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Abstract

Background

High-risk neuroblastoma, as a lethal pediatric tumor, has unfavorable clinical outcomes, and
accounts for ~15% of childhood cancer-related mortality. However, the biomarkers for
treatment prognosis have remained largely elusive. The present study sought to identify
potential genes associated with the progression and prognosis of high-risk neuroblastoma.

Methods

The gene expression profiles of neuroblastoma were downloaded from the Gene Expression
omnibus (GEO) database, and samples from GSE62564 and GSE16476 were applied as the
training set and validation set, respectively. Bioinformatic analysis were performed by R.
Subsequently, the biological functions of key gene were investigated by transwell, western blot,
and flow cytometry analysis. miRNA that regulated the expression of key gene were predicted
and the bind site were validated by luciferase reporter analysis and Q-PCR in children with
high-risk neuroblastoma.

Results

Analysis shown that 120 differentially expressed genes (DEGs) in the blue module were
identified to be significantly related to high-risk neuroblastoma by weighted correlation
network analysis (WGCNA). After MCODE and Cytohubba algorithm analyses, 26 genes were
recognized as hub genes. Subsequently, univariate COX and LASSO regression analyses
identified a six-gene signature (NCAPG, UBE2C, MELK, CCNA2, KIF15, and BIRC5) and
constructed a prognostic model. The expression of these six genes in high-risk neuroblastoma
children was significantly higher than that in non-high-risk neuroblastoma children. These
signature genes and the prognostic model demonstrated strong prognostic capability using
Kaplan-Meier (KM) curves. Subsequently, NCAPG was selected as key gene and the results
indicated that knockdown NCAPG suppressed the migration and invasion, increased the
apoptosis rate and decreased the Bcl-2 level in neuroblastoma cells. In addition, the luciferase
reporter analysis method showed that miR-495-3p can negatively regulate the expression of
NCAPG. Q-PCR indicated that miR-495-3p highly expressed in children with high-risk
neuroblastoma.



Conclusion

Our findings identified that miR-495-3p/ NCAPG could serve as prognostic biomarkers of
high-risk neuroblastoma and may advance the understanding of the molecular pathogenesis.
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Introduction

Neuroblastoma is a lethal pediatric tumor originating from neurons of the sympathetic nervous
system that is responsible for approximately 8% of all childhood cancers and 15% of childhood
malignant cancer mortality[1]. It arises in early childhood with a median age at diagnosis of 18
months[2]. A high frequency of metastatic disease at diagnosis, such as lymph node metastasis,
bone metastasis, bone marrow metastasis, and liver metastasis, is a hallmark of neuroblastoma.
Neuroblastoma is highly heterogeneous with diverse clinical presentations that include
spontaneous regression, therapy-resistant progression and metastatic disease with a poor
prognosis even after intensive multimodality treatment[3]. Given this wide range of outcomes,
patients with neuroblastoma are risk-stratified based on a combination of tumor stage, age at
the time of diagnosis, and pathology (histology, differentiation, amplification of MYCN,
diploidy, and 11q aberration) to guide the selection of treatment strategies[4].

Risk-based treatment as a tailored therapy approach has effectively reduced therapy for low-
risk patients to avoid long-term complications while augmenting and targeting treatments for
high-risk patients to improve overall survival and quality of life[5, 6]. Despite these efforts,
While the survival for patients with low-and intermediate-risk disease approaches 100%, the
S5-year survival rate for high-risk NB patients is less than 50%. 60% of patients have high-risk
NB, and the prognosis of treatment in such patients remains poor. Although Significant
progress has been made to comprehend the molecular mechanisms involved in the etiology and
pathogenesis of NB, the factors affecting the prognosis of patients with high-risk
neuroblastoma have remained largely elusive.

The rapid technological breakthrough of microarray and sequencing technologies has provided
an excellent tool and platform for cancer research[7, 8]. Gene expression profiles have been
used to identify genes associated with the progression of neuroblastoma by screening
differentially expressed genes[9]. However, the high degree of interconnectivity between genes
and the specific factors affecting the prognosis of high-risk patients have been ignored.
Weighted correlation network analysis (WGCNA) is an exploratory data tool widely used to
find modules of highly correlated genes and to explore the correlation patterns between genes
and clinical features.

Here, in order to effectively find prognostic related genes, we constructed a co-expression gene
network based on gene expression data from neuroblastoma patients obtained from the Gene
Expression Omnibus (GEO) database, and the correlation between modules and clinical traits
was further analyzed. Pathway analyses were performed to investigate pathways significantly
associated with high-risk neuroblastoma. The hub genes associated with high-risk
neuroblastoma were screened using a protein-protein interaction (PPI) network. The hub genes
affecting prognosis were identified by univariate Cox and least absolute shrinkage and
selection operator (LASSO) regression analyses. The biological functions of uninvestigated
hub genes have been further explored by transwell, western blot, and flow cytometry.



Meanwhile, miRNAs that regulated signature gene expression were predicted and measured in
the blood circulation of children with high-risk neuroblastoma (Figure 1).
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Figure 1: Overall flowchart of the study design.
Materials and Methods

Patient Samples

Blood samples from 36 subjects aged 0 to 18 years were collected from the Children’s Hospital
of Fudan University. Tumor extent was evaluated using CT and/or MRI. Tumor staging was
determined according to the International Neuroblastoma Staging System (INSS)[10]. Patients
whose clinical data were not available were excluded from the analysis. According to criteria
published by the International Neuroblastoma Risk Group (INRG), 24 children were diagnosed
with high-risk neuroblastoma (HR-NB), and 12 children were diagnosed with non-high-risk
neuroblastoma (NHR-NB) (Table S1). Approximately 2 ml of peripheral blood from all
patients was collected. Then, the serum samples were obtained by centrifugation at 1200 xg
and stored at -80°C. Hemolytic serum samples were excluded. The protocol was approved by
the Institutional Ethics Committee of the Children’s Hospital of Fudan University. The



procedures were carried out according to the ethical principles of the Declaration of Helsinki.
Informed consent from each enrolled individual was obtained.

Cell Lines and Small interfering RNA (siRNA) transfection

Human neuroblastoma SH-SYSY cell line was purchased from ATCC. The cells
were cultured in 1640 medium (Thermo Fisher Scientific) containing 15% fetal bovine
serum (FBS, (Thermo Fisher Scientific)) and 100 U/mL penicillin/ streptomycin
((Thermo Fisher Scientific) at 37 °C in a humidifed atmosphere with 5% CO2. SH-
SYS5Y (5x104 cells/well) were reverse transfected with 100 nM of each of the siRNAs
using Lipofectamine RNAIMAX reagent (Invitrogen) in 24 wells plate at the indicated
concentrations according to the manufacturer's instructions. At 6 h post transfection, the
culture medium was replaced with fresh medium containing 15% FBS. The cells were
harvested after 24 h of transfection for the following assays. The siRNA sequences were
as follows: Si-h-NCAPG: sense, 5’-GGAGUUC AUUCAUUACCUUT T -3’ and
antisense, 5’-AAGGU AAUGAAUGAACUCCTT-3".

Data Acquisition and Screening

The GSE62545 and GSE16476 datasets were retrieved from the GEO
(www.ncbi.nlm.nih.gov/geo/). In this study, patients with unclear risk classification or older
than 18 years were excluded. A total of 419 samples (GSE62564) and 76 samples (GSE16476)
were included for subsequent analysis (Table S1). Then, to ensure the practicability and
accuracy of the prognostic genes for neuroblastoma, samples from GSE62564 and GSE16476
were applied as the training set and validation set, respectively. For RNAs with multiple probes,
the mean expression values were determined as the final gene expression value of the gene.

Construction of Dynamic Weighted Gene Co-expression Network

The WGCNA was performed based on previous protocols using the “WGCNA” R package to
explore the correlation between the clinical features and gene modules[11, 12]. All the included
samples of GSE62564 were analyzed, and outliers in the clustering results were removed. The
revised expression profiles containing 422 samples were used to test the degree of
independence and average connectivity of the modules by the gradient test. The appropriate
power value was determined when the scale independence value was equal to 0.9. The
WGCNA algorithm was then used to construct the co-expression modules and extract the gene
information in each module. In the process, a module size=30 was set as the cut-off threshold,
and modules with similar expression profiles were merged.

Clinically Significant Relevant Module Identification and Hub Gene
Screening

After obtaining the gene modules, the correlation between the clinical traits and the module
eigengenes was evaluated by Pearson’s correlation test. The module with the highest
correlation coefficient and a p value < 0.05 for high-risk clinical features was selected for
subsequent analysis. The gene significance (GS) and module membership (MM) were
evaluated. Based on the criteria of MM>0.8 and GS>0.2, the significant gene sets in the
selected module were screened. Meanwhile, DEGs between HR-NB and NHR-NB were
obtained using the “limma” R package with a cut-off value of [log2fold change (FC)| > 1 and



an adjusted P value < 0.05. The hub genes were identified by determining the intersection of
the DEGs and the significant gene sets obtained from the WGCNA analysis.

Protein-Protein Interaction Network Construction and Analysis

The Search Tool for the Retrieval of Interacting Genes/Proteins (STRING; http://string-db.org/)
database was used to analyze the interaction of hub genes and construct a PPI network[13].

The PPI network was visualized by Cytoscape[14], and the MCODE plugin was used to select

the hub clustered subnetworks of highly intraconnected nodes with the default parameters

(degree cut-off > 2, node score cut-off > 0.2, K-core > 2, and max depth = 100). Furthermore,

the plugin CytoHubba was utilized to explore the significant nodes in the clustered hub.

Construction of the Gene-Related Prognostic Model

To determine the survival associated genes, univariate Cox regression analysis was performed
by using the “survival” and “survminer” R packages. Genes for which P < 0.01 were selected
as survival-related genes. LASSO analysis of the survival-related genes was performed to
select the most valuable prognostic markers. The risk score (RS) of each sample was calculated
based on a linear combination of the coefficient (B) multiplied by its expression level. KM
curve analysis and receiving operating characteristic (ROC) analysis were further conducted
to investigate the relationship between the RS and overall survival in GSE62564, and the
prognostic model was validated based on GSE16476.

Transwell Assay

Transwell assay was used to detect the capacity of invasion and migration. Briefly, 5
x 104 in 200 pL serum-free DMEM were reseeded into the top of the insert of a Boyden
chamber (Corning Inc., USA) with 300 pg/mL Matrigel (BD Bioscience, USA). The
culture medium with 15% FBS was used as the chemical attractant and added to the
well below. After 12h (migration) or 48h (invasion) incubation, cells that passed
through the filter were fixed with 0.1% paraformaldehyde, and stained with 0.1%
crystal violet solution. The cells were imaged at 200x magnification in six random fields,
and measured using the ImageJ software.

Flow Cytometry

Cells were harvested by trypsinization and suspended in Annexin V binding solution. Then,
Annexin V-FITC staining solution was added to the cell suspension and gently mixed at 4°C
for 15 minutes in the dark, after which 5 mL propidium iodide (PI) staining solution was added
to the cell suspension. Subsequently, the cell-apoptosis rate was detected using flow cytometry
(BD FACSCalibur, USA).

Western blot analysis

After cell lysates were prepared, the protein concentration was measured using the Enhanced
BCA Protein Assay Kit (Beyotime). Protein samples were separated by 10% SDS-PAGE
electrophoresis at 120V for 80min and transferred onto PVDF membranes at 80V for 60min.
The membranes were blocked by 5% nonfat milk and incubated overnight at 4 °C with one of
the following primary antibodies: anti-Bcl-2 (1:1000, Abcam, UK), anti-NCAPG (1:1000,
Abcam, UK), anti-beta-actin antibody (1:1000, Abcam, UK). The next day, membranes were
incubated with the appropriate secondary antibody Goat Anti-Rabbit [gG H&L (HRP) for 1



hour at room temperature. Signals were detected using ECL Western Blotting Substrate
(Beyotime, China), and protein bands were quantified by measuring the signal intensity using
Image J.

Prediction and Detection miRNAs that Regulate Signature Gene Expression

To further identify the miRNAs that regulate signature gene expression, the prediction analysis
was conducted with the starBase database (http://starbase.sysu.edu.cn/). The intersecting
miRNAs were obtained by determining the intersection of the signature gene-related miRNA
set. Afterwards, the expression of overlapping miRNAs was analyzed using RT-PCR. Total
RNA was extracted using TRIzol reagent (TaKaRa, China) according to the manufacturer’s
protocol. Reverse transcription reactions were performed using a FastQuant RT Kit (Tiangen,
China). The primers were designed and then synthesized by Sangon Biotechnology Ltd.
(China). RT-PCR was performed according to the instructions of the PCR Kit (Tiangen, China).
U6 was used as an internal reference. The fold changes were calculated by means of relative
quantification (2-AACt method).

Luciferase Reporter Assay

The predicted binding site of the miRNA in the target gene was verified using a luciferase
reporter gene assay performed in HEK-293T. HEK-293T cells in 24-well plates and after 24 h
incubation the confuence reaches to 60-70%. NCAPG-3'-UTR wt and NCAPG-3'-UTR mutant
reporter plasmids were constructed in advanced. Then, miRNA mimics and a mimic negative
control (NC) were cotransfected with the luciferase reporter vector into human embryonic
kidney (HEK)-293 T cells. A dual luciferase assay system (Promega, USA) was used to
measure luciferase activity.

Statistical Analysis

The R-studio platform (v. 3.6.2) was used for the WGCNA analysis, differential expression
analysis, GO enrichment analysis, KEGG pathway analysis, univariate Cox regression,
LASSO regression, K-M curve and ROC curve generation and Pearson’s correlation analysis.
An adjusted P value or a P value < 0.05 indicated a statistically significant difference.

Results

Identification of Key Modules Associated with High-risk Neuroblastomas

After data quality evaluation and preprocessing, an expression matrix with 419 samples
and corresponding clinical information from GSE62564 was used for gene co-expression
network construction (Figure SIA). To ensure the network scale-free topology distribution, a
soft threshold power () equal to 7 (R2=0.9) was selected for further analysis (Figure 2A, B).
After similar modules were merged, a total of 19 distinct gene co-expression modules were
identified based on the average linkage hierarchical clustering and  values (Figure S1B and
2C). Each module was designated by unique colors to distinguish the modules, and the genes
in the gray module were excluded from further analysis. The relationships between the modules
and clinical traits were assessed (Figure 2D). The blue module was found to be significantly
positively correlated with high-risk neuroblastomas and was considered to be a key module for
subsequent research.
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Figure 2: Construction and identification of modules associated with clinical traits. (A) Analysis of the scale-
free fit index for various soft-thresholding powers (B). (B) The effect of B values on the mean connectivity of the
co-expression network. (C) Identification of co-expressed gene modules in neuroblastoma patients. (D) Heatmap
plot of the correlation between module eigengenes and clinical traits. Red indicates a positive correlation, and
green indicates a negative correlation.

Identification of the Hub Gene Set

The genes that met the criteria of MM>0.8 and GS>0.2 in the blue module were screened
(Figure 3A). Meanwhile, the DEGs between HR-NB and NHR-NB were obtained by
differential expression analysis (Figure 3B). A total of 120 genes were obtained by taking the
intersection of the DEGs and significant genes in the blue module (Figure 3C). The PPI
network was constructed using the STRING database (Figure S2). After calculation with the
MCODE algorithm, 89 genes in the cluster with the highest score were selected to better
characterize the blue module (Figure 3D). To further identify the vital candidate genes
associated with HR-NB, the topological features of the cluster were described according to the
following four parameters: MCC, degree, betweenness and closeness. After determining the
intersection of the top 30 genes according to the four algorithms, 26 genes were recognized as
hub genes for subsequent analysis (Figure 3E, Table S2).
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Figure 3. Identification of hub genes based on the training set. (A) A scatterplot showing the correlation
between Gene Significance (GS) and Module Membership (MM) in the blue module; a gene was considered a
significant gene in this module if MM > 0.8 and GS >2. (B) Volcano plot of the significance of the gene expression
differences between high-risk and non-high-risk patients; the cut-offs were |log(FC)| > 1 and a p-value < 0.05. (C)
Venn diagram analysis of the significant gene set in the blue module and the evidently differentially expressed
gene set. (D) The highest scoring cluster in the protein-protein network of overlapping genes according to the
MCODE algorithm. (E) The top 30 genes in the highest scoring cluster based on the MCC, degree, betweenness
and closeness algorithms. (F) Venn diagram of the four gene sets.

Functional Annotation

The 120 intersecting genes in the DEG sets and the significant genes in the blue module
were subjected to GO function and KEGG pathway analyses to examine their potential function.
The biological process (BP) analysis indicated that 120 genes were particularly enriched in
chromosome segregation, DNA replication, and nuclear division. The cellular component (CC)
of these genes mainly included chromosomal regions, condensed chromosomes, and spindles.
The molecular function (MF) were chiefly involved in catalytic activity, ATPase activity, and
DNA helicase activity (Figure 4A). According to KEGG pathway analysis, the significant
pathways included cell cycle, p53 signaling pathway, and DNA replication (Figure 4B).
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Figure 4. Functional enrichment analysis of the 120 intersecting genes. (A) GO enrichment analysis results.
(B) KEGG pathway enrichment analysis results.

Construction of the Prognostic Model

After univariate Cox regression analysis, 22 genes were identified as survival related genes
according to the criterion of P < 0.01 (Table S3). In order to further search for genes related to
the survival of NBL patients, LASSO logistic regression was performed, and six genes
(NCAPG, UBE2C, MELK, CCNA2, KIF15, and BIRCS5) were identified as the final
prognostic model (Figure 5A, B). Subsequently, the expression levels of six genes in NBL
patients were verified. The results shown that the level of these six genes were outstandingly
increased in HR-NB compared to NHR-NB (Figure 5C). Kaplan-Meier analysis showed that
the high expression of these six genes was Closely related with a shorter overall survival time
in neuroblastoma patients (Figure 5D). Based on the RS calculated by the prognostic model
formula, patients were divided into a high-RS group and a low-RS group using the median RS
as the cutoff (Figure 5E). The KM curves revealed that the high-RS group showed a poorer
overall survival rate compared to the low-RS group (Figure SF-H).

17 10 3 3 2 b 20 17 14 11 7 8 8 8 3 3 3 2 1 1

a

Coefficients
02 04 06
| Il 1
E] ES B
/
\\
Partial Likelihood Deviance
130 132 134
1 1 1

N
128
|

g
126
|

T T T T T T T T T T
-4.5 -4.0 -3.5 -3.0 -2.5 -4.5 -4.0 -3.5 -3.0 -2.5

Log Lambda Log(2)

sbaibaibiibaiba

-

ies

¢ .
d

BIRCS(p<0001) cenRzpe000n KIF15(p<0.001) MELK(p<0001) NCAPG(p<D.00T) usE2c(pe0.001)

o pow) Teno (o) o Gow) Tmo tow) Temo o) Tene oar

Survival curver (p=4.253e-09) ROC curve (AUC = 0.762)

—— high risk

oW risk

\

Survival rate

0.6

T
o 100 20 0 w0

Patients (increasing ik socre)

0.4
True positive rate

T T T T T T T T T T

; 0 5 10 15
0 Time (years) False positive rate

0 100 20

Figure S. Construction of the prognostic model of high-risk neuroblastoma based on GSE62564. (A) Least
absolute shrinkage and selection operator (LASSO) coefficient profiles of the fractions of 22 genes. (B) Tenfold
cross-validation of the tuning parameter selection in the LASSO model. (C) Boxplot of the significance of the
gene expression levels of 6 signature genes. (D) Overall survival analysis of 6 signature genes. (E) Risk score



distribution of neuroblastoma patients. (F) Survival status of neuroblastoma patients. (G). Survival analysis of the
association between the risk score and the overall survival time of neuroblastoma patients. (H) Receiver operating
characteristic (ROC) curves and area under the curve (AUC) statistics used to evaluate the predictive power of
the prognostic model.

Verification of the Prognostic Model

The above findings are verified in GSE16476. The results indicated that the six signature
genes were significantly higher in patients with HR-NB compared to patients with NHR-NB
(Figure 6A). The expression level of the six signature genes was negatively associated with
overall survival (Figure 6B). In addition, KM analysis showed that the survival time of patients
in the high-RS group was shorter than that of patients in the low-RS group (Figure 6C). This
result suggests that NCAPG upregulation of NCAPG, UBE2C, MELK, CCNA2, KIF15, and
BIRCS were effectively predictor of the poor prognosis of NBL patients.

< Survival curve (p=3.104¢-02)

b —— high risk
\ — low risk
\

Y

P

1 1

al rate
!

W

ez

§
Surviv
1

!

0.0 0.2 0.4 0.6 0.8 1.0

J T T T T T
- 0 5 15 20

Time eas)
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Knockdown of NCAPG Suppressed NBL cell migration and invasion

Among the six genes mentioned above, except for NCAPG, the others have been proven
to play an important role in NBL. Therefore, this study focused on the effect of NCAPG on
NBL. To investigate the biological function of NCAPG in NBL, the NCAPG siRNA
intervention is implemented in NBL cell lines SH-SYS5Y. Westren blot analisis indicated that
NCAPG siRNA intervention knockdown the protein level of NCAPG (Figure 7A). The
transwell assays were conducted to evaluate the effects of NCAPG on migration and invasion.
As shown in Figure 7B, C, downregulation of NCAPG significantly inhibited the migration
and invasion of SH-SYS5Y cells.
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Figure 7. Transwell analysis of SH-SY5Y cells. Downregulation of NCAPG significantly inhibited the
migration and invasion of SH-SYS5Y cells.

Knockdown of NCAPG promote NBL cell apoptosis

The effects of NCAPG on NBL cell apoptosis were explored by flow cytometry and western
blot. Flow cytometry analysis was performed after FITC Annexin V/ PI staining, which showed
NCAPG siRNA increased the degree of apoptosis of SH-SY5Y cells (Figure 8A, B) . In
addition, the expression level of Bcl-2, an apoptosis-related protein, is detected by the WB
method. The results that NCAPG siRNA transfection greatly decreased expression of Bcl-2

(Figure 8C). These data indicate that knockdown of NCAPG can effectively reduce apoptosis
in NBL cells.
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Expression of Signature Gene-related miRNAs in High-risk Neuroblastoma

In order to find prognostic biomarkers in blood circulation, miRNAs that affect the
expression of signature genes were predicted. Four overlapping miRNAs (miR-381-3p, miR-
641, miR-300, and miR-495-3p) were obtained by determining the intersection of six gene-
related miRNA sets (Figure 9A and Table S4). The circulating levels of these four miRNAs in
children with HS-NB and NHS-NB were detected. As Figure 9B~E shows, the expression of
miR-495-3p in children with HS-NB were evidently lower than those in children with NHS-
NB. There was no significant difference in the miR-300, miR-641 and miR-381-3p expression
levels between HS-NB patients and NHS-NB patients. The predicted binding site of the
miR-495-3p and NCAPG was verified using luciferase reporter gene assay. The results
showed that the luciferase activity of NCAPG-Wt in the miR-495-3p mimic group
was greatly decreased compared with NC group. In NCAPG-Mut cells, there was no
obvious difference between the miR-495-3p mimic group and the NC group (Figure 10).
This result illustrated that the down-regulated miR-495-3p in NHS-NB may lead to up-
regulation of its negative regulatory target genes NCAPG.
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Discussion

High-risk neuroblastoma as a fatal neoplasm has a higher incidence among children[1].
Current high-risk treatment regimens consist of multiagent induction chemotherapy, surgical
tumor resection, autologous stem-cell rescue as a consolidation treatment, posttransplant
radiotherapy, and postconsolidation treatment with biological agents and immunotherapy to
treat minimal residual disease[3, 15, 16], which has improved 5-year overall survival to 50%[6,
16, 17]. Albeit comprehensive therapy and advances in the molecular exploration of
neuroblastoma, current treatments are ineffective in approximately half of children with high-
risk neuroblastoma, and further major advances in the development of prognostic of treatments
are imperative[18].

In this study, prognostic-related genes in high-risk NB are explored. The GSE62564 dataset,
with 419 neuroblastoma samples, was employed to obtain robust results. The WGCNA
network of neuroblastoma was constructed, and the blue module was identified to be closely
related to the clinical features of high-risk patients. Meanwhile, the DEGs of patients with HR-
NB and patients with NHR-NB were obtained. Subsequently, 120 overlapping genes were
obtained by determining the intersection of the blue module and the DEGs. To further screen
genes related to the prognosis of HR-NB, the PPI network of 120 intersecting genes were built.
After calculation by using the MCODE and CytoHubba algorithms, 26 hub genes were
identified. Through univariate regression and LASSO logistic regression, the prognostic model
was generated, which consisted of NCAPG, MELK, CCNA2, UBE2C, KIF15, and BIRCS. To
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explore the relevance of the prognostic models to survival, survival analyses were performed,
and the results indicated that the six signature genes have powerful predictive capacity for
prognosis of HR-NB. Furthermore, the results were validated in the GSE16476 dataset.

According to the above six genes, most of them have been proved to be related to the
prognosis of neuroblastoma. MELK is maternal embryonic leucine zipper kinase. It is involved
in many tumor-related processes, such as tumor invasion, chemotherapeutic drug resistance,
and stem cell renewal, by regulating the inflammatory pathway and affecting tumor mitotic
activity[19-21]. Studies have shown that MELK is overexpressed in NB patients and is a
potential therapeutic target for NB patients [22, 23]. CCNAZ2 is an important member of the
highly conserved cyclin family and plays critical roles in the regulation of the cell cycle[24].
Overexpression of CCNA2 has been demonstrated in neuroblastoma patients and MYCN-
amplified neuroblastoma cells. UBE2C is involved in the ubiquitin-proteasome pathway,
which regulates various cancer-related cellular processes [25-28]. Study indicated that UBE2C
plays a vital role in mitosis and is a promising therapeutic target for neuroblastoma. KIF15 is
involved in various cellular processes, including proliferation, apoptosis, differentiation and
development, that lead to poor prognosis in tumor patients[29, 30]. Patients with MYCN-
amplified high-risk neuroblastoma have single nucleotide polymorphisms in the KIF15
gene[31]. BIRCS is a protein involved in the intrinsic apoptotic pathway and is stage-
dependently overexpressed in tumor tissue. Multiple studies have shown that BIRCS is gained
in 49% of NB tumors, and is correlated with a poor prognosis of high-risk NB. In addition,
studies have indicated that abnormal BIRC5 expression induced by MYCN in neuroblastoma
could be a target for therapy[32-35]. NCAPG, as a mitotic-associated chromosomal condensing
protein, could promote cell proliferation, invasion, and migration. NCAPG overexpression
cause poor prognosis in patients with many kinds of tumors, including prostate
cancer, pediatric glioma, renal cell carcinoma, hepatocellular carcinoma, multiple myeloma,
and melanoma[36-41]. However, the correlation between the high expression of NCAPG and
the prognosis of high-risk neuroblastoma has not been explored. Therefore, this study
investigated the biological function of NCAPG in neuroblastoma.

In human neuroblastoma SH-SYS5Y cell line, we evaluated the effect of NCAPG on
neuroblastoma migration, invasion and apoptosis. The results confirmed that
knockdown of NCAPG could significantly suppress SH-SY5Y cell migration and
induced apoptosis and invasion. Infer from this, NCAPG has the potential to be a new
biomarker for prognosis of treatment in neuroblastoma.

On this basis, to further search for biomarkers in the blood circulation of HR-NB patients, the
miRNAs that negatively regulated the six signature genes were predicted. Four miRNAs were
obtained, and the expression of miR-495-3p in the circulation in children with HR-NB were
significantly downregulated compared with that in children with NHR-NB. Meanwhile, the
luciferase reporter assay indicated that miR-495-3p negatively regulated the expression of
NACPG. Studies have indicated that miR-495-3p participate in the proliferation, invasion, and
migration of various cancer cells and affect tumor progression[42-44]. Our results
demonstrated that miR-495-3p/NCAPG could serve as circulating biomarkers to predict the
prognosis of HR-NB.

There are still some limitations in our work. Although the results have been well validated

based on independent data sets, neuroblastoma cells and blood samples from children with
HR-NB, we have not further validated our conclusions through the analysis of tumor tissues.
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In-depth examination of the mechanism underlying how these biomarkers affect high-risk
neuroblastoma needs further study.

Conclusions

In summary, we have presented a systematic and comprehensive analysis by using WGCNA
and LASSO. We identified six-gene signature which was of great value to predict progression
and poor prognosis of HR-NB. We further determined that inhibiting NCAPG in the six genes
can effectively inhibit the migration of neuroblastoma cells and induce neuroblastoma cell
invasion and apoptosis. Meanwhile, miR-495-3p negatively regulate the expression of NCAPG,
and were down-regulated in the serum of HR-NB children. These findings may shed light on
advanced understanding of the prognostic factors of high-risk neuroblastoma.
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Figure 2

Construction and identification of modules associated with clinical traits. (A) Analysis of the scale-free fit
index for various soft-thresholding powers (B). (B) The effect of B values on the mean connectivity of the
co-expression network. (C) Identification of co-expressed gene modules in neuroblastoma patients. (D)
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Figure 5

Construction of the prognostic model of high-risk neuroblastoma based on GSE62564. (A) Least absolute
shrinkage and selection operator (LASSO) coefficient profiles of the fractions of 22 genes. (B) Tenfold
cross-validation of the tuning parameter selection in the LASSO model. (C) Boxplot of the significance of
the gene expression levels of 6 signature genes. (D) Overall survival analysis of 6 signature genes. (E)
Risk score distribution of neuroblastoma patients. (F) Survival status of neuroblastoma patients. (G).
Survival analysis of the association between the risk score and the overall survival time of
neuroblastoma patients. (H) Receiver operating characteristic (ROC) curves and area under the curve
(AUC) statistics used to evaluate the predictive power of the prognostic model.
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Transwell analysis of SH-SY5Y cells. Downregulation of NCAPG significantly inhibited the migration and
invasion of SH-SY5Y cells.
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Expression levels of miRNAs that regulated six signature genes expression. MiRNAs prediction results
that regulate six mMRNA expression (A). The expression of miR-495-3p (B), miR-300 (C), miR-641 (D), and



miR-381-3p (E) in children with HS-NB and NHS-NB.
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The binding sites of miR-495-3p in the 30-UTR of NCAPG and the relative fluorescence unit of co-
transfected cells detected by dual luciferase reporter gene assay.
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