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Development of a prognostic
model for children with
neuroblastoma based on
necroptosis-related genes

Jing Chu*

Department of Pathology, Anhui Provincial Children’s Hospital, Hefei, China

Background: Neuroblastoma (NBL) is a rare malignant tumor of the peripheral
sympathetic nervous system in children with a low overall survival rate. Recent
studies have revealed the important role of necroptosis in the occurrence and
development of many kinds of tumors. In this study, a prognostic model based
on necroptosis-related genes was constructed for NBL.

Methods: Expression profiles and clinical information for patients with NBL
were downloaded from TARGET. Data for necroptosis-related genes were
extracted for Cox regression and lasso regression analyses to evaluate
factors associated with prognosis and to construct a prognostic model. Data
from the GEO datasets GSE62564 and GSE85047 were used for external
verification. Associations between risk scores were calculated, and immune
infiltration, drug sensitivity, and mutation analyses were conducted. Functional
enrichment analyses of genes in the prognostic model were performed.

Results: Six necroptosis-related genes (i.e, CYLD, JAK1, APC, ERH, CNBP, and
BAX) were selected to construct a prognostic risk model. The risk score was
highly correlated with levels of infiltration of multiple immune cells and
sensitivity to common antineoplastic drugs. In addition, the risk score was
identified as an independent prognostic factor for patients with NBL.

Conclusion: We constructed and validated a prognostic model based on
necroptosis-related genes, providing insights into the development and
progression of NBL and a basis for improved management. In addition to
providing a tool for clinical decision-making, these findings support the
importance of necroptosis in NBL and may guide the development of
therapeutic strategies targeting this process.
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Abbreviations: GN, Ganglioneuroma; GO, Gene ontology; GSEA, Gene set enrichment analysis; GSVA,
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Introduction

Neuroblastoma (NBL) is a malignant tumor of the peripheral
nervous system originating from primitive neural crest cells,
accounting for 8%-10% of all malignant tumors and
approximately 15% of tumor-related deaths in children. The
morbidity is slightly higher in boys than in girls (ratio 1.2:1). The
incidence peaks at 0-4 years of age, with a median age of
23 months (Park et al, 2010). NBL shows clinical and
biological heterogeneity, and the disease spectrum ranges from
spontaneous regression under no medical intervention or
differentiation to an aggressive state with treatment resistance
and tumor metastasis, despite intensive treatment. Therapy
based on risk stratification by clinicopathological (diagnostic
age, clinical staging, and histopathology) and genetic factors
(MYCN amplification) significantly improves prognosis in
low- and medium-risk patients, with 5-years survival rates
ranging from 70% to 98%. However, about 50% of patients
have high-risk characteristics with a 5-years survival rate after
diagnosis of less than 40% (Fusco et al, 2018). Therefore, a
comprehensive understanding of the pathogenesis of NBL,
biomarker identification, and the development of an effective
prognostic model are of great significance for improving
outcomes in NBL.

Programmed cell death is a natural barrier to the occurrence
and development of cancer and can be classified as apoptotic and
non-apoptotic, including ferroptosis, pyroptosis, autophagy, and
necroptosis (Dai et al, 2020). Evasion and resistance to
programmed cell death are acquired by cancer cells (Hanahan
and Weinberg, 2011). Resistance to apoptosis is an important
cause of chemotherapeutic drug resistance in patients with
cancer (Johnstone et al., 2002). Therefore, it is imperative to
develop methods to induce non-apoptotic forms of programmed
cell death as alternative therapeutic approaches. Necroptosis is a
recently caspase-independent mechanism of cell death. It is
mainly mediated by receptor-interacting protein kinase-1
(RIPK1) and -3 (RIPK3) and their target, mixed lineage
kinase domain-like (MLKL). It is related to a variety of
human injury,
inflammation, allograft rejection, neurodegenerative diseases,

diseases, including ischemia-reperfusion
autoimmune diseases, and cancer (Negroni et al, 2020).
Necroptosis plays dual roles in cancer development. On the
hand, the

microenvironment promotes metastasis, suggesting that the

one adaptation to necroptosis in tumor
inhibition of necroptosis is an anti-metastasis strategy. On the
other hand, the expression levels of key mediators of necroptosis
in some cancers are downregulated, suggesting that necroptosis
has anticancer effects (Najafov et al.,, 2017).

However, the prognostic value of necroptosis-related genes
in children with NB has not been evaluated. In this study, the
association between necroptosis-related genes and prognosis in
NB was evaluated and a prognostic model was constructed. These

findings provide insight into the prognostic value of genes related
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to necroptosis and preliminarily uncover the complex biological
functions and immunoregulatory effects of these genes and their
regulatory networks.

Materials and methods
Data acquisition

The TARGET database (https://portal.gdc.cancer.gov/), as
the largest cancer gene information database, stores data for gene
expression, miRNA expression, copy number variation, DNA
methylation, single nucleotide polymorphisms, and so on.
Processed raw mRNA expression data for NBL were
downloaded, including data for 158 NBL samples. The Series
Matrix File for GSE62564 was downloaded from NCBI GEO and
the annotation platform was GPL11154. Data for 495 patients
with NBL with complete expression profiles and survival
information were extracted. The Series Matrix File for
GSE85047 whose annotation platform was GPL5175 was
obtained. Data for 275 patients with NBL with complete
expression profiles and survival information were retrieved. A
total of 604 gene sets including necroptosis-related genes were
obtained from the GeneCards database (https://www.genecards.
org/).

Gene ontology and encyclopedia of genes
and genomes functional annotation

Prognostic genes were annotated using clusterProfiler (R3.6)
to thoroughly explore their functions. Gene Ontology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment
analyses were performed; terms and pathways with P- and
Q-values of less than 0.05 were considered significant.

Metascape

Metascape (http://metascape.org/) is a powerful analytical
tool for functional annotation of genes and proteins that allows
users to apply current popular bioinformatics methods to batch
gene and protein analyses to achieve an understanding of gene or
protein function. GO/KEGG functional annotation of genes was
the
overlap >3 and p < 0.05 were considered to be significant.

performed  using Metascape  database. Minimum

Model construction and prognosis
Necroptosis-related genes were selected, and a univariate Cox

proportional hazards regression model was applied. Necroptosis
genes with p < 0.05 were considered statistically significant and
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included in the subsequent analysis. Lasso penalized Cox
regression analysis was performed using 10-fold cross-
validation based on the “glmnet” package in R to further
reduce the number of necroptosis genes with the best
predictive performance in the selected panels. After including
the expression values for each specific gene, a risk score formula
for each patient was constructed and weighted by its estimated
regression coefficients in the lasso regression analysis. According
to the risk score formula, the patients were divided into a low-risk
group and a high-risk group with the median risk score value as
the cut-off point. Differences in survival between the two groups
were assessed by Kaplan-Meier analysis and compared using the
log-rank statistical method. Lasso regression and stratified
analyses were performed to examine the role of risk scores in
the prediction of patient outcomes. The “survivalROC” package
was used to derive receiver operator curves (ROCs) to investigate
the accuracy of the model predictions. Univariate and
multivariate Cox analyses including age, sex, tumor stage, and
necroptosis score were performed to identify independent
prognostic factors.

Drug sensitivity analysis

Based on the largest pharmacogenomics database (GDSC Cancer
Drug sensitivity Genomics Database, https://www.cancerrxgene.org/),
the R package “pRRophetic” was used to predict the chemosensitivity
of each tumor sample. The estimated IC50 values for each specific
chemotherapeutic drug were obtained by regression, and the
prediction accuracy was measured by 10-fold cross-validation with
the GDSC training set. Default values were selected for all parameters,
using “combat” to remove the batch effect and the average value of
repeated gene expression estimates.

Analysis of immune cell infiltration

The RNA-seq data for patients with NBL in different
subgroups were analyzed by the CIBERSORT algorithm to
infer the relative proportions of 22 kinds of immune-
infiltrating cells. A Spearman correlation analysis was used to
analyze the risk score and levels of infiltrating immune cells.
Results were considered statistically significant at p < 0.05.

Gene set variation analysis

A gene set variation analysis (GSVA) is a non-parametric and

By
comprehensively scoring the set of genes of interest, GSVA

unsupervised method to evaluate gene enrichment.
converts gene level changes into pathway level changes to gain

insight into biological functions. In this study, gene sets were
downloaded from Molecular Signatures Database (v7.0), and
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each gene set was scored by the GSVA algorithm to evaluate
differences in biological functions between samples.

Gene set enrichment analysis

A gene set enrichment analysis (GSEA) was performed with
predefined gene sets to rank genes according to the degree of
differential expression between two groups of samples and to
determine whether a predefined gene set was enriched. GO terms
and KEGG signaling pathways were obtained for differentially
expressed genes between the high-risk group and low-risk group
by GSEA; the number of replacements was set to 1,000 and the
type of replacement was set to phenotype.

Regulatory network analysis of prognostic
genes

Cistrome DB is a comprehensive database for ChIP-seq and
DNase-seq analyses, containing data for transcription factors,
of
30,451 human and 26,013 mouse samples. The regulatory

histone modifications, and chromatin accessibility
relationships between transcription factors and genes in the
prognostic model were evaluated using Cistrome DB, in which
the genome file was set to hg38 and the transcription initiation

site was set to 10 kb. The results were visualized using Cytoscape.

Immunohistochemical staining analysis

To verify the protein expression of the necroptosis-related genes,
ganglioneuroma samples were chosen as a control group, and IHC
staining was used to evaluate the expression of these genes in
paraffin-embedded tissues in the NBL group and control
group. The paraffin-embedded serial tissue sections were cut at a
thickness of 4 um, and IHC was used to detect CYLD, JAK1, APC,
ERH, CNBP, and BAX. The SP method was used to conduct IHC,
and the primary antibodies against CYLD, JAK1, APC, ERH, CNBP,
and BAX were all purchased from Abcam (Cambridge,
United Kingdom). All experiments were carried out at least three
times independently. Pannoramic SCAN (3DHISTECH, Budapest,
Hungary) was used for observations and to obtain images. Image
Pro Plus 6.0 was used to analyze the ITHC results.

Statistical analysis

Survival curves were generated by the Kaplan-Meier method
and compared by the log-rank test. A Cox proportional risk model
was used for multivariate analyses. All statistical analyses were
performed using R (version 3.6). All statistical tests were two-
sided, and results were considered statistically significant at p < 0.05.
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TABLE 1 Expression of necroptosis-related genes in NBL.

p-value

4.02225271441093e-08
8.31511352013574e-07
1.3975334136114e-05
3.32577342461729¢-05
0.00015766336556394
0.000193174345858099
0.000265727677537716
0.000344859209857309
0.000493960835195072
0.00049911208043814
0.000517621441105841
0.000517963442372491
1.21427595692257
1.21663520141189

10.3389/fgene.2022.947000

Lower

1.55337039660584
1.44956691399528
0.384377274471897
1.28987185896012
0.436010753947224
1.24974414578669
1.24974414578669
1.21579227879252
1.20334696141417
1.19118688309065
1.20616906533564
0.440007876948232
1.21427595692257
1.21663520141189

Upper

2.53328500552022
2.36701338975658
0.696551615978544
2.03432030862867
0.76868425614232
2.04885310220044
2.04885310220044
1.95124403725686
1.93713756423083
1.86965331893737
1.96124501737073
0.795770114034248
2.0215369361351
2.05710294213068

Gene HR z

BAX 1.98371619284125 5.48987193560628
ERH 1.85233482253478 4.92782242546772
CYLD 0.517434644838194 —4.34424835249258
CPSF3 1.61988040244062 4.14992974066646
JAK1 0.578925385579156 —3.77867763652999
EMD 1.60016941917157 3.72777940585821
EIF4EBP1 1.44851990579632 3.64660523798732
ATAD3A 1.54022966941195 3.57903960381036
HNRNPF 1.52677719453705 3.48401010645772
ADRM1 1.49234932554181 3.48123248071431
FUS 1.53804846136142 3.47146778172561
APC 0.591730613045381 —3.47129043850349
CCT5 1.56674940484423 3.45305994008363
CNBP 1.58200627442629 3.42348400836818
Results

Expression of necroptosis-related genes
in NBL

The processed raw mRNA expression data for NBL in the
TARGET database (FPKM) were downloaded, and necroptosis-
related gene sets were obtained using the GeneCards database.
We used clinical information for patients with NBL for a Cox
univariate regression analysis to screen for necroptosis-related
genes associated with prognosis in NBL. The following
14 prognosis-related genes were filtered (p < 0.001) by Cox
univariate regression (in decreasing order based on
significance): BAX, ERH, CYLD, CPSF3, JAKI, EMD,
EIF4EBPI, ATAD3A, HNRNPF, ADRMI, FUS APC, CCT5,
and CNBP (Table 1).

Functional enrichment of prognosis-
related genes and construction of protein
interaction networks

GO and KEGG pathway enrichment analyses revealed that
the prognostic genes were significantly enriched in a large
number of pathways. Enriched GO terms included
cytoplasmic microtubule and translation regulator activity
(Figure 1A). Enriched KEGG pathways included Human
papillomavirus infection and Basal cell carcinoma (Figure 1B).
A functional analysis using Metascape revealed that these
prognostic genes were also highly enriched in several related
pathways (Figure 1C).

Frontiers in Genetics

Prognostic model construction and
internal validation of necroptosis-related
genes

We randomly divided patients from the TARGET
database into training and validation sets at a ratio of 4:1.
We obtained the risk score value for each sample based on the
model obtained by lasso regression (Risk Score = CYLD x
(-0.105492134) + JAKI x (-0.059871886) + APC x
(-0.0109496) + ERH x 0.014856456 + CNBP x 0.059824071
+ BAX x 0.39721508) (Figures 2A-C). Patients were divided
into high-risk and low-risk groups using the median risk score
as a threshold for analyses by Kaplan-Meier curves. Overall
survival (OS) was significantly lower in the high-risk group
than in the low-risk group in both the training set and the test
set (Figures 2D,E). In addition, an ROC curve analysis showed
that the AUC values in the training set and the test set for
periods of 1, 3, and 5 years were all greater than 0.70 (Figures
2F,G), suggesting that the model was effective.

We integrated the clinical information as well as risk
scores for patients in the high- and low-risk groups for
regression analyses. A logistic regression analysis showed
that in all of our samples, the distribution of values for
multiple clinical indicators and risk scores for pediatric
NBL contributed to multiple scoring processes. Age,
gender, stage, and risk scores were evaluated with respect
to 3-years and 5-years OS (Figure 2H). We also corrected the
predicted OS in NBL for two periods of 3 and 5 years
(Figure 2I). The risk score was identified as an independent
prognostic factor for NBL by univariate and multivariate
analyses (Figures 2J,K).
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Functional enrichment of prognosis-related genes and construction of protein interaction networks. (A) GO analysis; (B) KEGG pathway

analysis; (C) Metascape functional analysis.

Multi-omics analysis of the clinical
predictive value of the model

The tumor microenvironment is mainly composed of tumor-
associated fibroblasts, immune cells, extracellular matrix, various
growth factors, inflammatory factors, specific physical and
chemical cells. The tumor

characteristics, and  cancer
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microenvironment  significantly affects tumor diagnosis, survival

outcomes, and sensitivity to therapies. By analyzing the
relationship between the risk score and tumor immune cell
infiltration, we further explored the molecular mechanisms by
which the risk score affects NBL progression. The distribution of
levels of infiltration of different immune cell types in the samples

differed between groups (Figure 3A). Correlations were detected
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between the risk score and multiple cell types in the tumor
microenvironment (Figure 3B). Additionally, levels of plasma cells
were significantly lower in the low-risk group than in the high-risk
group (Figure 3C). The risk score was significantly correlated with
plasma cells and CD4 memory resting T cells (Figure 3D). Drug
sensitivity data were obtained from the GDSC database, and the R
package “pRRophetic” was used to predict the sensitivity of each
tumor sample to chemotherapy. The risk score was significantly
associated with sensitivity to various drugs, including AS601245,
AZD.0530, AZD6244, AZD6482, CHIR.99021, and CCT007093
(Figure 3E). We further explored the mutation profiles of patients
in the high- and low-risk groups. The mutation frequency in genes,
such as ALK, was significantly higher in the high-risk group than in
the low-risk group (Figure 3F).

Exploration of specific signaling
mechanisms associated with prognostic
models

We next investigated the specific signaling pathways related
to a high and low risk to explore the molecular mechanisms by
which risk scores influence tumor progression. The results of
GSVA showed that the enriched differential pathways between
the two groups were mainly TGF BETA SIGNALING, UV
RESPONSE DN, MTORC1 SIGNALING, ALLOGRAFT
REJECTION, and OXIDATIVE PHOSPHORYLATION
(Figure 4), suggesting that perturbations in these signaling
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pathways in patients in the high- and low-risk groups affected
prognosis in NB.

Validation of the robustness of the
prognostic model using an external
dataset

Expression data and survival information for patients with
NBL were downloaded from the GEO database (GSE62564 and
GSE85047) to predict the clinical stage based on the model and
for a Kaplan-Meier analysis of the survival difference between
groups. In the two GEO external validation sets, OS was
significantly lower in the high-risk group than in the low-risk
group (Figures 5A,B). As determined by ROC curve analyses, the
model had strong predictive power for prognosis (AUC values
for 1 year, 3 years, and 5 years with the GEO verification data set
were all greater than 0.70) (Figures 5C,D).

Signaling mechanisms associated with the
prognostic model

We next investigated the specific signaling pathways
differentiating samples in the high- and low-risk groups based
on the genes in the prognostic models to evaluate the factors
contributing to tumor progression. By a GSEA, we found
significant enrichment for many related pathways, including the
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Lasso analysis and model construction. (A) LASSO coefficient profiles of the 13 IRGs in TARGET-NBL; (B) A coefficient profile plot was generated
against the log (lambda) sequence. Selection of the optimal parameter (lambda) in the LASSO model for TARGET; (C) Lasso Coefficient HR; (D)
Kaplan-Meier survival curve analysis in the high-risk and low-risk NBL patients in the training subset; (E) Kaplan-Meier survival curve analysis in the
high-risk and low-risk NBL patients in the testing subset; (F) time-dependent ROC curve for 1-year, 3-years, and 5-years prediction (training
subset); (G) time-dependent ROC curve for 1-year, 3-years, and 5-years prediction (testing subset); (H) the nomogram for predicting the 3- and 5-
years OS of NBL patients; (I) the calibration curve of the nomogram for predicting 3- and 5-years OS of NBL patients; (J) Univariate Cox regression
analyses in the TARGET cohort NBL patients; (K) multivariate Cox regression analyses in the TARGET cohort NBL patients.

GO terms AXON EXTENSION, DENDRITE MORPHOGENESIS,
and REGULATION OF VIRAL TRANSCRIPTION and the
KEGG pathways BASE EXCISION REPAIR, LONG TERM
POTENTIATION, and AXON GUIDANCE (Figures 6A,B),
suggesting that the disturbance of these signaling pathways in
high and low risk groups affected prognosis in NBL.

Relationships between expression levels
of genes in the prognostic model and
immune cell infiltration

Several genes in the prognostic model were highly correlated
with levels of infiltrating immune cells. For example, BAX was
positively correlated with regulatory T cells (Tregs) and plasma
cells and negatively correlated with CD4 memory resting T-cells
and resting mast cells. ERH was positively correlated with
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plasma cells and neutrophils and negatively correlated with
CD4 memory activated T cells and monocytes. CYLD was
positively correlated with CD4 memory activated T cells and
activated dendritic cells and negatively correlated with plasma
cells and MO macrophages. JAKI was positively correlated with
CD4 memory resting T cells and activated dendritic cells and
negatively correlated with follicular helper T cells and plasma
cells. APC was positively correlated with memory B cells and
CD4 memory resting T cells and negatively correlated with
MO macrophages and activated mast cells. CNBP was positively
correlated with plasma cells and activated mast cells and
negatively correlated with CD4 memory activated T cells
and Tregs (Figure 7A). We further evaluated the correlations
between genes in the prognostic model and immune factors,
including immunomodulators, chemokines, and cellular
using TISIDB 7B). These
confirmed that the prognostic genes are closely related to

receptors, (Figure analyses
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levels of immune cell infiltration and play important roles in
the immune microenvironment.

Regulatory network analysis

We evaluated the transcriptional regulatory network of the
six genes in the prognostic model. Using Cistrome DB,
91 transcription factors were related to BAX, 98 were related
to ERH, 78 were related to CYLD, 85 were related to JAKI,
10 were related to APC, and 68 were related to CNBP. The results
were visualized using Cytoscape to obtain a comprehensive
transcriptional regulatory network involving genes in the
prognostic model (Figure 8).

10.3389/fgene.2022.947000

ceRNA network analysis

The six genes in the prognostic model were analyzed using
the miRWalk and ENCORI databases to predict interacting
miRNAs and  IncRNAs, respectively.
mRNA-miRNA pairs associated with these six key mRNAs
were first extracted using the miRWalk database, and only
605 mRNA-miRNA pairs with a TargetScan score of one or

Interacting

miRDB score of one were retained, involving 5 mRNAs and
131 miRNAs. Then, the interacting IncRNAs were predicted
based on these miRNAs. A total of 18,244 pairs of interactions
were predicted (involving 42 miRNAs and 3,868 IncRNAs).
Finally, we constructed the ceRNA network using Cytoscape
(v3.7) (Figure 9).
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FIGURE 3

Multi-omics analysis of the clinical predictive value of the model. (A) Stacked bar chart of the distribution of 22 immune cells in each NBL sample

of the TARGET cohort; (B) Pearson correlation between immune cells, red for positive correlation, purple for negative correlation; (C)Differences in
immune cell counts between the high-risk and low-risk groups; (D)The correlation between the risk score and the immune cells, the circle size
indicates the strength of the correlation, and the color indicates the p-value; (E) The difference on the therapeutic sensitivities of six
chemotherapy drugs; (F) Mutation profiles of patients in the high and low risk groups, yellow for high risk group and blue for low risk group.

Immunohistochemical staining analysis

IHC assays were performed to verify the expression levels of
proteins encoded by these necroptosis-related genes in the NBL
and ganglioneuroma (control) groups. As shown in Figure 10, the
expression levels of BAX (p = 0.0017), ERH (p = 0.0067), APC
(p =0.0416), and CNBP (p = 0.0244) were significantly higher in
tumor tissues of the NBL group than in the control group. Other
indexes did not differ significantly between groups.

Disscussion

Necroptosis has conflicting roles in malignant tumors, with
both tumor-promoting and inhibitory effects in different types of
adult cancers. In particular, necroptosis can inhibit tumor
progression but can also trigger inflammatory responses and
vascular endothelial cell necrosis, in turn promoting tumor cell
extravasation and cancer metastasis (Gong et al., 2019). The
delayed activation or disruption of normal apoptotic pathways
may be an important cause of chemotherapeutic drug resistance
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in patients with NBL; therefore, the induction of necroptosis in
NBL may be an alternative therapeutic approach to eliminate
anti-apoptotic tumor cells and improve the anti-tumor immune
microenvironment.

In this study, we constructed the first prognostic model for
NBL based on necroptosis-related genes. We first obtained
information on necroptosis-related genes from the GeneCards
database and used univariate Cox regression and LASSO
regression analyses to screen for necroptosis-related genes
associated with prognosis, revealing six genes, ie., CYLD,
JAK1, APC, ERH, CNBP, and BAX, which were used to
prognostic The
cylindromatosis (CYLD) is a deubiquitinating (DUB) enzyme

construct a risk  model. conserved
with an important regulatory role in a variety of cellular
processes, including the immune response, inflammation, and
necrosis. Small ubiquitin-related modifier (SUMO) can post-
translationally modify CYLD to impair its DUB function. After
8 days of treatment with all-trans-retinoic acid (ATRA) on the
NB SK-N-BE 2) C cell line, the SUMOization of CYLD decreased,
while its expression increased, which blocked the NF-kB signal

transduction pathway and promoted cell death (Kobayashi et al.,
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2015). In prostate cancer cell lines, the knockout of CYLD
increased the proliferation, migration, colony formation, and
invasion of cancer cells in vitro (Haq et al., 2022). JAK1 (Janus
kinase 1) is a member of a class of protein-tyrosine kinases
involved in autoimmune diseases and malignancies. The targeted
inhibition of JAKI expression by miR-20a-5p can decrease
proliferation and invasion and improve the adhesion ability of
endometrial cancer cells (He et al., 2021). Wen et al. (Wen et al.,
2014) have also reported that JAK1/STATS3 plays a crucial role in
ovarian cancer as a pro-oncogenic signaling pathway. The
inhibition of the JAKI/STAT3 pathway
effectively prevent the progression and metastasis of ovarian

targeted can
cancer. APC is a tumor suppressor gene. The frequency of APC
germline mutations in patients with familial adenomatous
polyposis (FAP)-related diseases, such as gastric fundus
adenomatous polyposis, duodenal adenoma, desmoid tumors,
and thyroid cancer is greater than 60% (Takao et al, 2021).
Enhancer of rudimentary homolog (ERH) is a small, highly
conserved protein. It binds to various factors involved in
many cellular processes, such as pyrimidine metabolism,
mitosis, and transcriptional regulation (Fujimura et al., 2012).
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The overexpression of ERH weakens the invasion and migration
ability of gastric cancer cells, suggesting that it is a prognostic
marker (Park et al., 2020). However, a study of ovarian cancer
suggested that ERH may be a associated with a poor prognosis,
and inhibiting ERH expression can promote cancer cell apoptosis
and inhibit the metastasis and invasion of ovarian cancer cells by
regulating the epithelial-mesenchymal transition (EMT) (Zhang
et al.,, 2020). Cellular nucleic acid-binding protein (CNBP) is
associated with cell proliferation and is highly expressed in
various human tumors. The IncRNA SUMOI1P3 enhances
proliferation, invasiveness, and drug resistance in gastric
cancer cell lines by directly binding to CNBP, resulting in
high levels of c-myc and cyclinD1 (CCND1) (Guo et al,
2020). The Bcl-2 family is an important family of apoptosis
regulatory proteins, with key roles in the apoptosis signal
transduction pathway. Bax is a pro-apoptotic factor in the
Bcl-2 family of proteins (Meng et al, 2019). In human
retinoblastoma, the expression of anti-apoptotic Bcl-2 is
significantly related to poor differentiation and strong
invasiveness, and the lack of Bax expression is related to
choroidal infiltration and lymph node metastasis (Singh et al.,
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FIGURE 8
Transcriptional regulatory networks of model genes. The transcriptional regulatory network of core genes was based on cistrome database, and
the species was set as HG38, and the transcription start site was set as 10 KB. Green represents model genes and orange represents associated
transcription factors.

2015). These previous results indicate that the necroptosis- univariate and multivariate analyses after stratification
related genes identified in this study play important roles in according to clinical parameters.
various human tumors, further supporting their potential roles in Clinical data have shown that immunotherapy with the
the occurrence and development of NBL. However, further disialoganglioside GD2 combined with granulocyte-
research is needed to explore the molecular mechanisms of macrophage colony-stimulating factor (GM-CSF) or
action of these genes. interleukin-2 significantly improves prognosis in high-risk
We analyzed the predictive value of the six gene-based model patients with NBL (Yu et al, 2010). Subsequently, the
for OS. A Kaplan-Meier analysis showed that OS was molecular events associated with NBL-related immune cell
significantly lower in the middle-and high-risk groups than in infiltration and immune responses in NBL have been a focus
the low-risk group. An ROC curve analysis showed that the of research. In a study of the relationship between immune
prognostic model has good stability and can effectively screen for cell infiltration and prognosis in NBL, Schaafsma et al. (2021)
patients with NBL with poor prognosis. The risk score was discovered that a high abundance of naive B cells, memory
identified as an independent prognostic factor for NBL by B cells, CD8" T cells, and NK cells was significantly associated
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Model gene-related ceRNA network, purple represents mRNA, green represents miRNA, yellow represents IncRNA. Based on miRWalk,

TargetScan and miRDB databases, using Cytoscape software visualization.

with a longer OS; conversely, high levels of CD4" T cell
infiltration were negatively associated with OS. Our results
revealed that B cells play an important role in the NBL tumor
microenvironment, suggesting that B cells can be used as an
independent variable to predict recurrence-free and overall
survival. Batchu (Sai, 2020) have shown that low levels of
CD4" naive T cells and monocytes are associated with a
event-free survival. Tumor-associated

(TAMs) M2-polarized

macrophages and are critical modulators of the tumor

reduced

macrophages closely resemble
microenvironment. TAM aggregation in a variety of
human tumors is associated with poor clinical outcomes,
and TAMs can provide a favorable microenvironment for
tumor progression (Liu and Joshi, 2020). TAMs can
the the signal
transducer and activator of transcription 3 (STAT3)

pathway, and this may explain the association between

upregulate expression of MYC via

TAMs and a poor prognosis in patients with non-MYCN-
amplified NBL (Liu and Joshi, 2020). In our prognostic
model, the relative abundance of plasma cells in the low-
risk group was significantly lower than that in the high-risk
group, and the risk score was significantly correlated with
plasma cells and CD4 memory resting T cells. The six genes in
the prognostic model were closely associated with levels of
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immune cell infiltration and played an important role in the
immune microenvironment. These results suggest that

necroptosis  influences  tumorigenesis and  tumor
development by regulating immune cell infiltration.
We analyzed the specific signaling pathways

differentiating the high- and low-risk groups based on the
prognostic model. GSVA results showed that the differential
pathways between the two groups were mainly signaling
pathways such as TGF-beta signaling, mTORCI signaling,
and oxidative phosphorylation. By a GSEA, enriched GO
terms were axon extension and dendrite morphogenesis;
enriched KEGG pathways were base excision repair, long-
term Potentiation, and axon guidance. Transforming growth
factor-p (TGF-P) pathway plays an important role in cellular
homeostasis by regulating cell growth inhibition, cellular
senescence, differentiation, and apoptosis (Lin et al., 2005).
The EMT is a transdifferentiation process in which epithelial
cells lose polarity and contact inhibition and obtain
the fibroblast
migration phenotype. The EMT plays an important role in

mesenchymal characteristics, such as
human embryonic development and is also considered a
pathological mechanism. Cancer cells can acquire migration
and invasion abilities through the EMT, leading to tumor

metastasis. In human NB cell lines, EMT is significantly up-
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Validation of the expression of the prognostic Necroptosis in

NBL and Ganglioneuroma (GN) by immunohistochemical staining
analysis. The expressions of CYLD, JAK1, APC, ERH, CNBP,
and BAX in NBL tissues and GN were detected by
immunohistochemical staining (magnification x100).
Quantification of immunohistochemical staining for CYLD,
JAK1, APC., ERH. CNBP, and BAX by Image Pro Plus software.
*p < 0.05 vs. control group, **p < 0.01 vs. control group.

regulated via the TGF-p pathway, resulting in a more
aggressive phenotype (Naiditch et al., 2015). MYCN plays
an important role in NB. The MYC genes (MYCN, c-myc, and
L-myc) drive tumorigenesis in part by the activation of the
mammalian target of rapamycin (mTOR) pathway, a master
regulator of translation and protein synthesis. Therefore, the
effective inhibition of mTOR function represents a potential
therapeutic strategy targeting MYCN in NB (Moreno-Smith
et al, 2017). Oxidative phosphorylation (OXPHOS) is an
important pathway for the survival and proliferation of
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tumor cells. Some compounds inhibit the growth of NB in
by the of OXPHOS
mitochondrial respiratory complex I (Nagasaki-Maeoka

vivo inhibiting activities and
et al.,, 2020). Base excision repair (BER) fixes the majority
DNA damage,

and

of endogenous including deamination,

depurination,  alkylation, oxidative =~ damage.
Abnormalities in this pathway are strongly associated with
tumorigenesis (Wallace et al., 2012). These findings show that
the enriched pathways associated with the genes in the
prognostic model are closely related to the development
of NB.

We also studied the relationship between the risk score
obtained by the newly developed model and clinical drug
sensitivity. The risk score was significantly correlated with the
sensitivity to AS601245, AZDO0530, AZD6244, AZD6482,
CHIR99021, CCT007093, These
chemotherapeutic drugs have been studied extensively in
human glioblastoma (GBM). AZDO0530, a potent small-
molecule inhibitor of Src family kinases, can enhance the
radiosensitivity of GBM tumor cells (Yun et al, 2021).
AZD6244, inhibitor of MEK in the RAF/MEK/ERK
pathway, inhibits proliferation in the GBM cell line (See et al.,
2012). As an inhibitor of PI3KP in the PI3K/Akt pathway,

AZD6482 can exert an anti-tumor effect by inhibiting

and other  drugs.

an

proliferation and inducing apoptosis in human GBN tumor
cells (Xu et al, 2019). CCT007093 can attenuate cell
proliferation, migration, and invasion induced by UVC
radiation in human GBM (Yang et al, 2014). The role of
these drugs in children with NBL needs to be confirmed by
further studies.

The results of this study provide new insights into the
occurrence and development of NBL from the perspective of
necroptosis. The prognostic model based on six necroptosis-
related genes can effectively predict the prognosis of patients with
NBL. In addition, the risk score obtained from the necroptosis
model is associated with essential biological functions and has
clinical value.

Conclusion

By a variety of bioinformatics analyses of high-throughput
sequencing datasets, we systematically evaluated the molecular
characteristics and prognostic value of necroptosis in NBL.
Our results provide preliminary evidence for the complex
effects  of
necroptosis-related genes. These necroptosis-related genes may

biological functions and immunoregulatory
be involved in the occurrence, development, invasion, and
metastasis of NBL. We constructed a risk score model
that can independently predict prognosis in NBL. Our
results will aid in revealing the pathogenesis of NBL and

in the identification of new biomarkers and provide a
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basis for the development of therapeutic strategies targeting
necroptosis.
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