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Abstract
Background: Gliomas are the most common malignant tumor from the central nervous system(CNS).
Dysregulated pseudogene expression was signi�cantly associated with the prognosis of glioma patients.
However, the role of abnormal methylation of pseudogenes in glioma prognosis has not yet been studied.
This study aimed to develop a novel six-methylated pseudogenes signature to predict prognosis of
glioma patients.

Methods: Based on multiple screening, a risk signature for six-methylated pseudogenes was constructed,
and then classi�ed glioma patients into high-risk and low-risk groups. Next, a prognostic nomogram
including grade, age, gender, and radiation was constructed. Besides, the immune cell in�ltration analyses
of patients based on the six-methylated pseudogenes in two risk groups were performed. Meanwhile,
consensus cluster analysis of six methylated pseudogenes identi�ed two glioma patient subgroups
(cluster1/2). Furthermore, Gene Ontology (GO) , Kyoto Encyclopedia of Genes and Genomes (KEGG) and
gene set enrichment analysis (GSEA) were used to analyzed related genes. Finally, the ability of glioma to
proliferate, migrate and invade were used to verify subsequent functions.

Results: In this study, six gene models consisting of methylated pseudogenes were identi�ed and
validated, and showed strong prognostic power in the training dataset, validation dataset, and entire
dataset. The calibration diagram showed good predictive performance. In addition, the proportion of B
cells and CD4+T cells was signi�cantly higher in the high-risk group, while the proportion of Mono cells
was lower. By silencing the expression of SBF1P1 and SUMO1P1, the ability of glioma proliferation,
migration and invasion can be inhibited.

Conclusion: The six-methylated pseudogenes signature may be a novel predictor for prognostic
assessment of glioma patients, which could accurately predict patient prognosis.

Background
Gliomas are most frequently occurring primary malignancies of the CNS [1]. In 2016, the classi�cation of
central nervous system tumors was de�ned by World Health Organization (WHO) for the �rst time which
combined molecular biomarkers with typical histological characteristics to differentiate the different
glioma subtypes [2]. Glioma has the characteristics of "three high, one low", high recurrence rate, high
morbidity, high mortality and low curative ratio [3]. Hitherto, great progress has been made in etiological
exploration and clinical treatment [4]. However, the trend of wide spread of glioma cells in normal brain
parenchyma has seriously limited the therapeutic effect, and the e�cacy of chemotherapy and biological
modulators has not been con�rmed. Although there has been dendritic cell (DC) therapy and checkpoint
blockade, but the effectiveness of these new therapies is still not ideal in glioma [5]. In addition, systemic
and local immunosuppression, which plays an important role in glioma progression, has not been solved
thoroughly. Immune cell dysfunction may be associated with glioma prognosis [6]. The prognosis of
gliomas of the same grade varies signi�cantly due to the heterogeneity of gliomas [7,8]. Consequently, it
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is to some extent impossible to predict the survival of patients accurate with the current prognostic
methods. Therefore, the new method to predict the prognosis should be investigated.

Pseudogenes are long noncoding RNAs derived from protein encoding genes. They are de�ned as
genomic sites that are similar with their coding homologous genes but lack the ability to translate into
proteins [9]. Pseudogenes are abundant in the human genome, among which there are about 11,000
pseudogenes, occupying more than half the number of protein-coding genes [10]. The previous studies
showed that pseudogenes are genomic loci similar with real genes, yet they are biologically
inconsequential [11]. Therefore, pseudogenes are once regarded as “junk gene” as a result of they are not
transcribed or can’t be translated into functional proteins[12] . However, several pseudogenes retain or
regain their protein-coding capacity, and the resulting proteins/peptides re�ects or interfere the function
of their homologous proteins/polypeptides in tumorigenesis[12]. Nevertheless, with the development of
next-generation sequencing, multiple functions of pseudogene have been found in a variety of cancers.
Liu et al. had shown that pseudogenes may be involved in the development of tumor through crosstalk
with parent genes associated with tumor [13]. Recently, pseudogenes have also been applied for
identifying cancer subtypes. A recent study found that many pseudogenes function differently in different
tumor subtypes [14]. Moreover, Gao et al.demonstrated the associations between the high expressions of
pseudogenes and shortened overall survival in glioma[15]. In addition, overexpression of the pseudogene
PTENP1 inhibited the proliferation, migration and invasion of glioma cells [16]. However, methylation of
pseudogenes promoter in glioma prognosis is still largely unknown.

DNA methylation, a well-established and the most commonly studied epigenetic phenomenon in
humans[17], can alter the chromosomal stability and gene expression of organisms. It is one of the major
DNA modi�cations that regulate gene transcription and genome function [18]. DNA methylation can
abate the liveness of certain genes, whereas demethylation leads to gene re-activation and expression
[19]. In addition, in some malignant tumors, abnormal DNA methylation was considered to be one of the
most important causes of tumorigenesis, and different patterns of DNA methylation subsets have been
found in gliomas. One such subgroup is CpG island methylation phenotype of glioma (GCIMP), which is
characterized by high levels of DNA methylation [20]. In gliomas, GCIMP is associated with IDH
mutations and higher overall survival, which is more common in low-grade gliomas. Additionally, IDH1
mutations are likely to be early events leading to tumor development. This is an independent good
prognostic marker in human gliomas [21]. Thus, DNA methylation may provide a vital foundation for
clinical treatment and outcome of glioma [22]. A few total methylation status of single genes associated
with their expression levels and glioma prognosis have already been recognized. In addition, DNA
methylation gene biomarkers that can reveal the peculiarity of glioma and re�ect the prognosis of glioma
patients that have been extensively studied [23-25]. Besides, the lncRNA methylation model can better
re�ect the prognosis of glioma patients, which has been previously demonstrated [26]. However, the
pseudogene methylation model has not been reported in glioma. Here we assume that the prognostic
value would be reliable to a certain extent by integrating multiple methylated pseudogenes biomarkers.
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In the present study, a risk signature was established containing the methylation level of the selected six
pseudogenes which were prominent relevant to the overall survival (OS) in patients with glioma.
Furthermore, our study revealed that the potentially biology functions of six methylated pseudogene
signature in glioma patients and their relationship to tumor in�ltrating immune cells. Finally. we found
that knockdown of SBF1P1 and SUMO1P1 can restrain the ability of glioma cells to proliferate, migrate
and invade. Together, our study revealed that six-methylated pseudogene signatures may be a good
prognostic model and provide an effective therapeutic target for glioma patients.

Methods
Pre-processing and prelimintureary screening of pseudogene methylation site data in glioma

The clinicopathological feature of patients with glioma was downloaded from TCGA, while the
methylation data was obtained from 450K methylation (https://xena.ucsc.edu) . To generate the
methylation of pseudogenes-related prognostic signature, we enrolled TCGA public databases with the
clinical data and methylation level of patients. The β-value (0 to 1) represented the methylation level of
each probe. Finally, 649 glioma samples were classi�ed into a training and a validation dataset randomly,
in which there are 325 samples in training dataset while the validation dataset contained 324 samples.

Identi�cation of methylated pseudogenes and construction of signature of six-methylated pseudogenes

The differentially expressed heatmaps were drawn to systematically compare the levels of pseudogene
methylation in LGG and GBM. Under the �ltering conditions of P <0.05, 22 prognostic pseudogenes were
obtained. Subsequently, the univariate Cox regression analysis was put into to �ltrate methylated
pseudogenes, with the cut off P-value setting as 0.05. Next, the multivariate stepwise Cox regression
analysis was carried out to build the risk prognostic model. Ultimately, six-methylated pseudogenes were
used as candidates to construct the prognosis predictive model. The risk score was �gured up using the
following formula of the model. Risk score = coef ( AZGP1P1 ) × promoter methylation level of AZGP1P1
+ coef ( SUMO1P1) × promoter methylation level of SUMO1P1 + coef ( INGX ) × promoter methylation
level of INGX + coef ( KRT19P2 ) × promoter methylation level of KRT19P2 + coef ( SBF1P1 ) × promoter
methylation level of SBF1P1 + coef ( CES1P1 ) × promoter methylation level of CES1P1. Glioma patients
were ranked according to risk scores and divided into high and low risk groups using the median risk
score of the training dataset as a tipping point.

Evaluation of the Prognostic Model

Kaplan-Meier survival curve was employed to compare the overall survival OS of high and low risk
groups. To determine whether this model can be an independent prognostic factor for patients with
glioma, univariate and multivariate Cox regression analyses were performed for these prognostic factors.
Then ROC curves were employed to estimate the predictive power of the prognostic model.

https://xena.ucsc.edu/
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Consensus clustering based on pseudogene methylation status to analyze prognostic molecular
subtypes

Consensus clustering was performed by the ConsensusClusterPlus package in R to obtain certain glioma
subgroups. The samples were clustered and divided into different subtypes based on 6 methylated
pseudogenes signature, so as to further explore the impact of different subtypes on the prognosis of
glioma patients. The resampling method was performed to extract the data datasets of a certain sample.
Different cluster numbers are speci�ed and the rationality of k was calculated. The number of subclasses
were determined based on the following standards: First, cluster in a relatively high consistency and no
signi�cant rise in the area under the cumulative distribution function (CDF) curve. Then, the heatmap of
the sample consensus matrix made by rearranging the �nal clustering results was distinct. The heatmap
was easy to identify the quality of the sample clustering results and the internal structure of the sample
similarity matrix. Besides, we performed survival analysis to obtain the survival circumstance. To
examine patient's survival status among different glioma subgroups, K-M curve was performed to
compare the difference in overall survival between high and low risk groups. Besides, to generate a
heatmap containing the pseudogene methylation level, sample type, radiation, gender, age, grade and
fustat, as is to show the difference of pseudogenes methylation levels.

Analysis by Bioinformatics Methods

Nomogram was constructed using R software (version 4.1.0) package "rms" to evaluate the 1-year, 3-year,
and 5-year patient's overall survival. Then, calibration plots were also used to graphically evaluate the
discriminative ability of the nomogram. Finally, the prognostic nomogram was externally demonstrated in
the validation dataset and entire dataset. Differentially methylated sites were investigated by Gene
Ontology (GO), Kyoto Encyclopedia of Genes (KEGG) analyses and GSEA, which we employed to assess
the cell functions related to the risk factors based on the prognostic characteristics of six-methylated
pseudogenes.

Tumor Immune cell in�ltration

In order to con�rm whether and how pseudogene methylation in�uenced the tumor-immune
microenvironment, related plots and a violin plot were drawn to show the contribution of immune cell
in�ltration in two datasets [27]. EpiDISH package was used to deduce the proportions of prior known
certain cells in a sample containing a mixture of such cell types. In this study, it was performed to infer
the proportions of 6 immune cells (Nature Killer(NK) cells, B cells, Monocytes, CD4+ T cells, CD8+ T cells
and Neutrophils) in samples based on the different pseudogene methylation levels.

Cells Culture

H4, SF126, LN18, SNB19, T98G, U251 and SW1088 glioma cells, and one normal human astrocyte cell
line (HEB) were obtained from the Cell Bank of the Chinese Academy of Sciences (Shanghai, China) and
the cell bank of Sun Yat-Sen University (Guangzhou, China), respectively. All cells were added with
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Dulbecco's modi�ed Eagle medium (DMEM, 319-00518, Gibco, USA) containing 10% fetal bovine serum
(FBS, 10,270-106, Gibco; USA) and placed in an incubator at temperature of 37.0℃, humidity saturation
and CO2 concentration of 5%. When the adhesion rate reaches 80% or more, the cells are digested by
trypsin (C0201, Beyotime, China) and passed from generation to generation.

Silencing and Transfection of pseudogenes

SiRNAs were used to silence SBF1P1 and SUMO1P1. SBF1P1 siRNA (U0804, RiboBio, Guangzhou, China)
included three sequences (siSBF1P1-1 CCTCTCAGATACAGCTTCA, siSBF1P1-2
GCAAGAACAAGAACCTGTA, and siSBF1P1-3 CACATTCCAGCTGCTGAAA), while SUMO1P1 siRNA (U0804,
RiboBio, Guangzhou, China) included another three sequences (siSUMO1P1-1
CCTCTCAAGAAACTCAAGA, siSUMO1P1-2 GAGGTCATTCAACAGTTTA, and siSUMO1P1-3
TAACGACTAACTCCAAAGA ). Firstly, cells at logarithmic growth stage were choosed and uniformly
inoculated into 6 well plates, and transfections were prepared when cell growth compatibility reached 40
to 50% density. Secondly, 10µL siRNA/con-RNA was diluted with 120µL 1X riboFECTTM CP Buffer and
12µL riboFECTTM CP Reagent, respectively. The reagents were fully mixed and incubated at room
temperature for 15 minutes. Add riboFECTTM CP mixture to 6 well plates. Finally, 24 h after transfection
cell culture, the original medium in the 6-well plate was discarded and trypsin was washed twice with PBS
for use.

RT-qPCR

RT-qPCR primers applied are shown below: GAPDH, forward5'-AATGGGCAGCCGTTAGGAAA-3', reverse5'-
GCGCCCAATACGACCAAATC-3'. SBF1P1, forward5'-ATTCCCCCAGCTGTTTTGCC-3', reverse5'-
TTTCCTGCTCCCAGAAGGTCAAG-3'. SUMO1P1, forward5'-TGAGGCATAGCGGAAGTGAC-3', reverse5'-
CAGACATGGTGATGGGGCAT-3'. Total RNA was extracted from LN18 and T98G cells by TRIzol reagent of
Takara Company. Cell RNA was reversely transcribed into cDNA according to PrimeScript RT Master Mix
(AK51812A, Takara, Japan) reverse transcription kit instructions. Secondly, RT-qPCR analyses were
carried out with TB Green Premix Ex Taq II (Tli RNaseH Plus) (AK51812A, Takara, Japan). PCR using
cDNA as template, substrate 1.6µ, primer 3.2µ, TB Green 5.2µ. The step of RT-qPCR was as follows: pre-
denatured 95.0◦C, 30s, 1 cycle of 95.0◦C for 10 s, 60.0◦C for 31 s, and 40 cycles. The solubility curve was
observed in 95.0°C for 15 S, 60.0◦C for 1 minute, 95.0◦C for 15 s, a cycle. The relative expression of other
reference genes should be as follows: 2-ΔΔCt.

Cell Viability Assay

The MTT kit (Biyuntian, Shanghai) was used to counted cell viability(Biyuntian, Shanghai). Transfection
of T98G and U251 cells was performed using si-SBF1P1 and si-SUMO1P1, respectively. After 24 hours,
the cells were digested and counted, and 6000 cells were planted in each well on a 96-well plate for
culture. 10 µl MTT stain was added to each well, and then the tablet was kept for 4 hours in the dark.
Next, carefully discard the medium and add 140µ L DMSO to each well. After that, the 96-well plate was
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gently shaken in the dark environment for 10min. Finally, the tablet was tested with the microedition
reader.

Cell Migration and Invasion Assay

24 h after transfection, T98G and U251 cells were collected from 6-well plates. A transwell chamber was
hydrated with 200 µl of serum-free DMEM for 1h. Next, 2×104 cells were inoculated in each chamber after
the cells were counted using the cell counting plates carefully. Add 600 µl DMEM containing 30% fetal
bovine serum to overlay the bottom of chambers. After 24 hours of culture, cells with 4%
paraformaldehyde soak for 30 min, then use 0.1% crystal violet staining for 30 min. Next, Matrigel R
(Gibco, USA) was added into the upper chamber, and 10 × 104 cells were inoculated in the upper chamber
and cultured for 48 hour under the same culture conditions to evaluate the invasion ability of the cells.
Then, the matrix R was carefully wipe on matrix R chamber. Finally, an inverted contrast phase
microscope (Olympus, Japan, , magnifcation, 100×) was used to measure the number of cells which
passed through the membrane at the bottom of the compartment.

Colony Formation Assay

Colony formation experiment was performed to measure glioma cell proliferation ability. Experimental
group and control group cells were collected �rst, then inverted phase contrast microscope was used and
cell count plate was used to calculate the number of cells. Add 800-900 cells to each well in 6-well plates,
and then incubate the cells in a humidi�ed incubator at 37℃ with 5% CO2 (Model no. :370, The American
Thermoscienti�c). Culture for a week, the cell colonies suspended in the culture chamber gradually
formed. 0.1% crystal violet (Shanghai, Biyuntian) was dyed for 20minture, and 4% paraformaldehyde
(Shanghai, Biyuntian) was �xed for 30 minutes. White light was used to take photos and the number of
cloning per well was calculated.

Statistical Analysis

All data were statistically analyzed using GraphPad Prism 9.0 (La Jolla, USA). Results were expressed by
means of at least 3 times ±SD. Unpaired T test was used to compare expression differences between the
two groups, or one-way analysis of variance (ANOVA) was used to assess the mean expression between
the different groups. P <0.05 was considered statistically signi�cant.

Results
Selection of the different pseudogene methylation

We obtained methylation 450K and clinicopathological data from 685 glioma samples from TCGA, of
which 649 had a survival value. The differential methylation of pseudogenes between Brain Lower Grade
Glioma (LGG) and Glioblastoma Multiforme (GBM) were calculated (Fig 1A).
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Prognostic value of pseudogene promoter region methylation and risk pro�les established using six
methylated pseudogenes

Subsequently, we used Univariate Cox regression analysis to compare methylation expression levels of
different pseudogene promoters of selected samples (P 0.001). In the end, six-methylated pseudogenes
(AZGP1P1, SUMO1P1, INGX, KRT19P2, SBF1P1, CES1P1) were found to be closely associated with
patient prognosis (Figure 2A,B). The regression coe�cients of the six-methylated pseudogenes were
acquired based on the multivariate Cox proportional hazard regression model, and linear combination
method was used to deal with methylation expression level and corresponding coe�cient of promoter
region of each pseudogene selected. Finally, we obtain the following risk prediction model: risk score = (
1.17854840586748 × promoter methylation level of AZGP1P1 ) + ( -1.71361948514048 × promoter
methylation level of SUMO1P1 ) + ( -0.558409311604914 × promoter methylation level of INGX ) + (
-1.37625870859091 × promoter methylation level of KRT19P2 ) + ( -1.096712728635 × promoter
methylation level of  SBF1P1 ) + ( -1.84088948280091 × promoter methylation level of CES1P1 ). Then,
based on the median risk score in the training cohort, we divided the glioma samples into two groups: the
low-risk group and the high-risk group (Figure 2C). We found that signi�cant differences between high-
risk and low-risk groups for WHO class (Figure 2D), patient age (Figure 2E), and survival (Figure 2F), but
not by sex (Figure 2G). Similarly, the results were observed in the validation dataset (Supplementary
Figure 1).

Construction of Survival Predicting Model using Pseudogene Promoter Region Methylation and its
Prognostic Value

For 326 glioma patients from training dataset, they were classi�ed into low- and high-risk subgroups
based on the median risk score. Then, the K-M analysis was performed to compare the survival difference
between high-risk and low-risk groups, and we found that for those high-risk patients, they mostly had
poorer survival outcome, while better survival outcome was revealed for patients with lower risk (Fig 3A).
There was also considerable difference between the two groups in the validation dataset (Fig 3B) and the
entire dataset (Fig 3C). Subsequently, the predictive accuracy and stability were suggested by the ROC
curve, with area under the receiver operating characteristic (AUC) being 0.889, indicating the model had
high speci�city and sensitivity (Fig 3D). Meanwhile, the AUC in the validation dataset (Fig 3E) and the
entire dataset is 0.830 and 0.822, respectively (Fig 3F). Moreover, the methylation of six candidate
pseudogenes promoter region was shown in the heatmap (Fig 4A). In order of the increasing risk score,
the risk score distribution and survival status of glioma patients was presented in the training dataset
(Fig 4B,C). Subsequently, we observed similar results in the test dataset (Fig 4D-F) and the entire dataset
(Fig 4G-I). Our results suggest that the survival rate of high-risk patients was signi�cantly lower than that
of low-risk patients.

Pseudogenes Methylation Levels showed Strong Power for Prognosis Assessment

Univariate and multivariate Cox analyses were performed to estimate the independent predictive value of
pseudogenes methylation for overall survival in glioma patients. The results indicated that the risk score
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determined by pseudogenes methylation in promoter region was risky factor, whose hazard ratio (HR)
was 1.421. WHO grade and age were also suggested to signi�cantly affect the prognosis (Fig 5A).
Therefore, we integrated these risk factors into multivariate cox regression analysis. Our results
demonstrated that WHO grade and risk score were signi�cant (HR > 1, P < 0.001). The risk score was
independently relevant to the prognosis (Fig 5B) and may serve as an independent predictive factor of
glioma[28]. In the validation dataset (Fig 5C,D) and the entire dataset (Fig 5E,F), the coincident results
were presented.

Construction of a predictive nomogram and its predictive value

We employed univariate and multivariate Cox regression to evaluate whether these six methylated
pseudogenes can be used as independent predictors of glioma patients. Based on multivariate analysis,
a prognostic nomogram including independent prognostic factors (grade, age, gender, and radiation) was
constructed. It graphically shows the 1, 3, and 5-year overall survival rates of individuals (Fig 6A). "Points"
indicates the score corresponding to the methylation level of a single pseudogene. "Total Points" is the
sum of "points" obtained by six-methylated pseudogenes, indicating the survival probability of each
glioma patient. The risk of death increased as the "total points" increased. The calibration plots (Figure
6B) presented that nomogram prediction is consistent with the observation in terms of the 1-, 3- and 5-
year survival rates in the training dataset. These �ndings suggest the appreciable reliability of the
nomogram. In addition, the calibration plots also demonstrated markedly different between prediction
and observation for the 1-, 3- and 5- year OS probabilities of the patients in the validation dataset (Figure
6C) and entire dataset (Figure 6D).

Consensus Clustering of Glioma Patients and Different Characteristics of pseudogene Methylation
Clustering

The pseudogene methylation pro�les were applied for the consensus clustering analysis to classify the
primary gliomas. In order to determine the optimum number of datasets, we comprehensively consider
the criteria as follows: relatively high consistency in different clusters, no signi�cant increase in the area
under the CDF curve and clear classi�cation in the consensus matrix. Taken together, we decided to apply
2 as the optional cluster number of pseudogene methylation categories for further analysis (Fig 7A-C).
The 326 glioma patients from the training dataset were divided into cluster1 and cluster2. Heatmap noted
by two subgroups of prognosis, sample type, radiation, gender, age, grade and fustat was drawn by heat
map R software package. We analyzed the survival of each sample in the two clusters. It was also noted
that patients with low pseudogene methylation were generally patients older than 60 years. We found
that high grade glioma was associated with hypomethylation of pseudogene (Fig 7D). Besides, Kaplan–
Meier and log-rank tests were performed, and there were signi�cant variations between these two
clusters. The curve reveals that the prognosis of low pseudogene methylated samples was poorer than
that of high pseudogene methylated samples (Fig 7E). Additionally, we observed similar results in the
validation set (Supplementary Figure 2).
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The Methylation Levels of pseudogenes in the promoter region in�uenced the Distribution of Immune Cell
In�ltration

We studied the correlation between the two risk groups and immune in�ltration levels, aiming to reveal
the possible mechanism of the six-methylated pseudogenes signature on the prognosis of glioma. The
expression of six immune cells ( B cells, CD4+ T cells, CD8+ T cells, NK cells, Monocytes, and Neutrophils
) were shown in the heatmap (Fig 8A). Violin plot revealed the proportions of in�ltrating cells, including B
and CD4T cells, were signi�cantly increased in the high-risk group, while the proportions of monocytes
exerted the opposite result (Fig 8B). The correlation analysis revealed the correlation between six immune
cells (Fig 8C). The samples revealed a signi�cant association with an immunosuppressive tumor
microenvironment in high-risk group, which coincides with the high-risk population’s poor prognosis [29].
The proportions of the immune cells in the samples were presented in the histogram and monotypes took
up a large proportion (Fig 8D). Our results suggest that the six selected pseudogenes signature might
play a vital part in the formation of immune microenvironment and distribution of the immune cell
in�ltration.

Potential Biological Processes Related to the High-Risk Group

To investigate potential functional characteristics associated with the six-methylated pseudogenes
signature, GO analysis was used to explore the association between high-risk and low-risk groups
according to the potential functional changes of six-methylated pseudogenes. Of note, we found these
genes in the high-risk group were mainly enriched in extracellular matrix, organelle �ssion and nuclear
division, which were closely relevant to the malignant phenotypes of glioma (Fig 9A). Next, KEGG
enrichment analysis validated that cell cycle, focal adhesions and ECM receptor interactions were
strongly linked to high-risk groups according to the signature (Fig 9B). Additionally, gene set enrichment
analysis (GSEA) was carried on between high-risk and low-risk groups. We found that the high-risk group
was strongly associated with the E2F targets, G2M checkpoint and mitotic spindle (Fig 9C-E). In
conclusion, we believe that these genes and pathways associated with the six-methylated pseudogenes
signature may be involved in the malignant phenotypes of glioma.

Inhibiting SBF1P1 or SUMO1P1 expression could signi�cantly control migration, invasion and
proliferation of glioma

Based on the literature reports on six-methylated pseudogenes, we found that SBF1P1 and SUMO1P1
were rarely investigated in gliomas and have not been functionally tested. Therefore, we selected them for
the following experiment. RT-qPCR was carried out using seven glioma cell lines. The results revealed that
SBF1P1 and SUMO1P1 were highly expressed in U251 and T98G cells (Figure 10A,B). To validate the
in�uence of SBF1P1 and SUMO1P1 on glioma cell proliferation, migration and invasion, we silenced
SBF1P1 and SUMO1P1 with siRNA. Four sequences of SBF1P1-1, SBF1P1-2,SUMO1P1-1 and SUMO1P1-
2 were selected to silence genes in T98G and U251 cells (Figure 10C,D). Then, functional experiments
were carried out using SBF1P1 and SUMO1P1. After transfection, MTT assay revealed that cell
proliferation viability was signi�cantly suppressed (Figure 10E,F). About 2 weeks after colony formation,
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we found that the colony formation viability of T98G cells was signi�cantly suppressed, while U251 cells
had trouble forming colonies (Figure 10G-J). Transwell and Matrigel invasion experiments showed that
migration and invasion ability of glioma cells were signi�cantly suppressed after inhibiting SBF1P1 or
SUMO1P1 expression (Figure 11A-H). Our results suggest that Inhibiting SBF1P1 or SUMO1P1 expression
can signi�cantly decrease the ability of glioma cells to proliferate, migrate and invade.

Discussion
Glioma is the most frequent primary intracranial tumor with a poor prognosis [30]. Identi�cation of
markers predicting the survivals of gliomas is required for appropriate follow-up and treatment. Over the
past few decades, varieties of molecular markers, including microRNAs [29], lncRNAs [31] and mutations
of unique genes [32] were introduced in predicting survival status.

Pseudogene, though known for useless before, has been proved to be an important part of the genome in
the true nuclear organism [33]. Besides, pseudogene, similar to the sequence of functional gene, is a
defective copy of a functional gene, but it has undergone numerous mutations in the sequence that have
lost its original function [34]. However, recently more and more studies have con�rmed that pseudogenes
have important biological functions. And some studies have suggested that the functions of certain
pseudogenes play an important regulatory role in the development of certain diseases [35]. For example,
the pseudogene CYP4Z2P was reported to correlate breast cancer [36]. Moreover, there have also been
studies about the effect of pseudogenes on the prognosis prediction in cancer. The prognosis of renal cell
carcinoma and breast cancer has been found to be associated with pseudogenes [37,38], which may
provide a new biomarker for cancer prognosis and targeted treatment. Similar studies have also been
reported in glioma. Liu et al. identi�ed �ve new pseudogenes that predict the survival of LGG patients by
constructing risk prognostic model, which provide new idea for the biological role of pseudogenes in
glioma and identify the important role of pseudogenes in prognosis [13]. However, pseudogene
methylated genes signature in glioma has not been investigated.

DNA methylation is an epigenetic event altering the activity of genes without changing their structure [39].
In addition, it can regulate genomic function and mediate carcinogenesis [40]. Abnormal DNA
methylation is considered to be an important part of tumorigenesis in several malignant tumors [41].
There are already some researches about DNA methylation in tumors, of which O6-methylguanine-DNA
methyltransferase (MGMT) methylation is particularly signi�cant. For predicting the outcome of GBM
(the grade IV glioma), MGMT has been widely studied as a biomarker [42-44]. And 10 genes associated
with MGMT promoter methylation were used to predict the outcome of glioma patients [45]. However, this
is not an experimental study. Besides, data heterogeneity and platform differences between data sets
may affect the accuracy of the results [46], so comprehensive experiments should be designed and
performed in the future to validate these �ndings.

As a result, constructing a pseudogene methylated signature so as to estimate the outcome of patients
with glioma of diverse grades is essential. Firstly, we built a prognostic model utilizing six glioma-
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associated differentially methylated pseudogenes, which were derived by layers of screening. Next,
glioma samples were divided into low- and high-risk group based on risk predictive signature. Survival
analysis revealed that high-risk group had a worse outcome compared to the low-risk group. More
importantly, the hypomethylation of those pseudogenes are basically tumor-promoting, which contributes
to the development of high-grade gliomas. Futhermore, ROC curve is also drawn to assess the accuracy
of the signature. Moreover, univariate and multivariate Cox analyses as well as nomogram were
performed to verify the risk signature. In the end, the results showed that the predictive ability of the six-
methylated pseudogenes prognosis prediction risk model was similar to that of the Nomogram
integrating risk scoring models and clinical features, which demonstrates that the signature has a
superior performance for prediction and has potential clinical application[47]. Because there might be a
false positive in the six-methylated pseudogenes signature, we further checked the outcome value of the
model in the validation dataset and entire dataset[48]. The results revealed that this model has stable
prediction ability and accuracy.

Different immune in�ltration degree can partly explain why patients with the same histology type of
cancer may have distinct clinical outcome [49]. Therefore, this study inferred the proportions of six
immune cell subsets from glioma samples using EpiDISH analysis. Moreover, there is a high correlation
between in�ltrating immune cells and tumor cell heterogeneity in different parts of immunotherap [50].
Therefore, this research inferred the proportions of six immune cell subsets from glioma samples using
EpiDISH analysis. The results indicated the high-risk group had increased proportions of B cells and
CD4+T cells, whereas monocytes were upregulated in the low-risk group. Previous studies have shown
that high B cells and monocyte in�ltration is associated with poor prognosis and high tumor grade in
glioma patients [51]. Besides, another study had shown that the high ratio of CD4 + / CD8 + tumor-
in�ltrating lymphocytes is related to poor prognosis, high tumor grade and malignancy of GBM [52].
Considered together, our �ndings are consistent with �ndings that cell in�ltration in the tumor immune
microenvironment is associated with poor survival in glioma patients.

Our GO analysis revealed that extracellular matrix, organelle �ssion and nuclear division in cancer
signi�cantly affected glioma occurrence and development. Some studies have also shown that the ECM
interacts with cells to regulate diverse functions, including proliferation, migration and differentiation [53].
In addition, ECM has also been found to correlate with prognosis and therapeutic e�cacy in patients with
cancer [54]. Furthermore, the result of our KEGG analysis supported this again. A previous study showed
that disorder of cell cycle and mitotic nuclear diversion is feature of cancer cells and leads to
uncontrolled cell proliferation [55]. Besides, Cell adhesion and cell cycle play a central role in glioma
migration and development [56]. Zou et al. had suggested that CDR1as mediate in alteration of the tumor
microenvironment through regulating ECM-receptor interaction [57]. Similarly, GSEA results revealed that
selected methylated pseudogenes are closely relevant to cancer progression and involve E2F targets,
G2M checkpoint and mitotic spindle [58-60]. Subsequently, we performed functional experiments on the
glioma cell lines. Our study showed that the knockdown of SBF1P1 and SUMO1P1 inhibited glioma cell
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proliferation, migration, and invasion in vitro. These �ndings showed that SBF1P1 and SUMO1P1 may
play a tumorigenic role.

The current WHO classi�cation and histopathological classi�cation cannot further predict accurate
prognosis for glioma patients [61], so the appearance of molecular markers and molecular typing
technology of glioma is important. In our study, consensus clustering based on the methylation degree of
six selected pseudogenes was utilized to divide samples into two glioma subtypes. The consequences
con�rm that our molecular classi�cation could steadily identify the two subtypes in glioma patients and
there is signi�cant difference between them.

However, the present study has several limitations, how the pseudogene methylation in�uences the
glioma and which factors induce methylation in the pseudogene promoter region have not been
thoroughly investigated. Exploring these factors will be our research direction in the next study period.
Although the six-methylated pseudogenes risk prognostic signature was validated in clinical glioma
patients in the validation dataset and entire dataset, the acquired data lacked some pathological features
closely related to glioma, such as molecular typing, characteristic mutation and chemoradiotherapy of
the glioma. And our present study focused merely on microarray expression datasets. Additionally, we
need to conduct further studies to illustrate the underlying mechanisms behind the functions of these
prognostic pseudogenes. Nevertheless, unlike previous studies of promoter region DNA methylation, our
research con�rms its important role in the development and progression of gliomas. It provides a
candidate as prognostic biomarkers for identifying glioma prognosis.

Conclusion
In summary, we developed a novel six-methylated pseudogenes signature to predict prognosis of glioma
patients. The signature was an independent prognostic factor, and generated good risk strati�cation
capabilities. More importantly, It can be used as a prognostic classi�er for clinical patient
individualization and follow-up.
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Figures

Figure 1

Identi�cation of methylated pseudogenes. (A)Flow chart of the study. (B)Heat map showing the
difference of pseudogene methylation in GBM and LGG.



Page 20/29

Figure 2

Construction of a risk signature based on 6 methylated pseudogenes. (A) P value and hazard ratio of the
six-methylated pseudogenes. (B) Coe�cient values for the six-methylated pseudogenes. (C) Heat map
showing risk scores in a risk model in relation to clinicopathological features. (D–G) The box chart shows
the risk assessment scores of patients with glioma at different WHO grades (D) , survival statuses (E) ,
ages (F) , and genders (G) . ns: no signi�cance; ***P<0.001.
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Figure 3

Kaplan-Meier survival and ROC curve analysis in the training, validation and entire dataset. (A-C)
KaplanMeier curves of the overall survival of patients with high-risk scores and low-risk scores in
training(A), validation(B) and entire dataset(C). (D-F) ROC curve accessing the sensitivity and speci�city
of the prognostic model in training dataset(D), validation dataset(E) and entire dataset(F).
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Figure 4

After we constructed the six-gene signature, we �rst validated their ability to effectively dissect the
survival time, survival status and survival degree of patients. (A-C)Heat map showing the degree of
methylation of six selected pseudogene promoter regions in training dataset (A) , validation dataset (B)
and entire dataset(C) of glioma patients. (D-F) Then according to the median of the risk score in
validation dataset, patients were categorized into high-risk group and low-risk group in the training
dataset (D) , the validation dataset (E) and entire dataset (F) . (G-I)The scatter plot shows the survival of
glioma patients in the training dataset (G) and the validation dataset (H) and entire dataset (I). The red
circles represent those who are dead, and the green circle represents those who are still alive.
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Figure 5

Forest maps were used to analyze the relevance between risk scores and other clinical features. (A-C)
Univariate COX analysis of pseudogenes in training dataset (A), the validation dataset (B) and the entire
dataset (C). (D-F)Multivariate COX analysis of pseudogenes in training dataset (D), validation dataset (E)
and entire dataset (F).
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Figure 6

A validation of nomogram in predicting the overall survival rate of glioma. (A) The prognostic nomogram
of 1‐, 3‐, and 5‐year overall survival of glioma. (B-J) Calibration analysis of the six-pseudogenes
containing nomogram for 1- , 3‐, and 5‐year overall survival in the training dataset (B), the validation
dataset (C) and the entire dataset (D).



Page 25/29

Figure 7

Glioma prognosis-related pseudogenes identi�ed glioma subtypes for patients with different clinical and
molecular features. (A) Consensus clustering cumulative distribution function curves for different
subtype numbers (k = 2 to k = 9). (B) Relative change in area under CDF curve for k = 2 to k = 9. (C) The
heatmap(consensus matrix) illustrating the consensus matrix at k = 2. (D) Heat map showing the
methylation difference of the 6 candidate pseudogenes with methylation classi�cation and different
clinicopathological characteristics. (E) Survival analysis of patients in cluster 1 and cluster 2.
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Figure 8

In�ltration of immune cells. (A) Heatmap shows the 6 immune cells’ proportions in of the samples in the
training dataset. (B) Violin plot analysis presents the distribution in the abundance of different immune
cell in�ltrations in two groups. (C) Correlation between different immune cells. (D)Histogram showing the
individual percent of six immune in�ltration cells in each sample.
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Figure 9

Functional enrichment analysis of the six-pseudogenes signature. (A) GO annotations were carried out
and according to the top 1747 genes positively correlated with the six-pseudogenes model. (B) KEGG
analyses were positively associated with risk score. (C-E)GSEA results showing that the high-risk group
had strong characteristics of malignancy.
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Figure 10

Knockdown of SBF1P1 and SUMO1P1 restrained the activity and proliferation of glioma cells. (A,B)
Relative expression of SBF1P1(A) and SUMO1P1(B) in nine cell lines. (C,D) The relative silencing levels of
SBF1P1 (C) and SUMO1P1 (D) in T98G and U251 cells was detect by RT-qPCR. (E,F) Cell proliferation was
performed by the MTT assay after silencing with SBF1P1 (E) and SUMO1P1 (F) in T98G and U251
cells. (G-J)Colony formation assays for T98G cells in which SBF1P1 (G,H) and SUMO1P1 (I,J) was
silenced expressed for 14 days. ns: no signi�cance; *P<0.05; **P<0.01; ***P<0.001.
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Figure 11

ilencing SBF1P1 and SUMO1P1 can restrain the ability of glioma cells to migrate and invade. (A-
H)Typical imaging or counting of migration and invasion assays after silencing SBF1P1(A-D) and
SUMO1P1(E-H). Scale bar, 100µm. *P<0.05; **P<0.01; ***P<0.001.
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