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Background: To analyze the key prognostic genes and potential traditional Chinese medicine targets in
glioblastoma (GBM) by bioinformatics and network pharmacology.

Methods: GBM datasets were obtained from the Gene Expression Omnibus (GEO) database to clarify the
differentially-expressed genes (DEGs) in the carcinoma and paracancerous tissues. The molecular functions
(MF) and signaling pathways of enriched DEGs were analyzed by the Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) analyses. The STRING database and Cytoscape software
were used to construct the protein-protein interaction (PPI) network and screen hub genes to focus on genes
with greater clinical significance. The transcription expression and prognosis of hub genes were analyzed
using the Gene Expression Profiling Interactive Analysis 2 (GEPIA 2) database. The important compounds
and target molecules were obtained via the Traditional Chinese Medicine Systems Pharmacology Database
(TCMSP) database. We identified the active ingredients by setting the property values of pharmacokinetic
attribute values. We constructed the network of “Chinese medicine ingredients-DEGs target” and screened
out the target genes and active ingredients with high correlation scores. Finally, molecular docking
verification was carried out using AutoDock Tools and PyMOL.

Results: We obtained 271 DEGs, including 212 up-regulated genes and 59 down-regulated genes and
screened ten hub genes. GO and KEGG analyses suggested that the hub genes were mainly involved in the
following biological processes: the cell cycle, cell division, and cell adhesion, as well as extracellular matrix
adhesion-related pathways, the p53 signaling pathways, and cadherin binding involved in cell-cell adhesion.
We established the interaction network between the components and DEGs to screen out the traditional
Chinese medicine active component (luteolin) and target genes (BIRCS and CCNBI) for the treatment of
GBM. The molecular docking results showed that the bindings of protein receptors, BIRCS and CCNBI,
with the compound ligand, luteolin, were stable and formed by hydrogen bonding interaction.
Conclusions: In this study, we determined that luteolin potentially inhibits glioblastoma proliferation and
migration through key target genes, BIRCS and CCNBI, via bioinformatics and network pharmacology
analysis, and affects the prognosis of GBM patients, providing new ideas for clinical targeted therapy and

new drug development.
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Introduction

Glioblastoma (GBM) is the most frequent and aggressive
malignant tumor of the adult central nervous system (1),
with high rates of incidence and recurrence. The median
survival is less than 15 months (2), and the 5-year overall
survival rate is less than 5% (3,4). At present, the clinical
treatment for GBM is still surgical resection, supplemented
by radiation and chemotherapy. Temozolomide has the
advantages of high blood-brain barrier permeability
and fewer adverse reactions, and has become the most
commonly employed drug clinically, either alone or in
combination with radiotherapy; however, it still faces the
problems of drug resistance and genotype insensitivity (non-
methylation of O°-methylguanine-DNA methyltransferase,
MGMT) (5). Therefore, identifying the key genes affecting
the prognosis of GBM and analyzing the potential targeted
therapeutic compounds for the treatment of GBM is crucial.

Based on tumor microarray or sequencing data,
tumor bioinformatics analysis was conducted to screen
differentially-expressed genes (DEGs), providing a new
target reference for molecular mechanism research and
prognostic evaluation of cancer. Washah ez 4l. (6) analyzed
the principle and prospects of bioinformatics tools and
databases in detail and concluded that they offer significant
advantages and have broad prospects in the treatment of
cancer. Relevant predictions indicate that CCNB1, CCNA2,
COLI1A1, and COL1A2 (extracted by bioinformatics
screening) play a key role in malignant progression and
the prognosis of hepatocellular carcinoma and colon
cancer (7,8).

Different from other studies on potential target genes of
glioblastoma, through network pharmacology, we tried to
find a traditional Chinese medicine component aiming at
the above target genes, which is of great value for targeted
therapy of glioblastoma. Network pharmacology, as a
novel research and analytical method, has been gradually
explored and improved. Researchers can obtain data on
diseases, target genes, and target proteins via the Network
Information Database, and identify the intervention
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mechanism of drugs against diseases using tool software.
Furthermore, the active ingredients of traditional Chinese
medicines as well as their interaction with target genes can
also be deduced based on the “disease-gene-target-drug” (9)
interaction network, which is helpful in clarifying the
mechanisms of chemical drugs acting on the human body.
This can also provide new directions for the development
of novel drugs that act on highly effective targets, which
has become a particular focus of research (10,11). For
the treatment of tumors, traditional Chinese medicine
schemes have the advantages of low risk, high safety, and
low price, and have been widely verified both theoretically
and experimentally. It has been found that saffron, ginseng,
and other traditional Chinese medicines have anti-tumor
effects (12,13). The present study regarding the relationship
between traditional Chinese medicine and GBM will assist
in guiding the development of new drugs and improving the
prognosis of patients.

The present study aimed to explore new methods that
improve the therapeutic effect of GBM and establish
a theoretical foundation for subsequent research. We
employed bioinformatics and network pharmacology to
screen reliable biomarkers of GBM and explore potential
targeted therapeutic compounds with anti-cancer effects.
Multiple analytical tools were applied to strengthen the
reliability of our data. We present the following article in
accordance with the STREGA reporting checklist (available
at https://tcr.amegroups.com/article/view/10.21037/tcr-22-
1122/rc).

Methods
Data resources

Three groups of GBM-related clinical data and gene
expression profiles (GSE104291, GSE29796, and
GSE35493, respectively) were obtained from the Gene
Expression Omnibus (GEO) database (https://www.ncbi.
nlm.nih.gov/geo/). Based on the chip-standardized data,
the online analysis software GEO2R was used to divide
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into cancer tissue and normal brain tissue according to
the tissue source to set the control. The DEGs between
GBM and normal tissues were screened and volcano maps
were obtained using GEO2R. The study was conducted
in accordance with the Declaration of Helsinki (as revised
in 2013).

Data processing

The criteria for genes with significant expression differences
were set and the screening conditions were as follows:
[logFCIl >2 and the corrected P value (adj.P.Val) was less
than 0.01. The DEGs obtained using the above screening
method were intersected with the expression spectrum data
of the three genes by utilizing custom Venn diagrams to
obtain the common DEGs.

Building the protein-protein interaction (PPI) network

The STRING database search tool (https://string-db.
org) can be used to build a PPI network to map possible
interactions of DEGs, and download STRING tabular text.
We imported different genes into the STRING database,
set multiple proteins, selected the Homo sapiens organism,
and hid the disconnected nodes in the network. To draw the
PPI network diagram, the minimum required interaction
score was set to >0.4 and the rest were set according to the
default settings.

Screening bub genes

Cytoscape is an important visual network-building tool that
was used to build the interaction network we required. We
imported the STRING interactions into Cytoscape 3.8.2
software and obtained the network topology parameters
(such as connectivity) using the cytoHubba plug-in to
analyze and screen important nodes and interactions
that were significantly associated with other DEGS and
confirmed as hub genes.

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analysis of DEGs

GO is an important bioinformatics tool. GO enrichment
analysis includes biological pathways (BP), cellular
components (CC), and molecular functions (MF). KEGG
is a database resource. KEGG analysis provides the
annotation information of gene signal transduction and
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disease pathways, which provides the basis for the study
of gene functions and pathways. GO and KEGG pathway
enrichment analyses of the DEGs were performed using the
DAVID bioinformatics resource (https://david.nciferf.gov/
tools.jsp). False discovery rate (FDR) <0.01 and count >10
were used as the screening thresholds to make the functions
and pathways statistically significant, and the enrichment
dot bubble function in the bioinformatics analysis (http://
www.bioinformatics.com.cn) was used to visualize GO and

KEGG.

Hub genes survival curve

For the Gene Expression Profiling Interactive Analysis 2
(GEPIA 2, http://gepia2.cancer-pku.cn/#index) database
developed by Peking University (using data from The
Cancer Genome Atlas (TCGA) and The Genotype-Tissue
Expression (GTEXx) projects), the Survival Analysis function
module was selected. We set the dataset as glioblastoma
(GBM) + low-grade glioma (LGQG), and the rest were set as
the default setting to draw the Kaplan-Meier survival curves
of GBM hub genes, including overall survival and disease-
free survival.

Differential expression of bub genes in normal tissues and
tumors

The Box Plot in GEPIA 2 was used to determine the
differential expression of hub genes in normal tissues
and glioma tissues of different grades. Tumor Immune
Estimation Resource (TIMER) 2.0 is an interactive web
service database that comprehensively evaluates and
visualizes tumor-infiltrating immune cells and uses this to
draw the immune-infiltration map of the hub genes.

Acquisition of active ingredients of traditional Chinese
medicine

The Traditional Chinese Medicine Systems Pharmacology
(TCMSP) Database and Analysis Platform is an important
tool for retrieving the active components of traditional
Chinese medicines and their target genes. To study the
targets of prescription drug ingredients, the chemical
components of four traditional Chinese medicines,
Zanthoxylum nitidum, rhizoma belamcandae, black bean,
and suberect spatholobus stem were obtained and analyzed
using the TCMSP database according to the related
ingredients of GBM. We screened the attribute value of
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absorption, distribution, metabolism and excretion (ADME)
based on the criteria that oral bioavailability (OB) >30% and
drug-likeness (DL) >0.18 to obtain the active compounds
and their gene targets. The Uniprot protein database
(https://www.uniprot.org) is composed of The European
Institute of Bioinformatics (EMBL-EBI), the Swiss Institute
of Bioinformatics (SIB), and the Protein Information
Resource (PIR). It is the most abundant and ideal protein
database of traditional Chinese medicine information
resources at present and facilitates the matching of gene
names corresponding to protein targets to standardize
target genes.

Construction of an interaction network between traditional
Chinese medicine components and DEGs of GBM

The intersection of drug target genes and DEGs was
obtained using the custom Venn diagram tool (http://
bioinformatics.psb.ugent.be/webtools/Venn/). This study
analyzed the intersection genes using the STRING database
search tool, setting the biological species as Homo sapiens,
and constructed the PPI network by setting the maximum
number of interaction units in the first layer to no more
than 20, the second layer to no more than 50, and the rest
as the default setting (14). Cytoscape 3.8.2 software was
utilized to construct the network diagram between active
components and target genes, and the cytoHubba plug-in
was employed to obtain the network topology parameters
(such as the degree of connectivity) to screen the active
components of traditional Chinese medicine that were
significantly associated with most target genes.

Molecular docking verification

The three-dimensional structures of target proteins
and active ingredients of traditional Chinese medicine
were downloaded from the Protein Data Bank (PDB
https://www.resb.org/)and ZINC (https://zinc.docking.
org/) databases, respectively. The former was used as the
receptor, while the latter was used as the ligand to identify
the molecular interaction and predict the stable binding
conformation of the molecule and protein, so as to evaluate
the binding strength and activity of the active compounds.

Statistical analysis

The web tool GEO2R is based on R software version 3.2.3
and the “limma”, “GEOquery” and “Biobase” packages.
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The FC in log2FC is fold change, which represents the
ratio of the expression levels between normal samples and
glioblastoma samples, and the logarithm to the base 2 is
log2FC. FDR stands for False Discovery Rate, which is
obtained by correcting the P value of the significance of the
difference. Based on R (version 4.1.3), the GEPIA 2 uses
the log-rank test, sometimes called the Mantel-Cox test, for
the hypothesis evaluation. Unpaired Student’s 7-tests were
used to evaluate the differences. Generally, by default, the
absolute value of log2FC is greater than 1 as the screening
criterion for differential genes. P or FDR <0.05 was
considered statistically significant.

Results
Acquisition of target gene sets and screening of DEGs

In this study, 1,459 DEGs (839 up-regulated genes and 620
down-regulated genes), 2,854 DEGs (2,639 up-regulated
genes and 215 down-regulated genes), and 3,818 DEGs
(1,606 up-regulated genes and 2,212 down-regulated
genes) were identified from the GSE104291, GSE29796,
and GSE35493 datasets respectively by using the GEO
database. A total of 271 common DEGs (212 up-regulated
genes and 59 down-regulated genes) were obtained through
the Venn diagram software. The volcano maps and the
Venn maps of the DEGs from the GSE104291, GSE29796,
and GSE35493 datasets are shown in Figure 1. The up-
regulated and down-regulated genes were marked with
respective colors; red represented the up-regulated genes
and green denoted the down-regulated genes, as shown in

Figure 2.

Building the PPI network

The PPI network of 271 DEGs was constructed using the
STRING database, and the result is displayed in Figure 3.
We imported the STRING tabular text into Cytoscape
3.8.2 software to extract the network diagram consisting of
138 nodes representing the common DEGs as well as 594
proteins interactions.

Screening bub genes

We calculated the degree of correlation, and 10 key
hub genes were screened using the cytoHubba plug-in.
According to the degree scores, the 10 key hub genes were
ranked as follows: AURKA, BIRC5, CCNB1, CCNB2,
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Figure 1 DEGs obtained from GEO database analysis: (A) volcano map of DEGs from the GSE104291 dataset; (B) volcano map of DEGs
from the GSE29796 dataset; (C) volcano map of DEGs from the GSE35493 dataset; (D) up-regulated genes; (E) down-regulated genes.
DEGs, differentially-expressed genes; GEO, Gene Expression Omnibus.

Figure 2 PPI network of 271 DEGs. PPI, protein-protein
interaction; DEGs, differentially-expressed genes.

© Translational Cancer Research. All rights reserved.

CDK1, CENPE, FN1, KIF11, NDC80, and UBE2C. The
heatmap of the hub genes is shown in Figure 4. The Cor
heatmap plot of the hub genes is displayed in Figure 5.

GO and KEGG enrichment analysis and visualization

The GO and KEGG enrichment analyses of DEGs using
the DAVID functional annotation tool were visualized
through the enrichment dot bubble function. As shown in
Figure 6, the X-axis indicated the proportion of genes, the
Y-axis represented the name of the pathway, the size of the
bubbles denoted the number of genes, and the color of the
bubbles signified the P value. We respectively visualized
the BP of the GO enrichment analysis, the CC, the MF
enrichment projects, and the KEGG pathway projects. As
illustrated in Figure 6, these DEGs were mostly enriched
in the extracellular matrix tissues BP. In CC, they were
mainly concentrated in the extracellular matrix, and in ME,
they were primarily involved in the intercellular adhesion
concentration in the binding of cadherin. The KEGG
enrichment results showed that the p53 signaling pathway

Transl Cancer Res 2022;11(5):1386-1405 | https://dx.doi.org/10.21037/ter-22-1122
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Figure 3 PPI network of 271 DEGs. PPI, protein-protein interaction; DEGs, differentially-expressed genes.

and adhesion plaques were mostly involved.

Survival analysis

Using the GEPIA2 website’s survival analysis function,
the survival curves (both overall survival and disease-free
survival) of hub genes in GBM were drawn to intuitively
illustrate the prognosis of GBM. We found that the log-
rank P values of the overall survival and disease-free
survival curves of the 10 hub genes were all less than 0.001,
indicating statistical significance. This suggested that the
hub genes were correlated with the prognosis of GBM, as
shown in Figures 7 and §.

Differential expression of the bub genes in normal and

GBM tissues

The box plots of the differentially-expressed hub genes in

© Translational Cancer Research. All rights reserved.

normal and GBM tissues of different levels are shown in
Figure 9 (from A to J: AURKA, BIRC5, CCNB1, CCNB2,
CDKI1, CENPE, FN1, KIF11, NDC80, and UBE2C. The
results showed that the 10 hub genes were lowly expressed
in normal tissues, and the expression in GBM was positively
correlated with grade. The immune infiltration maps of the
hub genes are shown in Figure 10. The red boxes indicated
a significant positive correlation, the blue boxes indicated a
significant negative correlation, and the gray boxes indicated
no correlation. The results showed that the expression
values of the 10 hub genes were positively correlated with
the infiltration level of B cells, and the P values were all less
than 0.01.

Screening drugs and targets

Based on the chemical composition data of Zanthoxylum
nitidum, rhizoma belamcandae, black bean, and suberect

Transi Cancer Res 2022;11(5):1386-1405 | https://dx.doi.org/10.21037/tcr-22-1122
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Figure 5 Cor heatmap plot of the hub genes.

spatholobus stem, ADME (absorption, distribution,
metabolism, and excretion) can be used as the threshold to
screen active components (1able 1).
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Construction of the PPI network of traditional Chinese
medicine components-target genes

Using the custom Venn diagram tool to draw a Venn
diagram, eight core genes with widely recognized
differential expression and pharmacological target activity
were screened out: CDK2, CHEK1, PLAU, CCNBI,
BIRCS, EGFR, VEGFA, and TOP2A. The core genes
were imported into the STRING database to construct the
PPI network and expand it, as shown in Figures 11 and 12,
respectively.

Screening active components of traditional Chinese
medicine

CytoScape 3.8.2 software was employed to construct the
interaction network between traditional Chinese medicine
active components-GBM DEGs, as shown in Figure 13.
The degree score of each traditional Chinese medicine
component node was calculated by using the cytoHubba
plug-in in order to select the core active components, as
shown in 7able 2. In particular, the interaction network
between core genes and active ingredients of traditional
Chinese medicine is shown in Figure 14. The purple, gray,
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green, and blue indicated that the nodes come from rhizoma
belamcandae, black bean, suberect spatholobus stem, and
zanthoxylum nitidum, respectively, and components with
high degree scores were specially marked according to
Table 2. See annex for the abbreviation comparison table of
Figure 2.

Molecular docking

The intersecting genes from between the 10 hub genes and
eight core genes were BIRC5 and CCNBI, with markedly
up-regulated expression and significant potential as drug
targets. Autodocktools-1.5.6 and PyMol software were
applied for the molecular docking of BIRC5 and CCNB1
with luteolin, respectively. The detailed data are shown
in Table 3. According to the data, luteolin established
several hydrogen bonds with BIRC5 and CCNBI to form
a stable complex (Figure 15). Molecular docking verified
that luteolin could directly or indirectly affect key targets
proteins such as BIRC5 and CCNB1, which could be
regarded as the main evidence of luteolin inhibiting the
growth of GBM, and predicted their potential in targeted
therapies for GBM.

Discussion

GBM is an extremely malignant tumor that has puzzled
researchers. Most LGGs will relapse within 5-10 years
and then develop into GBM. Malignant progression of
GBM is a complex process; the formation and increase in
the degree of malignancy are caused by the accumulation
of multiple genetic changes involving the distortion of a
variety of signaling pathways and interaction networks (14).
O6-methylguanine-DNA methyltransferase (MGMT)
methylation, epidermal growth factor receptor (EGFR),
and isocitrate dehydrogenase 1, 2 (IDHI1, IDH2), which
are involved in tumorigenesis and promote the progression
of GBM, have been identified as molecular markers for
GBM (3). Clinical practice has shown that GBM patients
with MGMT-promoter methylation and IDHI mutation
have a better prognosis than those without mutation (15).
This study is aimed to identify DEGs (such as MGMT) and
understand their differential molecular mechanisms and
biological effects in normal and cancerous tissues, which are
involved in tumorigenesis and conducive to the diagnosis
and treatment of GBM (16,17).

At present, bioinformatics and network pharmacology
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Figure 8 Survival analysis of the hub genes—disease-free survival.
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Figure 9 Expression of the hub genes in normal and glioma tissues (Box Plot). *, P<0.05. GBM, glioblastoma.

are playing more and more important roles in clinical
research. With the update and improvement of the database,
researchers can propose innovative and potential treatment
schemes for more diseases. Recently, the therapeutic effects
of patchouli alcohol on gastric cancer (18), luteolin on
prostate cancer (19) and Xihuang Pill on triple-negative
breast cancer (20) were preliminarily verified by network
pharmacology and further confirmed by experiments, which
proved the feasibility of our research.

In this study, we conducted a detailed and in-depth
investigation and screened out core intersecting genes and
active components of traditional Chinese medicine based
on the existing analysis data and literature. By analyzing
the intersecting genes and active components of traditional
Chinese medicine, we obtained two potential DEGs
that may be closely related to the malignant progression
of GBM: BIRC5 and CCNBI1. Our innovation lies in
finding the possibility of applying traditional Chinese

© Translational Cancer Research. All rights reserved.

medicine ingredients to glioblastoma through network
pharmacology. We construct the “disease-gene-target-
drug” interaction network by using Cytoscape software
to analyze topological parameters to find luteolin, the
active ingredient of traditional Chinese medicine, and
verify its feasibility by molecular docking analysis. We also
identified the potential active component of traditional
Chinese medicine, which has been extensively correlated
with various target genes and widely verified for its anti-
tumor effects: luteolin. Furthermore, Anson et #/. found
that in addition to promoting termination of the cell cycle,
luteolin can also induce the cleavage of Caspase (cysteinyl
aspartate specific proteinase) and PARP (poly ADP-
ribose polymerase) in GBM cells, thereby inhibiting the
proliferation of cancer cells (18), as shown in 7able 2. These
findings further demonstrate the feasibility of this research
direction. Therefore, the present study focused on BIRCS,
CCNBI, and luteolin, which have considerable significance

Transi Cancer Res 2022;11(5):1386-1405 | https://dx.doi.org/10.21037/tcr-22-1122



1396 Xia et al. Chinese medicine targets for glioblastoma

Purity 8 Gell CD8+ T Cell CD4+ T Cell Macrophage Neutrophil Dendritic Gell

Cor =0.408| Partial.cor = -0. 04 Partial.cor .098 Partial. cor 0 077
9 P=: 339e'18 P= 14e- P=

Partial.cor = Partial.cor

Pama\ cor

AURKA expression level (log2 TPM)

025 050 075  1.000.0 05 10 15 00 05 1.0 15 000 025 05 075 000 02 050 075 1000 03 06 09 12 0 1 2
Infiltration level

B Cell CD8+ T Cell CD4+ T Cell Macrophage Neutrophil Dendritic Cell

s

& 10 : Partalcor — 0074 Partia.cor = 0001 [ ¢ Partial.cor =—0.129 X I Partial.cor =—0.016 Partial.cor = 0.034
S 7 . 29601 e-01 P-8.39¢-03) . . P=7.49 P=4.906-01
ki

T 8

3

c

S

é 6

Q

g

o

8 4

o

[

0.25 0.50 0.75 1.00 0.0 05 1.0 15 0.0 05 1.0 15 0.00 025 0.50 0.75 0.00 025 0.50 075 1.000.0 0.3 06 09 12 0 1 2
Infiltration level

Purity B Cell CD8+ T Cell CD4+ T Cell Macrophage Neutrophil Dendritic Cell

12 Cor =0.347| Partial.cor =-0.069 Partial.cor =0.011 Partial.cor =-0.161 Partial.cor =-0.069 ial. . Partial.cor =0.07
P=2.62e-13 P=1.59e-01 =9.
. o ™~

P=8.23e-01 82e-04 P=1.61e-01 41— P=1.54e-01

CCNB1 expression level (log2 TPM)
o

00 05 10 15 000 025 050 075
Infiltration level

Purity B Cell CDB8- T Cll CD4+ T Cell Macrophage Neutrophil Dendritic Cell

12 Cor =0.42] Partial.cor =-0.076 Partial.cor =-0.01 Partial.cor =-0.146 Partial.cor =-0.124 Partial.cor =0.051
P=2.56e-19| P=1.20e-01 P=8.38e-01 P=2.79e-03| P=1.14e-02 P=3.01e-01

CCNB2 expression level (log2 TPM)

025 050
Infiltration level

B Cell CD8+ T Cell CD4+ T Cell Macrophage Neutrophil Dendritic Cell

Partial.cor =-0.115 Partial.cor =0.051 . Partial.cor =—0.129
P=2.01e-01 .66e-01 P=1.42e-01

CDK1 expression level (log2 TPM)

025 050 075 10000 01 02 03 04 0500 02 0.4 06 00 01 02 03 0400 01 02 03 04 00 01 02 03 0.0 0.4 08 12
Infiltration level

Purity B Cell CD8+ T Cell CD4+ T Cell Macrophage Neutrophil Dendritic Cell

10 Cor=0455| | g4 Partial. cor —70 109 . Par\lal cor =0.018 Pamal cor =0.031 oy Partial. cor -70 031 - Partial. cov —0. 029 oo Pama\ cor =-0.03
P=777, N 9e-02 7.09e-01 . =5.28e-01 5.32e-01 .52e- e, 5.39e-01
td

BM

CENPF expression level (log2 TPM)
£y
[

025 050 075  1.0000 05 1.0 15 00 05 1.0 15 000 025 05 075 000 025 050 075 10000 03 06 09 120 1 2
Infiltration level

B Cell CD8+ T Cell CD4+ T Cell Macrophage Neutrophil Dendritic Cell
Partial.cor =0.011 Partial.cor =0.029 Pamal cor =0.078 Partial.cor =0.408
=8.27e « P=5.48¢ ° @ ¢, P-358e2i8

Partial.cor

Partial.cor
o P=

£

B 31 .13e-01 -
o .
>

S99

32 .

2 .o .

S 6 . .

2 . . . . .

4

3 . . . . . . “ . cee

33

z

* 025 050 075 10000 05 10 15 00 05 10 15 000 025 050 075 000 025 050 075 10000 03 06 09 12 0 1 2

Infiltration level

© Translational Cancer Research. All rights reserved. Transl Cancer Res 2022;11(5):1386-1405 | https://dx.doi.org/10.21037/ter-22-1122



Translational Cancer Research, Vol 11, No 5 May 2022

1397

Purity B Cell CD8+ T Gell

CD4+ T Gell

Macrophage Neutrophil Dendritic Cell

NDCB80 expression level (log2 TPM)

s

[ Cor =0.404| Partial.cor =-0.098 Partial.cor =-0.018 Partial.cor =0.004 Partial.cor =-0.008 Partial.cor =0.058 Partial.cor =0.073

~ P=6.42e-18| P=4.61e-02 P=7.21e-01 P=9.32e-01 P=8.63e-01 P=2.34e-01 P=1.38e-01

8o

°

]

-7

c

o

@

8

55

X

)

L3

x 0.25 0.50 0.75 1.00 0.0 05 10 15 0.0 05 1.0 15 0.00 0.25 0.50 0.75 0.00 0.25 0.50 0.75 1.000.0 0.3 0.6 08 12 0 1 2

Infiltration level
Purity B Cell CD8+ T Cell CD4+ T Cell Macrophage Neutrophil Dendritic Cell

Cor=0422|[ , Partial.cor =—0.016 o Partial.cor =0.029| [ 4 Partial.cor =—0.044| [ o Partial.cor =0.02| | o Partial.cor =0.011| | o Partial.cor =0.027
P=1.44e-19| | o P=7.47e-01 . P=5.56e-01 . P=3.65e-01 . P=6.84e-01 . P=8.26e-01 . P=5.83e-01

Infiltration level

B Cell CD8+ T Cell

CD4+ T Cell

Macrophage Neutrophil Dendritic Cell

Partial.cor =—0.129 Partial.cor =-0.021
P=8.43e-03 P=6.67e-01

Partial.cor =-0.129 Partial.cor =-0.122
P=8.46e-03| =1

Partial.cor =—0.144
P=1.27e-02| =

Partial.cor =0.055
P=3.15e-03| P=2.66e-01

UBE2C expression level (log2 TPM)
©

Infiltration level

Figure 10 Correlation between the differential expression of the hub gene target protein and immune infiltration.

for GBM and provide a theoretical and practical basis for
the development of new drugs in the future.

Baculoviral IAP Repeat Containing 5 (BIRCS) is
an apoptotic inhibitor protein (IAP), which has the
characteristics of cell cycle-dependent expression and
significantly up-regulated expression in the G2/M
phase (19). BIRCS is believed to inhibit the activity of
Caspase-3 and Caspase-7 to impede cell apoptosis and
promote cell mitosis and tumor progression (20,21). Also, it
is widely considered a potential therapeutic target (22,23).
Previous studies have shown that BIRCS is up-regulated
in oral squamous cell carcinoma (24), breast cancer, and
renal cell carcinoma (25). For our purpose, BIRCS5 has
been shown to be associated with the occurrence of GBM.
G2/mitotic-specific cyclin-B1 (CCNB1) is a key factor in
initiating mitosis (26), which plays a certain regulatory role
in G2/M transition (27,28). It performs this by acting as the
regulatory subunit of the maturity promoter factor (MPF)
and interacting with cyclin-dependent kinase (CDK1).
This leads to the transition of cells from the G2 phase to
the M phase (29), which is related to the occurrence and
prognosis (30) in tumors such as colon cancer (31), ovarian
cancer (32), pancreatic cancer (33), and hepatocellular

© Translational Cancer Research. All rights reserved.

carcinoma (34).

Luteolin (3,4,5,7-tetra hydroxy flavone) is a common
flavonoid compound, which has significant pharmacological
properties, such as anti-inflammation, anti-oxidation, and
anti-tumor (35), as well as extremely high research and
application value. In terms of its anti-tumor properties,
luteolin has been shown to inhibit the cell cycle and
the mitogen-activated protein kinase (MAPK) signaling
transduction pathway, and induce tumor suppressor p53,
which exerts good prevention and treatment effects on the
progression of colon, breast, and gastric cancers (36-40).
Other studies have shown that luteolin can block the cell
cycle and induce apoptosis of cancer cells by activating the
phosphatidylinositol 3 kinase (PI3K)/protein kinase B (Akt)
pathway, thereby inducing the expression of Endoplasmic
Reticulumb (ER) stress-related proteins, increasing the level
of intracellular reactive oxygen species (ROS), and inducing
mitochondrial autophagy (41-45) and other mechanisms.
This leads to inhibition of the occurrence and malignant
progression of GBM. Therefore, it is speculated that the
possibility of occurrence and malignant progression of
GBM can be reduced through the regulation of the key
target genes, BIRCS and CCNBI, by luteolin.
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Table 1 Overview of the bioavailability and pharmacological properties of Chinese medicine components included in study

Drug MOLID Main active ingredients OB (%) DL
Zanthoxylum MOL001458 Coptisine 30.67 0.86
nitidum MOL005084 7-demethyl-6-methoxy-5,6-dihydrochelerythrine 30.74 0.83
MOL002881 Diosmetin 31.14 0.27
MOL001461 Dihydrochelerythrine 32.73 0.81
MOLO005103 6-[(2R)-2,3-dihydroxy-3-methyl-butyl]-5,7- 33.55 0.22
dimethoxy-coumarin
MOL005106 Oxyterihanine 33.93 0.81
MOL005097 5-[(1S,3aS,4R,6aS)-1-(1,3-benzodioxol-5-yl)- 36.73 0.67
1,3,3a,4,6,6a-hexahydrofuro[4,3-c]furan-4-yl]-2-
methoxyphenol
MOLO000359 Sitosterol 36.91 0.75
MOL000358 Beta-sitosterol 36.91 0.75
MOL001474 Sanguinarine 37.81 0.86
MOL005108 Isofagaridine 38.34 0.77
MOL002663 Skimmianin 40.14 0.2
MOL002644 Phellopterin 40.19 0.28
MOL005105 Oxychelerythrine 44.22 0.84
Rhizoma MOL002322 Isovitexin 31.29 0.72
belameandae MOL001735 Dinatin 30.97 0.27
MOL000449 Stigmasterol 43.83 0.76
MOL000354 Isorhamnetin 49.6 0.31
MOL003742 Ardisianone A 44.22 0.25
MOL003753 Dihydrokaempferide 50.56 0.27
MOL003758 Iristectorigenin (9Cl) 71.55 0.34
MOL003759 Iristectorigenin A 63.36 0.34
MOL003769 Irolone 46.87 0.36
MOLO000006 Luteolin 36.16 0.25

Table 1 (continued)
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Drug MOLID Main active ingredients OB (%) DL
Suberect MOL000296 Hederagenin 36.91 0.75
Spatholobus stem MOL000033 (35,85,9S,10R, 13R, 14S,17R)-10,13-dimethyl- 36.23 0.78
17-[(2R,5S)-5-propan-2-yloctan-2-yl]-
2,3,4,7,8,9,11,12,14,15,16,17-dodecahydro-1H-
cyclopenta[a]phenanthren-3-ol
MOLO000358 Beta-sitosterol 36.91 0.75
MOL000392 Formononetin 69.67 0.21
MOL000417 Calycosin 47.75 0.24
MOL000449 Stigmasterol 43.83 0.76
MOLO000461 3,7-dihydroxy-6-methoxy-dihydroflavonol 43.8 0.26
MOLO000468 8-0-Methylreyusi 70.32 0.27
MOLO000469 3-Hydroxystigmast-5-en-7-one 40.93 0.78
MOL000470 8-C-a-L-arabinosylluteolin 35.54 0.66
MOL000471 Aloe-emodin 83.38 0.24
MOL000483 (2)-3-(4-hydroxy-3-methoxy-phenyl)-N-[2-(4- 118.35 0.26
hydroxyphenyl)ethyllacrylamide
MOL000490 Petunidin 30.05 0.31
MOL000492 (+)-catechin 54.83 0.24
MOL000493 Campesterol 37.58 0.71
MOLO000493 Campesterol 37.58 0.71
MOL000497 Licochalcone A 40.79 0.29
MOL000500 Vestitol 74.66 0.21
MOL000501 Consume close grain 68.12 0.27
MOL000502 Cajinin 68.8 0.27
MOL000503 Medicagol 57.49 0.6
MOL000506 Lupinidine 61.89 0.21
MOLO000507 Psi-Baptigenin 70.12 0.31
MOLO000006 Luteolin 36.16 0.25

Table 1 (continued)
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Drug MOLID Main active ingredients OB (%) DL
Black bean MOL000449 Stigmasterol 43.83 0.76
MOL000358 Beta-sitosterol 36.91 0.75
MOL003629 Daidzein-4,7-diglucoside 47.27 0.67
MOL000433 68.96 0.71
MOL004798 Delphinidin 40.63 0.28
MOL005030 Gondoic acid 30.7 0.2
MOL009706 Pramoxine 49.08 0.19
MOL009711 Cycloartenone 40.57 0.79
MOL009722 L-Folinic acid 31.79 0.74
MOL009729 Methyl (E)-nonadec-10-enoate 30.66 0.19
MOL009733 Methyl 12-oxooctadec-9-enoate 37.45 0.19
MOL009735 N-(p-Hydroxyphenethyl) actinidine 62.16 0.19

OB, oral bioavailability; DL, drug-likeness.

EGFR

Figure 11 PPI network of the intersection genes. PPI, protein-protein interaction.

In this study, we found and preliminarily verified the
abnormally up-regulated genes, BIRCS and CCNBI,
in GBM, which were associated with tumorigenesis
and malignant progression to a certain extent. We also
further screened out the active traditional Chinese
medicine component, luteolin, for GBM via the network

© Translational Cancer Research. All rights reserved.

pharmacology method. Therefore, luteolin could potentially
affect the occurrence and progression of GBM by
interfering with cell division through potential prognostic
biomarkers (BIRC5 and CCNB1), which provides a
foundation for new drug development of GBM-targeted
therapies.
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Figure 12 PPI network of the extended intersection genes. PPI, protein-protein interaction.
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Figure 13 Interaction network of active ingredients of traditional Chinese medicine-DEGs of GBM. DEGs, differentially-expressed genes;
GBM, glioblastoma.
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Table 2 Correlation score of each unit node in the PPI network

Name Molecular name Degree
MOL000006 Luteolin 112
MOL000449 Stigmasterol 87
MOLO000358 Beta-sitosterol 71
MOL003629 Daidzein-4,7-diglucoside 38
NOL001461
MOL000354 Isorhamnetin 32
MOL000497 Licochalcone A 32
MOL000500 Vestitol 29 -
MOL000468 8-0-Methylreyusi 27
MOL003759 MOL000354
MOL000296 Hederagenin 25
MOL003769
MOL000471 Aloe-emodin 23

PPI, protein-protein interaction.
Figure 14 Interaction network of active ingredients of traditional

Chinese medicine-differential expression target of core genes.

Table 3 Molecular docking prediction of bine energy and hydrogen bond

Receptor Ligand Bine energy Hydrogen bond

BIRC5 Luteolin —4.62 kcal/mol ASP29 (length: 1.9A)
ASP29 (length: 2.24)
GLU125 (length: 2.3A)
GLU125 (length: 3.2A)
GLU125 (length: 3.2A)
GLU126 (length: 2.0A)
CCNB1 Luteolin —4.3 kcal/mol VAL227 (length: 1.8,&)
VAL227 (length: 2.5A)
SER248 (length: 2.0A)
SER248 (length: 3.1A)
TYR270 (length: 2.5A)
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Figure 15 Molecular docking: (A) BIRCS & luteolin; (B) CCBNI1 & luteolin.
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