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To clarify the underlying mechanism of radioresistance nasopharyngeal carcinoma, we identified correlated
gene modules and key genes through analyzing the gene expression omnibus dataset with the weighted gene
co-expression network analysis. GSE32389 dataset were obtained from the gene expression omnibus. The
weighted gene co-expression network analysis was introduced to establish a gene co-expression network and
mine important gene modules and the key genes. Gene ontology enrichment was performed with the genes in
modules which were related to radioresistance nasopharyngeal carcinoma. Then, we established a protein-
protein interaction network with the genes in such module and identified hub genes in this protein-protein
interaction network using molecular complex detection. Finally, we analyzed these hub genes overall survival
using gene expression profiling interactive analysis database. Thirty five gene co-expression modules were
obtained through weighted gene co-expression network analysis, genes in module had similar expression
pattern. We found that module light cyan was the most correlated module to radioresistance nasopharyngeal
carcinoma. Genes in this module were mainly related to cytokine production, regulation of cell activation
and immune effector process. Five hub genes were discovered, namely cluster of differentiation 2 molecule,
interleukin 10 receptor subunit alpha, cluster of differentiation 38 molecule, interleukin 2 receptor subunit
beta and C-C motif chemokine ligand 19. In this research, we found five hub genes through analyzing the
gene module which was mostly related to radioresistance nasopharyngeal carcinoma. They were involved
in multiple cellular processes including cytokine production, regulation of cell activation and immune
effector process. All these may improve our basic understanding of the molecular mechanisms underlying

radioresistance nasopharyngeal carcinoma.
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Nasopharyngeal Carcinoma (NPC) is one of the
most common head and neck malignancies in China.
According to the Global Cancer Statistics in 2018,
there would be more than 129 000 new cases and
approximately 73 000 cancer-related deaths of NPCt'.
With the development of diagnosis and therapy,
especially radiotherapy, the overall prognosis of NPC
has improved significantly?!. Currently, the standard
of treatment for NPC is the Intensity-Modulated
Radiotherapy (IMRT) with good tumor coverage and
healthy tissue protection®). However, radioresistance
is the key factor of NPC treatment failure. The local
control rate, progression-free survival and 3 y Overall
Survival (OS) of locally advanced recurrent NPC
patients are quite low, with only 44.3 %, 17.5 % and
47.2 %M. There are many reasons for the occurrence
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of radiotherapy resistance, such as abnormal gene
expression, epigenetic factor, abnormal activation
of some signal pathways and change of tumor
microenvironment?®. A deeper understanding of the
mechanism of radioresistance NPC will help to inhibit
tumor progression, reduce the necessary radiation
dose and improve the survival rate of patients. It is
very important to identify key factors and potential
mechanism for radioresistance NPC.

With the tremendous development of next generation
sequencing, together with the development of network
analysis in bioinformatics field, the study of co-
expression’® genes related to clinical trait has increased
our understanding of the pathological mechanism of
radioresistance NPC. Besides, Weighted Gene Co-
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Expression Network Analysis (WGCNA) is widely
used to analyze large-volume gene expression data
and to discover key gene modules which are correlated
to clinical trait””). In this study, we established a co-
expression network using WGCNA and clustered
similar expressed genes into the same gene modules. The
modules which were most related to the radioresistance
NPC were obtained. The genes in light cyan module
which were mostly correlated to NPC patient’s
radioresistance were mainly enriched in regulation of
cytokine production.

Finally, we discovered five hub genes (Cluster of
Differentiation 2 (CD2), Interleukin 10 Receptor
Subunit Alpha (IL10RA), Cluster of Differentiation 38
(CD38), Interleukin 2 Receptor Subunit Beta (IL2RB)
and Chemokine (C-C motif) Ligand 19 (CCL19)) that
could predict the radiotherapy resistance of NPC. Also,
we combined Gene Expression Profiling Interactive
Analysis (GEPIA) databases to verify if these hub
genes be able to predict the prognosis of NPC.

MATERIALS AND METHODS

Data acquisition and processing:

Gene Expression Omnibus (GEO) database contains a
large number of disease-related gene expression data
sets, which is a commonly used research database!®.
In our study, GSE32389 dataset was introduced to
construct co-expression networks of radioresistance
NPC. This dataset included 8 radiosensitive NPC
patients and 12 radioresistance NPC patients. We
downloaded the original data of the GSE32389 dataset
and normalized the data with the limma package.
In addition, we also annotated the genes with the ID
conversion tool.

Construction of co-expression network:

WGCNA is a commonly used tool for constructing
gene co-expression networks. It can cluster genes with
similar expression patterns in data sets into a module
and associate the module with clinical characteristics’.
In this study, the co-expression network was constructed
based on GSE32389 dataset using the R package
“WGCNA”. The soft-thresholding power of the co-
expression network we set was 7 and 0.8 was used as the
correlation coefficient threshold. The minimum number
of genes in modules was set as 30. To merge possible
similar modules, we defined 0.2 as the threshold for cut
height. In addition, eigengene and gene significance
methods!'” were introduced to discover modules which
were correlated with radiotherapy activity of NPC
patients. The association between module eigengenes
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and clinical trait was used to identify the significant
clinical module.

Functional enrichment analysis:

In order to achieve deeper understanding of the
biological function of the genes in the interested
module related to radioresistance NPC, we introduced
the Gene Ontology (GO) analysis using the powerful
online bioinformatics tool Database for Annotation,
Visualization and Integrated Discovery (DAVID)
database!'!!  (https://david.ncifcrf.gov/home.jsp/) and
p<0.05 was set as the cut-off.

Identification of the hub genes:

Gene module with highest connectivity to radiotherapy
resistance was identified by the WGCNA algorithm.
The Protein-Protein Interaction (PPI) network was
constructed with the genes in such module using
Cytoscape v3.7.00"%l. Genes located at network nodes
are the key nodes of the pathway. The network was
analyzed by Molecular Complex Detection (MCODE)
and the network is clustered to find closely connected
regions and the most significant cluster with 10 nodes
was visualized. And the hub genes were discovered
using the cytoHubba in cytoscape with Mathews
Correlation Coefficient (MCC) algorithms!'?,

Prognostic analysis of the hub genes:

GEPIA is a web-based powerful tool for cancer
bioinformatics study based on The Cancer Genome
Atlas (TCGA) and Genotype-Tissue Expression
(GTEX) data!'¥l offering several key functions including
differential expression analysis and patient survival
analysis. Since there is no record of NPC in TCGA
database, we analyzed the Head and Neck Squamous
Cell Carcinoma (HNSCC) data set in TCGA database
as a substitute. In this study, we performed prognostic
analysis using GEPIA to investigate the relationship
between hub genes expression level and HNSCC
patient’s prognosis with OS.

RESULTS AND DISCUSSION

We downloaded the dataset GSE32389 of NPC
tissues together with its clinical trait data from the
GEO database. The GSE32389 dataset was GPL4381
platform. There were 8§ radiosensitive NPC patients and
12 radioresistance NPC samples in GSE32389. The raw
data of GSE32389 were normalized with the Robust
Multichip Average (RMA) method in R-project!'”. In
this study, to construct a WGCNA network, the soft
thresholding power beta () was set at 7 and the scale
independence reached 0.85 (fig. 1). Then, we used
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the one-step network to construct the functional to
identification module using WGCNA in R, 35 gene co-
expression modules were finally achieved that genes in
each module had similar expression pattern as shown
in fig. 2.

We analyzed the correlation of eigengenes between
the gene co-expression modules. The eigengenes
were clustered into several modules. Finally, thirty
five modules were clustered into two clusters (fig. 3).
We associate the gene module with the radiotherapy
effect and identify the most significant correlation. The
module light cyan was most significantly correlated
with radiotherapy resistance as shown in fig. 4.

We performed GO analysis!'® for genes in the module
light cyan. Regarding the biological process, the genes
in this module were enriched in cytokine production,
regulation of cell activation and immune effector
process. As for the cellular component, these genes
were enriched in vesicle, plasma membrane, secretory
vesicle and glutamatergic synapse. Besides, regarding
molecular function, these genes were enriched in
signaling receptor binding, protein-containing complex
binding, transcription factor binding, cell adhesion
molecule binding and integrin binding as shown in fig.
5.

To achieve a deeper understanding of the associations
between genes in the gene modules, a PPI network!”!
with the module genes was constructed using Cytoscape
software. As the result shown in fig. 6, top ten hub
genes were identified in the light cyan module by of
the PPI network using cytoHubba package, including
C3, C6, CCL19, CD2, CD38, IGF3, IL2RB, IL10RA,

Signal Transducer and Activator of Transcription 5B
(STATSB) and Vitronectin (VTN).

We performed the OS analysis of these ten key genes in
survival plotting module in HNSC using GEPIA. The
results showed that CD2, IL10RA, CD38, IL2RB and
CCL19 could cause poor OS in NPC patients as shown
in fig. 7.

NPC, one of the most common head and neck
malignancies in China, has been becoming an
important health problem that threatens the health
and life of human beings!'"”. IMRT is the current
standard of treatment for NPC with its good curative
effect!’®. However, radioresistance is the key factor of
NPC treatment failure®®. A deep understanding of the
underlying mechanism of radioresistance NPC will
help to inhibit tumor progression, reduce the necessary
radiation dose and improve the survival rate of patients.
Therefore, exploring susceptibility modules and genes
for radioresistance patients is important.

We established the co-expression network by WGCNA
using the published data of radioresistance NPC. All the
genes in this dataset were included in the network. We
obtained 35 gene modules that genes in each module
have similar expression pattern. Then, we identified
the light cyan module as the mostly correlated gene
modules with radioresistance NPC patients. And
genes in this key module were enriched in cytokine
production, regulation of cell activation and immune
effector process. Besides, we constructed a PPI network
with genes in this key module; we identified 5 hub
genes which were related to NPC radiotherapy effect
and prognosis, namely CD2, ILI0RA, CD38, IL2RB
and CCL19.
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Fig. 1: Analysis of network topology for different soft-thresholding powers
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Fig. 2: Clustering dendrogram of genes, with dissimilarity based on topological overlap, together with assigned module colors
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Fig. 4: Module-trait associations. Each row corresponds to a module and each column corresponds to a trait. Each cell contains the
corresponding correlation and p value. The table is color-coded by correlation according to the color legend
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Fig. 5: GO analysis of the genes in light cyan module regarding biological process, cellular component and molecular function, (A):
Biological process of genes in light cyan module; (B): Cellular component of genes in light cyan module and (C): Molecular function

of genes in light cyan module

=

Fig. 6: Identification of top 10 hub genes from the genes in light cyan modules by STRING and MCODE. A-B the hub genes iden-
tified in light cyan module with a degree cut-off=2, haircut on, node score cut-off=0.2, k-core=2 and maximum depth=100 were

screened with MCODE
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Fig. 7: OS analysis of these hub genes by GEPIA

Note: p<0.05 was considered as statistically significant. As the results shown that CCL19, CD2, CD38, IL10RA and IL2RB were
associated with the prognosis of head and neck tumors, (==): Low CCL 19 group and (==): High CCL 19 group
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WGCNA is widely used to analyze large-volume
gene expression data and to discover gene modules
which are highly correlated to clinical trait®. By
analyzing the GSE32389 dataset, we constructed a co-
expression network and found the light cyan module
was most relevant to radioresistance in patients with
NPC. GO analyses show that cytokine production,
regulation of cell activation and immune effector
process was activated during the radioresistance in
NPC patients. Moreover, we identified 5 hub genes
which were highest correlated to radioresistance NPC
and prognosis, including CD2, IL1I0RA, CD38, IL2RB
and CCL19. It was reported that CD38 regulated the
metabolic-associated signaling pathways and serve
a carcinogenic role in NPC!", Yu shown that IL-10
promoter genes including 1082 A/G, 819 T/C and 592
A/C are associated with NPC by promoting tumor
progression?®!, Besides, Ju had reported that Atypical
Chemokine Receptor 4 (ACKR4) CCL21 mediated
NPC development?!, These researches are consistent
with the results of this study. We found several hub
genes that play important role in radioresistance NPC,
which may improve our knowledge of the molecular
mechanisms underlying radioresistance NPC.
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