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Abstract

Objective
Neuroblastoma is a childhood malignancy with high morbidity and mortality. Through bioinformatics
analysis, we identi�ed key biomarkers associated with neuroblastoma risk and prognosis.

Methods
The gene modules most associated with neuroblastoma risk were derived by weighted gene co-
expression network analysis (WGCNA). Modular genes were intersected with differentially expressed
genes (DEGs) between high-risk neuroblastoma (HR-NB) patients and non-high-risk neuroblastoma (NHR-
NB) patients to obtain risk genes, and enrichment analysis was performed. After incorporating risk genes
into Cox regression analysis, Least Absolute Shrinkage and Selector Operation (LASSO) algorithm, and
Kaplan-Meier survival analysis, key genes were identi�ed and introduced into three external datasets for
validation. In addition, we performed short time-series expression miner (STEM) analysis and single
sample genome enrichment analysis (ssGSEA). Finally, we evaluated the difference in DNA methylation
levels to identify meaningful methylation marks.

Results
The 26 risk genes we screened were mainly associated with ion channels and ion transport across
membranes. We identi�ed 5 key genes (ANO6, CPNE2, DST, PLXNC1, SCN3A) for neuroblastoma risk and
prognosis, which correlated closely with known neuroblastoma biomarkers. All key genes showed a
progressive down-regulation trend with increasing risk levels of neuroblastoma. The level of immune
in�ltration of 14 immune cells was signi�cantly different between HR-NB and NHR-NB, and most immune
cells were negatively correlated with key genes. Furthermore, the expression of ANO6, CPNE2, DST and
PLXNC1 was modi�ed by DNA methylation.

Conclusion
This study identi�ed 5 key genes for neuroblastoma risk and prognosis that were potential biomarkers
and potential therapeutic targets for neuroblastoma.

Introduction
Neuroblastoma is a malignant embryonal tumor of the sympathetic nervous system that originates from
a developing and incompletely oriented precursor cell of neural crest tissue.1 As the most common tumor
in the �rst year of life, neuroblastoma accounts for 7 to 8 percent of all childhood malignancies and 15
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percent of cancer-related deaths in children.2 Neuroblastoma is well-known for its broad range of clinical
presentations, from spontaneous remission, to recovery after treatment, and to extensive metastases not
responding to treatment.3, 4 Risk strati�cation of patients with neuroblastoma depends on age, disease
stage, histopathological �ndings, genetic marker status, and multiple biological factors. Tailored
combination therapies based on speci�c clinical and biological factors have conspicuously improved
outcomes in patients with low- (LR-NB) and intermediate-risk neuroblastoma (IR-NB).3 In contrast,
patients with high-risk neuroblastoma (HR-NB) have a suboptimal clinical course despite intensive and
comprehensive multimodal therapy.5

Neuroblastoma contains genetic, biological, morphological and clinical heterogeneity, which makes it
challenging to develop effective universal therapies.6 The standard treatment protocol for HR-NB includes
�ve to six cycles of induction chemotherapy and surgery, high-dose consolidation therapy combined with
autologous hematopoietic stem cell salvage and irradiation, and post-consolidation therapy to control
minimal residual disease.3 Regrettably, approximately half of HR-NB patients fail to respond to �rst-line
treatment regimens, or are accompanied by severe drug resistance and toxic side effects during
treatment, or recrudesce within two years after treatment.7 The reduced susceptibility of HR-NB to
chemotherapeutic drug-induced programmed cell death is a major cause of treatment failure in patients
with advanced neuroblastoma.8 Worse yet, HR-NB has the characteristics of cold tumor, and various
immune escape mechanisms make it di�cult for existing immunotherapy to achieve signi�cant e�cacy.9

On the other hand, the majority of currently approved therapies for neuroblastoma lack precise target
speci�city.10

There is an urgent need to develop new therapeutic targets and therapies to increase the cure rate and
long-term survival rate of HR-NB patients, as well as to reduce the toxic and side effects. In recent years,
based on well-established multi-omics techniques, many genomic altered and dysfunctional pathways in
neuroblastoma have been identi�ed that drive tumor initiation, progression and resistance to therapy.11 In
the present study, transcriptome analysis and methylation analysis were performed using bioinformatics
methods based on neuroblastoma data downloaded from an online database. Key genes associated with
neuroblastoma risk and prognosis were identi�ed, which may be potential biomarkers and therapeutic
targets for HR-NB.

Material And Methods
Neuroblastoma Data Collection

Neuroblastoma RNA-seq gene expression data were downloaded from the TARGET database
(https://ocg.cancer.gov/programs/target), from which we extracted mRNA gene expression data to obtain
the TARGET-NBL dataset. The TARGET-NBL dataset contained mRNA gene expression data from 111
patients with HR-NB, 12 patients with IR-NB and 13 patients with LR-NB. Other datasets (GSE49710,
GSE73517, GSE120572) were downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/).
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The raw data in these three datasets were preprocessed and normalized using the lumi package in R
(version 4.1.2).12 The GSE120650 dataset involved array-based DNA methylation pro�les of 58 primary
neuroblastoma patients and was processed with the ChAMP package.13

Co-expression Analysis

By performing weighted gene co-expression network analysis (WGCNA) using the WGCNA package,14 the
top 5000 genes with the largest gene expression variance in the TARGET-NBL dataset were selected to
construct a co-expression network. After identifying and removing outlier samples, the connectivity
between different gene pairs was determined and weighted according to gene expression levels.
Afterwards, the soft threshold corresponding to the independence index R2=0.9 was selected, and the
adjacency matrix was transformed into a topological overlap matrix (TOM) to determine the connectivity
between genes. Genes were clustered into different color modules according to their connectivity and
covariance coe�cients, and potential correlations between modules and tumor risk levels were explored
by Pearson correlation analysis.

Difference Analysis

Differential expression analysis of HR-NB patients and NHR-NB patients in the TARGET-NBL dataset was
performed using the DESeq2 package.15 Screening thresholds |LogFC| >1 and P<0.05 were set to select
differentially expressed genes (DEGs) between HR-NB and NHR-NB.

Enrichment Analysis

Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment
analysis of risk genes were performed using the clusterPro�ler package.16 Enrichment was considered
statistically signi�cant at P<0.05. Gene set enrichment analysis (GSEA) was performed using the
clusterPro�ler package to identify signi�cant GO and KEGG pathways. Enrichment terms and relevant
scores were identi�ed by performing Gene set variation analysis (GSVA) using the GSVA package.17 By
using the limma package,18 GSVA scores were used to analyze differences in enrichment terms between
HR-NB and NHR-NB patients.

Cox regression analysis

We used the survival package (https://CRAN.R-project.org/package=survival) for Cox regression analysis
to estimate the association between expression levels of selected risk genes and the overall survival of
patients. With P<0.05 as the screening criterion, Genes correlating with prognosis of neuroblastoma were
screened for subsequent analysis.

Least Absolute Shrinkage and Selector Operation algorithm

Genes screened by Cox regression analysis were incorporated into the Least Absolute Shrinkage and
Selector Operation (LASSO) algorithm. Lambda.min was the cutoff point at which the minimum mean
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cross-validated error occurs. Genes whose regression coe�cients not be penalized to zero at lambda.min
were regarded as key genes for neuroblastoma prognosis. The LASSO algorithm was implemented
through the glmnet package.19

Kaplan-Meier survival analysis

The patients in TARGET-NBL dataset were divided into high and low expression groups based on the
median number of key genes. Kaplan-Meier survival analysis was carried out using survminer package
(https://CRAN.R-project.org/package=survminer) and survival package. At Log-rank P<0.05, the
difference in expression of each key genes was considered to be the reason for the difference in overall
survival between the two groups.

Short Time-Series Expression Miner (STEM) Analysis

Short time-series expression miner (STEM) analysis was performed on the gene expression of LR-NB
patients, IR-NB patients and HR-NB patients in the TARGET-NBL dataset using STEM software. At P<0.05,
signi�cantly clustered gene sets that showed a progressive upward or downward trend from LR-NB to IR-
NB and then to HR-NB were identi�ed.

Single Sample Gene Set Enrichment Analysis (ssGSEA)

By using the GSVA package, Single sample gene set enrichment analysis (ssGSEA) was applied to
quantify the relative abundance of 28 immune cell types in the tumor microenvironment. The annotated
gene sets of immune cell types were derived from a previous study.20 Enrichment scores from ssGSEA
were normalized to unity distribution from 0 to 1 to represent the relative abundance of each immune cell
type. Subsequently the differences in immune cell in�ltration between HR-NB patients and NHR-NB
patients were assessed and p<0.05 was used as the criterion for statistical differences. Correlations
between the in�ltration levels of different types of immune cells were assessed based on ssGSEA
enrichment scores using Pearson’s correlation. Simultaneously, correlation between the in�ltration level of
immune cells and the expression of key genes was calculated.

Methylation analysis

With the ChAMP package, differential methylation analysis of MYCN ampli�ed and non-ampli�ed
patients from GSE120650 was performed to identify meaningful differentially methylated positions
(DMPs).

Results
Identi�cation of genes associated with neuroblastoma risk

After screening the top 5000 genes with the largest gene expression variance in the TARGET-NBL dataset,
the co-expression network was constructed using WGCNA. 12 was the soft threshold corresponding to the
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independence index R2 = 0.9, which was used to construct the topological overlap matrix (Fig. 1a).
WGCNA obtained a co-expression network with 1999 genes and these genes were clustered into 10
modules (Fig. 1b). The correlation of each module with tumor risk was explored and the results showed
that the turquoise module containing 455 genes had the strongest positive correlation with LR-NB and the
strongest negative correlation with HR-NB (Fig. 1c). Subsequent differential expression analysis of HR-NB
patients and NHR-NB patients in the TARGET-NBL dataset yielded 2180 up-regulated DEGs and 403
down-regulated DEGs (Fig. 1d). All DEGs were intersected with genes of the turquoise module to obtain
26 common genes (Figure 1e). These common genes were intimately associated with the risk of
neuroblastoma and we denominated them as risk genes.

Functional enrichment in neuroblastoma

The results of GO enrichment analysis of 26 risk genes were divided into three functional modules:
biological processes (BP), cellular components (CC) and molecular functions (MF). Risk genes were
mainly enriched in functions related to ion transport across membranes, such as regulation of ion
transmembrane transport, sodium ion transmembrane transport, ion channel complex and voltage-gated
ion channel activity (Fig. 2a). The functions enriched by GSEA were also divided into BP, CC and MF (Fig.
2b). The functions of enrichment were mainly related to the immune response, suggesting that immune
factors may play an important role in the progression of neuroblastoma. GSEA also identi�ed several
important pathways, including Cytokine−cytokine receptor interaction, JAK−STAT signaling pathway,
Neuroactive ligand−receptor interaction and Olfactory transduction (Fig. 2c). The Janus kinase-signal
transducer and activator of transcription (JAK-STAT) pathway, one of the central communication nodes
of cellular function, which constituted a rapid membrane-nuclear signaling module that induced the
expression of a variety of cancer-critical mediators.21 Notably, GSVA showed that six signi�cantly up-
regulated chromosomal gene sets (chr11q13, chrXq28, chr17q25, chr11p15, chr11q12, chr17q23) and
�ve signi�cantly down-regulated chromosomal gene sets (chr12q12, chr2q32, chr6q15, chr6q14,
chr6q21) were identi�ed in the HR-NB patients (Fig. 2d). Neuroblastoma was a copy number driven
cancer, although the mutation was generally lacking at initial diagnosis, cancer recurrence was frequently
accompanied by whole chromosome or large segmental DNA copy number alterations.22

Identi�cation of key genes

After incorporating the screened risk genes into Cox regression analysis, 22 genes closely associated with
neuroblastoma prognosis were obtained (Fig. 3a). The hazard ratio (HR) for each gene was less than 1,
indicating that these genes were protective factors and that low expression of genes was correlated with
poor prognosis in neuroblastoma. Afterwards, the LASSO algorithm was applied to further screen from
these genes and 5 neuroblastoma prognosis-related genes (ANO6, CPNE2, DST, PLXNC1, SCN3A) were
identi�ed (Fig. 3b). Five genes selected by the LASSO algorithm were later included in the Kaplan-Meier
survival analysis. The K-M curves showed that the low expression groups of all �ve genes distinctly had
worse overall survival (Figure 3c). Therefore, it was reasonable to assume that ANO6, CPNE2, DST,
PLXNC1 and SCN3A were key genes closely associated with the risk and prognosis of neuroblastoma.
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External validation of key genes

To further validate the accuracy of key genes, three external datasets (GSE49710, GSE73517,
GSE120572) were introduced to explore the association of known neuroblastoma markers with key
genes. ANO6 was not expressed in any of the three external datasets. Through differential expression
analysis, CPNE2, DST, PLXNC1 and SCN3A were obviously down-regulated in HR-NB patients from
GSE49710, GSE73517 and TARGET-NBL datasets (Fig. 1a). HR-NB was usually associated with
segmental chromosomal alterations, 1p-deletion and 17q-gain were associated with high clinical risk and
poor tumor prognosis.22 CPNE2, DST, PLXNC1 and SCN3A were signi�cantly (P<0.001) downregulated in
patients with 1p-deletion and 17q-gain from GSE73517 dataset (Fig. 4b). According to the International
Neuroblastoma Staging System

Committee (INSS) system, neuroblastoma at stage 4 had spread to distant lymph nodes, bone, bone
marrow, liver, skin and/or other organs and has a worse overall survival. We evaluated the expression of
key genes in different neuroblastoma stages using the Kruskal-Wallis test. CPNE2, DST, PLXNC1 and
SCN3A were signi�cantly (p<0.0001) down-regulated at stage 4 in the GSE49710, GSE73517 and
GSE120572 datasets (Fig. 4c). MYCN ampli�cation, a widely known biomarker for neuroblastoma, had
been shown to be associated with tumor progression and risk strati�cation.22 In the TARGET-NBL,
GSE49710, GSE73517 and GSE120572 datasets, expression of key genes was signi�cantly (p<0.0001)
down-regulated in MYCN ampli�ed patients (Fig. 4d). Validated by external datasets, key genes were
closely linked to known neuroblastoma biomarkers, which further con�rmed the value of key genes in
assessing tumor risk and prognosis.

Genes associated with neuroblastoma risk progression

By performing short time-series expression miner (STEM) analysis in the TARGET-NBL dataset, we
identi�ed 642 genes that showed progressive dysregulation during neuroblastoma risk progression and
these genes were clustered into 5 clusters (Fig. 5a). Unsurprisingly, all previously screened key genes
could be detected in these clusters and showed a progressive down-regulation trend from LR-NB to IR-NB
and then to HR-NB (Fig. 5b). Subsequently, 382 progressive up-regulated genes and 260 progressive
down-regulated genes were subjected to pathway and process enrichment analysis to further explore their
biological functions. Enrichment analysis showed that the up-regulated genes were associated with
biological processes, such as regulation of cell adhesion, behavior, and positive regulation of cytokine
production (Fig. 5c). The down-regulated genes are mainly associated with the development of a nervous
system, regulation of neuron projection development and behavior, suggesting a possible closer
association of the down-regulated genes with neuroblastoma (Fig 5d).

Immune cell in�ltration in neuroblastoma

To explore the association between the Immunological function and the progression of neuroblastoma,
we used ssGSEA to assess immune cell in�ltration in neuroblastoma patients. Interestingly, the in�ltration
of 14 immune cells was signi�cantly different between HR-NB patients and NHR-NB patients (Fig. 6a).
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According to ssGSEA enrichment scores, 28 immune cells were clustered into four clusters and a
correlation network between different immune cells was mapped (Fig. 6b). We also calculated the
correlation between the expression of key genes and the enrichment scores of various immune cells (Fig.
6c). Most types of immune cells are negatively associated with key genes, except Type 2 T helper cells,
Type 17 T helper cells, Monocyte and Immature dendritic cells, which are positively associated with key
genes. Compared with other key genes, SCN3A was most closely associated with various immune cell
in�ltrations.

Methylation markers in HR-NR

DMPs between MYCN ampli�ed and non-ampli�ed patients of GSE120650 were identi�ed by differential
methylation analysis (Fig. 7a). Since MYCN ampli�cation is strongly associated with risk assessment
and prognosis of neuroblastoma, in this study we considered these DMPs as DMPs between HR-NB and
NHR-NB. The methylation level of DNA is often inversely proportional to the gene transcription activity, so
the methylation level will inevitably affect the expression level of the gene, and then affect the function of
the gene. Subsequently, 322 hypermethylated DMPs with down-regulated gene expression and 2293
hypomethylated DMPs with up-regulated gene expression were identi�ed, which we regarded as HR-NR
methylation marks (Fig. 7b). Interestingly, these methylation marks contained seven methylation
positions corresponding to key genes. ANO6 (cg17810878), CPNE2 (cg07262506), DST (cg27058931),
PLXNC1 (cg15400997, cg19118072, cg10118167, cg04822495) all had higher methylation levels in
MYCN ampli�ed patients (Fig 7c).

Discussion
As the most common extracranial malignancy in children, neuroblastoma has made great progress for
treatment over the recent years. Nevertheless, patients with HR-NB bene�ted less from it, and the overall
survival rate was still less than 50%. For HR-NB, an urgent need exists to �nd new treatment targets and
develop new therapies to improve cure rates, reduce toxic side effects, and decrease the risk of
recurrence. In this study, by analyzing neuroblastoma transcriptome data and DNA methylation pro�les
from public databases, we screened �ve key genes (ANO6, CPNE2, DST, PLXNC1, SCN3A) associated with
neuroblastoma risk and prognosis, and introduced external datasets authenticating. These key genes
may be potential biomarkers and therapeutic targets for neuroblastoma. Subsequently, gene sets and
pathways that were progressively deregulated with tumor progression were identi�ed. We also found
signi�cant differences in immune in�ltration between HR-NB and NHR-NB, and many immune-related
functions and pathways were enriched. Through methylation analysis, the results showed that the
expressions of ANO6, CPNE2, DST, and PLXNC1 were modi�ed by methylation.

Risk strati�cation of neuroblastoma patients can guide the intensity of treatment and assess
prognosis,23 so it is necessary to identify risk-related genes. Unlike other studies using the same
dataset,24, 25 we used WGCNA to obtain the gene modules most associated with neuroblastoma risk and
then intersected with DEGs to obtain 26 risk genes for follow-up analysis. The enrichment analysis
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showed that the main enriched functions of risk genes were ion channels and ion transmembrane
transport. There is evidence that ion channels are abnormally expressed in tumor cells and are associated
with tumor progression and resistance to therapy, and many ion channel modulators are FDA-approved
drugs for cancer treatment.26 Interestingly, the enrichment analysis also identi�ed many chromosomal
gene sets that were up- or down-regulated in HR-NB patients. Numerous studies of neuroblastoma have
shown that there are several common abnormalities in the number and structure of chromosomes in
tumor cells, such as loss of whole chromosome 3, 4, 9, 11 and 14, gains of whole chromosome 1, 2, 6, 7,
8, 12, 13, 17, 18 and 22. In addition, there were partial chromosomal deletions in 1p, 3p, 4p, 9p, 11q and
14q, whereas partial gains in 2p, 12q, 17q were present.27

In order to further screen out genes closely related to prognosis from risk genes, we successively used
Cox regression analysis, LASSO algorithm and Kaplan-Meier survival analysis. Finally, we identi�ed �ve
key genes associated with neuroblastoma risk and prognosis, which were ANO6, CPNE2, DST, PLXNC1
and SCN3A. Introducing three external datasets, we veri�ed that key genes were strongly associated with
known neuroblastoma biomarkers, such as Tumor advanced stage, MYCN ampli�cation, 1p-deletion and
17q-gain. These biomarkers all suggest a high risk and poor prognosis for neuroblastoma.28 On the other
hand, some general applicability of key genes and their value in risk strati�cation and prognostic
assessment were also demonstrated.

ANO6 (anoctamin 6) belongs to the anoctamin family, encoding a multi-channel transmembrane protein.
ANO6 can induce powerful calcium-dependent Phospholipid scrambling (PLS), which is a universal
cellular mechanism.29 Evidence showed that ANO6 participated in the regulation of cell death and related
to cancer growth.30 ANO6-induced contact of phospholipids with phosphatidylserine serves as a key to
the sheddase function, which may lead to cellular death and the tumorigenic activity of IL-6 by inducing
IL-6 trans signaling.31 The protein encoded by PLXNC1 (plexin C1) belongs to the plexin family. Plexins
are the receptors for semaphorins, which are repulsive axon guidance factors, so plexins play a role in
nervous system development.31 Besides, semaphorins affect tumor progression in a variety of ways,
such as modulating immune responses, inhibiting or promoting tumor angiogenesis, and affecting tumor
lymphangiogenesis.32 SCN3A (sodium voltage-gated channel alpha subunit 3) is a member of the
sodium channel alpha subunit gene family, and pathogenic variants in SCN3A have been shown to cause
malformations of cortical development and severe childhood epilepsy.33 CPNE2 (copine 2) is one of
several genes encoding calcium-dependent proteins and DST (dystonin) encoded proteins belong to a
plakin family of adhesive linked plaque proteins. Currently reported less literature on CPNE2 and DST.

STEM analysis showed that 642 genes were progressively deregulated with increasing neuroblastoma
risk levels and were clustered into �ve clusters. Interestingly, genes showing a downward trend in U2 and
U7 were mainly enriched in pathways related to nervous system development and function. As expected,
ANO6, PLXNC1 are in U2 and CPNE2, DST, SCN3A are in U7, another aspect that indicated that key genes
were not only associated with tumor risk, but also closely linked to the development and function of
nervous system.
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As is well known, abnormal DNA methylation is present in all forms of cancer.34 Through methylation
analysis, we determined 2615 HR-NB methylation marks, which may regulate the expression of DEGs.
Methylation participates in the regulation of cell fate and reversibly controls various cellular behaviors
through interactions between methylation and interactions with other post-translational modi�cation
events.35 DNA methylation regulates gene expression by inhibiting the binding of transcription factors to
DNA or recruiting proteins involved in gene repression.36 The seven methylation marks corresponding to
ANO6, CPNE2, DST and PLXNC1 have higher methylation levels in HR-NB, and they may be closely
related to the lower expression of the corresponding genes.

There are still some limitations in the current study. First, ANO6 is missing from the validation dataset,
resulting in a lack of external validation of ANO6. Second, the present study is lack of basic experiments.
Third, Follow-up studies are needed to demonstrate the effect of DNA methylation on key genes.

Conclusion
Overall, we identi�ed �ve key genes that are strongly associated with neuroblastoma risk and prognosis,
and predicted the corresponding DNA methylation markers. These key genes probably contributed to risk
strati�cation and prognostic assessment of neuroblastoma and might be potential therapeutic targets for
HR-NB.
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Figures

Figure 1

Identi�cation of neuroblastoma risk genes. (a) The independence index R2=0.9 corresponds to a soft
threshold of 12. (b) Genes in the co-expression network are clustered into different modules. Each color
represents a module. (c) Correlation of modules with clinical traits. Red represents positive correlation;
blue represents negative correlation. (d) Volcano plot of differentially expressed genes between HR-NB
patients and NHR-NB patients in the TARGET-NBL dataset. Up, up-regulated in HR-NB; Down, down-
regulated in HR-NB; NS, no signi�cant difference. (e) Venn diagram of DEGs and Turquoise module
genes.
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Figure 2

Enrichment analysis in neuroblastoma. (a) Enrichment analysis of gene ontology (GO) terms for risk
genes. (b, c) Gene set enrichment analysis (GSEA) in TARGET-NBL dataset. (d) Pathways up- or down-
regulated in HR-NB patients, quanti�ed by gene set variation analysis (GSVA). Red, up-regulated; blue,
down-regulated.
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Figure 3

Identi�cation of neuroblastoma key genes. (a) Forest plot for Cox regression analysis of risk genes. (b)
Use the Lasso algorithm to screen key genes from risk genes. (c) K-M curves of key genes.

Figure 4
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External veri�cation of key genes. (a) Differential expression of key genes between HR-NB patients and
NHR-NB patients in the GSE49710, GSE73517 and TARGET-NBL datasets. (b) Association of expression
of key genes with 1p-status and 17q-status in GSE73517. ***p<0.001. (c) Association between expression
of key genes and neuroblastoma stage in the GSE49710, GSE73517 and GSE120572 datasets.
****p<0.0001. (d) Differences in key genes between MYCN ampli�ed and non-ampli�ed patients in the
TARGET-NBL, GSE49710, GSE73517 and GSE120572 datasets. **P<0.01, ***P<0.001, ****P<0.0001.
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Figure 5

Genes that are progressively deregulated with increasing levels of neuroblastoma risk (Low Risk –
Intermediate Risk - High Risk). (a) The �ve gene clusters identi�ed by STEM analysis, along with their
heat maps. Red: up-regulated; blue: down-regulated. (b) The key genes tend to be down-regulated
gradually with increasing neuroblastoma risk levels. (c) Pathway and process enrichment analysis of 382
progressive up-regulated genes. (d) Pathway and process enrichment analysis of 260 progressive down-
regulated genes.
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Figure 6

Immune cell in�ltration in the TARGET-NBL dataset. (a) Differences in immune cell in�ltration between
HR-NB patients and NHR-NB patients. *P<0.05, **P<0.01, ***P<0.001. (b) Correlation network diagram
between immune cells. (c) Correlation between the expression of key genes and the level of immune cell
in�ltration. Red: positive correlation; blue: negative correlation. *P<0.05, **P<0.01, ***P<0.001.



Page 20/20

Figure 7

Screening of methylation markers for high-risk neuroblastoma in GSE120650. (a) Differential methylation
positions (DMPs) between MYCN ampli�ed and non-ampli�ed patients. (b) Scatter plot of methylation
markers for high-risk neuroblastoma. (c) Methylation levels of ANO6 (cg17810878), CPNE2
(cg07262506), DST (cg27058931), PLXNC1 (cg15400997, cg19118072, cg10118167, cg04822495) in
MYCN ampli�ed and non-ampli�ed patients. **P<0.01, ***P<0.001.


