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ABSTRACT

Background: Cervical cancer (CC) is highly lethal and aggressive with an increasing trend of mortality for
females. Molecular characterization-based methods hold great promise for improving the diagnostic accuracy
and for predicting treatment response.

Methods: The mRNAs expression data of CC patients and cellular senescence-related genes were obtained from
the Cancer Genome Atlas (TCGA) and CellAge databases, respectively. Differentially expressed genes (DEGs) of
senescence related genes between tumor and normal tissues were used for Least absolute shrinkage and
selection operator (LASSO) regression to construct a prognostic model. Univariate and LASSO regression
analyses were applied to establish a predictive nomogram. The performance of the nomogram were evaluated
by Kaplan-Meier curve, receiver operating characteristic (ROC), Harrell’s concordance index (C-index), and
calibration curve. GSE44001 and GSE52903 were used for external validation.

Results: We established a cellular senescence-related genes-based stratified model, and a multivariable-based
nomogram, which could accurately predict the prognosis of CC patients in the TCGA database. The Kaplan-
Meier curve indicated that patients in the low-risk group had considerably better overall survival (OS,
P =2.021e-05). The area under the ROC curve (AUC) of this model was 0.743 for OS. Multivariate analysis found
that the 6-gene risk signature (HR=3.166, 95%Cl: 1.660-6.041, P<0.001) was an independent risk factor for CC
patients. We then designed an OS-associated nomogram that included the risk signature and clinicopathological
factors. The AUC reached 0.860 for predicting 5-year OS. The nomogram showed excellent consistency between
the predictions and actual survival observations. Two external GEO validations were corresponding to the gene
expression pattern in TCGA.

Conclusions: Our results suggested a six-senescence related signature and established a prognostic nomogram
that reliably predicted the overall survival for CC. These findings may be beneficial to personalized treatment
and medical decision-making.

INTRODUCTION treated by traditional chemotherapy, radiation therapy, or

surgery, but late-stage CC patients often develop
Cervical cancer (CC) is the fourth leading cause of resistance to radiotherapy and their prognosis varies
cancer death in women and was diagnosed in depending on the stage of the cancer [2]. Therefore, it is
approximately 570,000 patients worldwide in 2018, necessary to improve the survival rate of CC patients by
resulting in 31,000 deaths [1]. Early-stage CC can be exploring new prognostic markers and therapy strategies.
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Cellular senescence refers to a state of permanent and
irreversible growth arrest in cells, which occurs in
response to various internal and external factors such as
telomere dysfunction and oncogene activation [3, 4].
This process is closely associated with tumorigenesis
and development [5]. Recent studies have highlighted a
subtle relationship between cellular senescence and the
aging phenotype, characterized by an irreversible growth
arrest, morphological changes, and the production of
senescence-associated secretory phenotype (SASP) [6].
In the past, senescence has been recognized as an
adaptive response of cells to adverse conditions. In
the context of cancer, senescence-mediated growth
stagnation serves as an intrinsic mechanism to counter-
act tumor progression by preventing the proliferation of
(pre)neoplastic cells [7]. Pereira et al. and other
researchers have shown that senescent cells can avoid
immune clearance by discharging SASP factors, such as
IL-6. This, in turn, leads to the upregulation of HLA-E,
hindering the removal of natural killer (NK) cells and T
cells within premalignant lesions [8]. Given the
importance of cellular senescence in tumors, a multitude
of studies have investigated the expression of SRGs
in cancer and devised prognostic models to predict
survival outcomes. Nonetheless, the prognostic
significance of senescence and its immune-mediated
functions within the context of CC remains inadequately
comprehended.

The development of biotechnology has made new
methods such as bioinformatics analysis widely
available. This has resulted in important contributions to
tumor diagnosis and prognosis prediction by identifying
candidate biomarkers and exploring the molecular
mechanisms of cancer. RNA sequencing can be used to
identify splice variants, unmapped genes, and spliced
unidentified noncoding RNAs. Using the dataset of The
Cancer Genome Atlas (TCGA) for CC, a risk prediction
model was built based on 3 autophagy-related genes
(CHMP4C, FOXO01, and RRAGB), and can be used to
effectively predict the prognosis of CC patients [9].
New biomarkers for prognosis prediction of CC are
required to develop advanced therapy strategies and
further improve therapeutic treatments. In this research,
we gathered the expression profiles and clinical data of
patients diagnosed with CC. From the aging database,
we identified several senescence-related genes (SRGS)
and selected differentially expressed genes (DEGS)
associated with senescence for further analysis. Using
LASSO regression, we developed a prognostic
multigene signature based on these DEGs in the TCGA
cohort. We then validated the signature in an
independent GEO cohort. Additionally, we constructed
a predictive nomogram to assist in predicting the
prognosis of CC patients, which was further validated
using data from the TCGA cohort.

MATERIALS AND METHODS

Acquisition and procession of TCGA and senescence-
related gene set

From the TCGA website (https://portal.gdc.cancer.gov/),
we acquired gene expression data, transcriptome
profiles, and clinical information of CC patients.
We obtained a curated gene list consisting of 279
cellular senescence-related genes from the CellAge
database (https://genomics.senescence.info/cells/, seen
in Supplementary Table 1). Using the criteria of logz(FC)
>1 and P-value < 0.05, we performed differential
expression analysis of these differentially expressed
senescence-related genes (DE-SRGs) in three hundred
and six CC and three normal tissues using the “edgeR”
package in R 3.6.1 software. For validation, we obtained
two datasets, GSE44001 and GSE52903, from the GEO
database. We visualized the expression levels of the
prognosis-associated DE-SRGs by employing the
“pheatmap” and “ggplot” packages in R, respectively,
while comparing normal and tumor samples. Our study
adhered to the publication guidelines provided by TCGA.

Senescence-related gene analysis using consensus
clustering

Using the “ConsensusClusterPlus” package in R, we
performed an unsupervised clustering analysis of SRGs.
First, the cumulative distribution function (CDF) curve
showed a gradual and smooth increase. Second, each
subgroup had an appropriate sample size. Finally, the
correlation within each subgroup increased while the
correlation between subgroups decreased. Additionally,
we performed PCA using the “prcomp” command in R
to further explore the data structure and patterns.

Development and validation of the prognostic
signature related to senescence

Next, we employed LASSO regression analysis using
the “glmnet” R package to identify key prognosis-
related DE-SRGs. The risk score formula for predicting
the prognosis of CC patients is as follows:

Risk score = » ' n; = > (Coefi *x;)

The regression coefficient of DE-SRGs in the LASSO
analysis was denoted as Coefi. Xi represents the
expression value of the DE-SRGs, and n represents the
number of prognostic DE-SRGs. Patients were classified
into low- and high-risk groups based on the median value
of the risk score. Kaplan—Meier survival analysis of these
groups was conducted using the “survival” package in R.
For evaluating the sensitivity and specificity of the risk
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signature, we utilized the “timeROC” package in R
software to construct the ROC curve.

Development and validation for nomogram including
risk score model

We conducted univariate and multivariate Cox
regression analyses to ascertain whether the risk
signature served as an independent risk factor for CC
patients. Subsequently, a nomogram comprising these
independent prognostic factors was constructed using
the “rms” package. Calibration curves were generated,
and the C-index was measured to validate the predictive
capability of this signature. We further assessed the
prognostic performance of the nomogram using Kaplan-
Meier survival analysis and the area under the time-
dependent ROC curve (AUC).

Bioinformatics analysis of SRGs risk model

In order to reveal the function of risk signature,
we utilized GSEA (http://software.broadinstitute.org/
gsea/index.jsp) [10] to assess the significant differences
in identified gene sets between the low and high groups
[11]. For GSEA analysis, we utilized the
hallmarker.all.v6.2.symbols.gmt collection of annotated
gene sets from the Molecular Signatures Database as
our reference gene sets in GSEA software, with a
significance cutoff set at P<0.05. Additionally, to
investigate the potential biological functions of
differentially expressed SRGs, we conducted Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analysis using
the “clusterProfiler” package in R [12]. Functional
categories with an adjusted P-value of less than 0.05
were regarded as significant pathways.

External validation of the DE-SRGs

To validate the expression patterns of the selected genes
in the TCGA dataset, we extracted mRNA expression
data from GEO datasets (GSE44001 and GSE52903)
for further analysis. The differential expression of these
selected genes between CC and non-tumor tissues was
assessed using Prism 7.0 (GraphPad, San Diego, CA,
USA) through the Wilcoxon signed-rank test, with a
significance level set at P < 0.05. Additionally, we
generated survival and ROC curves to evaluate the
performance of the risk signature.

Statistical analysis

R was utilized for all data analyses. The AUC was
employed as a metric to evaluate the prognostic accuracy.
The correlation between risk scores and the estimation of
stromal and immune cells in ESTIMATE score was

assessed using Pearson correlation. Statistical significance
was defined as a P-value of <0.05 in all analyses.

Availability of data and materials

The datasets analyzed during the current study are
available in the TCGA repository, (https://portal.
gdc.cancer.gov/. Accession No. TCGA-CC).

RESULTS

Acquisition of senescence-related DEGs in CC
patients

Figure 1 illustrates the comprehensive flow chart
detailing the construction of the predictive model in this
study. From the senescence-related genes in the
database, we extracted a total of 279 senescence-related
genes. After the integration of the SRGs expression data
of 306 TCGA tumor tissues and 3 normal tissues, we
obtained 42 upregulated and 32 downregulated SRGs
(Figure 2A, 2B). The 74 DE-SRGs are shown in
Supplementary Table 2. GO and KEGG analysis of the
DEGs are shown in Figure 2C, 2D.

Identification of senescence subtypes in cervical
cancer

To gain further insights into the characteristics of
senescence-related genes in cervical cancer, we
employed a consensus clustering algorithm to classify
patients based on the expression profiles of 279
senescence-related genes. Through this analysis, we
identified two distinct clusters, with k=2 being the
optimal choice (Figure 3A-3D). PCA analysis revealed
clear separations in the distribution of senescence-
related genes between the two clusters (Figure 3E).
Importantly, patients in cluster 1 exhibited a
significantly longer OS compared to those in cluster 2,
as demonstrated by Kaplan—Meier analysis (log-rank
test, P = 0.006; Figure 3F). These findings motivated us
to delve deeper into the association between senescence
and prognosis in CC patients by investigating the
expression patterns of senescence-associated genes.

Construction of prognostic markers of cervical cancer

We merged the expression profiles of SRGs and
clinical follow-up information of CC to identify a total
of CC samples. Through LASSO regression analyses,
we identified 6 genes that exhibited significant
associations with prognosis, including RPS6KAG,
ABI3, PTTG1, E2F1, CBX7, and SPOP (Figure 4A,
4B). Table 1 shows the coefficients of each gene a.
Using the prognostic model comprising these six DE-
SRGs, we calculated the risk score for each patient,

Www.aging-us.com 9410

AGING


http://software.broadinstitute.org/gsea/index.jsp
http://software.broadinstitute.org/gsea/index.jsp
https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/

which consisted of 1 potential risky gene and 5
potential protective genes. According to the results of
coefficient of each gene, we constructed the prognostic
model as follows: risk score= -(PTTG1*0.009676657)
—(E2F1*0.025364333) —(CBX7*0.054322881) —(SPOP*
0.175131225) +(RPS6KA6*0.09447039)- (ABI3*
0.070493701). Patients were then divided into low-risk
(n=153) and high-risk groups (n=153) based on the
median risk score. We further investigated the
relationship among the 6 genes. The results indicated
that they were significantly relevant (Figure 4C).
Moreover, the heatmap (Figure 4D) depicted the

expression levels of the six genes in both low- and
high-risk patients within the TCGA dataset. Notably,
we observed substantial differences between the high-
and low-risk groups in relation to various clinical
factors, including tumor status, lymph node metastasis
(LNM), grade, menopause status, stage, age, and living
status. We deeply analyzed the expression of the six
genes in different kinds of samples. We found they
were significantly different expressed in cervical
tissues (Figure 4E). These results indicated the six
senescence-related genes were significantly different in
high and low risk groups.

293 CC patients in
TCGA database
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Figure 1. The flow chart of the study design. CC, cervical cancer; TCGA, The Cancer Genome Atlas; DEGs, differentially expressed genes;
LASSO, Least Absolute Shrinkage and Selection Operator; AUC, area under the ROC curve; GO, gene oncology; KEGG, Kyoto Encyclopedia of

Genes and Genomes; GSEA, gene set enrichment analysis.
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Accurate evaluation of the 6 SRGs risk model for
CC patients

The distribution of risk score and survival status of
these 6 prognostic DE-SRGs are shown in Figure 5A,
5B. Patients in high-risk group were vulnerable to have
a higher risk score and worse prognosis. The survival
analysis using the Kaplan—Meier curve revealed a
significantly worse prognosis for patients in the high-
risk group (P=2.021e-05, Figure 5C). The time-
dependent ROC analysis (Figure 5D-5F) displayed the
predictive performance of the model, with AUC values
of 0.764, 0.743, and 0.78 for predicting the 1-year, 3-
year, and 5-year survival rates, respectively. These
results suggested that the SRG-related risk model is
accurate and high predictive for patients with CC.

Function and enrichment analysis of the model
We performed additional analysis to investigate the

correlation between the risk score and ESTIMATE-
related scores, encompassing immune score, stromal

70 70 68 53 40 27

score, and ESTIMATE score. Our findings revealed a
negative correlation between these scores and the risk
score, with correlation coefficients of -0.41, -0.15, and -
0.33, respectively (all P < 0.01, Figure 6A—6C), which
pointed out that stromal and immune cell was lower in
the high risk group. The results suggested that patients
in the high-risk group had an unfavorable prognosis,
which was associated with alterations in the tumor
immune microenvironment of CC. We then compared
the tumor microenvironment (TME) score between low
and high risk groups (Figure 6D). Additionally, we
categorized the patients into four subgroups based on
their immune score and risk score, with high and low
scores determined by the median value of the risk score.
Conversely, patients with a low immune score and high
risk score had the poorest prognosis (Figure 6E).

Building and validation of the predictive nomogram
To develop a clinical strategy for predicting the survival

probability of CC patients, we created a nomogram
using the TCGA cohort. This nomogram was used to
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Table 1. Six senescence associated genes and
corresponding coefficient value.

Senescence associated gene

Coefficient

PTTG1
E2F1
CBX7
SPOP
RPS6KA6
ABI3

Risk score

-0.0096767
-0.0253643
-0.0543229
-0.1751312
0.09447039
-0.0704937
Low: <0.490
High: >0.490

assess the probability of different period of OS. We first
performed the univariate and multivariate analyses to
recognize independent risk factors for CC patients. The
results of univariate analysis showed that stage
(HR=1.589, 95%Cl: 1.280-1.974, P<0.001), grade
(HR=1.608, 95%CI: 1.133-2.282, P=0.008), LNM
(HR=4.408, 95%Cl: 2.630-7.387, P<0.001), tumor
status (HR=3.907, 95%CI: 2.440-6.256, P<0.001), and

6-gene risk signature (HR=5.398, 95%CI: 3.010-9.678,
P<0.001) are significantly associated with survival of
CC (Figure 7A). Furthermore, we enrolled these factors
into a multivariate Cox analysis. Finally, we found that
stage (HR=1.111, 95%Cl: 1.165-1.827, P=0.011), grade
(HR=1.983, 95%CI: 1.258-2.869, P=0.035), LNM
(HR=2.293, 95%CI: 1.220-4.310, P=0.010), tumor
status (HR=2.112, 95%Cl: 1.162-4.318, P=0.023), and
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6-gene risk signature (HR=3.166, 95%CI: 1.660-6.041,
P<0.001) were independent risk factors for CC patients
(Figure 7B). These five independent prognostic factors
were used to construct the nomogram (Figure 7C). The
diagonal line at 45° represented the ideal prediction.
The calibration plots demonstrated that the nomogram
exhibited excellent performance in predicting the 1-
year, 3-year, and 5-year survival outcomes (Figure 7D).
The specific scores for each factor were provided in
Table 2. The C-index of the model was 0.78 (95% CI:
0.69-0.86). Moreover, we divided the cohort evenly into
three subgroups (low-score, moderate-score, and high-
score groups) based on their risk scores from the
nomogram. Subsequently, we evaluated the differences
in Kaplan-Meier survival among these three groups,
including the low-, moderate-, and high-risk groups.
The survival curve of the high-score group demons-
trated worse overall survival (OS) compared to the
moderate and low-score groups (Figure 7E). ROC curve
analysis in Figure 7F exhibited that the risk score AUC

value of 1-, 3-, 5-year survival was 0.818, 0.829, and
0.860. These findings suggested that the nomogram had
a high accuracy in predicting OS.

Biological features of significant genes found in this
panel

Furthermore, we utilized Gene Set Enrichment Analysis
(GSEA) software to identify the enriched pathways or
functions in the high-risk and low-risk patient groups.
The top ten terms enriched in these groups are depicted in
Figure 8A. The results showed that key important
pathways, such as the adipogenesis, DNA repair, EMT,
KRAS signaling, and Notch signaling were significantly
activated in the risk group. Then, we performed a
differential expression analysis between low-risk group
and high-risk group using Wilcoxon test with a logz(Fold
Change) > 1 and P < 0.05. We found 271 DEGs
between the two groups, including 154 up-regulated
genes and 117 down-regulated genes (Figure 8B).
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Supplementary Table 3 contains the DEGs list along
with their corresponding log,FC and FDR adjusted P-
values. Subsequently, we conducted GO and KEGG

pathways, respectively. The KEGG analysis indicated
that the genes were mainly involved in gap junction,
notch signaling pathway, oxidative phosphorylation,

pathway analysis for these DEGs, and Figure 8C, 8D glycine serine/threonine  metabolism, and WNT
displays the top 10 enriched terms in the GO and KEGG signaling pathway.
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Table 2. Corresponding risk score for each variable and

total score.
Variables Category Score
<60 0
Age >60 35
LNM Negtat.lve 0
Positive 95
Negative 0
Grad
rade Positive 40
. L 0
Risk signature H?g\):l 100
Low risk 0-40
Total score Moderate risk 75-135
High risk >140

External validation of the 6 genes

GSE44001 and GSE52903 were acquired to validate.
We compared the content of the six genes (Figure 9A),
survival curve of risk model (Figure 9B, P=3.766e-03),
and predictive accuracy by AUC (Figure 9C,
AUC=0.795) in the dataset. Results in GSE52903
indicated the similar expression and prognosis
(Supplementary Figure 1). Consistent with the results in
the entire TCGA cohort, these results suggested that six
genes were highly predictive for evaluating the
prognosis of CC patients.

DISCUSSION

The FIGO staging system is currently the widely
accepted method for staging cervical cancer [13].
However, staging based on imaging and subjective
judgment of doctors’ physical examination was not
reliable and inaccurate sometimes if the patients were
accompanied by complications. With the rapid
development of oncogenesis and the discovery of bio-
logical factors that predict cancer outcome, some
studies used biological markers to predict the prognosis
of individual patient in cervical cancer.

In previous studies, risk model predicting survival
of cervical cancer had been built based on some
functional gene sets. Chen et al. developed a prognostic
model based on a three-gene signature (SLAMFL,
CD27, SELL) that is associated with the tumor
microenvironment. The model exhibited a predictive
accuracy with AUC values ranging from 0.71-0.78 [14].
In another study, an autophagy-related gene prognostic
risk model was applied to provide a reference for CC
patients to make precise treatment strategy, and the
AUCs for prognostic accuracy reached 0.772 for the
training set and 0.889 for the verification set. Other

gene sets for establishing prognostic model in CC
included immune-related genes [15], DNA methylation
[16], and lymph node metastasis [17].

Senescence plays an important role in the development
of different cancer types, which could lead to different
outcomes for patients in the tumor microenvironment.
SRGs act as prognostic markers for some cancers.
Senescence is involved in the onset and development of
various tumors, such as ovarian cancer, pancreatic
cancer, renal cancer, and hepatocellular cancer [18-21].
However, the reported molecular mechanism of
senescence is still limited. In this study, we aimed to
identify the change in SRG status in CC patients and
investigated the relationship between these SRGs and
clinicopathological characteristics to see if they could
help predict the clinical prognosis of patients. Our data
provided useful information to better understand the
biological changes in CC patients.

In this study, we extensively examined the role of SRGs
in the advancement of cervical cancer by analyzing the
mRNA data from patients with CC in the TCGA
database. We obtained 74 dysregulated SRGs between
normal and cancer tissues, among which six genes
(RPS6KA6, ABI3, PTTGL, E2F1, CBX7, and SPOP)
were associated with the OS of CC patients. The six
SRGs showed a great accuracy in predicting the
survival for CC patients, especially combining the
SRG-related risk model with clinicopathological
characteristics.

These six genes had been reported in some studies. One
study analyzed the epigenomic landscape and identify
RPS6KAG6 as potential biomarker for CC, which is
significantly correlated with the overall survival of CC
[22]. Another study constructed a six-gene prognostic
model, including PTTG1, that could become the new
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promising target for the cervical cancer treatment [23].
The function of PTTG1 might be modulated by the long
non-coding RNA PTTG3P, and PTTG3P is upstream of
PTTG1 [24]. It is reported that E2F Transcription
Factor 1 activates FKBP Prolyl isomerase 4 to promote
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cervical cancer progression by inducing the movement
of PD-1 away from PD-L1 in spatial localization [27].
However, ABI3 had not been reported in CC. ABI3
expression is frequently reduced or lost in most colon
cancer cell lines, and interestingly, there exists a
positive correlation between ABI3 and ABI3BP
expression in these carcinomas [28]. The roles of the six
genes in cervical cancer remain uncertain, and further
research is warranted to gain a better understanding of
their functions.

GSEA results found that high risk group was enriched in
“adipogenesis”, “DNA repair”, “epithelial mesenchymal
transition”, “glycolysis”, and “hypoxia”. Metabolic
function contributed to progression of cervical cancer
cells and modulated its metastasis [29]. FAD104
suppressed TGF-beta-mediated EMT in cervical cancer
by regulating adipogenesis [30]. Hypoxia and glycolysis
were often correlated with each other. Tian et al. showed
that hypoxia-induced CNPY2 promoted glycolysis in
cervical cancer cells by activating the AKT pathway [31].
These studies corresponded to the function of high-risk
group in GSEA in our research.

GO and KEGG pathways were performed for
DEGs. The results showed genes were mainly enriched
in the function of cytoskeleton-related regulation.
Reorganization of cytoskeleton promoted cell pro-
liferation and metastasis in cervical via different
signaling pathway [32, 33]. Rho guanosine tri-
phosphatases (GTPases) signaling pathway was one of
the most essential pathways that regulated actin
cytoskeleton dynamics and mechanical activity central
for cervical cancer cells. Rho GTPases in cervical
cancer highlighted relevant signaling pathways and
pathomechanisms, and shed light on their involvement
in tumor progression, metastatic spread, and radio/
chemo resistance [34].

Six SRGs were suitable to establish the prognostic gene
signature models, which can be used to calculate the
risk level for each patient. The statistics between high-
and low-risk groups in Kaplan-Meier survival curves
were significantly different. Data obtained from
evaluation models demonstrated that the SRGS’
signature model is an effective method of evaluating the
degree of patient risk. The AUC reached approximately
0.860 from the nomogram. Considering that the
efficiency of a single biomarker was limited, we
developed a multiple-gene signature that combined the
risk score model and clinicopathological characteristics
to improve the OS prognostic value in CC patients.
Additionally, our externally validated stable gene
expression in different types of samples indicated that
the predictive capability of this nomogram in CC
prognosis was reliable.

However, there are several limitations in this study.
First, although the application of this risk model was
verified by external validation, our data only conduct
the expressional validation, and the model in this study
should be validated by an external database. Second, the
biological functions of senescence-related genes based
on OS models need to be examined by a series of
cellular function assay.

CONCLUSIONS

In summary, our investigation has identified six SRGs
(RPS6KA6, ABI3, PTTG1, E2F1, CBX7, and SPOP)
that are linked to the development of CC. We have
developed a 6-gene risk signature that can be utilized to
predict the prognosis of cancer. Furthermore, this
model has the potential to uncover novel therapeutic
targets for advanced CC and facilitate personalized
immunotherapy for patients. However, further in-depth
research is necessary to fully comprehend the biological
functions of these genes. The six genes hold promise as
potential prognostic biomarkers and targets for therapy
in cervical cancer.
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Supplementary Figure 1. External validation of the six genes and related risk model with GSE52903. (A) Gene expression of the
six senescence-related genes in GSE52903dataset. (B) Survival curve of patients in low- and high-risk groups. (C) Predictive accuracy of the
risk model in GSE52903.
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Supplementary Tables

Please browse Full Text version to see the data of Supplementary Tables 1, 3.

Supplementary Table 1. List of senescence related genes.

Supplementary Table 2. List of 74 DEGs.

Name logFC P.Value adj.P.Val
FOXM1 -5.86170516428349 4.46045945152081E-44 1.21770543026518E-41
HJURP -5.57621129112412 1.36888180685155E-35 1.86852366635237E-33
CENPA -5.43827417122037 2.11465261547137E-32 1.92433388007895E-30
CDK1 -3.8850623220383 2.73898824191886E-29 1.86935947510962E-27
AURKA -3.87245750864836 1.15326659973837E-22 6.29683563457148E-21
EZH2 -4.10050592444439 1.25523128403732E-21 5.71130234236979E-20
PTTGI1 -4.37795030662846 5.3847114167519E-19 2.10003745253324E-17
GNG11 4.62824060794036 1.86028991504963E-16 6.34823933510688E-15
HSPB2 5.11455890626433 2.29681119214258E-16 6.96699394949915E-15
CDKN2A -6.58339612274595 1.44076146426149E-13 3.93327879743387E-12
E2F1 -3.44840608739512 2.33152080569296E-13 5.78641072685616E-12
SFN -7.26192714058659 1.00693330519938E-12 2.29077326932859E-11
TACC3 -2.72369319320073 2.8906163783639E-12 6.0702943945642E-11
KIAA1524 -2.79022633808229 5.13139327196769E-12 1.0006216880337E-10
MAD2L1 -2.63639557430824 8.33078337521783E-12 1.51620257428964E-10
WT1 7.40700698583233 1.45728789277259E-11 2.48649746704323E-10
BRCA1 -2.33203746517941 4.81687921028178E-11 7.73534132004074E-10
STATSB 2.1766933082377 1.09555012449645E-10 1.66158435548629E-09
TGFBI1I1 4.22883977443808 1.245755300865E-10 1.7899536691376E-09
CBX7 3.28440230493961 7.44550770102602E-10 1.01631180119005E-08
DHCR24 -3.24155329581328 1.57391371415992E-09 2.0460878284079E-08
MYLK 5.19926212987162 1.98405945269496E-09 2.46203741175329E-08
RUNX1 -2.36344059617358 1.02150463418587E-08 1.21248158753366E-07
ITPKB 2.67776838806486 1.12673355433192E-08 1.28165941805255E-07
FBXO031 1.52702626261167 1.69234503978028E-08 1.84804078344007E-07
CHEK1 -2.00254625277945 2.00868556684407E-07 2.10911984518627E-06
SPOP 1.22634315842419 8.67311274752387E-07 0.0000087694806669408
EPHA3 4.3815270582792 0.0000010777431126169  0.0000105079953480148
TBX2 3.16732073733568  0.0000083334933819594  0.0000784497825267212
GAPDH -1.31693143515505 9.77368624185925E-06 0.0000889405448009192
KL 3.2846750445521 0.0000104541520304156  0.0000895706258829007
EHF -4.75901922185735  0.0000104991209826111  0.0000895706258829007
VENTX 2.70039215760127  0.0000158696174351155 0.000131285016963228
PTRF 2.98628346059878  0.0000171741815684357 0.000137898575534792
PSMD14 -1.12551189849044  0.0000196142465831077 0.00015299112334824
SOX5 3.35059110963594  0.0000253075378739793 0.000191915495544343
NOX4 2.72911150223548 0.00004305922693185 0.000317438459370071
DUSP3 1.1952799876478 0.0000441855730991308 0.000317438459370071
AR 3.88881360835097 0.000050100246269044 0.000350701723883308
TFDP1 -1.47186058183875  0.0000599779804329606 0.000409349716454956
SYK -2.23211404692609 0.000247568418859178 0.00164844337435502
SREBF1 -1.88866165759232 0.000280520090583452 0.00182338058879244
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HDACA4
CYR61
NEK1
IGFBPS5
RPS6KA6
WNT2
MXD4
IGFBP6
FOXO03
AGT
CAV1
TERT
SNAII

SMARCA4

CPEB1
MMP9
CDKNIC
ID4
SIRT1
NUAKI
CDKN2B
TXN
AXL
TXNIP
ZFP36
ITGB4
ABI3
SOX2
PLA2R1
PRKCD
TP63
IGFBP1

1.6890127585392
3.05183447805601
1.38287842333243
4.26217413429885
2.56306203111084
3.34175216619456
1.43291112045647
3.67489026573696
1.14888506020765
3.98960623841807
2.92919121092568

-3.15618419221303
2.42850949230052
-1.12793473621185
3.48279491141759
-3.31361473067005
2.67727438524094
2.99751486853733
1.15411229460634
2.29624836223771
-2.39961157162258
-1.45142678530736
2.19681830967857
2.06396712361334
1.82357682242161
-1.85167125775667
1.74272266086465
-4.92563549009624
2.12080039907351
-1.04542542951809
-5.2600041356328
1.9258450115148

0.000334829600957266
0.000455036622282331
0.000519761955963935
0.000607769991809902
0.000612744761334167
0.000627804071890863
0.000704200073462239
0.000710577505923215
0.00071191895297319
0.000749358252368261
0.000869064162041928
0.000916102544880707
0.000949254171547842
0.00110024695727781
0.0013509751140298
0.00140794298854971
0.00170263515401685
0.00178242702394679
0.00235678744742038
0.00247443732828889
0.00247763401558618
0.00284687554858605
0.00378093154216189
0.00514441922348382
0.00517345732435095
0.00884455099488515
0.00910740188548874
0.00921585765470592
0.0110449468271901
0.0113633479146101
0.0132777117272212
0.0141110551206854

0.00212577862933334
0.00282329540643355
0.00315322253284787
0.0035130076951236
0.0035130076951236
0.0035130076951236
0.00373757450310925
0.00373757450310925
0.00373757450310925
0.00385990194144406
0.0043936021525453
0.00454719990458969
0.00462761408629573
0.00526960384801478
0.00635890010569198
0.00651471925210288
0.00774698995077668
0.00797709143504054
0.0100531714554025
0.0102483952462883
0.0102483952462883
0.0115999555934924
0.0151793281030911
0.019616025688164
0.019616025688164
0.0326292219135628
0.0331043307859831
0.0331043307859831
0.0385582804524716
0.0387774247586071
0.0442050646528218
0.0464134704571942

Supplementary Table 3. Differentially expressed genes between low and high risk groups.

WWWw.aging-us.com

9425

AGING



