transcription, rRNA
cleavage, rRNA modification, ribosome assembly,
and the export of preribosomal particles. This
process plays a crucial role in various cellular
processes  such as  cell  proliferation,
differentiation, apoptosis, development, and
transformation®™. In malignant cells, somatic
alterations occur in the genes involved in each
substep of RiboSis, which will lead to an
increased risk of ribosomosis and cancer®.
Certain tumor suppressor genes and proto -
oncogenes may regulate malignant progression by
altering the protein synthesis machinery. The
concept of "ribosome-transformed cancer" has
gained  increasing  recognitiont.And  the
dysregulation of RiboSis in cancer cell
proliferation provides a targetable weakness for
cancer therapy™. Currently, RiboSis is still rarely
mentioned in the treatment of glioma. Therefore,
there is still a lot of room for the development of
anti-tumor drugs targeting the RiboSis gene!®.
Determining the role of RiboSis in glioma may
help develop better prognostic judgments and
treatment strategies for glioma.

Mendelian randomization (MR) is a powerful
genetic technique that uses genetic variants as
instrumental variables (IVs) to evaluate the
potential causal relationship between the exposure
factors under study and the target outcomest®.
Compared with traditional observational studies,
Mendelian randomization has the advantages of
avoiding the influence of environmental
confounding factors and excluding reverse causal
relationships™. In the research of glioma,
Mendelian randomization has been used to
explore the potential relationships between factors
such as the duration of telephone usel™® | viral
infections™!, mental disorders™, etc., and
glioma.

Our study, based on the transcriptome of public
databases and combined with MR analysis,
identified the prognostic genes associated with
RiboSis in glioma, constructed a prognostic risk
model to predict the survival of glioma patients,
and explored a series of biological functions of the

high and low risk groups, so as to provide a new
reference for the clinical prognosis prediction and
immunotherapy of glioma.

2. Materials and Methods
2.1 Data Collection

The data of 638 glioma tissue samples with their
RNA-seq, survival information,
clinicopathological parameters and somatic
mutation data were obtained from The Cancer
Genome Atlas (TCGA) database
(https://portal.gdc.cancer.gov/) and defined the
training set TCGA-GBM/LGG in this study (visit
time: Sep 20, 2024). GSE16011 (GPL2567)
dataset, including 276 glioma tissue samples and 8
normal tissue samples from the Gene Expression
Omnibus (GEO) database
(https://www.ncbi.nlm.nih.gov/geo/), was used for
differential expression analysis. Additionally,
CGGA-mRNAseq_325 dataset as validation set,
comprising 325 glioma tissue samples, was
obtained from the Chinese Glioma Genome Atlas
(CCGA) database (http://www.cgga.org.cn). In
addition, 331 ribosome biogenesis (RiboSis)
related genes (RBRGs) were obtained from the
literature (Supplementary Table 1) [,

2.2 Differential Expression Analysis and
Enrichment Analysis

To identify differentially expressed genes (DEGS),
in GSE16011 dataset, the “limma” package (v
3.54.0)" was used to perform differential
expression analysis on glioma and normal samples
(log, fold change (FC)| > 0.5, P < 0.05). For
visualization, “ggplot2” package (v 3.5.0)[16] and
“ggrepel” package (v 0.9.5)! were used to plot
the volcano plot, and “ComplexHeatmap”
package (v 2.18.0) 1 were used to plot the
heatmap, respectively. Subsequently, Gene
Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) analysis were conducted in
order to ascertain the potential biological
functions and mechanisms of the DEGs utilising
the “clusterProfiler” package (v 4.10.1) (P <
0.05)181,

2.3 ldentification of the Candidate Genes

To identify candidate genes, “ggvenn” package (v
0.1.10)™ was used to obtain the intersection
genes between DEGs and RBRGs. Subsequently,
pathways for candidate genes enrichment were
analyzed using the Metascape database
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(http://metascape.org).  Continually,  protein
protein interaction (PPI) network was plotted by
using Search Tool for the Retrieval of Interacting
Genes/Proteins database (STRING, https://string-
db.org/? and drawn with Cytoscape software (v
3.10.2)% 1t was recommended that a minimum
interaction score of 0.4 be set as a prerequisite for
protein-protein interaction (PPI) analysis.

2.4 Screening of Instrumental Variables (1V5s)

The finn-b-C3_GBM_EXALLC also was
obtained through the Integrative Epidemiology
Unit Open genome-wide association study (IEU
OpenGWAS) database
(https://gwas.mrcieu.ac.uk/) database, consisting
of 16,380,303 single nucleotide polymorphisms
(SNPs) in 174,097 European samples (glioma: 91
and normal samples: 174,006). The IVs were then
screened using the extract_instruments function
from the “TwoSampleMR” (v 0.6.4)%1. Here
were the criteria for filtering IVs: (1) SNPs that
exhibited a strong correlation with exposure
factors were selected as IVs (P < 5x10®); (2)
Linkage disequilibrium (LD) IVs need to be
excluded using clumping = TRUE, r* < 0.001, and
kb = 10; (3) The weak IVs with F-statistics value
< 10 were removed; (4) Based on the outcome
GWAS data, as well as the IVs from the previous
screening, 1Vs significantly correlated with the
outcome were removed.

2.5 Mendelian Randomization (MR) Analysis

There were three major assumptions in MR
analysis: (1) the hypothesis proposed a significant
association between Vs and exposure variables;
(2) the independence assumption: there was
independence between IVs and confounders; (3)
the exclusivity assumption: the IVs can only has
an effect on the outcome through the exposure
factor. Effect alleles and effect sizes were aligned
using the harmonise_data function from the
“TwoSampleMR” package (v 0.6.4). MR methods
included MR-Egger *?, Weighted median'®®!,
Inverse variance weighted (IVW) 1 Simple
mode ! and Weighted mode *®. The most
important of these methods was IVW. Exposure
factors with P < 0.05 in IVW were selected as
candidate exposure factors of potential relevance.
The findings were visually represented using
scatter plots to illustrate individual associations,
forest plots that consolidated effect sizes along
with their confidence intervals, and funnel plots to

evaluate the presence of any potential publication
bias and heterogeneity amongst the results. In
addition, a sensitivity analysis was carried out to
assess the confidence in the results of the MR
analysis. The MR_heterogeneity function in
“TwoSampleMR” package (v 0.6.4) was analyzed
for heterogeneity, and P > 0.05 suggested the
absence of heterogeneity. The horizontal
pleiotropy test was then executed utilizing the
“TwoSampleMR” package (v 0.6.4)
mr_pleiotropy_test function, and P > 0.05
indicating that there were no confounders. The
leave-one-out (LOO) analysis was carried out
utilizing the “TwoSampleMR” package (v 0.6.4)
mr_leaveoneout function, where each SNP was
systematically excluded to assess its impact on the
remaining SNPs on the results. Finally, the Steiger
directional test was applied to eliminate the
prospect of reverse causation. The evidence of a
one-way causal association was strengthened
when the correct_causal_direction outcome was
confirmed as TRUE and the steiger_pval was <
0.05. In particular, genes that passed the Steiger
directionality test were used for subsequent
analyses and were selected as MR genes.

2.6 Prognostic Genes Identification and
Genemania Network Construction

To investigate the correlation between MR genes
and overall survival (OS) in glioma patients, we
conducted a univariate Cox regression analysis
(hazard ratio (HR) # 1, P < 0.05) by “survival”
package (v 3.5-3) 1 and performed a
proportional hazards (PH) assumption test (P >
0.05) to screen for prognostic related genes. The
result was visualized via “forestplot” package (v
3.1.1)7. Further, the “glmnet” package (v 4.1-4)
28] was used to carry out least absolute shrinkage
and selection operator regression analysis
(LASSO) regression analysis, and the best
lambda-value was determined by 10-fold cross-
validation to screen for prognostically related
genes. Finally, prognostic genes were found using
multivariate Cox regression analysis (HR # 1, P <
0.05) with the “survival” package (v 3.5-3) and
the PH assumption test (P > 0.05).

2.7 Construction and Validation of a
Prognostic Risk Model

In the TCGA-GBM/LGG dataset, a prognostic
genes-based risk model was constructed using the
following formula:
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Risk Score = Y = 1,Coefficient; x Gene
Expression Level;

The Coefficient and Expression Level represents
the risk coefficient and expression of each gene,
respectively. The glioma samples with survival
information were classified into high and low risk
groups based on optimal cutoff value for the risk
score. A Kaplan-Meier (KM) curve was generated
using the “survminer” package (v 0.4.9) 291 to
analyse the difference in OS between two risk
groups. The log-rank test was used to assess the
significance of these survival differences with P <
0.05. Furthermore, receiver operating
characteristic (ROC) curve was generated using
the “survival ROC” package (v 1.0.3)[30] to assess
the prognostic efficacy by calculating the area
under the curve (AUC). Furthermore, an
additional assessment was conducted to evaluate
the accuracy and generalisability of the prognostic
risk model, which was validated in the CGGA-
MRNAseq_325 dataset..

2.8 GeneMANIA Network and Gene Set
Enrichment Analysis (GSEA)

To predict the function of the prognostic genes
and to discover novel gene associations,
GeneMANIA (http://genemania.org/search/) was
used to create a gene-gene interaction networks to
assess genes function.

In an effort to find some relevant pathways and
biological mechanisms between two risk groups,
“DESeq2” (v 1.38.0) B! package was employed to
perform the deviation analysis of two risk groups
in the TCGA-GBM/LGG dataset. Then, log,FC
values of genes were sorted from largest to
smallest. GSEA  was  performed  via
“clusterProfiler” package (v 4.2.2)[32] (Jnormalized
enrichment score (NES)| > 1, P < 0.05, false
discovery rate (FDR) < 0.2). The reference gene
set employed was  “c2.cp.kegg. Vv7.5.1.
symbols.gmt” from the Molecular Signatures
Database (MSigDB, https://www.gsea-msigdb.
org/gsea/msigdb/). The “psych” package (v 2.1.6)
33T was employed to ascertain the intercorrelations
between the risk score and enrichment pathways
(correlation (r)| > 0.3, P < 0.05).

2.9 Mutation analysis

The TCGA-Glioma somatic mutation information
was downloaded using the “TCGAmutations”
package (v 0.4.0)3* and analyzed to identify non-
synonymous somatic mutations. Moreover, the

tumour mutation burden (TMB) was calculated
based on somatic nonsynonymous mutations, and
“maftools” package (v 2.18.0) ! was ploted the
waterfall plot. The TMB difference of two risk
groups was assessed by Wilcoxon test (P < 0.05).
The optimal TMB cutoff value was calculated
using the “survival” package (v 3.5-3), after
which the glioma patients in the TCGA-
GBM/LGG were divided into low and high TMB
groups. Subsequently, we conducted a Kaplan-
Meier analysis to ascertain any differences in OS
between the two groups. Similarly, in order to
evaluate the mixing functions of riskscore and
TMB, the glioma patients were divided into four
groups according to both TMB and riskscore.
Subsequently, a comparison of OS was conducted
across the four groups

2.10 Antitumor Immune Response

The Cancer-Immunity Cycle comprises seven
steps. It begins with the release of antigens and
continues with presentation, priming, trafficking,
infiltration, T-cell recognition and killing. The
genes associated with the Cancer-Immunity Cycle
were sourced from the Tumor Immunophenotype
(TIP) website (http://biocc.hrbmu.edu.cn/TIP/),
and scored using the ssGSEA algorithm with the
“GSVA” package (v 1.50.5) ¥®. The Cancer-
Immunity Cycle score difference of two risk
groups was compared by Wilcoxon test (P <
0.05).

2.11 Immune Characteristic Analysis

The relative infiltration levels of 22 types of
immune cells®?  were quantified using the
CIBERSORT algorithm in the TCGA-GBM/LGG
dataset. Furthermore, the discrepancy in the
proportions of immune cells between the risk
groups was evaluated using the Wilcoxon test (P <
0.05). A total of eight immune checkpoint-related
genes were identified through a review of the
relevant literature®®. The expression differences
of immune checkpoint related genes in two risk
groups was assessed by a Wilcoxon test with a
significance level of P < 0.05. Furthermore, a
number of additional signatures were gathered,
which delineated specific features of immunity.
The aforementioned signatures encompassed the
single-cell state, the tumour microenvironment
and immunotherapy. Further detailed information
regarding these signatures could be found in
Supplementary Table 2. The ssGSEA algorithm
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calculated the score of there related genes using
the “GSVA” package (v 1.50.5), the Wilcoxon
test was compared the score difference between
samples from high and low risk (P < 0.05), and
Spearman correlation analysis of risk score and
signatures score was used “psych” package (v
2.2.9) (Jr| > 0.3 and P < 0.05).

2.12 Drug sensitivity Analysis

Drug sensitivity data from the Genomics of Drug
Sensitivity in Cancer (GDSC) database
(https://www.cancerrxgene.org/) were used to
assess chemotherapy response in glioma patients
in the TCGA-GBM/LGG Half-maximal inhibitory
concentration (IC50) values of glioma samples
were estimated via “oncoPredict” package (v 0.1)
B399 Drugs were screened by Spearman correlation
anaIyS|s of 1C50 correlation with risk score using
the “psych” package (v 2.2.9) (Jr] > 0.3 and P <
0.05). The IC50 of two risk groups was evaluated
using the Wilcoxon test with a significance level
of P < 0.05 and visualized by the “ggplot2”
package (v 3.5.1).

2.13 Molecular Docking

The 3D structures of proteins (prognostic genes)
and molecular ligands (predicting drugs with the
highest differential expression) were obtained
from the Protein Data Bank (PDB) database
(https://www.uniprot.org/) and PubChem database
(https://pubchem.ncbi.nlm.nih.gov/), respectively.
Then the proteins and ligands were uploaded to
the PyMOL software (v 3.0.3) (https://pymol.org/)
for molecular docking and their binding free
energies were calculated.

2.14 Statistical Analysis

The Wilcoxon test was employed to ascertain
whether there were notable statistical differences
between the risk groups, with a P of less than 0.05
deemed to be statistically significant. The R
programming language (v 4.2.2) was employed
for the purposes of bioinformatics.

3. Results

3.1 Strong associations between 109 candidate
genes with both glioma and RiboSis
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Figure 1 Analysis of genes related to glioma. Volcano plot of upregulated/downregulated genes (A).
Heatmap of the top 10 upregulated/downregulated genes (B). Results of GO analysis (C). Pathways
enriched by differentially expressed genes (D). Candidate genes associated with both glioma and RBRGs
(E). Biological functions enriched by candidate genes (F). Interactions among candidate genes (G).

Differential expression analysis between the
glioma tissue samples and normal tissue samples
revealed 5,757 DEGs, including 3,272 up- and
2,485 down-regulation genes. The volcano plot
marking the top 10 up/down genes was shown in
Figure 1A. Besides, the heatmap of the topl0
up/down genes was shown in Figure 1B. The GO
analysis results showed a significant enrichment
in the 1,791 different entries. Among them, 1,444
biological processes (BP) like modulation of
chemical synaptic transmission were enriched,
244 cellular components (CC) like neuron to
neuron synapse were enriched and 103 molecular
functions (MF) like protein serine kinase activity
were enriched (Figure 1C). Besides, KEGG
pathway enrichment significantly enriched were a
total of 104 pathways like proteoglycans in
cancer, MAPK signaling pathway, AGE-RAGE
signaling pathway in diabetic complications,
GABAergic synapse, and cellular senescence

(Figure 1D). Further, DEGs and RBRGs were
investigated to discover 109 candidate genes that
were linked with both glioma and RBRGs (Figure
1E). Metascape analysis revealed enrichment of
candidate genes to ribosome biogenesis, rRNA
processing, rRNA modification, and so forth
(Figure 1F). These results indicated that
candidate genes were mainly associated with these
pathways, which aided in understanding the
potential roles of RBRGs in glioma. Furthermore,
a PPI network of candidate genes was constructed,
which shown interaction between 104 genes
except NUDT16, RBIS, SPIN1, NSUN5P1 and
NSUN5P2 (Figure 1G). The PPl network
uncovered the intricate interactions among these
genes, underscoring their possible importance in
glioma progression.

3.2 ldentification of 35 MR genes causally
associated with glioma in MR analysis
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Figure 2 Mendelian randomization (MR) analysis, with candidate genes as exposure factors and
glioma as the outcome indicator. Risk factors and protective factors (A). The forest plot shows the
significant effect of the IVW model (B). The funnel plot indicates that the selected instrumental
variables (IVs) conform to Mendel's second law (C). The results remain unchanged after eliminating
each SNP (D).

A MR analysis was executed by acquisition of
expression quantitative trait loci (eQTL) data for
106 candidate genes, which were used as exposure
factors, and glioma, which was used as an

outcome. As a result, NOP14, DDX56, EXOSCS,
RRP1B, NOL8, BUD23, POLR1B and UTP6
were heavily influenced by confounding factors
and were excluded, in total 35 MR genes were
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causally associated with glioma (Supplementary
Table 3). The results showed that there were 17
risk factors (e.g. TSR3) (OR > 1, P < 0.05 in
IVW) and 18 protective factors (e.g. NOP16) (OR
< 1, P < 005 in IVW) (Figure 2A,
Supplementary Figure 1). The forest plots
demonstrated a significant effect of the VW
model, specifically, the forest plots showed the
IVW value (fixed effects > 0) was less than zero
of 18 protective factors (e.g. NOP16), and IVW
value (fixed effects < 0) was more than zero of 17
risk factors (e.g. TSR3) (Figure 2B,
Supplementary Figure 2). The funnel plots
showed the SNPs for the 35 candidate exposure
factors were distributed to a large extent
symmetrically and homogeneous in number, it
showed that the selected IVs conformed to
Mendel’s second law (e.g. NOP16 and TSR3)
(Figure 2C, Supplementary Figure 3). P values
in heterogeneity test for 35 candidate exposure
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factors exceeded 0.05, indicating no heterogeneity
(Supplementary Table 4). In horizontal
pleiotropy test, 35 candidate exposure factors also
exceeded 0.05 (Supplementary Table 5). After
each SNP was gradually eliminated, the impact of
the remaining SNPs on the outcome variables
remained largely unchanged, suggesting the MR
analysis results were reliable (e.g. NOP16 and
TSR3) (Figure 2D, Supplementary Figure 3).
Notably, the Steiger directional test showed that
the direction of all 35 candidate exposure factors
mentioned above was TRUE (P < 0.05),
indicating a correct causal relationship among
exposure factors and outcome (Supplementary
Table 6). Therefore, 35 MR genes causally
associated with glioma were used for subsequent
analyses.

3.3 Model construction and evaluation of
prognostic risk Score
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Figure 3 7 prognosis - related genes were selected. 3 genes are associated with a better prognosis, and
4 genes are associated with a poor prognosis.

Following
regression

seven

the
analysis
analysis (optimal
prognostic

univariate/univariate
and LASSO
lambdamin =
genes  were

Cox
regression
0.03129353),
selected

(Supplementary Table 7-8, Figure 3A-3D).

NCL, FBLL1 and YBEY were associated with a
better prognosis (HR < 1), while TP53, POP5,
GNL2, and UTP20 were associated with a poor
prognosis (HR > 1).
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Figure 4 Establishment of a risk model. Grouping based on risk scores (A). The mortality rate of
glioma patients is positively correlated with the risk score (B). The survival rate of the high - risk
group is lower than that of the low - risk group (C). The AUC value of the risk model (D). Validation
of the risk model using public databases (E - F). The prognosis of high - risk patients is worse than
that of low - risk patients (G - H).

patients) by best cutoff value for the risk score of

The glioma samples were categorised as high risk 0.4122488. It was noteworthy that the mortality

(222 glioma patients) and low risk (416 glioma
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rate of glioma patients in TCGA increased in a
progressive manner with increasing risk scores
(Figure 4A-4B). The high risk exhibited a poorer
survival rate than the low risk, with P < 0.05
(Figure 4C). The ROC results (AUC > 0.6)
indicated that the risk model could make good
predictions for the survival of glioma patients (1-,
3-, 5-year survival with AUC value of 0.819,
0.857, 0.823) (Figure 4D).

In order to provide further validation of the
robustness of the risk model, the glioma samples
in CGGA-mRNAseq_325 were classified into a
high risk (comprising 224 individuals) and a low
risk (comprising 89 individuals) by best cutoff

A -
e
2 °@

Running Enrichment Score

Lo e

Ranked List

Pathway

Co-expression

value for the risk score of -1.066821. The
mortality rate of glioma patients increased
progressively with increasing risk scores (Figure
4E-4F). The results demonstrated that high risk
patients  exhibited inferior outcomes in
comparison to low risk patients (P < 0.05) (Figure
4G). The 1-, 3-, 5-year survival with AUC value
were 0.732, 0.8, and 0.847 (Figure 4H),
respectively, which were all > 0.6, demonstrating
that the risk model had a certain degree of
robustness.

3.4 GeneMANIA Network and Risk Subtype
Enrichment Analysis
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Figure 5 Gene - gene interaction network of prognostic genes. The interrelationships and related
functions of prognostic genes (A - B). Pathways enriched in the high - risk group and pathways
enriched in the [It seems there is a mistake here, should it be "low - risk group™?] risk group (C - D).
These pathways are significantly correlated with the risk score (E).
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Gene-gene interaction network was built for the
prognostic genes using the GeneMANIA database
in order to investigate the potential functions of
these genes. Twenty nodes of genes that were
significantly enriched for prognostic genes circled
the hub node representing prognostic genes
(Figure 5A). Their functions focused on ribosome
biogenesis, rRNA metabolic process and rhythmic
process. NCL-LTF/MDK in physical interaction,
FBLL1-NOP56/58 in prediction and NCL-
PA2G4/ADAD1/SYNCRIP in co-expression were
strongly linked (Figure 5B).

A GSEA analysis revealed that 53 pathways were
enriched between the high and low risk. Graft-
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versus-host disease, pantothenate and CoA
biosynthesis, allograft rejection, homologous
recombination, and intestinal immune network for
IgA production were enriched in the high risk
(Figure 5C). Long term depression, olfactory
transduction, cardiac muscle contraction, taste
transduction, and long term potentiation were
enriched in the low risk (Figure 5D). The above
pathways were significantly associated with the
risk score, with all absolute values of correlation
greater than 0.5 and P less than 0.001 (Figure
5E).

3.5 Tumor Mutational Burden (TMB)

SNV Class

T>G 22
T=A [ 7

T=C 57

C>G IZT
C>A I31

L |
o

Variant Classification
summary

1 I |
2888

T

['s]

o

(=1
Top 10
mutated genes

-

UTP20 ||%

350 =
0.00
0.50 —
0.75 =
1.00 ~

I
3

250

GNLZ Ii%

NCL 1%

Variant_Classification = g g %

Alterad in 196 {91.16%) of 215 samples.

E #
— -

mg“H i L N y i 'Lm -
sewa | I iR 7%
C Altered in 399 (96.84%) of 412 samples.
CURRENT SCIENCE CS 5 (2), 1536-1558 (2025) | 1546



Yihong Chen

CURRENT SCIENCE
10772
H] 2 e g ou
I T
« Frame_SnA_ins . Mun_e
0 345
5 3 No of samples P
ior .
P53 a0 [
ATRX ]
cic 2s% [N
~ [l | ﬁ 1% [l
FUBP1 | 1% [l
NOTCH1 &% 0|
PIK3CA | ex M
mucis | | | | % Wl
SMARCA4 | [l s% i
NF1 | i1 | s i
IDH2 | s% |l
NIPBL | | [ | a%
ariptA || | | | | e |
EGFR 1R « |}
PikaR1 | | | i | (|
z8T820 | ‘l | I‘ [ | | L |
A6 | k I | | | \ L |
HuMeNt | | | Jiil ‘ | N |
rao || ] [l =g | B |
D  7P53 : [Somatic Mutation Rate: 41.51%] E fiok F High B Low
NM_000546 ——
® Frame_Shift_Del
619 t Splice_Site 75
® Frame_Shift_Ins ’
* Nonsense_Mutation
@ Missense_Mutation
In_Frame_Del -
£
2 so
H
3
E
® @ E
o ! ® ! ° P s
'Y L |
. R o Y % W6 (X VR V. e S
P53 .Psa_fezrame.
0.0
I T 1 T 1

0 100 200 300 393 High Low

F Strata == group=risk_H-tmb_H == group=risk_H-tmb_L == group=risk_L-tmbh H == group=risk_L—tmb_L

1.00-

=)
by
@

Survival probability
&

0.25~-
0.00-
0 1000 2000 3000 4000 5000
Time
Number at risk
group=risk_H-tmb_H - 164 16 3 0 0 Q
% group=risk_H-tmb_L 49 T 3 2 0 0
!ﬁ_ group=risk_L-tmb_H 106 26 5 1 0 0
group=risk_L-tmb_L -~ 304 117 40 17 11 3
Q 1000 2000 3000 4000 5000
Time

Figure 6 Gene mutations in glioma. Proportions of different gene mutations (A). IDH1 and TP53
genes are the most common mutations (B - C). The mutation type and mutation location of TP53 (D).
Relationship among high - risk score, tumor mutational burden and prognosis (E - F).
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Genetic alterations also exert a substantial
influence on the processes of tumorigenesis and
prognosis. Missense mutations were the most
common in patients with glioma, single nucleotide
polymorphisms appeared more commonly as
insertions or deletions, and C > T was the most
frequent single nucleotide variation (SNV)
(Figure 6A). The top 20 genes alterations were
illustrated in waterfall maps, delineating the
genetic profiles of two groups. The most common
alterations seen in the high risk and low risk
groups were in the IDH1 and TP53 genes,

respectively (Figure 6B-6C). However, the
mutation type and mutation location of TP53 were
different (Figure 6D). Additionally, we confirmed
that there was more TMB accumulated in the high
risk (P < 0.001) (Figure 6E). Furthermore,
survival analysis demonstrated that glioma
patients with elevated TMB and high risk were
linked to a poor prognosis (P < 0.0001) (Figure
6F).

3.6 Differential Immune Microenvironment
and Immunotherapy Responses
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Figure 7 Signatures of the anti-tumour immune cycle at high risk. The high-risk group has a stronger
anti-tumour immune response (A). Most immune cells in the high-risk group have stronger migration
ability (B). Differences in the proportion of immune cells (C - D). Differences in the expression of
immune checkpoint-related genes (E). Most immune-related scores are positively correlated with the
risk score (F).

Signatures of the anti-tumour immune cycle were
elevated in individuals at high risk, suggesting
that the anti-tumour immune response was
activated (P < 0.001) (Figure 7A). The high risk
demonstrated a greater capacity to release cancer
antigens in comparison to the low risk. In regard
to the trafficking of cells, the trafficking abilities
of Th22 cells, dendritic cells, eosinophils,
macrophages, monocytes, neutrophils, natural

killer (NK) cells, Thl cells, Th2 cells, CD8 T cells
and Treg cells were more capable in the high-risk
group, while B cells demonstrated greater
capability in the low-risk group (Figure 7B). The
ratio of 22 immune cells in the individual
specimens was determined (Figure 7C). Among
these, three types immune cells, including plasma
B cells , monocytes, and activated NK cells,
exhibited significantly higher levels of invasion in
low risk. Conversely, three types of immune cells,
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including M1 macrophages, M2 macrophages,
and memory resting CD4+ T cells showed
markedly greater levels of invasion in the high
risk (P < 0.05) (Figure 7D). Additionally,
expressions of eight immune checkpoints-related

two groups were significantly differed (P < 0.01)
(Figure 7E). Correlations between a series of
immune-related scores and the aforementioned
risk score were calculated, and the results
demonstrated a positive correlation between the
majority of immune-related scores and the risk

like TNFRSF9, CD247, PDCDI1LG?2,
score (Jr] > 0.3, P < 0.05) (Figure 7F).

genes
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Figure 8 Anti - tumour immune response at high risk. Factors promoting the malignant progression

of tumors are at higher levels in high - risk individuals, and they are all positively correlated with the

risk score (A - D). Characteristics related to the immunotherapy response are significantly correlated
with the risk score (E - F).
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The GSVA results demonstrated that factors
facilitating the aggressive advancement of
tumours, including natural killer T cells, TGFB
score 21050467, matrix, protumour cytokines,
matrix remodelling and immune suppression by
myeloid cells, were significantly higher in the
high risk than in the low risk (P < 0.001) (Figure
8A, 8C), and they were all positively correlated
risk score (r > 0.3, P < 0.001) (Figure 8B, 8D). In
order to examine this phenomenon, a number of
signatures  associated with  immunotherapy

A parcies [Jl] s mi sk s [l semsiie iz [ 20 eme

response were assembled, revealing that the risk
score exhibited a positive correlation with the
GSVA scores of the aforementioned signatures
(IFNG, inflamed T cell, GEP, CD274 and CD8) (r
> 0.3, P < 0.001) (Figure 8E), and all varied
significantly in the high risk (P < 0.001) (Figure
8F). The study findings indicate that patients with
an elevated risk may derive greater benefit from
immunotherapy than those with a lower risk.

3.7 Drug Sensitivity Analysis and Target-
Medicine Interaction

205562 Doramagimod Entosetiniz Linsitiit: NVPADHTA2

Figure 9 Analysis of drug sensitivity. Association between risk score and anti - tumor drug sensitivity
(A). Differences in anti - tumor drug sensitivity between the two groups (B). Drug molecular docking
analysis (C - D).

CURRENT SCIENCE

CS 5 (2), 1536-1558 (2025) | 1551



CURRENT SCIENCE

Yihong Chen

The study further analyzed the GDSC databases to
determine the association between risk score and
antineoplastic drug sensitivity of glioma patients
(Figure 9A). A total of 102 drugs in the high risk
showed significant associations and 53 drugs in
the low risk (Jr| > 0.3, P < 0.001) (Supplementary
Table 9). Further analysis showed that AZD5582,
and entospletinib were more sensitive in high risk
patient, instead, doramapimod, linsitinib and
NVP-ADW?742 were more sensitive in low risk
patients (Figure 9B). Among them, entospletinib
and NVP-ADW?742 showed the highest difference
in the two groups (P < 0.001).

To further explore the role of TP53, the
prognostic gene with the highest mutation rate, the
drug with the highest 2D conformation score of
entospletinib and NVP-ADW?742 was selected for
molecular docking (Figure 9C-9D). The results
showed the binding energy of TP53 to
entospletinib was -7.0 kcal/mol, and that of TP53
to NVP-ADW?742 was -7.2 kcal/mol.

4. Discussion

Glioma is a tumor that originates from glial cells
in the nervous system and is the most common
intracranial malignancy, accounting for about
30% of the total number of intracranial tumors.
Ribosome biogenesis refers to the process of
ribosome formation and maturation, which
includes multiple steps such as the synthesis and
modification of ribosomal RNA (rRNA) and the
assembly of proteins. In cancer cells, genes
involved in ribosome production are often
mutated, increasing the risk of cancer®. For the
crucial role of ribosome biogenesis in cancer
development, it is of great significance to
understand its relationship with glioma. Our study
, Which was based on the transcriptome datasets in
the GEO, TCGA and CGGA databases, combined
with MR analysis identified the prognostic genes
associated with RiboSis in glioma, constructed a
prognostic model, and explored its potential
molecular regulatory mechanisms. Thereby, it
provides scientific references and new targets for
the prognostic diagnosis and immunotherapeutic
approaches of glioma.

Our study identified 7 prognostic genes for
ribosome production that regulate glioma
progression. Based on the existing literature and
our analysis results, seven prognostic genes and
their risk models (NCL, FBLL1, YBEY, TP53,

POP5, GNL2, and UTP20) are discussed.

NCL (nucleolin) is one of the most abundant
proteins in the nucleolus and plays a central role
in polymerase | transcription. NCL is also found
in the nucleoplasm, cytoplasm, and cell
membrane. On cell membranes, NCL have been
found to interact with several ligands involved in
cell proliferation, apoptosis, and angiogenesis.
Previous studies have shown that NCL is mainly
lactylated at lysine 477 by the acyltransferase
P300 in response to excessive glycolytic activity,
which promotes the proliferation and invasion of
intrahepatic cholangiocarcinoma (iICCA) cellsi*!.
Some research has found that compared with
normal human astrocytes (NHA), NCL is
overexpressed in the nucleus and cytoplasm of
human glioma U87, U251 and SHG44 cells. The
binding of NCL to AS1411 can inhibit the
proliferation of glioma cells, but not that of
NHAM2 Other studies have indicated that the
novel inhibitor of histone acetyltransferases
(INHAT) repressor activates rDNA transcription
through the cooperation of two important
nucleolar transcription factors, NCL and
nucleophosmin 1 (NPM1), to promote the
proliferation of glioma stem cells*!.

FBLL1(Fibulin 1) is a secreted glycoprotein that
becomes incorporated into a fibrillar extracellular
matrix. FBLL1 is a key snoRNP complex enzyme
that transfers methyl groups to substrate RNAS
both in vitro and in vivo. FBLL1 is preferentially
expressed in the brain, especially in human neuron
cells, and promotes neuronal differentiation
through 2'-O-methylation of GAP43 messenger
RNA (mRNA). Knocking down FBLL1
ultimately leads to the inhibition of neuronal
differentiation 4!,

YBEY (UPF0054 family protein YbeY) is
implicated in ribosomal maturation and quality
control and plays a particularly important role in
the regulation of small subunit biogenesis and
post-transcriptional gene expression. Deletion of
YBEY is often fatal or associated with severe
alterations in cellular metabolism and growth.
Some studies have shown that YBEY is
significantly correlated with the missense variant
C21orf58 in breast cancer. This suggests that
YBEY may have a functional role in the growth
of tumor cells®!,

The TP53 gene is a major contributor to cancer
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formation and is considered to be the most
important tumor suppressor gene. The p53 protein
IS a transcription factor involved in DNA repair,
senescence, cell cycle control, autophagy, and
apoptosis. In addition to cancer, there is evidence
that TP53 is also associated with fertility, aging,
and longevity. In addition, genetic variants in
TP53 are associated with environmental
adaptation. The characteristic mutations of TP53
are quite common in gliomas. Previous studies
have shown that TP53 mutations have a high
incidence in low-grade astrocytomas and
secondary glioblastoma multiforme (GBM). Low-
grade gliomas with TP53 mutations have a poorer
prognosist*®!.

POPS5 is a subunit of the RNase P/MRP complex.
Previous studies in S. cerevisiae have shown that
specific components of the homologous complex
play a role in the regulation of telomerase
holoenzyme complexes. In addition, POP1,
another subunit of the RNase P/MRP complex,
has also recently been shown to interact with
human telomerase RNA60, and POP protein also
plays a role in human telomerase regulation.
Previous studies have shown that the
overexpression of the POP5 gene can lengthen
telomeres. This suggests that the POP5 gene may
be associated with the transformation of normal
cells into tumor cells with the ability of unlimited
proliferationt”).

GNL2 is a nucleolar guanosine triphosphate-
binding protein. It interacts with the 60S
ribosomal subunit in the nucleus and then shuttles
to the cytoplasm, participating in the nuclear
export process of ribosomal subunits. The rapid
proliferation of tumor cells requires a large
amount of proteins, which depends on efficient
ribosomal biosynthesis. By promoting the
transportation of ribosomal subunits, GNL2
ensures that there are sufficient ribosomes in the
cytoplasm for protein synthesis, thus providing a
material basis for the proliferation of tumor cells.
In hepatocellular carcinoma, the expression of
GNL2 is mostly increased, and its over expression
is closely related to different stages of the cancer
and poor prognosis. Since ribosome biogenesis
plays a crucial role in the unrestricted growth of
tumor cells, and GNL2 is involved in the
transportation of ribosomal subunits, it s
speculated that it may promote the proliferation,
migration, and invasion of tumor cells by

affecting ribosome biogenesis“®l.

UTP20: t-UTP is required for the early stages of
Poll transcription and pre-rRNA processing, and
previous studies identified 1A6/DRIM as human
UTP20, primarily playing a role in 18S rRNA
processing. Related reviews have shown that the
upregulation of UTP20 is associated with various
cellular biological processes such as cell cycle
progression,  proliferation,  migration, and
invasion. It plays a crucial role in the
tumorigenesis of multiple cancer types, including
breast cancer, colon cancer, Iung cancer, gastric
cancer, and adult T-cell leukemial*!.

Based on the above research, seven prognostic
genes may affect the occurrence and development
of glioma by participating in processes such as
methylation, cell proliferation, apoptosis, and cell
cycle regulation. In addition, the risk model
constructed using these seven prognostic genes
has been evaluated and verified, and the results
show that it has good diagnostic value.

We performed Gene Set Enrichment Analysis
(GSEA) on the high-risk and low-risk groups and
found that the enrichment was predominantly in
pathways such as the biosynthesis of pantothenic
acid and coenzyme A, and the generation of IgA
within the intestinal immune network, among
others. The biosynthesis pathway of pantothenic
acid and coenzyme A can provide a large amount
of ATP and fatty acids for tumor cells.
Meanwhile, it also participates in the acetylation
modification process of proteins and the synthesis
and activation of some antioxidant enzymes, thus
influencing the fate of tumor cells®™. Some
studies have found that there are special IgA
antibodies in the outer meninges of mice and
humans, and these IgA cells are most similar to
the very specific intestinal IgA in the gut, and they
share a common origin. This indicates that the
brain is protected by intestinal immune cells, and
it also directly proves that there is a close
connection between the production of IgA in the
intestinal immune network and the gut-brain
axisY. If there is an abnormality in the
production of IgA, it may lead to damage to the
function of the intestinal mucosal immune barrier,
making it easier for pathogens or harmful
substances in the intestine to enter the body,
triggering a systemic inflammatory response or
immune abnormalities. Inflammatory responses
and immune abnormalities may affect the
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microenvironment of gliomas and indirectly
influence the development of gliomas. Our study
demonstrated a significant correlation between
these pathways and the prognosis of glioma, yet
currently, relatively few studies have been
involved. The functions of these pathways or
related genes and their impacts on the occurrence
and development of glioma still need to be
elaborated through more research.

Tumor mutation burden is an indicator for
evaluating the frequency of gene mutations. When
the frequency of gene mutations in tumor cells is
high, more tumor antigens are carried on the cell
surface, making the cells more susceptible to
attacks by the body's immune system®Z. In this
study, TCGA mutation data were obtained from
TCGA mutations. Based on the analysis of
mutation frequencies between the high-risk and
low - risk groups, the missense mutation rate of
IDH1 was the highest. It was 19% in the high -
risk group and 84% in the low-risk group. IDH1
mutations have been frequently mentioned in
glioma research. Vorasidenib, a dual inhibitor of
mutant IDH1/2, has recently applied for
marketing approval in China. Secondly, the
mutation rate of TP53 in somatic cells is 41.51%,
with a large number of missense mutations.
Mutations in the TP53 tumor - suppressor gene
are present in approximately 50% of human
cancers. As a transcription factor, TP53 directly
regulates the expression of about 500 genes, some
of which are involved in cell - cycle arrest/cellular
senescence, apoptosis, or DNA damage repair,
which are cellular responses that jointly prevent
tumorigenesis®®. Some studies have shown that
inhibiting the expression of TP53 can induce
cancer - like characteristics in human brain
organoids, disrupting the cellular structure of the
entire organoid®. TP53 mutations are also
potential prognostic and predictive markers, as
well as targets for drug intervention®. Mutations
or deletions of the TP53 gene are one of the early
events in glioma development. Abnormalities of
TP53 already exist in some low - grade gliomas,
which may make glial cells more prone to
malignant transformation, thus initiating tumor
formation.

The Tumor Immune Microenvironment (TIME)
refers to the complex immune - related internal
environment in which tumor cells are located. It
has a crucial impact on processes such as

tumorigenesis, development, invasion, and
metastasis of tumors®™. There are six immune
cells that show significant differences between the
high-risk group and the low-risk group.
Macrophage M2 is an alternatively activated
macrophage. In the tumor microenvironment,
macrophage M2 usually exhibits the function of
promoting tumor growth and metastasis. The
presence of macrophage M2 in the high-risk
group may be the reason for its poorer prognosis.
The remaining immune cells usually play an anti-
tumor role. However, they are not necessarily less
abundant in the high-risk group, which may be
related to the different immune characteristics
between the high-risk group and the low-risk
group. Eight immune checkpoints with significant
differences were found between the high-risk
group and the low-risk group. In addition, we
found that the scores of immune-related genes, the
status of cancer single cells, the scores of
microenvironmental characteristics, and the scores
of immunotherapy response were all significantly
correlated with the high-risk group. Patients in the
high-risk group may obtain greater benefits from
immunotherapy than those in the low-risk group.
These immune characteristics may affect the
occurrence and development of gliomas.
Understanding these associations can help
develop new immunotherapy strategies to
improve the therapeutic effect on the prognosis of
gliomas.

By comparing the tumor data of the high-risk
group and the low-risk group, we found that there
are significant differences between the two groups
in terms of the proportion of the immune cycle,
the content of immune cells, the expression level
of immune checkpoints, and characteristics related
to the immune - therapy response. This may be an
important reason for the significant difference in
prognosis between the two groups.

We utilized the Genomics of Drug Sensitivity in
Cancer (GDSC) database to compare the
expression differences in the IC50 of common
chemotherapeutic drugs between the high - risk
group and the low-risk group (p< 0.05). The study
revealed that Entospletinib and NVP-ADW742
showed the most significant differences.
Entospletinib, a spleen tyrosine kinase inhibitor, is
used to treat patients with acute myeloid leukemia
(AML) who have mutations in tumor protein p53
(TP53) or a complex karyotype. It may inhibit the
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growth and proliferation of tumor cells by
interfering with relevant cellular signaling
pathways through suppressing the activity of
SykPl. NVP-ADW742 is a novel insulin - like
growth factor - | receptor (IGF - IR) Kkinase
inhibitor. Previous studies have indicated that
NVP - ADW?742 is a highly selective and potent
anti - tumor drug, which enhances the
chemosensitivity of medulloblastoma cells to
temozolomide in vitro®®®. Our research found that
these two drugs have a low binding energy with
the TP53 gene. Suggesting that they may exert
their anti - tumor effects by influencing TP53 -
related signaling pathways.

Conclution

In our study, seven ribosome - biogenesis - related
prognostic genes with good prognostic value were
screened out in gliomas. And they are closely
associated with the occurrence and development
of gliomas. The risk model constructed based on
these seven genes demonstrated a good and stable
predictive ability for the prognosis of gliomas.
This provides a new theoretical basis and
direction for further exploring the common
mechanisms by which ribosome biogenesis plays
a role in the occurrence and development of
gliomas in the future. However, this study did not
investigate the specific molecular mechanisms
underlying the expression of prognostic genes in
gliomas. This awaits further research on our part.
In addition, the predictive ability of the prognostic
risk model and the clinical practicality of
therapeutic drugs still require a large amount of
evidence - based medical evidence.
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