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Abstract

Glioblastoma multiforme (GBM) is a devastating brain tumour without effective
treatment. Recent studies have shown that autophagy is a promising therapeutic
strategy for GBM. Therefore, it is necessary to identify novel biomarkers associated
with autophagy in GBM. In this study, we downloaded autophagy-related genes from
Human Autophagy Database (HADDb) and Gene Set Enrichment Analysis (GSEA) web-
site. Least absolute shrinkage and selection operator (LASSO) regression and multi-
variate Cox regression analysis were performed to identify genes for constructing
a risk signature. A nomogram was developed by integrating the risk signature with
clinicopathological factors. Time-dependent receiver operating characteristic (ROC)
curve and calibration plot were used to evaluate the efficiency of the prognostic
model. Finally, four autophagy-related genes (DIRAS3, LGALS8, MAPKS8 and STAM)
were identified and were used for constructing a risk signature, which proved to be an
independent risk factor for GBM patients. Furthermore, a nomogram was developed
based on the risk signature and clinicopathological factors (IDH1 status, age and his-
tory of radiotherapy or chemotherapy). ROC curve and calibration plot suggested the
nomogram could accurately predict 1-, 3- and 5-year survival rate of GBM patients.
For function analysis, the risk signature was associated with apoptosis, necrosis, im-
munity, inflammation response and MAPK signalling pathway. In conclusion, the risk
signature with 4 autophagy-related genes could serve as an independent prognostic
factor for GBM patients. Moreover, we developed a nomogram based on the risk
signature and clinical traits which was validated to perform better for predicting 1-,

3- and 5-year survival rate of GBM.
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1 | INTRODUCTION

Glioblastoma multiforme (GBM) is one of the most aggressive types
in glioma with 5-year survival rate of 5%. Although current treat-
ment approaches, including maximum safe resection and adjuvant
chemoradiotherapy, have been adopted, the median overall survival
is only about 15 months.? Despite the progress of experimental
technologies and therapeutic regimens in this field, such as inhibi-
tion of oncogenic signal transduction, anti-angiogenesis and immu-
notherapy, GBM remains incurable.® It is thus necessary to explore
novel biomarkers or targets for GBM treatment.

Recent study has showed that autophagy is involved in tu-
morigenesis and development of GBM.* Autophagy is a cellular
self-digestive process that protects cells via eliminating damaged
or abandoned intracellular components under the conditions of
hypoxia, oxidative stress or nutrient starvation.” Autophagy can
govern the fate of cancer cells via initiating pro-survival or pro-
death mechanisms.® As a first-line chemotherapeutic agent, te-
mozolomide (TMZ) has shown benefit for prolonging the survival
of GBM patients.” TMZ preferentially induces autophagic death
in GBM cells rather than apoptosis through PI3K/AKT/mTOR
signalling pathway.® However, further study demonstrates that
persistent inhibition of PISK/AKT/mTOR by TMZ can only induce
autophagy transiently and promote drug resistance of GBM.”° In
the meantime, combination with autophagy inhibitors or regula-
tors can interfere with the therapeutic effects of TMZ for GBM.!!
These researches reveal that autophagy-targeted therapy is a
promising approach to potentiate the efficacy of conventional
therapies in GBM.

In this study, we identified four autophagy-related genes as-
sociated with the prognosis of GBM patients from the TCGA,
REMBRANDT and Gravendeel data sets. A risk signature was estab-
lished based on the four genes and proved to be an independent risk
factor for GBM patients. Furthermore, we developed a nomogram
that integrated the risk signature with clinicopathological factors
(IDH1 status, age and experience of radiotherapy or chemotherapy)
and validated its better performance for predicting 1-, 3- and 5-year
survival rate of GBM patients.

2 | MATERIALS AND METHODS
2.1 | Datasource

Autophagy-related genes were extracted from Human Autophagy
Database (HADDb, http://www.autophagy.lu/index.html) and the
GO_AUTOPHAGY gene set in Gene Set Enrichment Analysis
website (http://software.broadinstitute.org/gsea/index.jsp). The
two gene sets were combined and integrated into an autophagy-
related gene set. Gene expression data, clinical characteristics
and survival information in The Cancer Genome Atlas (TCGA,
HG-UG133A microarray and GBMLGG RNA-seq), Repository for
Molecular Brain Neoplasia Data (REMBRANDT, microarray) and

Gravendeel data sets (microarray) were downloaded from GlioVis
(http://gliovis.bioinfo.cnio.es/).*? In the GlioVis online data set,
RNA-seq data processing is based on the normalized count reads
from the pre-processed data (sequence alignment and transcript
abundance estimation) with log2 transformation after adding a 0.5
pseudocount. For microarray data, the “affy” package was used
for robust multi-array average normalization followed by quantile
normalization.

2.2 | Construction of a risk signature associated
with survival of GBM patients

To screen genes for constructing risk signature, univariate Cox re-
gression models were performed to select genes thatare associated
with overall survival of GBM patients in the TCGA (HG-UG133A
platform), REMBRANDT and Gravendeel data sets. P < .05 was
considered statistical significance. Overlapping autophagy-related
genes were extracted from the three data sets and visualized in
a venn diagram. Least absolute shrinkage and selection opera-
tor (LASSO) regression was used to screen out the optimal gene
combination for constructing the risk signature. Multivariate Cox
regression model was carried out to further identify the selected
genes using “step” function in R language. The data in the TCGA
database (HG-UG133A) were used as the training cohort, and
data in the Gravendeel and REMBRANDT data sets were used for
the validation cohorts. Subsequently, a risk signature was estab-
lished based on a linear combination of the regression coefficient
derived from the multivariate Cox regression model coefficients
and expression level of the genes. The risk score formula was
calculated as follows: Risk score = (expr x Coefyqqq) + (ex-
Pr genea sene2 ).5® The GBM pa-
tients were classified into low-risk group and high-risk group

genel

x Coef

x Coef genen genen

) + ... + (expr
according to the median value of the risk scores. The Kaplan-Meier
(K-M) method and time-dependent receiver operating character-
istic (ROC) curve were used to assess the efficiency of the risk
signature.

2.3 | Establishment and
assessment of the nomogram

For better clinical application of the risk signature, patients in the
TCGA data set (HG-UG133A) with detailed information about
age, IDH status and experience of radiotherapy or chemotherapy
were included. Univariate and multivariate Cox regression analy-
ses were performed to determine the association between these
factors (risk score, age, IDH status and history of radiotherapy or
chemotherapy) and patients' overall survival. The included pa-
tients were divided into training cohort (60%) and validation co-
hort (40%) randomly using R package “caret.” The training cohort
was used to establish a nomogram for predicting 1-, 3- and 5-year

survival rate of GBM patients via R programming language. The
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validation cohort was used for internal validation. ROC curve and
calibration plot were carried out to evaluate the efficiency of the

nomogram.

2.4 | Functional enrichment analysis

Gene set enrichment analysis (GSEA, https://www.broadinstitute.
org/gsea/index.jsp) was performed to identify the autophagy-
related gene sets between LGG and GBM.'* Normalized enrich-
ment score (NES) and false discovery rate (FDR) were applied to
determine the statistical differences. The gene set variation anal-
ysis (GSVA) was used to explore biological processes and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathways associ-
ated with the risk signature.!® Gene sets with differences between
high-risk group and low-risk group in TCGA data set (GBM HG-
UG133A) were selected using the R package “limma,” and adjust
P value < .05 was considered statistically significant. Several rep-
resentative gene sets were presented in heatmaps. To confirm the
KEGG pathways associated with the signature, R package “clus-
terProfiler” was performed on the differentially expressed genes
(DEGs) between low-risk group and high-risk group which were
selected via “limma” package in R with adjust P value < .05 and
|log2(fold change)| > 0.5.1 The KEGG pathway map was presented
by “pathview” package.

2.5 | Statistical analyses

All the statistical analyses including principal component analysis
(PCA), univariate and multivariate Cox regression models, LASSO
regression, ROC curve analysis and K-M survival analyses were per-
formed using Rstudio (version 3.5.2). Quantitative data were exhib-
ited as the mean * standard deviation (SD). Statistical differences
were compared by Wilcoxon test between two groups and Kruskal-
Wallis H for multigroup comparison. P < .05 was considered statisti-
cally significant. The venn, heatmaps, boxplots, pie charts, forest
plots and calibration plots were drawn using R language.

3 | RESULTS

3.1 | Four autophagy-related genes were screened
out for constructing a risk signature

A total of 531 autophagy-related genes were integrated from HADb
database and the GO_AUTOPHAGY gene set in GSEA website
(Table S1). PCA based on these autophagy-related genes confirmed
the distribution difference between low-grade glioma (LGG) and
glioblastoma multiforme (GBM) in the TCGA (GBMLGG RNA-seq)
data set. As shown in Figure 1A, GBM samples were located on
the left side, and LGG samples were on the other side. To identify
autophagy-related biological processes between LGG and GBM,

GSEA was performed and the results showed that autophagy-re-
lated genes were highly enriched in GBM (Figure 1B), suggesting
that autophagy played an essential role in GBM. Our study just fo-
cused on GBM based on these results of PCA and GSEA. Ninety-
one genes in the TCGA HG-UG133A, 73 genes in the REMBRANDT
and 129 genes in the Gravendeel data set were found to be cor-
related with GBM survival using univariate Cox regression analysis
(Table S2, P < .05). Sixteen overlapping genes in the three databases
were screened out and visualized in a venn diagram (Figure 1C).
LASSO regression analysis was performed on the overlapping genes
so as to avoid overfitting problems in risk signature, and 7 genes
(CTSB, DIRAS3, HK2, LGALS8, MAPKS8, PPP1R15A and STAM)
were retained according to the optimal lambda value (Figure 1D,E,
log(lambda.min) = -3.1114). Multivariate Cox regression analysis
was adopted to further identify an appropriate gene combination
for establishing the risk signature using “step” function in R soft-
ware. Finally, 4 genes (DIRAS3, LGALS8, MAPKS8 and STAM) were
selected (Figure 1F). Among the four genes, DIRAS3 and LGALS8
were risk factors for GBM survival with HR > 1, and MAPK8 and
STAM were protective factors with HR < 1. Consistent with the re-
sults, K-M survival curves showed patients with higher expression
levels of MAPK8 or STAM had favourable outcomes (Figure S1A,B,
P < .05) and patients with higher expression levels of DIRAS3 or
LGALSS8 had poor prognosis in GBM (Figure S1C,D, P < .05).

3.2 | Establishment of a risk signature with four
autophagy-related genes

A total of 525 GBM patients in TCGA HG-UG133A platform were
used to establish a risk signature. As mentioned in the method,
the risk signature was constructed based on the expression levels
of the four genes and the regression coefficient derived from the
multivariate Cox regression model. The risk score for each patient
was calculated as follows: risk score = (0.1052 x expression level of
DIRAS3) +(0.2152 x expression level of LGALS8) + (-0.3603 x ex-
pression level of MAPKS8) + (-0.2851 x expression level of STAM).
The patients were divided into high-risk and low-risk groups ac-
cording to the median cut-off value of the scores. To explore
the difference between low-risk and high-risk groups, PCA was
implemented based on genome expression data and the results
demonstrated the distribution difference between the two groups
(Figure 2A). In addition, patients in the high-risk group had sig-
nificantly worse overall survival than those in the low-risk group
(Figure 2B, P < .0001). Considering the key roles of IDH1, MGMT
and G-CIMP in GBM,''8 ROC curves were used to compare the
efficiencies of the risk signature with these biomarkers in prog-
nostic prediction. As shown in the ROC curves, the area under
curves (AUCs) of the risk signature for predicting the 1-, 3- and
5-year survival were 0.644 (Figure 2C), 0.727 (Figure 2D) and
0.877 (Figure 2E), respectively, which were larger than those of
IDH1, MGMT promoter and G-CIMP status. With the increase in

the risk scores, the expression levels of MAPK8 and STAM were
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FIGURE 1 Screening out genes for
constructing a risk signature. A, Principal
components analysis (PCA) of autophagy-
related genes between LGG and GBM.

B, Gene set enrichment analysis (GSEA)
for comparing autophagy gene term
between LGG and GBM. C, Overlapping
genes associated with GBM survival in
the TCGA, REMBRANDT and Gravendeel
database. D, Log (Lambda) value of the
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FIGURE 2 Establishment of the risk signature with four autophagy-related genes in the TCGA database. A, PCA based on genome
expression data between low-risk group (n = 263) and high-risk group (n = 262). B, Kaplan-Meier survival curves showed the prognostic
value of the risk signature between low-risk group (n = 263) and high-risk group (n = 262). C-E, ROC curves were used to assess the
efficiency of the risk signature for predicting 1- (C), 3- (D) and 5-y survival (E). F, The four genes expression profiles, the risk scores
distribution and patients' survival status in the TCGA database
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decreased and the expression levels of DIRAS3 and LGALS8 were
up-regulated (Figure 2F). In the meantime, the number of alive pa-
tients reduced (Figure 2F).

3.3 | Validation of the risk signature

A total of 155 GBM samples in the Gravendeel data set and 181
GBM samples in the REMBRANDT database were collected and
used for two validation data sets to assess the performance of the
risk signature. The K-M survival curves showed that patients with
higher risk scores had poorer prognosis than those with lower risk
scores (Figure 3A, Gravendeel, P < .01 and B, REMBRANDT, P < .01).
The AUCs of ROC curves for predicting 1-, 3- and 5-year survival of
GBM in the Gravendeel data set were 0.583, 0.824 and 0.799, re-
spectively (Figure 3C), and those in the REMBRANDT database were
0.627,0.733 and 0.64, respectively (Figure 3D). Consistent with the
results in the TCGA, with the increase in the risk scores, the expres-
sion levels of MAPK8 and STAM were down-regulated and the ex-
pression levels of DIRAS3 and LGALS8 were up-regulated both in
the Gravendeel (Figure 3E) and in the REMBRANDT (Figure 3F) da-
tabase. Concomitantly, the overall survival and the number of alive
patients declined (Figure 3E,F). These results indicated the risk sig-
nature performed well for predicting the survival of GBM patients.

3.4 | Association between the risk signature and
clinical characteristics

To explore the association between the risk signature and clini-
cal characteristics, we firstly developed a heatmap to present the
distribution trends of age, gender, molecular subtypes, MGMT
promoter status and IDH1 status between low-risk and high-risk
groups in the TCGA database. As shown in Figure 4A, high-risk
group inclined to contain more elder patients, whereas samples
with IDH1 mutant were all in low-risk group. To be more intuitive,
pie charts were used to display the proportion of each factor (age,
gender, molecular subtypes, MGMT promoter status and IDH1 sta-
tus) in low-risk and high-risk groups. Similar results were shown in
Figure S2A, elder patients and samples with mesenchymal subtype
or classical subtype accounted for a large proportion in the high-
risk group. And there were no significant differences between low-
risk and high-risk groups for gender and MGMT promoter status.
Subsequently, we compared the risk scores in different cohorts
stratified by molecular subtypes, age, IDH status, MGMT promoter
status and gender separately. The risk scores in the mesenchymal
subtype were obviously higher than those in neural and proneural
subtypes (Figure 4B, P < .0001). For IDH status, the risk scores de-
creased in patients with IDH1 mutant type compared with IDH1
wild-type (Figure 4C, P < .0001). The risk scores of patients with
MGMT promoter methylation were lower than MGMT promoter
unmethylation (Figure 4D, P = .033). Patients above 60 years old in-

clined to have higher risk scores compared with those in the younger

age group (Figure 4E, P =.002). However, there was no difference in
risk scores between male and female (Figure 4F, P = .468).
Afterwards, we also explored the prognostic value of the risk
signature in different cohorts stratified by molecular subtypes,
MGMT promoter status, IDH1 status and history of radiotherapy or
chemotherapy. In the four different molecular subtypes, higher risk
scores indicated poor prognosis in the mesenchymal (Figure 5A,
P < .001) and proneural (Figure 5B, P < .0001) subtypes, but there
were no prognostic differences between low-risk group and
high-risk group in the classical (Figure S3A, P = .9447) and neural
(Figure S3B, P = .5887) subtypes. The patients in high-risk groups
had adverse outcomes in the IDH1 wild-type group (Figure 5C,
P <.01), MGMT promoter methylation group (Figure 5D, P < .0001)
and MGMT promoter unmethylation group (Figure 5E, P < .001).
Furthermore, higher risk scores were also found to be clinically
associated with poor prognosis in patients receiving radiotherapy
(Figure 5F, P < .0001) or chemotherapy (Figure 5G, P < .0001).

3.5 | Construction of a nomogram for predicting 1-,
3- and 5-year survival rate of GBM

In order to better apply the risk signature, we collected 401 GBM
patients in the TCGA HG-UG133A platform with detailed clinical
information including IDH1 status, age and history of radiotherapy
or chemotherapy. The 401 samples were randomly divided into a
training cohort (n = 241) and a validation cohort (n = 160) (Table 1).
The training cohort was used for constructing a nomogram to pre-
dict survival of GBM, and the validation cohort was used for further
assessing the efficiency of the nomogram. Firstly, we performed
univariate and multivariate Cox regression analyses in the train-
ing cohort, indicating that the risk signature was an independent
risk factor for GBM patients (Figure 6A,B, P < .05). Subsequently, a
nomogram integrating the five factors was constructed for predict-
ing 1-, 3- and 5-year survival rate of GBM. In the nomogram, the
patients' 1-, 3- and 5-year survival rates were estimated by the total
points obtained by adding up the point of each factor (Figure 6C).
ROC curve and calibration plot were applied to evaluate the perfor-
mance of the nomogram. The AUCs of ROC curves for predicting 1-,
3- and 5-year survival were 0.756, 0.821 and 0.885, respectively, in
the training cohort (Figure 6D) and 0.763, 0.725 and 0.777, respec-
tively, in the validation cohort (Figure 6E). The calibration curves
showed good agreements between the prediction and observation
in the training cohort (Figure 6F-H) and in the validation cohort
(Figure 61-K) for the probabilities of 1-, 3- and 5-year survival. These
results indicated that the nomogram demonstrated good accuracy

for predicting 1-, 3- and 5-year survival rates of GBM patients.

3.6 | Functional analysis of the risk signature

GSVA was used to explore biological processes and KEGG path-

ways associated with the risk signature. As shown in Figure 7A,
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several biological processes relevant to apoptosis, necrosis, cell ad-
hesion, immune and inflammatory response were enriched in the
high-risk group. These biological processes such as apoptosis, ne-

crosis, immune and inflammatory response were closely related to

autophagy.’”?° For KEGG pathway, high-risk group was positively
correlated with focal adhesion, MAPK signalling pathway, Toll-like
receptor signalling pathway, apoptosis, ECM receptor interaction and
so on (Figure 7B). To confirm the KEGG pathways associated with
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promoter status (D, methylated, n = 170; unmethylated, n = 176; P = .033), age (E, age > 60, n = 248; age < 60, n = 271; P = .002) and gender
(F, female, n = 203; male, n = 314; P = .469)
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FIGURE 5 Kaplan-Meier survival curves showed prognostic values of the risk signature in different cohorts. Prognostic values of the risk
signature in different cohorts stratified by mesenchymal and proneural subtypes (A-B), IDH1 wild-type (C), MGMT promoter status (D-E)

and history of radiotherapy (F) or chemotherapy (G)

the risk signature, we screened out DEGs between low-risk group
and high-risk group, and 558 genes were obtained (Table S3). R pack-
age “clusterProfiler” was performed on the DEGs. Consistent with
the result in GSVA, KEGG pathways including focal adhesion, MAPK
signalling pathway and ECM receptor interaction were also obtained
(Figure 7C). Considering the close relationship between MAPK sig-
nalling pathway and autophagy, MAPK signalling pathway was down-
loaded from the KEGG database and marked according to DEGs such
as HSP27, FAS and CD14 (Figure 7D). In this pathway map, a major-

ity of red-labelled genes were involved in triggering MAPK signalling

pathway that can induce cell proliferation, differentiation, inflamma-
tion, cell cycle and apoptosis. In brief, these results revealed that the
risk signature was correlated with apoptosis, necrosis, immunity and

inflammation response and MAPK signalling pathway.

4 | DISCUSSION

GBM is a refractory central nervous system tumour without ef-

fective treatment strategy. Emerging evidence has indicated that
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Training cohort (n = 241)

Validation cohort (n = 160)

TABLE 1 Demographics and
clinicopathologic characteristics of

Character NO. of patients % NO. of patients % patients in training cohort and validation
cohort for construction and evaluation of

Risk score the nomogram

Median -1.5709 -1.5603

Range -2.8081 to -0.8840 -2.8778 to -0.8396

Age,y

Median 58.5 59.5

Range 19 to 89.3 20.4 to 88.6

IDH status

Mutant 19 7.8838 10 6.2500

Wild-type 222 92.1162 150 93.7500

Radiotherapy

Yes 178 73.8589 115 71.8750

No 63 26.1411 45 28.1250

Chemotherapy

Yes 176 73.0290 114 71.2500

No 65 26.9710 46 28.7500

autophagy plays essential roles in GBM and serves as a therapeu-
tic target. The level of autophagy in GBM is declined,?* and TMZ
can promote autophagy in malignant glioma cells rather than apop-
tosis.???® Furthermore, combination of TMZ with bafilomycin A1,
an autophagy inhibitor, enhances the chemotherapy effect of TMZ
for malignant gliomas.?? However, another study shows that TGF-
f2 induces autophagy to promote invasion of glioma.?* Despite the
controversial roles of autophagy in GBM, these investigations sug-
gest autophagy is a promising target for GBM treatment and needs
further explorations.

In our study, we identified four autophagy-related genes
(DIRAS3, LGALSS8, MAPKS8 and STAM) which were associated with
GBM survival. DIRAS family GTPase 3 (DIRAS3), also known as
ARHI, is a member of RAS superfamily and locates on human chro-
mosome 1p31. Its encoding protein shares 60% homology with
RAS or Rap, but unlike other members, it has a long N-terminal
extension, low GTPase activity and constitutive GTP binding state
in resting cells.?> DIRAS3 is involved in the occurrence and pro-
gression of a variety of cancers and considered as an anti-onco-
gene. For example, DIRASS3 inhibits gastric cancer and epithelial
ovarian cancer cells proliferation and promotes apoptosis by in-
ducing autophagy.z"”27 Up-regulating the expression of DIRAS3
can enhance the chemosensitivity in both breast cancer and ovar-
ian cancer.?®2? However, the functional roles of DIRAS3 in glioma
were controversial. It has been reported that DIRAS3 is down-reg-

ulated in glioma samples, and DIRAS3 overexpression inhibits the

proliferation, migration and invasion of glioma cells.’° Instead,
another study has shown that DIRAS3 is overexpressed in gli-
oma and is positively associated with adverse outcome of glioma
patients. In the meantime, overexpression of DIRAS3 promotes
glioma cell proliferation and invasion via EGFR-AKT signalling
pathway.?! Our study was identical to the opinion that DIRAS3
was correlated with poor prognosis of GBM and was a risk factor
for GBM survival. As a member of lectin family, LGALSS8 (galec-
tin-8) plays key roles in various cellular processes, such as autoph-
agy, cytoskeletal rearrangement, immunity and inflammation,323°
as well as tumour progression.36 LGALS8 can recognize lysosome
damage and promote autophagy through inhibiting mTOR activ-
ity.3” Remarkably, LGALS8 may serve as prognostic biomarkers in
cancers. The expression level of LGALSS8 is associated with recur-
rence of gastric cancer, urothelial carcinoma of the bladder and
clear cell renal cell carcinoma.®®4%n glioma, LGALS8 enhances the
capacities of proliferation and migration and inhibits apoptosis of
GBM cells.** Consistent with our results, another research shows
that GBM patients with higher expression level of LGALS8 have
poorer prognosis.42 Mitogen-activated protein kinase 8 (MAPKS),
also known as JNK1, belongs to JNK kinase family that consists of
three members: JNK1, JNK2 and JNK3.4% JNK directly binds and
promotes phosphorylation of several transcription factors, such
as NFAT, c-Jun and JunB, and regulates multiple biological pro-
cesses, including immune cell differentiation, inflammation, can-

cer progression and especially programmed cell death.**%> JNK

FIGURE 6 Construction of a nomogram for predicting 1-, 3- and 5-y survival of GBM. A, B, Univariate and multivariate Cox regression
analyses evaluated the contribution of each variable to GBM survival in the training cohort. C, A nomogram for predicting 1-, 3- and

5-y survival rate of GBM patients was established. D, E, ROC curves evaluated the efficiency of the nomogram for predicting 1-, 3- and

5-y survival in the training cohort (D) and validation cohort (E). F-H, Calibration curves showed the probability of 1- (F), 3- (G) and 5-y
survival (H) between the prediction and the observation in the training cohort. I-K, The calibration curves for predicting patients' survival at

1- (1), 3- (J) and 5-y survival (K) in the validation cohort
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can trigger apoptosis, promote necroptosis, involve in non-ca-
nonical pyroptotic signalling and induce autophagy by different
molecular mechanisms.* It has been reported that JNK1 affects
chemosensitivity of colon cancer cells by regulating autophagy.*’
In glioma cells, JNK1/c-JUN signalling pathway enhances the tran-
scription of CHAC1 which induces cell death and serves as a target
of TMZ.%8 Conformed to a DNA microarray data,*’ our study also
suggested that MAPK8 was a protective factor for GBM patients'
survival. The fourth gene in our study is signal transducing adap-
tor molecule (STAM), which is a kind of phosphorylated tyrosine
protein with distinctive structures containing a Src homology 3
(SH3) domain and an immunoreceptor tyrosine-based activation
motif (ITAM).>® STAM can be stimulated by various cytokines and
growth factors, such as IL-4, IL-2, GM-CSF and PDGF, and be in-
volved in DNA synthesis, c-myc induction, T cell development and
neural cell survival.>%->2 STAM is reported to be overexpressed in
locally advanced cervical cancer.”® And another report shows that
STAM may be responsible for regulating proliferation of gastric
cancer.’® The research on STAM in GBM has not been reported
yet, and it needs to be further explored.

Previously, there was a report about an autophagy-related gene
signature in glioma.>® According to the PCA and GSEA results that
autophagy-related genes were differentially distributed between
GBM and LGG and preferred to enrich in GBM, we purposefully
developed a prognostic signature with the four autophagy-related
genes in GBM. The results showing in ROC curves that the AUCs of
the risk signature for 1-, 3- and 5-year survival prediction were larger
than those of IDH1, MGMT promoter and CIMP status indicated
the risk signature was more accurate for predicting the survival of
GBM patients. In molecular function, we found the risk signature
was correlated with apoptosis, necrosis, immunity and inflammatory
response that were closely related to autophagy. Correspondingly,
KEGG pathway analysis suggested that the risk signature was in-
volved in MAPK signalling pathway. MAPK signalling pathway is
essential for cell proliferation, differentiation and programmed cell
death and regulates the balance of apoptosis and autophagy.56'57
These results indicated the risk signature might serve as a thera-
peutic target for GBM. Another innovation in our study was that a
nomogram that combined the risk signature and clinicopathological
factors (IDH1 status, age and experience of radiotherapy or chemo-
therapy) was established for predicting 1-, 3- and 5-year survival
rate of GBM patients. ROC curves and calibration plots validated
an efficient performance of the nomogram. However, there were
some deficiencies in our study. Firstly, the data came from several
databases with limited sample size. Secondly, the prognostic fac-
tors in the nomogram did not contain the extent of GBM surgical
resection which is a cardinal factor associated with GBM progno-
sis.”® Therefore, more samples with detailed clinical information will
be collected to make up for these shortcomings and assess the effi-
ciency of the nomogram in future study.

In summary, our study identified four autophagy-related genes
that were associated with GBM survival. Based on the four genes,

a risk signature was established and proved to be an independent

WILEY--2

prognostic factor for GBM patients. On molecular function, the risk
signature was found to be correlated with apoptosis, necrosis, im-
munity and inflammation response and MAPK signalling pathway.
Furthermore, we developed a nomogram integrating the risk signa-
ture with several clinicopathological factors (IDH1 status, age and
experience of radiotherapy or chemotherapy), which was validated
to perform better for predicting 1-, 3- and 5-year survival.

CONFLICT OF INTEREST

The authors declare no conflict of interest.

AUTHOR CONTRIBUTIONS

WY, LX and GG conceived the concept and implemented the
scheme. WY, ZM and ZW wrote the original draft. ZM and XZ re-
viewed and edited the manuscript. All authors read and approved

the final manuscript.

DATA AVAILABILITY STATEMENT
The data that support the findings of this study are available from
the additional supporting information.

ORCID

Minghua Zhuang https://orcid.org/0000-0001-9799-1987

REFERENCES

1. Delgado-Lopez PD, Corrales-Garcia EM. Survival in glioblastoma:
a review on the impact of treatment modalities. Clin Transl Oncol.
2016;18:1062-1071.

2. Zanders ED, Svensson F, Bailey DS. Therapy for glioblastoma: is it
working? Drug Discovery Today. 2019;24:1193-1201.

3. Fine HA. New strategies in glioblastoma: exploiting the new biol-
ogy. Clin Cancer Res. 2015;21:1984-1988.

4. Noonan J, Zarrer J, Murphy BM. Targeting autophagy in glioblas-
toma. Crit Rev Oncog. 2016;21:241-252.

5. Ravanan P, Srikumar IF, Talwar P. Autophagy: the spotlight for cellu-
lar stress responses. Life Sci. 2017;188:53-67.

6. Guo JY, Xia B, White E. Autophagy-mediated tumor promotion. Cell.
2013;155:1216-1219.

7. Witthayanuwat S, Pesee M, Supaadirek C, Supakalin N,
Thamronganantasakul K, Krusun S. Survival analysis of glioblas-
toma multiforme. Asian Pac J Cancer Prev. 2018;19:2613-2617.

8. Koukourakis Ml, Mitrakas AG, Giatromanolaki A. Therapeutic inter-
actions of autophagy with radiation and temozolomide in glioblas-
toma: evidence andissues toresolve. BrJ Cancer. 2016;114:485-496.

9. Miranda A, Blanco-Prieto M, Sousa J, Pais A, Vitorino C. Breaching
barriers in glioblastoma. Part I: molecular pathways and novel treat-
ment approaches. Int J Pharm. 2017;531:372-388.

10. Filippi-Chiela EC, Silva MMBe, Thomé MP, Lenz G. Single-cell anal-
ysis challenges the connection between autophagy and senescence
induced by DNA damage. Autophagy. 2015;11:1099-1113.

11. Jiapaer S, Furuta T, Tanaka S, Kitabayashi T, Nakada M. Potential
strategies overcoming the temozolomide resistance for glioblas-
toma. Neurol Med Chir. 2018;58:405-421.

12. Wang Y, Zhao W, Liu X, Guan G, Zhuang M. ARL3 is downregu-
lated and acts as a prognostic biomarker in glioma. J Transl Med.
2019;17:210.

13. WangY, Liu X, Guan G, Zhao W, Zhuang M. A risk classification sys-
tem with five-gene for survival prediction of glioblastoma patients.
Front Neurol. 2019;10:745.


https://orcid.org/0000-0001-9799-1987
https://orcid.org/0000-0001-9799-1987

3820
—I—Wl LEY

14.

15.
16.

17.

18.
19.
20.

21.

22.

23.

24,
25.

26.

27.

28.

29.
30.
31.
32.

33.

WANG ET AL.

Subramanian A, Tamayo P, Mootha VK, et al. Gene set enrich-
ment analysis: a knowledge-based approach for interpret-
ing genome-wide expression profiles. Proc Natl Acad Sci USA.
2005;102:15545-15550.

Hanzelmann S, Castelo R, Guinney J. GSVA: gene set variation
analysis for microarray and RNA-seq data. BMC Bioinformatics.
2013;14:7.

Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package
for comparing biological themes among gene clusters. OMICS.
2012;16:284-287.

Ludwig K, Kornblum HI. Molecular markers in glioma. J Neurooncol.
2017;134:505-512.

Park AK, Kim P, Ballester LY, Esquenazi Y, Zhao Z. Subtype-specific
signaling pathways and genomic aberrations associated with prog-
nosis of glioblastoma. Neuro-Oncol. 2019;21:59-70.

Nikoletopoulou V, Markaki M, Palikaras K, Tavernarakis N. Crosstalk
between apoptosis, necrosis and autophagy. Biochem Biophys Acta.
2013;1833:3448-3459.

Zhong Z, Sanchez-Lopez E, Karin M. Autophagy, inflammation,
and immunity: A troika governing cancer and its treatment. Cell.
2016;166:288-298.

Huang X, BaiHM, ChenL, Li B, Lu YC. Reduced expression of LC3B-I|
and Beclin 1 in glioblastoma multiforme indicates a down-regulated
autophagic capacity that relates to the progression of astrocytic tu-
mors. J Clin Neurosci. 2010;17:1515-1519.

Kanzawa T, Germano IM, Komata T, Ito H, Kondo Y, Kondo S. Role
of autophagy in temozolomide-induced cytotoxicity for malignant
glioma cells. Cell Death Differ. 2004;11:448-457.

Katayama M, Kawaguchi T, Berger MS, Pieper RO. DNA damag-
ing agent-induced autophagy produces a cytoprotective adenos-
ine triphosphate surge in malignant glioma cells. Cell Death Differ.
2007;14:548-558.

Zhang C, Zhang X, Xu R, et al. TGF-beta2 initiates autophagy via
Smad and non-Smad pathway to promote glioma cells' invasion. J
Exp Clin Cancer Res. 2017;36:162.

Luo RZ, Fang X, Marquez R, et al. ARHI is a Ras-related small
G-protein with a novel N-terminal extension that inhibits growth of
ovarian and breast cancers. Oncogene. 2003;22:2897-2909.

Qiu J, Li X, He Y, Sun D, Li W, Xin Y. Distinct subgroup of the Ras
family member 3 (DIRAS3) expression impairs metastasis and in-
duces autophagy of gastric cancer cells in mice. J Cancer Res Clin
Oncol. 2018;144:1869-1886.

Li J, Cui G, Sun L, et al. ARHI overexpression induces epithelial
ovarian cancer cell apoptosis and excessive autophagy. Int J Gynecol
Cancer. 2014;24:437-443.

Washington MN, Suh G, Orozco AF, et al. ARHI (DIRAS3)-mediated
autophagy-associated cell death enhances chemosensitivity to
cisplatin in ovarian cancer cell lines and xenografts. Cell Death Dis.
2015;6:€1836.

Zou CF, Jia L, Jin H, et al. Re-expression of ARHI (DIRAS3) induces
autophagy in breast cancer cells and enhances the inhibitory effect
of paclitaxel. BMC Cancer. 2011;11:22.

Chen J, Shi S, Yang W, Chen C. Over-expression of ARHI decreases
tumor growth, migration, and invasion in human glioma. Med Oncol.
2014;31:846.

Peng Y, Jia J, Jiang Z, Huang D, Jiang Y, Li Y. Oncogenic DIRAS3
promotes malignant phenotypes of glioma by activating EGFR-AKT
signaling. Biochem Biophys Res Comm. 2018;505:413-418.
Cattaneo V, Tribulatti MV, Carabelli J, Carestia A, Schattner M,
Campetella O. Galectin-8 elicits pro-inflammatory activities in the
endothelium. Glycobiology. 2014;24:966-973.

Carabelli J, Quattrocchi V, D'Antuono A, Zamorano P, Tribulatti
MV, Campetella O. Galectin-8 activates dendritic cells and stim-
ulates antigen-specific immune response elicitation. J Leukoc Biol.
2017;102:1237-1247.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Diskin S, Chen WS, Cao Z, et al. Galectin-8 promotes cytoskeletal
rearrangement in trabecular meshwork cells through activation of
Rho signaling. PLoS ONE. 2012;7:e44400.

Jia J, Abudu YP, Claude-Taupin A, et al. Galectins control MTOR
and AMPK in response to lysosomal damage to induce autophagy.
Autophagy. 2019;15:169-171.

Satelli A, Rao PS, Gupta PK, Lockman PR, Srivenugopal KS, Rao US.
Varied expression and localization of multiple galectins in different
cancer cell lines. Oncol Rep. 2008;19:587-594.

Jia J, Abudu YP, Claude-Taupin A, et al. Galectins control mTOR in
response to endomembrane damage. Mol Cell. 2018;70(120-35):
e8.

Kramer MW, Waalkes S, Serth J, et al. Decreased galectin-8 is a
strong marker for recurrence in urothelial carcinoma of the bladder.
Urol Int. 2011;87:143-150.

Liu Y, Xu L, Zhu Y, et al. Galectin-8 predicts postoperative recur-
rence of patients with localized T1 clear cell renal cell carcinoma.
Urologic Oncol. 2015;33(112):e1-8.

Wu S, Liu H, Zhang H, et al. Galectin-8 is associated with recur-
rence and survival of patients with non-metastatic gastric cancer
after surgery. Tumour Biol. 2016;37:12635-12642.

Metz C, Doger R, Riquelme E, et al. Galectin-8 promotes migration
and proliferation and prevents apoptosis in U87 glioblastoma cells.
Biol Res. 2016;49:33.

Laks DR, Crisman TJ, Shih MY, et al. Large-scale assessment of the
gliomasphere model system. Neuro-Oncol. 2016;18:1367-1378.

Wu Q, Wu W, Fu B, Shi L, Wang X, Kuca K. JNK signaling in cancer
cell survival. Med Res Rev. 2019;39:2082-2104

Zhao X, Guo Y, Jiang C, et al. JNK1 negatively controls antifun-
gal innate immunity by suppressing CD23 expression. Nat Med.
2017;23:337-346.

Craige SM, Chen K, Blanton RM, Keaney JF Jr, Kant S. JNK and car-
diometabolic dysfunction. Biosci Rep. 2019;39.

Dhanasekaran DN, Reddy EP. JNK-signaling: a multiplexing hub in
programmed cell death. Genes Cancer. 2017;8:682-694.
Vasilevskaya IA, Selvakumaran M, Roberts D, O'Dwyer PJ. JNK1
inhibition attenuates hypoxia-induced autophagy and sensitizes to
chemotherapy. Mol Cancer Res. 2016;14:753-763.

Chen PH, Shen WL, Shih CM, et al. The CHAC1-inhibited Notch3
pathway is involved in temozolomide-induced glioma cytotoxicity.
Neuropharmacology. 2017;116:300-314.

Kappadakunnel M, Eskin A, Dong J, et al. Stem cell associated gene
expression in glioblastoma multiforme: relationship to survival and
the subventricular zone. J Neurooncol. 2010;96:359-367.

Yamada M, Takeshita T, Miura S, et al. Loss of hippocampal CA3
pyramidal neurons in mice lacking STAM1. Mol Cell Biol. 2001;21:
3807-3819.

Lohi O, Lehto VP. STAM/EAST/Hbp adapter proteins-integrators of
signalling pathways. FEBS Lett. 2001;508:287-290.

Yamada M, Ishii N, Asao H, et al. Signal-transducing adaptor mole-
cules STAM1 and STAM2 are required for T-cell development and
survival. Mol Cell Biol. 2002;22:8648-8658.

Campos-Parra AD, Padua-Bracho A, Pedroza-Torres A, et al.
Comprehensive transcriptome analysis identifies pathways with
therapeutic potential in locally advanced cervical cancer. Gynecol
Oncol. 2016;143:406-413.

Yu J, Liang QY, Wang J, et al. Zinc-finger protein 331, a novel pu-
tative tumor suppressor, suppresses growth and invasiveness of
gastric cancer. Oncogene. 2013;32:307-317.

Zhang H, Lu X, Wang N, et al. Autophagy-related gene expres-
sion is an independent prognostic indicator of glioma. Oncotarget.
2017;8:60987-61000.

Sui X, Kong N, Ye L, et al. p38 and JNK MAPK pathways control
the balance of apoptosis and autophagy in response to chemother-
apeutic agents. Cancer Lett. 2014;344:174-179.



WANG ET AL.

WILEY- -2

57. Grab J, Rybniker J. The expanding role of p38 mitogen-activated

58.

protein kinase in programmed host cell death. Microbiology insights.
2019;12:1178636119864594.

lllic R, Somma T, Savic D, et al. A survival analysis with identifica-
tion of prognostic factors in a series of 110 patients with newly
diagnosed glioblastoma before and after introduction of the stupp
regimen: a single-center observational study. World Neurosurg.
2017;104:581-588.

SUPPORTING INFORMATION
Additional supporting information may be found online in the

Supporting Information section.

How to cite this article: Wang Y, Zhao W, Xiao Z, Guan G, Liu
X, Zhuang M. A risk signature with four autophagy-related
genes for predicting survival of glioblastoma multiforme. J Cell
Mol Med. 2020;24:3807-3821. https://doi.org/10.1111/
jcmm.14938



https://doi.org/10.1111/jcmm.14938
https://doi.org/10.1111/jcmm.14938

