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Abstract

Introduction: This research hoped to explore the molecular mechanism of neutrophil extracellular traps (NETs) on glioblas-
toma multiforme (GBM) progression, and develop a promising prognostic signature for GBM based on NETs-related genes
(NETGs).

Material and methods: Gene expression data and clinical data of GBM tumour samples were downloaded from TCGA and
CGGA databases. NETs-related molecular subtypes were explored by using ConsensusClusterPlus. The NETGs with a prog-
nostic value were identified, and then a prognostic model was constructed using LASSO Cox regression. The predicted
performance of the prognostic model was evaluated using TCGA training and CGGA validation cohorts. Moreover, inde-
pendent prognostic indicators were identified by univariate and multivariate analysis to generate the nomogram model.
The sensitivities for antitumor drugs and immunotherapy were predicted. Finally, hub genes in the prognostic model were
validated using qPCR analysis.

Results: GBM patients were divided into two molecular subtypes with significant differences in tumour microenvironment
(TME) score, survival, and immune infiltration. A NETGs signature was constructed based on seven genes (CPPED]1, F3,
G0S2, MME, MMP9, MAPK 1, and MPO), which had a high value for predicting prognosis. A nomogram was constructed by
two independent prognostic factors (age and risk score), which could be used to predict 1-, 2-, and 3-year survival proba-
bility of GBM. Patients in the high-risk group were more sensitive to bicalutamide, gefitinib, and dasatinib; patients in the
low-risk group were associated with poor response to immunotherapy. The validation of the six genes in the prognostic
model was consistent with the results of bioinformatics analysis.

Conclusions: The NETs-based prognostic model and nomogram proposed in this study are promising prognostic prediction
tools for GBM, which may provide new ideas for the development of precise tumour targeted therapy.

Key words: glioblastoma multiforme, neutrophil extracellular traps, molecular subtypes, prognostic model, bio-
markers, survival analysis.

therapy or radiation treatment followed by the clinical

Introduction surgery are standard treatment strategies and proce-

Glioblastoma multiforme (GBM) is commonly knowns
as a human aggressive cancer that takes up almost
15% of all brain tumours [30]. Statistically, the survival
for patients with GBM is about 12 to 15 months, with
its five-year survival rate of less than 5% [47]. Chemo-

dures for patients with GBM [28]. Unfortunately, due
to the limited effect of drugs or therapy, prevention of
GBM recurrence remains a challenge. [11].

Neutrophils are a vital member of the innate immune
system, and one of their defence mechanisms, neutro-
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phil extracellular traps (NETs), is a hot topic of the cur-
rent research [31]. NETs are network structures consist-
ing of DNA histones and proteins released by activated
neutrophils that can trap bacteria, fungi, protozoa and
viruses [27]. In recent years, a large number of animal
models and tumour patient data have shown that NETs
are involved in tumour progression and metastasis [1,7].
The prognostic value of NETs has also been revealed in
various human diseases including glioma [50]. In tumour
microenvironment (TME), tumour associated neutrophils
recruited by tumour cells are closely related to the for-
mation of NETs [19]. NETs usually play an antibacterial
role, but excessive NETs can damage surrounding tissues
by increasing the proinflammatory response, promote
tumour angiogenesis and cancer-related thrombosis [20].
During this process, certain NETs-related genes (NETGs)
have proved to play a crucial role. For example, a previ-
ous study shows that NETGs CCDC25 senses extracellu-
lar DNA to promote the tumour cell motility [44]. Deng
et al. indicated that DDR1 overexpression contributed to
the formation of NETs, which further led to the cancer
cell invasion and metastasis [8]. Although neutrophil is
associated with GBM process via systemic inflammation,
the literature analysing the mechanism of NETs in GBM
is still scarce [25]. Thus, recognition of the unique altered
pattern of NETs in GBM will enhance the understand-
ing of tumour development and provide implications for
innovation in GBM treatment and prognostic strategies.

In this study, the gene expression data and clinical
information data of GBM tumour samples were down-
loaded from TCGA database, and GBM patients were clas-
sified based on the NETGs expression profiles. The clinical
characteristics, TME, immune cells, and GSEA enrichment
were compared between subtypes. Next, a prognostic
signature was constructed using the TCGA training set
and then its predictive performance was validated in
the TCGA and CGGA cohorts. The correlation between

prognostic signature and immune features were further
explored. Moreover, independent prognostic indicators
were identified to develop a nomogram model. The sensi-
tivities for antitumor drugs and immunotherapy between
different risk groups were predicted. Finally, based on
three GBM cell lines, the gene expression of certain sig-
nature genes obtained in this study were validated using
gPCR analysis. The flow chart of this research is displayed
in Figure 1. We hope to reveal the potential molecular
mechanism of NETs on GBM progression, and investigate
a promising prognostic model of GBM based on NETGs.

Material and methods
Microarray data and pre-processing

The RNA-seq data (log2(fpkm+1)) of TCGA-GBM
including 168 tumour and five paracancerous tissue
samples were obtained from the UCSC Xene data-
base [13]. At the same time, the clinical data of these
samples, including age, sex, Karnofsky performance
score, shortest dimension, longest dimension, and dis-
ease-free status, were also downloaded. A total of 167
GBM tissue samples with prognostic information were
finally enrolled for the follow-up study. In addition, the
RNA-seq (fpkm) data and corresponding clinical prog-
nosis information of GBM in mRNAseq_693 datasets
were downloaded from the CGGA database [55] as the
validation data. According to the clinical information of
Grade, WHO IV samples and samples with OS progno-
sis information were selected. Finally, totally 237 GBM
tissue samples were enrolled for subsequent analysis.

NETs subtypes exploration
and rationality validation

A total of 69 NETGs were obtained from a previous
study provided by Zhang et al. [54]. After matching with
the gene expression matrix of TCGA-GBM, the expres-
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sion values of NETGs in 167 cancer patients with prog-
nostic information were obtained. Based on the expres-
sion of NETGs, the ConsensusClusterPlus package [53]
in R software (version: 3.6.1) was applied for the NETs
subtypes investigation with the following parameters:
cluster algorithm = pam; correlation method = Pear-
son; item subsampling proportion = 0.8; feature subsa-
mpling proportion = 1. Then, utilizing ssGSEA algorithm
and Gene Set Variation Analysis (GSVA) in R, the enrich-
ment fraction of each immune cell in different samples
was calculated to represent the relative abundance of
infiltrating cells in samples. Meanwhile, the difference
of enrichment score (p value) between subtypes was
compared by Wilcoxon signed-rank test. The result was
visualized by violin plot.

Correlation analysis between prognosis
of subtypes and clinical information

To reveal the difference in prognosis between sub-
types, the K-M survival investigation was performed by
using survival package (version: 3.4) [38]. Then, the rela-
tionship between prognosis of NETs subtypes and clinical
characteristics was further evaluated. For factor variables,
chi square test was used for statistical significance test. For
numerical variables including age, Karnofsky performance
score, shortest dimension and longest dimension, the sig-
nificance was revealed by Wilcoxon signed-rank test.

Immune cell infiltration analysis
among different subtypes

To reveal the association between NETs subtypes
and TME, algorithms including ESTIMATE [46], CIBER-
SORT [4] and MCPcounter [46] were used to evaluate
the immune microenvironment state of different sub-
types. Then, the enrichment fraction of each immune
cell in different samples was calculated. Finally, the Wil-
coxon signed-rank test was used to compare differenc-
es in immune cells among subtypes.

Analysis of immune checkpoint genes
and human leukocyte antigen genes
among subtypes

Based on the expression data in tumour samples,
the expression of 15 immune checkpoint genes and
19 human leukocyte antigen (HLA) genes were extract-
ed. Then, their expression difference between NETs
subtypes was revealed by using T test.

HALLMARK gene set enrichment
analysis between subtypes

Based on h.all.v7.4.symbols.gmt enrichment back-
ground in MSigDB v7.1 database [22], the enrichment
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scores of the HALLMARK gene set in each sample were
calculated and sorted using GSEA algorithm in cluster-
Profiler package in R [14] with Benjamini & Hochberg
(BH) adjusted p < 0.05.

Screening for NETGs
with prognostic value

Using survival package (version: 2.41-1) [40] in R soft-
ware, the univariate Cox regression analysis was per-
formed to identify NETGs that are related to prognosis
(prognostic NETGs) based on the expression value of
NETGs. P < 0.05 was considered as the cut-off value
for further analysis.

Establishment and validation
of the prognostic NETs-signature model

Based on LASSO Cox regression in R (version: 3.6.1)
[39], the optimal gene set was investigated from the pro-
gnostic NETGs in the TCGA-GBM training dataset.
Briefly, glmnet package (version: 2.0-18) was applied
to select the optimal penalty parameter A associated
with 20-fold cross-validation, and then the optimization
prognostic model was constructed. Moreover, the risk
score (RS) of each patient was calculated using the fol-
lowing formula:

RS = 2Byerc * EXPrerc

In this formula, B, represents Cox regression
prognostic coefficient and Expy represents the ex-
pression levels of NETGs in each sample.

According to the prognostic coefficient of signa-
ture genes, the RS value of each sample in the TCGA
and CGGA was calculated as appropriate. All samples
in TCGA and CGGA were divided into High_Risk and
Low_Risk sample groups according to the median value
of RS. The association between the grouping (High_Risk
and Low_Risk) and survival prognostic information was
evaluated by using the KM method (version: 2.41-1) in
survival package of R. Further, the ROC curves of the 1-,
2-, and 3-year survival in the TCGA and CGGA cohorts
were plotted to evaluate the predictive performance of
the models.

Correlation analysis between RS
and clinical characteristics

The RS under each clinical grouping was visualized
by using the box diagram, followed by the calculation of
a significant p value between the two groups based on
Wilcoxon signed-rank test. Spearman correlation coeffi-
cient was applied to calculate the correlation between
clinical features and RS. Finally, the result was visualized
by using scatter plots.
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Screening of independent risk factors
for prognosis

The univariate and multivariate Cox regression
analysis based on age, sex, Karnofsky performance
score, shortest dimension, longest dimension, and RS
were performed to screen the independent risk factors.
P < 0.05 was set as the cut-off value. To provide a refer-
ence for predicting the prognosis of patients with GBM,
nomogram was generated based on the independent
prognostic factors. Meanwhile, the prognostic ability of
nomogram was evaluated by using the correction curve
and ROC analysis.

Correlation analysis between immune
cell and signature genes

Based on the relative abundance of infiltrating
cell obtained between subtypes, the correlation be-
tween immune cell and signature genes was explored.
The result was visualized by heatmap according to
the Spearman coefficient and p value.

Drug sensitivity analysis between two
risk groups

To explore the differences in drug sensitivity between
High_Risk and Low_Risk groups, the semi-inhibitory
concentration (ICSO) values of common chemotherapy
drugs were calculated by using the pRRophic algorithm
according to the GDSC cell lines and TCGA-GBM gene
expression profile [12]. Data of the two groups were
analyzed by using the Wilcoxon signed-rank test.

Immunotherapeutic response prediction

Tumour immune dysfunction and exclusion (TIDE)
analysis can be used to predict immunotherapeutic
responses based on two major tumour immune escape
mechanisms [17]. In this study, TIDE value of each sam-
ple in the High_Risk or Low_Risk groups were evaluat-
ed by using the TIDE tool (http://tide.dfci.harvard.edu/),
and then analyzed by the Wilcoxon signed-rank test.

Correlation analysis between NETs
subtype and different risk groups

The distribution proportion of NETs subtypes in
High_ and Low_Risk groups was counted, and the sig-
nificance was calculated by y? test.

Quantitative real-time PCR (qPCR)
verification analysis

To further investigate the expression of prognostic
genes (CPPED1, F3, G0S2, MME, MMP9 and MPO)
revealed in bioinformatics analysis, a verification experi-

ment was performed based on the GBM and normal gli-
al cell lines. Briefly, three GBM cell lines including U251,
U87 and T98G were purchased from the Cell Bank of Chi-
nese Academy of Sciences (Shanghai, China). The com-
plete medium used for cell culture was a mixture of
Roswell Park Memorial Institute (RPMI) 1640 medium
(Hyclone, USA) and foetal bovine serum (Hyclone, USA),
with 10% foetal bovine serum. Cells were maintained
in an incubator at 37°C with 5% CO,. Then, total RNAs
were extracted from cells in GBM cell lines and normal
cells using TRIZOL reagent (Invitrogen, USA), and then
reverse transcription was conducted using RevertAid™
First Strand cDNA Synthesis Kit (Thermo Fisher Scien-
tific) in accordance with manufacturers’ instructions.
The gPCR was performed on an ABI7500 Real-time
PCR system (Applied Biosystems, USA). The amplifica-
tion primers for detected genes are as follows: CPPED1
(forward (F): 5-CTGGAGGATGAGAAGGCAAC-3’; reverse
(R): 5’- CTGGAGGATGAGAAGGCAAC-3%); F3 (F: 5°-GCTAT-
GGGTTCAACCTGCAT-3’; R: 5’-AAGCCCGCTTGAAGTGTT-
CAT-3"); GOS2 (F: 5’-GCTGTTGCTCGCAGTCCT-3%; R: 5’- GA-
CTTTCCTCGCATCACCTC-3%); MME (F: 5’-TGTAAAGCCA-
CCCACAAACA-3’; R: 5- GTTGCTGCCTGTTGACTTGA-3%);
MMP9 (F: 5’-AGGGAAGAAGCGTCATGAGA-3’; R: 5’-TCA-
CTGGTTTAGGCGATTCC-3%), and MPO (F: 5-TCACCAA-
CTTCAACCGTGAC-3’; R: 5-GGGAACTGGGACAGGTAG-
GT-3’). GAPDH was used as an internal control (F: 5’-AT-
CATCAGCAATGCCTCCTG-3’; R: 5-ATGGACTGTGGTCAT-
GAGTC-3’). The PCR program included 95°C for 5 min,
35 cycles of 95°C for 30 s and 52°C for 30 s. The relative
expression was calculated using the 2 2% method [23].

Statistical analysis

All statistical analyses were conducted using the
R software (version: 3.6.1) with corresponding pack-
ages and GraphPad Prism 8.0 software. Univariate
Cox regression and LASSO analyses were used to con-
struct the prognosis model. Univariate and multivariate
regression analyses were applied to identify indepen-
dent prognostic risk factors. The gene expression dif-
ferences between GBM and normal cells were calculat-
ed using the Wilcoxon signed-rank test. P < 0.05 was
considered be of statistical significance.

Results

Investigation and validation of two
NETs subtypes

Based on 69 NETGs expression profile, 167 GBM
patients from TCGA were divided into two subtypes:
cluster 1 and cluster 2 (Fig. 2A-C). The PCA analysis
showed a significant difference of gene expression
between these two NETs subtypes (Fig. 2D). Moreover,
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Fig. 2. Two neutrophil extracellular traps (NETs) subtypes revealed by ConsensusClusterPlus. A) The con-
sensus matrix showed two clusters of NETs. B) The consensus of cumulative density function showed the
optimal K = 2. C) Delta area plot showed the relative change value of CDF area under curve. D) The PAC
showed a significant difference between two subtypes of NETs. E) The violin chart showed a significant
difference in NETs score between two subtypes. X-axis represents different clusters, Y-axis represents the
score, and the top number represents the significance — p value.

the Wilcoxon signed-rank test showed that the enrich-
ment score in cluster 1 was significantly higher than
that in cluster 2 (p < 0.01) (Fig. 2E).

Correlation between NETs subtypes
and clinical characteristics

The correlation between NETs subtypes and clinical
characteristics of GBM patients showed that the clini-
cal characteristics among the subtypes was not signifi-
cant (Table I). Moreover, the K-M analysis indicated that
there was a significant difference (p < 0.01) between
two subtypes in clinical prognosis (Fig. 3A). Com-
pared with cluster 1, the survival probability of GBM
patients was higher than that in cluster 2. In addition,
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the expression heatmap of 69 NETGs in each sample is
shown in Figure 3B.

Immune cell infiltration analysis
between two NETs subtypes

A total of 10 kinds of immune cells including CD4
T cell were significantly different between two sub-
types based on CIBERSORT (all p < 0.05) (Fig. 4A).
Moreover, the results of MCPCounter analysis showed
that seven immune cells (such as T cells) and one
stromal cell (fibroblasts) were significantly different
between two subtypes (all p < 0.05) (Fig. 4B). Further-
more, the results of ESTIMATE analysis showed that
stromal score, immune score, and ESTIMATE score in
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Table I. Correlation between NETs subtypes and clinical characteristics of GBM patients

Characteristics Cluster 1 Cluster 2 Total (N = 167) P value
(n=86) (n=281)

Age (years) 0.33
Mean +SD 60.65 +12.32 57.73 £14.70 59.23 £13.56
Median [min, max] 60.50 [21.00, 89.00] 60.00 [21.00, 85.00] 60.00 [21.00, 89.00]

Sex, n (%) 0.97
Female 31 (18.56) 28 (16.77) 59 (35.33)
Male 55 (32.93) 53 (31.74) 108 (64.67)

Karnofsky performance score 0.89
Mean +SD 76.62 +13.50 75.59 +£16.00 76.13 +14.69
Median [min, max] 80.00 [40.00, 100.00] 80.00 [40.00, 100.00] 80.00 [40.00, 100.00]

Shortest dimension 0.08
Mean +SD 0.48 +0.25 0.41+0.22 0.45 +0.24
Median [min, max] 0.40[0.10, 1.00] 0.30[0.10, 0.90] 0.40[0.10, 1.00]

Longest dimension 0.35
Mean +SD 1.16 +0.34 1.12 £0.43 1.14 +0.39
Median [min, max] 1.00[0.60, 2.00] 1.00[0.50, 2.50] 1.00[0.50, 2.50]

Disease-free status, n (%) 0.53
Disease free 8 (6.72) 11 (9.24) 19 (15.97)
Recurred/progressed 53 (44.54) 47 (39.50) 100 (84.03)

NETs — neutrophil extracellular traps, SD — standard deviation, GBM — glioblastoma multiforme

cluster 1 were all significantly higher than those in clus-
ter 2 (all p < 0.01) (Fig. 4C).

HLA gene expression, immune
checkpoint gene expression and
Hallmark enrichment analysis between
two NETs subtypes

The result of the HLA analysis showed that except
for HLA-DOB, the other 18 genes were differentially
expressed between two subtypes (Fig. 5A). For exam-
ple, the expression of HLA-B in cluster 1 was significant-
ly higher than that in cluster 2 (p < 0.001). Moreover,
the expression of BTLA, CD274, CD47, CTLA4, HAVCR?2,
ICOS, PDCD1, PDCD1LG2, TNFRSF4 and TNFRSF9 in
cluster 1 was significantly higher than that in cluster 2
(all p < 0.05) (Fig. 5B). In addition, Hallmark gene set
enrichment analysis of cluster 1 vs. cluster 2 revealed
that 28 up-regulated Hallmark gene sets and eight
down-regulated Hallmark gene sets were enriched in
cluster 1. Top 10 up-regulated and all down-regulated
Hallmark gene sets are displayed in Figure 5C and D. For
example, cluster 1 subtype was mainly associated with
IL6/JAK/STAT3 signalling and inflammatory response
pathways, while cluster 2 subtype was mainly involved
in G2M checkpoint and E2F targets pathways.

Development of the prognostic model
based on the NETGs

Univariate Cox regression analysis was performed
on 69 NETGs to screen genes with a prognostic value.
With p < 0.05, a total of 15 prognostic NETGs were iden-
tified (Fig. 6A). Then, LASSO regression was applied to
determine the optimal A value, and seven optimal risk
genes were screened, including six up-regulated genes
(CPPED1, F3, GOS2, MME, MMP9 and MPO) and one
down-regulated gene (MAPK1) (Fig. 6B and C). The pro-
gnostic model was constructed using these genes and
RS was calculated as follows: RS = Exp (CPPED1) *
(0.223340457) + Exp (F3) * (0.1517013) + Exp (G0S2) *
(0.046311722) + Exp (MAPK1) * (-0.219913858) + Exp
(MME) * (0.192197058) + Exp (MMP9) * (0.016505054)
+ Exp (MPQO) * (0.414575274). Then, samples from TCGA
training data and CGGA validation data were assigned
into two different risk groups (High_Risk and Low_Risk)
based on the median RS.

In the TCGA training cohort, patients in the High_
Risk group had worse survival time than those in the
Low_Risk group (Fig. 6D). A greater proportion of deaths
were observed in the High_Risk group compared to
the Low-Risk group (Fig. 6E). Moreover, the AUC values
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Fig. 3. Correlation between NETs subtypes and clinical characteristics. A) Kaplan-Meier (KM) survival curve
revealed the significant difference between two subtypes of NETs. The blue line represents a sample in
cluster 2, while red line represents a sample in cluster 1. B) Expression heatmap of 69 NETSs related genes
in each sample.

of ROC curves for 1-, 2-, and 3-year overall survival were
0.695, 0.75, and 0.808, respectively (Fig. 6F).

In the CGGA validation cohort, overall survival was
significantly worse in the High_Risk group than the
Low Risk group (Fig. 6G). The RS and patient survival
status distributions are displayed in Figure 6H. Mean-
while, the AUC values for 1-, 2-, and 3-year overall sur-
vival were 0.619, 0.63, and 0.657, respectively (Fig. 6l).
Collectively, these results indicated that the prognos-
tic model might have good predictive performance for
overall survival of patients with GBM.
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Correlation analysis of RS with clinical
characteristics of GBM patients

The correlation analysis of RS with NETs subtypes
or RS with clinical characteristics (age, sex, Karnofsky
performance score, and disease-free status) were per-
formed. Results showed that significant difference of
RS among different subtypes (Supplementary Fig. 1A).
However, the correlation between RS and each clini-
cal characteristic was not significant (Supplementary
Fig. 1B-E). Scatter diagram analysis of Spearman cor-
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Fig. 4. Inmune-associated analysis of two NETs subtypes. A) Box diagram revealed the result of immune cell
infiltration between two NETs subtypes by using CIBERSORT analysis. X-axis represents different immune
cells, while Y-axis represents EnrichScore. B) Box diagram revealed the result of immune cell infiltration
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*0.01 < p < 0.05, **0.001 < p < 0.01, **p < 0.001, ****p < 0.0001; ns — not significant.

relation between RS, longest dimension, and shortest
dimension showed that there was no significant cor-
relation between RS and clinical characteristics (Sup-
plementary Fig. 1F, G).

The independent analysis
for the prognostic model

Age, sex, Karnofsky performance score, shortest
dimension, longest dimension, and RS were used for
independent analysis. With p < 0.05, the univariate and
multivariate Cox regression analyses revealed that two
indicators (RS and age) could be used as independent
prognostic factors (Fig. 7A, B). Subsequently, a nomo-

gram incorporating the RS and age was constructed
(Fig. 7C). Each variable was scored on the point scale
axis. The total score could be easily calculated by add-
ing each individual score to estimate the GBM’s sur-
vival probabilities. The result showed that the current
nomogram could be used to predict 1-, 2- and 3-year
survival probabilities of GBM.

Further, we evaluated the predictive performance of
the nomogram. The calibration curve for 1- and 2-year
overall survival indicated high consistency between
nomogram predictions and actual observations (Fig. 7D).
Meanwhile, the AUC of the nomogram in predicting
1-, 2-, and 3-year survival were 0.735, 0.751, and 0.809,
respectively (Fig. 7E).
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Fig. 7. Independent prognostic factor investigation and nomogram development of GBM. A) Univariate regression of the
RS and clinical factors (age, sex, Karnofsky performance score, shortest dimension, and longest dimension). B) Multivar-
iate regression revealed the independent factors for GBM. C) Nomogram model predicting the 1-, 2-, and 3-year OS in
patients with GBM: the nomogram was used by summing all points identified on the scale for each variable; the total
points projected on the bottom scales indicate the probabilities of 1-, 2-, and 3-year survival. D) Nomogram calibration
curve analysis of 1-, 2-, and 3-year survival. E) The ROC curve of 1-, 2-, and 3-year survival.
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Fig. 8. Drug sensitivity, immunotherapeutic response, and NETs subtypes correlation analysis based on the high-risk
group and the low-risk group determined by the prognostic model. A) Box diagram showed the 1C50 difference of
bicalutamide sensitivity between High_Risk and Low-Risk groups. The red block represents the High_Risk group, and
the green block represents the Low_Risk group. B) Box diagram showed the 1C50 difference of gefitinib sensitivity
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Correlation analysis between immune
cell and signature genes

Based on the relative abundance of different
immune cells obtained between NETs subtypes, the
correlations between immune cells and seven signa-
ture genes were explored. The correlation heatmap
was showed in Supplementary Figure 2. For example,
CPPED1 and monocytic lineage showed the stron-
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gest positive correlation, while MMP9 and monocytes
showed the strongest negative correlation.

Drug sensitivity and
immunotherapeutic response analysis

The difference in IC,, values of sensitivity to drugs
between two risk groups was revealed. The result
showed that the IC., values of 82 drugs were signifi-

13




Guanghui Sun, Wei Liu

w

*%

N
1

Relative mRNA expression of CPPED1

o
1

Control U251 us? 798G

(@]

*%

Relative mRNA expression of GOS2

T98G

Control U251 us7
Eo\ ;

o

=

§ 4 *kk

c

2

w

H *%
3

[}

<

=

o

€

4

=

kc

&

Control U251 us7 T98G

B 10
i
k) g Kk
=
2
a
g 6 wekek Hkk
3
s
z 47
€
o
2 ]
E 2
&
0- T
Control U251 us7 T98G
15
w
=
=
s
< Hokk
‘@ 10 7
wv
g Kk
3 Kk
[} I
<<
Z 5
£
o
=
ko
&
0- T
Control U251 us7 T98G
3
o
a
=
w“
o *kk
s
'5 2 *% *k
s
3
b}
<
Z 1
S
o
2=
=]
]
[}
x
0- T
Control U251 us7 T98G

Fig. 9. A-E) Results of qPCR validation analysis for six signature genes in the prognostic model. X-axis rep-
resents different cells, while the Y-axis represents the relative mRNA expression of genes. Control, normal
glial cells; U251, U87 and T98G, three different GBM cell lines. **p < 0.05, ***p < 0.01.

cantly different between two risk groups (all p < 0.05,
data not shown). For example, the IC;, values of
bicalutamide, gefitinib, and dasatinib in the High_Risk
group were significantly lower than those in the Low_
Risk group (all p < 0.05), indicating that these antitu-
mor drugs would be more efficient for GBM patients
in the High_Risk group (Fig. 8A-C). Moreover, the TIDE
value of each sample in two risk groups was compared.
The result indicated that TIDE score of the Low_Risk
group was significantly higher than that of the High_
Risk group (p < 0.05), suggesting that the greater the
potential for immune escape and the worse the effi-
cacy of immunotherapy for patients in the Low_Risk
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group (Fig. 8D). Further, the correlation between differ-
ent risk groups and subtype distribution was analyzed
by using the %2 test (Fig. 8E). The results showed that
GBM patients in the Low_Risk group tended to be con-
centrated in cluster 2, while patients in the High_Risk
group are inclined to be assigned in cluster 1.

Validation of signature genes
expression in cell lines by qPCR

Expression of six signature genes (including CPPED1,
F3, GOS2, MME, MMP9, and MPO) in three kinds of
GBM cell lines and one normal cell (control) were inves-
tigated based on gPCR analysis. The result showed
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that the expression of six genes was significantly
higher in three GBM cell lines (U251, U87, and T98G)
than those in controls (all p < 0.05) (Fig. 9). The ex-
pression of 6 genes in verification analysis was in
accordance with the result of our current bioinformatic
study, which indicated a reliable result for this study.

Discussion

Glioblastoma multiforme is the deadliest form of
brain tumour with a poor prognosis worldwide [15].
Although NETs play vital roles in the development and
prognosis of various human cancers, the detail molecu-
lar mechanism of NETs in GBM remains unclear. In this
study, the molecular mechanism of NETs in GBM patho-
genesis was revealed by molecular subtype investiga-
tion and prognostic signature identification, which pro-
vide a basis for future studies on early diagnosis and
treatment of GBM.

NETs have been proved to be successfully used for
the identification and validation of molecular subtypes in
human cancer such as renal cell carcinoma [34]. During
this process, the inflammation and immune response of
NETs is of vital importance. It is known that NETs partic-
ipate in inflammation and immune response of human
glioma [52]. As an immune check point gene, cell death
(CD)47-mediated immune evasion is closely related with
GBM progression [16]. It has been proved that CD47 is
a promising antibody target for GBM since it enhanc-
es tumour cell phagocytosis [49]. Mast cells are widely
recognized as critical effector cells in immunoglobulin
E-associated acquired immune responses. A previous
study shows that mast cells can modulate proliferation,
migration and stemness of GBM cells [2]. Meanwhile,
as a cell type in TME, neutrophils can promote tumour
growth in glioma [26]. The important role of neutrophils
and NETs in host defence, chronic inflammation, and tis-
sue disrepair has been revealed in a previous study [3].
It has been shown that the different immune score can
be used to define subtypes with different clinical and
micro-environmental cell infiltration characteristics in gli-
oma [56]. In fact, these differences in immune response
and inflammation are important indicators of different
subtypes in human cancer. In this study, two NETs-re-
lated subtypes in GBM were revealed based on NETGs.
The immune cell including neutrophils and mast cells,
as well as immune check point genes like CD47 were all
significantly differentially expressed between two NETs
subtypes. Meanwhile, the immune score calculated by
ESTIMATE also exhibited a difference between two NETs
subtypes. Importantly, the survival and clinical charac-
teristics correlation analysis showed visible difference
between patients in different NETs subtypes. Thus, we
speculated that NETs classification could be used to
define subtypes in GBM.

Folia Neuropathologica 2023; 61
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It is known to all that NETs and related genes can
be used as prognostic markers in veracious kinds of
human diseases like COVID-19 and terminal cancer
[29,35]. Based on NETs, Quan and Huang successfully
identified and validated several prognostic signatures
in renal cancer including GOS2 and MMP9 [34]. In this
research, we also constructed a reliable prognostic
model for GBM based on NETGs. The GO/G1 switch
gene 2 (GOS2) is dysregulated in the brain metasta-
ses of patients with breast cancer [5]. A previous study
shows that GOS2 is a breast cancer tumour suppressor,
which could be used as a novel prognostic marker [45].
Matrix metallopeptidase 9 (MMP9) is a reliable diag-
nostic marker in various kinds of human glioma [6]. As
a neutrophil marker, MMP9 together with MPO is ele-
vated with self-reported fever in malaria [36]. Myelop-
eroxidase (MPO) is commonly observed to be differen-
tially expressed in human cancer [24]. As a marker for
NETs levels, MPO-DNA complexes are closed associated
with the cardiovascular risk [9]. In addition, Calcineurin
Like Phosphoesterase Domain Containing 1 (CPPED1)
is a novel molecule involved in glucose uptake in adi-
pocytes. A previous integrated analysis of miRNA-mR-
NA regulatory network showed that CPPED1 is one of
the hub genes in osteonecrosis [48]. Coagulation Factor
Il (F3) is one of the proteins that participate in hae-
mostatic and inflammatory processes [32]. As a trans-
membrane glycoprotein, membrane metalloendopep-
tidase (MME) can interrupt tumour cell adhesion and
lead to a beneficial outcome for patients, indicating
a promising prognostic marker for esophageal squa-
mous cell carcinoma [21]. In this study, a prognostic sig-
nature constructed by seven signature genes including
CPPED1, F3,G0OS2, MME, MMP9, MAPK1, and MPO were
developed to stratify GBM patients into High_Risk and
Low_Risk groups, and the time-dependent ROC analy-
sis proved a good predictive ability of this signature.
The expression of six genes in gPCR verification anal-
ysis was in accordance with the result of our current
bioinformatic study. Meanwhile, the High-Risk patients
were associated with poor survival and low IC, value
in chemical drugs like bicalutamide. It is reported that
the sensitivity to chemotherapy drugs can be used to
determine the clinical prognosis [33]. In a cupropto-
sis-based signature study for glioma, the IC.; values of
bicalutamide was lower in the high-CuproptosisScore
group than those in the low-CuproptosisScore group
[41], suggesting that analysing the drug sensitivity of
different risk groups will guide the development of
personalized treatment. All these results in the current
study indicate that NETs-related prognostic signature
could predict the survival of patients with GBM. Genes
including CPPED1, F3, GOS2, MME, MMP9 and MPO
might be novel prognostic markers for GBM prognosis.
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The nomogram is widely used as a predictive device
in oncology and medicine [42]. It is commonly used
to explore the risk of human cancers [51]. In a previ-
ous study, the nomogram accurately classified GBM
patients into two risk groups based on gene signature,
indicating the value of the nomogram in predicting sur-
vival in GBM [43]. A previous study shows that a nomo-
gram has been successfully established for predicting
the OS of patients with GBM [18]. It has been proved
that factors including age and RS were independent
predictors of GBM participating in the nomogram con-
struction [10,37]. In this study, the current nomogram
constructed by screening two independent indicators
including age and RS could be used to predict 1-, 3- and
5-year survival probability of GBM. The calibration
curve of the nomogram indicated that the predicted
survival rates of 1-, 2- and 3-year have superior accura-
cy. Thus, the novel nomogram established by two inde-
pendent predictors including age and RS were valuable
in predicting the survival of GBM.

In conclusion, a NETs-related prognostic signature
was developed, which could independently predict
GBM survival. NETs classification might be used to
define subtypes with distinct clinical and microenviron-
ment cell infiltration characteristics in GBM. CPPED1,
F3, GOS2, MME, MMP9 and MPO might be novel bio-
markers for GBM prognosis.
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