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ABSTRACT

An accumulationof studieshasindicated agingto be a significanthazardfactor for the developmentof tumors.
Cellular senescences positively associatedwith aging progressand agingrelated genes(AGs)can regulate
cellular senescenceand tumor malignancy.While the associationbetween AGsand the prognosisof patients
with glioma is still unclear. In our study, we initially selected four survivalassociatedAGsand performed
consensuglusteringfor these AGsbasedon The CancerGenomeAtlas (TCGApatabase.We then exploredthe
potential biological effects of four selected AGs.A prognostic risk model was constructed accordingto four
selectedAGs(LEP, TERTPON1,and SSTR3in the TCGAdataset and ChineseGlioma GenomeAtlas (CGG#
database. Then we indicated the risk score was an independent prognostic index, and was also positively
correlated with immune scores estimate score,immune cellinfiltration level, programmeddeath ligand 1 (PD
L1)expression,and expressionof proinflammatory factors in patients with glioma. Fnally, we performed the
RTgPCRand immunohistochemistryassayto validate our bioinformatics results. Thus,this study indicated the
risk modelwas concludedto possiblyhave potential function asanimmune checkpointinhibitor andto provide
promisingtargetsfor developingindividualizedimmunotherapiesfor patients with glioma.

INTRODUCTION

Glioma is an aggressive brain tumor with high recurrence
rates [13]. Universal treatment strategies for glioma
involves surgical resection with postoperative
chemotherapy and radiotherapy, but the clinical
prognoses for patients suffering from gliomal sémain
poor due to its lethal malignancyi[4. Nowadays, a
need still exists to find more advanced treatments for
glioma.

Aging is an essentially universal characteristic of
living organisms, is considered to involve a progressive

decline of internal ellular functions and is a hot spot
in tumor research J80]. Tumor, like the other
diseases of aging, become much more prevalent
beginning at around the midpoint of life. Cellular
senescence plays significant role in contributing the
aging progress and deloping of tumor, while the
mechanisms of it on tumor are extremely complex,
which can both stimulate and suppress tumor
malignancy [1113]. For example, someén vivo
experiments indicated cellular senescence could
restrict tumorigenesis in earktage postate cancer
and Braig et alrevealed H3K9memediated cellular
senescence as a nhovel mechanism to suppress the
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formation of lymphomas [14, 15]. While some studies
indicated an obvious ability of injected senescent
fibroblasts to stimulate the proliferafi of human
epithelial tumor cells in immunocompromised mice
[16, 17], which was closely associated with the
senescencassociated secretory phenotype (SASP)
[18]. Aging-related genes (AGs) can regulate cellular
senescence and play a key roletumor malignancy
[11, 19]. There is, however, limited knowledge about
the relationships between AGs and the prognosis of
patients with glioma.

In our study, we selected four survivadsociated
AGs and performed consensus clustering for these
AGs based o The Cancer Genome Atlas (TCGA)
database. We then explored the potential biological
effects of four selected AGs. Then a prognostic
risk model was constructed, we indicated the risk
score was an independent prognostic index, and
was positively correlgd with immune scores,
estimate score, immune cell infiltration level,
programmeddeath ligand 1 (PE1) expression, and
proinflammatory factors expression in patients with
glioma. FHnally, we performed some laboratory
experiment to validate our bioinforries results. Our
research revealed their underlying implication as
biomarkers for predicting clinical prognosis of patients
with glioma.

RESULTS

Selection the AGs association with the prognostic of
patients with glioma

To find differentially expressedAGs, we initially
selected 676 differentially expressed genes based on
TCGA database (Figure 1A, 1C). Then we identified 4
differentially expressed AGs from 676 differentially
expressed genes: LEP and TERT were upregulated
while PON1 and SSTR3 were downutgged (Figure

1B, 1D). We then found that these AGs were correlated
with the prognosis of patients with gliomB & 0.01,
Figure 1E). We also identified that the frequency
of these survivahssociated AG genetic alterations
(< 1.8%, Figure 1F).

Consensis clustering for four survival-associated
AGs and with the prognoses of patients with glioma

To explore the association of four surviessociated
AGs, we performed correlation analysis according to
their mMRNA expression level in the TCGA datasets.
Our results revealed the expression of PON1 was
crucially positive associated with SSTR3 in glioma,
while there were a crucial negative association between
the expression of PON1 and TERT, and the expression

of LEP was negatively associated with PON1 and
SSTR3(Figure 2A). Consensus clustering analysis was
used to sort samples into subtypes based on the
expression profiles of the abeidentified four
survivatassociated AGs in the TCGA datasets. The
resulting cumulative distribution function (CDF) curves
and $gClust analysis indicated a K value of = 2 (Figure
2B, 2C and Supplementary Figure 1), categorization of
two subtypes (clusterl (n = 317) and cluster2 (n = 311))
on the basis of different expression levels of the
four survival associated AGs. The expiesdevels of

the four selected AGs were statistically different
between the two subtypes, which showed cluster2 with
the upregulated expression levels of the risk factors
(TERT and LEP) and clsuterl with the upregulated
expression of protective factors BR3 and PONL1,
Figure 2D). Then we further revealed the gene
expression profiles between the two subtypes were
differentiated well by using principal component
analysis (PCA, Figure 2E). The Kapidteier (KM)
curves indicated a poor prognosis for the sasph
cluster2 P < 0.001, Figure 2F). Furthermore, high
grade, old age, mutahtpe isocitrate dehydrogenase
(IDH) status, 1p19q norcodeletion status were
presented in cluster2 than clusterl (Figure 2D and
Supplementary Table 1).

Consensus clustering aalysis revealed the potential
cellular biological effects of four survivatassociated
AGs

Since cluster2 presented the low OS, the malignancy
related mechanisms were further explored in this
subtype. We selected differentially expressed genes
between clugr2 and clusterl, and analyzed some
biological processes significantly correlated with
cluster2. Compared with clusterl, genes whose products
are involved in neutrophil degranulation, neutrophil
activation, ras protein signal transduction and regulation
of cell morphogenesis were positively enriched in
cluster2 (Figure 3A). A Kyoto Encyclopedia of Genes
and Genomes (KEGG) analysis also revealed a crucial
positive enrichment of genes involved in human
papillomavirus infection, the wnt signaling pathway,
celular senescence, and the AMPK signaling pathway
(Figure 3B). In addition, we further showed malignant
hallmarks by carrying out a gene set enrichment
analysis (GSEA), which indicated that the IL6 JAK
STATS signaling (NES = 1.53, normaliz€d= 0.039),
apgtosis (NES = 1.60, normalize® = 0.013), DNA
repair (NES = 1.89, normalized = 0.004), and G2M
checkpoint (NES = 1.68, normalizé®l = 0.03) were
significantly positively associated with cluster2 (Figure
3C). In conclusion, our results might provide rlove
insights for cellular biological function related to four
survivatassociated AGs.
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Identification of the prognostic value of selected AGs
and risk model derived from four select AGs

The least absolute shrinkage and selectionraipe

(Lasso) Cox regression algorithm was used to build a
prognostic risk model according to the expression levels
of the four selected AGs in the TCGA datasets, and
coefficients were obtained to calculate the risk scores
for each patient with glioma (Splgmentary Figure 2).

We sorted glioma samples into two subtypes by the
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Figure 1. Selection of differentially expressed and sunvaabkociated AGbased on TCGA dataset@) Heatmap of all genes
with significant differences betwedbwer-grade glioma (LGG) and glioblastoma (GBM) sam(@egolcano plot of all genes based on TCGA
datasets, lightlue represented downregulated of genes, and pink represented upregulated of g@)d3ifferentially expressed AGs are
showed in heatmapbetween LGG and GBM sampléB) Volcano plot of the four selected differentially expressed AGs, lijine
represented downregulated of AGs, and pink represented upregulated of (BGBorest plot of the four differentially expressed AGs.

(P Genetic chnges of the four survivalssociated AGs.

6660 -@AFAE2Y

MCHIAN !

DLbD



consensus CDF

T T
o~ < © ©
o o

X

o =] >,
consensus inde

0.0

O, o
o oo 2
w o
® - = ==
8 °@ié% 5 gt
o8
&o )
0% OOO
8 R
o
(=
1100 -50 0 50 100 150 200
PC1

Figure 2. Two categories of patients based on distinct clinical characteristics and the OS according to the expressiaf levels
the four survivalassociated AGs in the TCGA datasérs.
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Positive correlations of the risk model with the OS
and clinical characteristics of patients with gioma

our fourAGs risk model for glioma prognosighe risk

plot distribution, swrival status of patients with glioma,
and heatmap of the expression of included genes were
determined based on the TCGA and CGGA databases
(Figure 4E, 4F).

The correlations between the risk scores and clinical
characteristicof patients with glioma were examined
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Figure 3. The potential biological functions of four selected associatadvival genes.(A, B) Functional annotations of
differentially expressed genes in clsuter2 compared with clusterl based on TCGA datasets determined from Geno OntolodyK{@@) a
Encyclopedia of Gene and Genomes (KEGG) pathway an&geslignancy hallmarks positivelyngched in cluster2 determined using
gene set enrichment analysis (GSEA) in the TCGA datasets.
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using the Wilcoxon test, which showed significant IDH status P < 0.001, Figure 4&4K). Univariate Cox
differences between risk scores in groups stratified by regression analyses revealed that the WHO grade, age,
the Wad Health Organization (WHO) tumor grade< IDH status, 1p/19q status, and risk score were
0.001), ageHF < 0.001), 1p/19q statu® (< 0.001) and significantly correlated with prognosis of patients in the

Figure 4. Construction of a risk model and the association of the risk model with clinical characteristics of patients with
glioma. (A, B) KaplarMeier (KM) curves for overall survival (OS)dicdon based on the training (TCGA) and validation (CGGA) datasets.
(C D) Receiver operating characteristic (ROC) curves for the risk model both in the training and validation d&aBptRisk plot
distribution, survival status of patients, and feep of expression of included genes in the training and validation datasat¥) (
Relationships between the risk score and clinical characteristics (grade, age, 1p19q status, IDH status, and gendet3 ofithagjitoma.
Non-significant (nspP> 0.05,* P< 0.05, *P< 0.01, and **P< 0.001.
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