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|dentification and validation of an
endoplasmic reticulum stress related model
to predict prognosis and tumor
microenvironment in neuroblastoma
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Abstract

Background This study investigated endoplasmic reticulum(ER) stress mechanisms in Neuroblastoma(NB)
progression using bioinformatics and experimental validation.

Methods Using GSE49710 and E-MTAB-8248 datasets, ER stress related genes(ERSRGs) were analyzed. Consensus
clustering identified ER stress related subtypes(ERSRsubtype). Integrated bioinformatic analyses identified key hub
genes, dysregulated biological pathways, and significant alterations in immune cell infiltration within the studied
context. A prognostic model was constructed via least absolute shrinkage and selection operator(LASSO)/multivariate
regression and validated across multiple datasets. Drug sensitivity and microenvironment differences were assessed.
Lentiviral knockdown, Cell Counting Kit-8(CCK8), 5-Ethyny!-2-deoxyuridine(EdU), and Transwell assays evaluated
HIST1H1B's roles in NB cell lines.

Result 173 prognosis-linked ERSRGs were identified. The samples were stratified into two ERSRsubtypes with distinct
prognoses. We obtained 4 hub genes and multiple differentially expressed pathways in the two subtypes. The ER
stress related model accurately predicted survival. High-risk patients showed altered immune infiltration(8 cell types)
and 149 differentially effective drugs(18 more effective in high-risk NB). HISTIH1B, upregulated in MYCN-amplified NB,
enhanced proliferation, migration, and invasion of NB.

Conclusion ERSRsubtypes were associated with NB prognosis and tumor microenvironment(TME) heterogeneity.
The prognostic model and key genes identified provide crucial insights into ER stress mechanisms, offering potential
targets for therapy and aiding in risk stratification and treatment strategy formulation.
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Introduction

NB is the most common extracranial solid tumor in chil-
dren [1], and its unique and variable clinical features
pose a significant challenge in diagnosing and treating
NB [2]. The age, international neuroblastoma staging
system(INSS) stage, imaging risk stratification, patho-
logical type, and biological characteristics(MYCN ampli-
fication, chromosomal ploidy, 1p and 11q deletion) are
important factors that influence the staging of NB [2—4].
For low or intermediate-risk NB, surgery alone or com-
bined with chemotherapy can achieve a favorable prog-
nosis [5]. However, for high-risk NB, even with intensive
multimodal therapies such as induction chemotherapy
[6, 7], surgery, radiation [8, 9], autologous stem cell trans-
plantation [10-12], and immunotherapy [12-15], the
5-year survival rate remains low. Therefore, in-depth
research on the occurrence and development of NB,
especially the mechanisms of disease progression, will
provide new insights for the treatment of high-risk NB.

The ER is an important organelle in eukaryotic cells,
playing a crucial role in protein synthesis, folding,
modification, calcium storage, and lipid synthesis [16].
Therefore, maintaining the homeostasis of the ER is a
prerequisite for cells to carry out normal biological func-
tions. Tumors, characterized by strong metabolic abilities
and fast proliferation rates, require rapid expansion of the
ER, which leads to a TME characterized by hypoxia, aci-
dosis, and glucose deprivation [17, 18]. This environment
causes the accumulation of newly synthesized unfolded
proteins in the ER of tumor cells, ultimately trigger-
ing the ER stress response [19]. Studies have shown that
ER stress response is associated with a large number of
solid tumors [20-23], and that ER stress response and
the unfolded protein response(UPR) play important
roles in tumor occurrence and development, and target-
ing ER stress related pathways can significantly inhibit
the occurrence and development of NB. Currently, only
a few studies have found that the malignant progression
of NB is closely related to ER stress [24—25], and the UPR
is crucial for NB to adapt to the occurrence and develop-
ment of MYCN-driven NB [25].

Currently, there is a lack of systematic literature that
comprehensively elucidates the role of ER stress in the
occurrence and development of NB. The relationship
between the ER stress and the TME of NB is also unclear.
In this study, we divided NB samples into different sub-
types associated with ER stress using chip data from the
Gene Expression Omnibus(GEO)(https://www.ncbi.nl
m.nih.gov/geo/), ArrayExpress(https://www.ebi.ac.uk/b
iostudies/arrayexpress), and Therapeutically Applicable
Research to Generate Effective Treatments(TARGET)
databases(https://www.cancer.gov/ccg/). We then ana-
lyzed the differences in hub genes, pathways, and
TME between these subtypes using weighted gene
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co-expression network analysistWGCNA), gene set
enrichment analysis(GSEA) and gene set variation
analysis(GSVA). Additionally, we constructed a reliable
ER stress related prognostic model for NB and confirmed
its significant guidance in evaluating prognosis and pre-
dicting drug sensitivity of NB.

Materials and methods

Data collection

This study included chip data from the GSE49710,
GSE16476, GSE89413, E-MTAB-8248 datasets, and the
TARGET database, which comprised chip data from
154 NB patients. The main clinical information collected
included age, gender, MYCN status, INSS stage, Chil-
dren’s Oncology Group(COG) risk, overall survival sta-
tus, and overall survival day. After data correction and
probe annotation, a chip matrix data was obtained, with
gene names as row names and patient/cell line numbers
as column names. The GSE49710 and E-MTAB-8248
datasets were standardized using the “normalizeBe-
tweenArray()” function and then merged [26].

Screening for ERSRGs associated with NB prognosis

We obtained ERSRGs from the Human Gene Set: “Set-
GOBP_RESPONSE_TO_ENDOPLASMIC_RETICU-
LUM_STRESS” in the MSigDB database. By taking the
intersection with all genes in the merged cohort, ERSRGs
were eventually obtained for further study. In this study,
univariate cox regression analysis was performed on the
combined cohort(HR =1, p<0.05) to screen for ERSRGs
closely related to survival status of children with NB.

Consensus clustering analysis for ERSRGs

After performing consensus clustering analysis on
the 721 NB samples using the “ConsensusCluster-
Plus()” function with parameters reps=50, pltem=0.8,
pFeature=1, clusterAlg="km’  distance="euclidean’,
seed =123, the optimal clustering value of k was deter-
mined based on the results obtained from analyzing
the expression levels of ERSRGs closely associated with
the prognosis of NB patients. Principal component
analysis(PCA) was conducted on the 721 NB samples
using the “prcomp()” function, and kaplan-meier(KM)
survival analysis was performed on the different ERSR-
subtypes identified from consensus clustering analysis.
The differential expression of ERSRGs in the different
ERSRsubtypes was assessed using the “Lima” package,
applying the criteria of |log,FC|>0.5 and p<0.05. The
resulting differentially expressed genes(DEGs) were then
visualized through the “ggboxplot()” and “pheatmap()”
functions, displaying the expression levels of ERSRGs in
the different subtypes respectively.
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GSEA and GSVA

In this study, two hallmark gene sets, “c5.go.v7.4.symbols.
gmt” and “c2.cp.kegg.v7.4.symbols.gmt’, were obtained
from the MSigDB database. The “GSVA” R package and
the “GSEA” function were used for GSVA and GSEA
enrichment analysis respectively. The “pheatmap()” func-
tion and the “gseaplot2()” function were utilized for data
visualization.

Analysis of the differences in TME between two subtypes
Single-sample gene set enrichment analysis(SsGSEA) and
cell-type identification by estimating relative subsets of
RNA transcripts(CIBERSORT) were utilized to calculate
the disparities in immune cell infiltration among various
ERSRsubtypes/risk groups. The “GSVA()” function and
the “CIBERSORT()” function were employed to deter-
mine immune scores for each sample. The “ggboxplot()”
function and the “corrplot()” function were utilized to
visually illustrate the correlation between immune cells in
different subtypes/risk groups. The association between
immune cells and hub genes/risk scores was analyzed
using the “Cor.test()” function.

WGCNA

To identify core genes with differential expres-
sion between different ERSRsubtypes, we performed
WGCNA analysis on the merged chip matrix data. After
applying a filtering criterion of Height=2000 to remove
outliers, we proceeded to perform hierarchical cluster-
ing analysis on the remaining samples using the “hclust()”
function, followed by visualization of the clustering
results in the form of a dendrogram. In order to minimize
errors and ensure the biological significance of our analy-
sis, we employed the “pickSoftThreshold()” function to
carefully select an optimal soft threshold. Our goal was
to achieve an approximate scale-free network with a cri-
terion of R?>0.85, thereby guaranteeing that the network
followed a power-law distribution. We obtained multiple
significant modules by applying the dynamic tree-cutting
method to merge modules with high similarity, using
a threshold of 0.25 for the cut height and a minimum
gene number of 50. Gene significance(GS) was used to
assess the correlation between genes and samples, and
the module significance was calculated as the average GS
of all genes within the module. The key module, which
displayed the highest correlation, was identified. We cal-
culated the GS and module membership(MM) for each
gene in the key module and set a cut-off of GS>0.5 and
MM > 0.80 to obtain the core genes of the key module. By
taking the intersection of previously identified DEGs and
core genes, we obtained the hub genes closely associated
with ER stress in NB.
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Development and reliability evaluation of prognosis
related signature

The samples were randomly and evenly divided into
training group and testing group. LASSO regression
analysis was performed on the selected ERSRGs using
the “Glmnet()” function, resulting in the identification
of highly correlated genes with ERSRsubtypes and the
minimum regularization parameter A [27]. Core genes
and their corresponding coefficients were then screened
through multivariate cox regression analysis. The risk
score for each sample was calculated using the obtained
formula. Subsequently, the samples were categorized into
high-risk and low-risk groups according to the median
risk score. KM survival analysis was conducted to evalu-
ate the survival outcomes between different risk groups.
To analyze various parameters, such as receiver operating
characteristic(ROC) curve, cox regression analysis, cali-
bration curve, cumulative risk curve, and decision curve,
the functions “pROC()’; “coxp()’; “calibrate()’, “survfit()’,
and “dca()” were utilized.

Drug sensitivity analysis

The training set gene expression matrix file “GDSC2_
Exprrds” and drug treatment information file “GDSC2_
Res.rds” used for drug sensitivity analysis were obtained
from the Genomics of Drug Sensitivity in Cancer data-
base(https://www.cancerrxgene.org/). We selected the
important function “calcPhenotype()” from the “oncoPre-
dict” R package and set the criteria of removeLowVary-
ingGenes=0.2 and minNumSamples =10 to predict drug
sensitivity.

Cell culture and authentication

All NB cell lines including SK-N-SH, SH-SY5Y, SK-N-
BE(2), BE(2)-117, KPNYN, IMR-32, and SK-N-DZ were
procured from the American Type Culture Collection,
with the exception of the Kelly cell line which was gen-
erously provided by Dr. Qing Guoliang(Department
of Pathophysiology, Wuhan University School of Basic
Medicine). SK-N-SH, SH-SY5Y, SK-N-BE(2), BE(2)-117,
KPNYN, IMR-32 and SKNDZ were cultured with DMEM
(Gibco, USA) supplemented with 10% fetal bovine serum
(Gibco, USA) and1% Penicillin/Streptomycin (New cell &
Molecular Biotech, China), Kelly cell line was grown in
complete RPMI-1640 (Gibco, USA) supplemented with
10% FBS and 1% penicillin/ streptomycin. All cell stocks
were authenticated through short tandem repeat profil-
ing using the CellCheck® 9-marker system(IDEXX, USA)
and confirmed mycoplasma-free via MycoAlert™ PLUS
detection kit(Lonza, Switzerland), with strict adherence
to 6-month post-resuscitation culture periods and rou-
tine morphological monitoring to ensure phenotypic
stability.
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RNA extraction and quantitative real-time PCR(qRT-PCR)
Total RNA was extracted from NB cells using TRIzol™
reagent(Ambion, USA), followed by cDNA synthesis with
HiScript® II Q RT SuperMix(Vazyme, China) according
to the manufacturer’s specifications. qRT-PCR analy-
sis was performed on a LightCycler® 96 system(Roche,
Switzerland) using AceQ® qPCR SYBR Green Master
Mix(Vazyme, China), with thermal cycling parameters
set as follows: initial denaturation at 95 °C for 5 min, 40
cycles of denaturation at 95 °C for 10 s, annealing at 60 °C
for 30 s, and extension at 72 °C for 30 s, concluding with
melt curve analysis(95 °C for 15 s, 60 °C for 60 s, 95 °C for
15 s). p-actin mRNA expression was used for normaliza-
tion based on its constitutive expression across cell lin-
eages. Relative quantification was determined through
the 2722t method, with all primer sequences(General
Biosystems, China) provided in Table S1.

Establishment of stable and transient transfection models
Lentiviral  vectors  expressing HISTI1HI1B-specific
shRNA(GeneChem, China) were constructed to knock-
down target gene expression, with a non-targeting
GFP-expressing scramble vector serving as the negative
control. Following transduction, stable polyclonal popu-
lations were selected using 1 pg/mL puromycin(Merck,
Germany) for 72 h, with transfection efficiency con-
firmed by fluorescence microscopy. All shRNA sequences
were documented in Table S2.

Cell proliferation assay

A total of 5x10% cells were seeded into each well of
96-well plates, with each well containing 100 pL of cul-
ture medium. At specific time points on 24, 48, 72 and
96 h, 10 uL of CCK-8 solution(APExBIO, USA) and 90
uL of fresh culture medium were added to each well. Two
hours after the addition, the optical density was mea-
sured at a wavelength of 450 nm.

EdU assay

Cell proliferation activity was assessed using the Cell-
Light” EAU Apollo 567 In Vitro Kit(RiboBio, China)
with optimized protocols. Briefly, 5x 10* cells/well were
seeded in 24-well plates and synchronized in serum-free
medium for 12 h prior to EAU pulse-labeling. Cells were
incubated with 50 uM EdU reagent(1:1000 dilution in
complete medium) for 2 h at 37 °C with 5% CO,, followed
by fixation with 4% paraformaldehyde and permeabili-
zation using 0.5% Triton X-100. Subsequent fluorescent
staining was performed sequentially with Apollo® 567
and Hoechst 33,342 nuclear counterstain, according to
manufacturer’s specifications.
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Transwell assay

The migratory and invasive capacities of tumor cells were
assessed using Transwell chambers(8-pm pore poly-
carbonate membrane). For invasion assays, the upper
chambers were pre-coated with 50 pL. Matrigel basement
membrane matrix(Corning, USA) and allowed to polym-
erize for 1 h at 37 °C. The lower chambers were filled
with 750 uL. DMEM supplemented with 10% fetal bovine
serum as a chemoattractant. Transfected cells(1x 10°
cells/well) suspended in 200 pL serum-free DMEM were
seeded into the upper chambers. Following 48 h incuba-
tion at 37 °C with 5% CO,, non-migratory cells on the
upper membrane surface were removed by cotton swab
abrasion. Cells that traversed the membrane were fixed
with 4% paraformaldehyde, stained with 0.5% crystal vio-
let, and thoroughly washed with PBS.

Results

Preparation of NB chip data, compilation of clinical
information, and data integration

First, we illustrated the specific procedure of this study
through Fig. 1. In order to obtain a chip matrix data with
a large sample size, we initially selected the GSE49710
and E-MTAB-8248 cohorts from the GEO and Array-
Express databases, which contain 498 and 223 clinical
samples respectively. The data was transformed using
Log, conversion, resulting in a final chip matrix dataset
comprising 721 NB samples. Additionally, the cohort
comprising 154 NB patients from the TARGET database
and the GSE16476 cohort from GEO, which included 88
NB patients, were used to validate the accuracy of the
constructed model. The GSE89413 cohort contained chip
data from 39 NB cell lines and was utilized for analyzing
the ER stress related risk score of each NB cell line. The
detailed information of all cohorts was shown in Table 1.

Consensus clustering analysis for ERSRGs

We obtained ERSRGs from the Human Gene Set “Set-
GOBP_RESPONSE_TO_ENDOPLASMIC_RETICU-
LUM_STRESS” in the MSigDB database, which included
258 genes. Then, we intersected these 258 genes with all
genes in the merged matrix, resulting in 250 ERSRGs
for further analysis. By setting the criteria of HR=1 and
p<0.05, we conducted a univariate cox regression analy-
sis of the 250 ERSRGs with the prognosis of the patients,
and obtained 173 ERSRGs that are closely related to the
prognosis of NB. The top 10 ERSRGs with the most signif-
icant statistical differences were TMEM33(p =1.65E-34),
DNAJB2(p=6.34E-29), AIFMI(p=1.43E-27), UGCGLI
(p=2.08E-26), UBE4B(p=2.19E-23), TP53(p=3.27E-23),
ELAVL4(p=6.24E-23), PIK3RI1(p=7.45E-22), EIF2SI
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Fig. 1 The flowchart of this study

(p=8.57E-22), and PPP1R15B(p =1.43E-21). The 10 ERSRGs
most closely related to the prognosis of NB were OPAI
(HR=5.59), C11orfl0(HR=5.56), AIFM1(HR =5.45), EIF2S1
(HR=5.22), TORIA(HR=5.07), TMEM33(HR=4.95),
UBA5(HR=4.89), DNAJB2(HR=0.21), TMCOI(HR=4.50),
and ATF6(HR =4.39). The 53 ERSRGs with the most sig-
nificant statistical differences were displayed in a forest plot
(Fig. 2A, Additional file 1). By conducting consensus clus-
tering analysis, we determined that setting the number of
clusters(k) to 2 resulted in the most significant decrease
in the slope of the cumulative distribution function(CDF),
indicating the optimal clustering effect (Fig. 2B-C). PCA
showed that the 721 NB samples could be ideally clustered

into two distinct subtypes (Fig. 2D). Further KM sur-
vival analysis showed significant differences in prognosis
between the two subtypes, with poorer prognosis in clus-
ter B (Fig. 2E). Given that the two subtypes hold clinical
significance, we performed a differential gene analysis and
uncovered 165 differentially expressed ERSRGs between
them. The top 10 genes with the largest expression differ-
ences were PDIA2(Log,FC=-1.45), FBXO2(Log,FC=-1.22),
TNFRSF10B(Log,FC=1.17), MAGEA6(Log,FC=1.12),
MAP3K5(Log,FC=-1.11), TP53(Log,FC=1.08), PIK3RI
(Log,FC=-1.06), CLU(Log,FC=-0.92), IL8(Log,FC=0.90),
and FBX0O44(Log,FC=-0.85)(Additional file 2). We
presented a box plot to illustrate the 29 ERSRGs that
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Table 1 The detailed information of the public datasets in this research
Cohort Database Major clinical information
MYCN+/- Age COG stage INSS
(months) stage
GSE49710 GEO MYCN+ 92 >18 193 High 176 I 121
Platform: Agilent—020382 Human Custom Microarray 44k MYCN- 401 <18 305 Low 322 Il 78
Country: China Unknown 5 Il 63
Cases: 498 v 183
Vs 53
E-MTAB-8248 Array-Express  MYCN+ 47 >18 119 I 29
Platform: Agilent—020382 Human Custom Microarray 44k MYCN- 176 <18 104 Il 39
Country: Germany Il 36
Cases: 223 v 89
IVs 30
GSE16476 GEO MYCN+ 16 >12 49 | 8
Platform: Affymetrix Human Genome U133 Plus 2.0 Array MYCN- 72 <12 39 Il 15
Country: Netherlands Il 13
Cases: 88 v 40
Vs 12
TARGET TARGET MYCN+ 33 >18 125 | 0
Platform: lllumina Hiseq 2000 MYCN- 120 <18 29 I 1
Organization: COG Unknown 1 Il 6
Cases: 154 v 126
IVs 21
GSE89413 GEO

Platform: lllumina NextSeq 500
Country: America
NB cell number: 39

displayed the most significant statistical differences
(Fig. 2F). Further statistical analysis to delineate the clini-
cal disparities between the two ERSRsubtypes revealed
that the high-risk ER stress related cluster(ERSRcluster)
B, associated with poorer prognosis, was significantly
correlated with established adverse prognostic fac-
tors—including age>18 months, MYCN amplification,
advanced INSS stage(III-IV), and high COG risk—com-
pared to the more favorable ERSRcluster A(all p <0.001)
(Fig. 2G, Figure S1). These findings demonstrated that
the consensus clustering analysis employed in this study
successfully categorized the 721 NB patients and revealed
two distinct ERSRsubtypes with divergent prognoses. The
ERSRcluster associated with poorer prognosis showed
significant correlations with several clinical features
indicative of worse outcomes. Consequently, exploring
the differences in the pathogenesis between the two sub-
types provides new insights for the treatment of NB.

Analyses of GSEA, GSVA and immune cell infiltration
between different ERSRsubtypes

The results of GSEA based on “c5.go.v7.4.symbols.gmt”
indicated that the five most significant pathways with
the most distinct differences were: “GOBP_NUCLEAR_
CHROMOSOME_SEGREGATION, “GOBP_CHROMO-
SOME_SEGREGATION’, “GOBP_DNA_DEPENDENT _

DNA_REPLICATION", “GOBP_MITOTIC_SISTER_
CHROMATID_SEGREGATION’, and “GOBP_MEIOTIC
_CHROMOSOME_SEGREGATION® (Fig. 3A). The five
most prominent pathways based on “c5.go.v7.4.symbols.
gmt” were: “KEGG_CELL_ADHESION_MOLECULES_
CAMS’, “KEGG_CELL_CYCLE’, “KEGG_HEMATOPOI-
ETIC_CELL_LINEAGE’, “KEGG_AXON_GUIDANCE
and “KEGG_DNA_REPLICATION® (Fig. 3B). We further
conducted GSVA analysis on the two subtypes. Based on
“c5.go.v7.4.symbols.gmt’, the five pathways with the most
significant expression differences were: “GOCC_METH-
YLOSOME’, “GOCC_SMN_SM_PROTEIN_COMPLEX,
“GOBP_NUCLEOBASE_BIOSYNTHETIC_PROCESS,
“GOBP_SNO_S_RNA_METABOLIC_PROCESS?,
and “GOBP_SNO_S_RNA_PROCESSING“ (Fig. 3C).
According to “c2.cp.kegg.v7.4.symbols.gmt’, the five most
significant pathways with differences were: “KEGG_
BASE_EXCISION_REPAIR’, “KEGG_NUCLEOTIDE_
EXCISION_REPAIR’, “KEGG_DNA_REPLICATION’,
“KEGG_CYSTEINE_AND_METHIONINE_METABO-
LISM’, and “KEGG_PYRIMIDINE_METABOLISM*
(Fig. 3D). Previous studies had shown that ER stress was
closely related to the TME. We performed immune cell
infiltration analysis on two different ER subtypes using
SsGSEA, and the results suggested that there were sig-
nificant differences in the distribution of 18 types of
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Fig.2 Acquisition of ERSRsubtypes in NB. A The forest plot presents 53 ERSRGs that are most closely associated with the prognosis of NB through univari-
ate cox regression analysis. B-C Consistency clustering analysis suggested that all the samples could be effectively clustered into 2 clusters(k=2). D All
samples could be ideally clustered into 2 distinct subtypes through PCA. E KM survival analysis showed significant differences in prognosis between two
ER stress related subtypes(p <0.001). F The box plot presented the 29 ERSRGs with the most significant statistical differences in expression between two
clusters. G The heatmap showed the distribution of various clinical characteristics and presented part of the ERSRGs with the most statistically significant
differences in expression in two clusters. All the samples with MYCN amplification were included in the ERSRGcluster B. ***, p<0.001. ER, endoplasmic
reticulum; NB, Neuroblastoma; PCA, principal component analysis; KM, kaplan-meier; ERSRGs, ER stress related genes; ERSRcluster, ER stress related cluster;

ERSRsubtype, ER stress related subtype

immune cells between the two subtypes. In addition to
an increased distribution of Activated.CD4.T.cell and
Type.2.T.helper.cell in the poor prognostic ERSRsubtype
B, the distribution of the other 16 types of immune cells
was reduced in this subtype (Fig. 3E). The above results
indicated that there were many differentially expressed
signaling pathways in the two different prognostic sub-
types and these pathways might directly or indirectly
participate in the regulatory role of ER stress in the occur-
rence and development of NB.

Identifying hub genes between different subtypes through
WGCNA

According to WGCNA, we first removed outlier samples
and genes, and then performed clustering analysis on the
remaining samples (Fig. 4A). By setting a threshold of 7
and R*=0.92, we were able to construct an ideal scale-
free network and cluster it into 18 modules (Fig. 4B-C).
These 18 modules were further merged into 14 modules
by setting a height threshold of 0.25 (Fig. 4C-D). Among
these 14 merged modules, 13 modules showed signifi-
cant correlation with ER stress (Fig. 4E). Specifically,

MEgreen, MEtan, MEsalmon, MEgreenyellow, MEtur-
quoise, MEblue, and MEmagenta modules were nega-
tively correlated with ER stress, while MElightcyan,
MEcyan, MEblack, MEpink, MEyellow, and MEgrey
modules were positively correlated with ER stress.
Among all the modules, the MEturquoise module showed
the strongest correlation with ER stress in NB, with a cor-
relation index of 0.8 (Fig. 4E). We further screened 93
core genes from the MEturquoise module with GS>0.5
and MM >0.8 (Fig. 4F, Additional file 3), and intersected
them with 58 DEGs(|log,FC|>2 and p<0.05) between
two subtypes(Additional file 4). Finally, we identified 4
hub genes that played a crucial role in ERSRsubtypes:
NTRKI1, PTPRH, ZNF695, and HISTIHIB (Fig. 4QG).
Based on these results, we found that ER stress plays an
important role in the development of NB, and the hub
genes identified in this study are involved in the regula-
tion of ER stress in NB.

Construction of an ER stress related prognostic model
We randomly divided 721 pediatric cases into train-
ing and test groups, from which 17 key genes were
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Fig.3 GSVA, GSEA, and immune cell infiltration analysis between two ERSRGclusters. A-B Enrich the differentially expressed pathways between the two
clusters through GSVA. C-D Enrich the differentially expressed pathways between the two clusters through GSEA. E Conduct an analysis of the infiltra-
tion levels of 23 immune cells in the two clusters through SsGSEA**, p <0.01; ***, p <0.001. GSVA, gene set variation analysis; GSEA, gene set enrichment
analysis; ERSRGcluster, ER stress related cluster; SsSGSEA, single-sample gene set enrichment analysis

identified through LASSO regression analysis and
cross-validation (Fig. 5A), and 10 ERSRGs involved in
model construction were determined by cox regression
analysis, with detailed presentation of the full names of
ELAVL4, FBXO, MAP3KS, DNAJC10, ANKZF1, PPP2CB,
TMEM33, SGTA, THBS4, UBE4A, their weights in the
predictive model (Table 2), and their specific locations
on the chromosomes (Fig. 5B). Based on the predictive
model, we conducted a risk assessment for each NB, and
evenly categorized all samples into the high-risk or low-
risk group. The results indicated that the expression of
the 10 ERSRGs involved in the model construction was
significantly different between the high-risk and low-risk
groups (Fig. 5C, Additional file 5), with the risk scores
of children in the ERSRGcluster B generally higher than
those in the ERSRGcluster A (Fig. 5D). From the Allu-
vial diagram, we found that the majority of children in
the ERSRGcluster A had lower risk scores, while almost
all children in the ERSRGcluster B had high risk scores,
and almost all surviving patients came from the low-risk
group (Fig. 5E). The distribution of expression levels of
differential genes, clinical traits such as age>18 months,
MYCN amplified, high COG risk, and INSS stage III-IV
were consistent across different risk groups and different
clustering groups (Fig. 5F, Figure S1). Through the nomo-
gram, we also found that the risk score could serve as an
independent predictive factor for the prognosis of NB

patients, compared to other clinical indicators (Fig. 5G).
The prognostic model demonstrated high predictive
accuracy, as evidenced by the 1-, 3-, and 5-year area
under the curve (AUC) values of 0.885, 0.878, and 0.898
in the total cohort; 0.923, 0.919, and 0.925 in the training
set; and 0.844, 0.840, and 0.866 in the test set (Fig. 6A-
C). The results of KM survival analysis and the ROC
curve indicated that the predictive model could effec-
tively predict the survival status of children in the total
sample, training group, and test group (Fig. 6D-F). The
calibration curve results showed that the model’s predic-
tions of 1-year, 3-year, and 5-year survival probabilities
were close to the actual survival probabilities (Fig. 6G).
Finally, through the cumulative hazard curve, we found
that with the extension of follow-up time, the cumulative
survival risk of patients in the high-risk group increased
significantly, while the survival risk of the low-risk group
changed slightly (Fig. 6H). These results demonstrated
that our ER stress related prognostic model accurately
predicted outcomes in NB patients, thereby establish-
ing a foundation for its further validation across multiple
independent datasets.

Validation of model accuracy across multiple datasets

In order to further validate the applicability of the ER
stress related predictive model in other datasets, we per-
formed additional analyses on GSE49710, GSE16476,
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E-MTAB-8248, and the TARGET cohorts. Based on the
predictive formula, we first scored the samples from
GSE49710 and E-MTAB-8248, which had a large sam-
ple size and comprehensive clinical data, and divided
them into high-risk and low-risk groups. We found that
the expression levels of the majority of the previously
obtained ERSRGs that were differentially expressed
were also different between high and low-risk groups of
GSE49710 and E-MTAB-8248 (Fig. 7A-B). Moreover,
clinical characteristics associated with poor prognosis,
such as age > 18 months, MYCN amplification, high COG
risk, and INSS stage III-IV, were mainly concentrated
in the high-risk group (Fig. 7A-B). In GSE49710 and
E-MTAB-8248 cohorts, the risk score served as an inde-
pendent prognostic indicator for NB patients (Fig. 7C-D).
By grouping GSE49710, E-MTAB-8248, TARGET and
GSE16476 cohorts, we observed that the high-risk group
had significantly worse prognosis than the low-risk group
in all four datasets (Fig. 7E-H). Utilizing this predictive

model, we analyzed the chip data of 39 NB cell lines from
the GSE89413 cohort. The results showed that NGP,
RD, CHP-212, SK-N-AS, COG-N-519, NB-69, LA-N-6,
KELLY, COG-N-440, and NMB were the top ten cell lines
with the highest risk scores, while SK-N-BE(2), COG-N-
549, SK-N-BE(2)-C, NB-1691, SMS-SAN, COG-N-496,
LA-N-5, NB-1643, NB-1, and Felix were the ten cell lines
with the lowest risk scores (Fig. 7I). These findings dem-
onstrated that the ER stress related prognostic model was
applicable in various NB cohorts and could serve as an
independent predictive indicator for prognosis. Further-
more, there were ER stress related cell subtypes in NB
cell lines, providing a foundation for further cellular vali-
dation and mechanistic research.

Differences in immune cell infiltration between different
risk groups of NB

Previous studies have shown that ER stress is closely
related to the TME, and changes in the TME are closely
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associated with tumor development, metastasis, and
other characteristics [28-30]. Therefore, it is of great
significance to explore the differences in immune cell
infiltration between two ERSRsubtypes in studying the
impact of ER stress on NB. Using the CIBERSORT algo-
rithm, we scored the immune cells for each clinical sam-
ple and found significant differences in the distribution of
eight immune cells between different risk groups. B cells
memory, Plasma cells, T cells CD4 naive, and Neutrophils
were more abundant in the high-risk group, while T cells
CD4 memory resting, Monocytes, Macrophages M2, and
Mast cells activated were highly expressed in the low-risk
group (Fig. 8A). Heatmap also revealed significant corre-
lations in the distribution levels between certain immune
cell types in NB, especially positive correlations between
T cells CD8, T cells regulatory, T cells CD4 naive, B cells
naive, and T cells follicular helper, as well as negative
correlations between distribution levels of the cell types
mentioned above, Macrophages M0, Macrophages M2,
and Mast cells activated. Among all the cell types, the
strongest positive correlations were observed between
T cells follicular helper and B cells naive(correlation
index = 0.36), and between T cells CD8 and T cells
regulatory(correlation index = 0.36). The strongest nega-
tive correlation was observed between B cells naive and
Macrophages MO(correlation index=-0.5) (Fig. 8B).

Using the estimation of stromal and immune cells in
alignant tumour expression(ESTIMATE) algorithm, we
found that although there were no differences in Stromal
Score among different risk groups, the Immune Score
and ESTIMATE Score were lower in the high-risk group
(Fig. 8C), indicating a higher tumor cell purity and lower
proportion of immune cells in this group. Analyses of
the expression levels of the 10 genes involved in model
construction and their relationship with the distribution
levels of immune cells revealed significant correlations
between these genes and various immune cell types, par-
ticularly ELAVL4, FBXO6, PPP2CB, and TMEM33 (Fig.
8D). Finally, we performed a correlation analysis between
risk scores and the distribution levels of all immune cells,
and found a significant positive correlation between risk
scores and the distribution levels of plasma cells and
B cells memory, and a significant negative correlation
between risk scores and the levels of T cells CD8 and T
cells CD4 memory resting (Fig. 8E-H). These results indi-
cated that there were significant differences in the distri-
bution of immune cells between different NB subtypes
associated with ER stress. Not only were there correla-
tions among the distribution levels of immune cell types,
but there were also connections between the expression
levels of genes involved in model construction, patient
risk scores, and the distribution levels of various immune
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Table 2 The detailed information of 10 ERSRGs involved in
model construction

Gene
name

Official full
name

Ensemble id

Weight

ELAVL4

FBXO

MAP3K5

DNAJC10

ANKZF1

PPP2CB

TMEM33

SGTA

THBS4

UBE4A

Embry-
onic Lethal,
Abnormal
Vision,
Drosophila-
Like 4
F-Box Only
Protein 41
Mitogen-
Activated
Protein Ki-
nase Kinase
Kinase 5
DnalJ Heat
Shock Pro-
tein Fam-
ily (Hsp40)
Member
c10
Ankyrin
Repeat And
Zinc Finger
Peptidyl
TRNA Hy-
drolase 1
Protein
Phospha-
tase 2 Cata-
lytic Subunit
Beta

Trans-
membrane
Protein 33
Small
Glutamine
Rich Tetratri-
copeptide
Repeat Co-
Chaperone
Alpha
Thrombos-
pondin 4
Ubiquitina-
tion Factor
E4A

ENSG00000162374

ENSG00000163013

ENSG00000197442

ENSG00000077232

ENSG00000163516

ENSG00000104695

ENSG00000109133

ENSG00000104969

ENSG00000113296

ENSG00000110344

-0.53335966415539

0.524410927840551

0.287828908522957

1.59066427443646

-1.0100276576851

-1.05185809170224

0.94596610343543

1.15422196718206

0.124547489619208

-1.31873436820272

cell types. The infiltration of these immune cells might be
closely related to ER stress in NB and have a significant
impact on the TME, ultimately affecting the prognosis of
NB patients.

Chemotherapeutic response analysis between different
ERSRsubtypes

Currently, the treatment of NB remains a clinical
challenge, and even with a combination of multiple
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treatment modalities, the prognosis for high-risk NB
patients remain poor [5-15]. Based on the predictive
model constructed in this study, which is related to ER
stress, we found that NB patients with poor prognos-
tic factors such as age > 18 months, MYCN amplifica-
tion, high COG risk, and INSS stage III-IV were more
likely to be included in the high-risk group. Therefore,
we can have a better basis for selecting chemotherapy
drugs that are more effective for the poor prognostic
ERSRsubtype, and improve the prognosis of these NB
patients by predicting the chemotherapy drug sensi-
tivity of the two subtypes. The predictive results sug-
gested that there were significant differences in the
treatment efficacy of 149 chemotherapy drugs in the
two different risk groups (Additional file 6, 7). We
found a total of 18 chemotherapy drugs that showed
better treatment efficacy in the high-risk group of
NB(Additional file 6), and listed eight drugs with sta-
tistically significant differences in drug sensitivity (Fig.
9A). These results fully demonstrated that the 18 drugs
we selected might have potential targeted effects on
ER stress resistance in NB and would provide a basis
for the clinical treatment of high-risk NB patients with
the selected drugs.

HIST1H1B promoted the proliferation, migration and
invasion of MYCN-amplified NB cells

To further validate the accuracy of this study, we
selected HISTIHIB among the 4 hub genes identi-
fied in two ERSRsubtypes. Previous studies have con-
firmed that all MYCN-amplified NB were classified
into the ERSRsubtype with poor prognosis (Fig. 2G),
and HIST1HIB was relatively up-regulated in MYCN
amplified NB compared to non MYCN amplified
NB(Additional file 4). We observed that the expres-
sion level of HISTIHIB was significantly elevated in
MYCN-amplified NB cells (Fig. 10A). To further inves-
tigate the role of HISTIHIB in NB, we performed
HISTIHIB knockdown in two MYCN-amplified cell
lines: IMR-32 and SK-N-BE(2) (Fig. 10B-C). The
results demonstrated that HISTIH1B knockdown sig-
nificantly inhibited the proliferative capacity of both
IMR-32 and SK-N-BE(2) cells (Fig. 10D-E). Addition-
ally, the migration and invasion abilities of these tumor
cells were markedly reduced (Fig. 10F-G). EdU assay
further revealed that HISTIHIB knockdown exerted
a pronounced inhibitory effect on the DNA replica-
tion process in SK-N-BE(2) (Fig. 10H). In conclusion,
our findings indicated that HISTIHIB was highly
expressed in MYCN-amplified NB cell lines and pro-
moted the proliferation, migration, and invasion capa-
bilities of MYCN-amplified NB cells, thereby further
validating the accuracy of this research.
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Discussion

NB is one of the most malignant solid tumors in children
[1]. Currently, for high-risk NB, there are various clinical
treatment options available. However, even with a com-
bination of surgery, chemotherapy [6, 7], radiation [8, 9],
autologous stem cell transplantation [10-12], and immu-
notherapy [12-15], the 5-year survival rate of patients is
still low. Therefore, exploring the pathogenesis of high-
risk NB and finding targeted drugs for NB will bring hope
to these patients. In recent years, with the rapid devel-
opment and popularization of gene chip technology and
next-generation sequencing, analyzing the pathogenesis
of diseases at the transcriptome level has become a real-
ity, and its application in NB is particularly important.
For example, N-myc functions as a crucial transcription
factor that extensively regulates the transcription of key
genes involved in tumor development in MYCN ampli-
fied NB [31-33]. This study was based on this technology
to explore the mechanism of NB development. The ER
is a central organelle involved in the synthesis, folding,
and modification of secretory and transmembrane pro-
teins [16]. Protein processing, modification, and folding
in the ER are tightly regulated processes that determine
cell function, fate, and survival [34]. Beyond its role in
protein homeostasis, ER stress is increasingly recognized
as a pivotal signaling hub that influences diverse cell fate

decisions, including proliferation, differentiation, and
apoptosis, particularly in neural lineages [35]. In various
cancers, the synergistic effects of different oncogenic,
transcriptional, and metabolic abnormalities create unfa-
vorable TME that disrupt the ER homeostasis of tumor
cells and stromal cells, as well as infiltrating lympho-
cytes, leading to sustained ER stress [36—37]. Numerous
studies have shown that this stress state controls various
pro-tumor properties of cancer cells and dynamically
reprograms the functions of innate immune cells and
adaptive immune cells [17, 18, 38, 39]. Additionally, the
abnormal activation of ER stress sensors and their down-
stream signaling pathways has become a key regulatory
factor in tumor growth, metastasis, and response to che-
motherapy, targeted therapy, and immunotherapy [34,
39, 40]. Currently, there is limited research on ER stress
in NB. Therefore, based on chip data and clinical infor-
mation of NB, this study explored the impact of ER stress
mechanisms on the development of NB and changes in
the TME. It also constructed a predictive model and pre-
dicted drug sensitivity related to ER stress.

In this study, we constructed a large sample cohort con-
sisting of 721 cases, which would enhance the accuracy
and generalizability of the results. Based on the expres-
sion levels of ERSRGs, which were closely associated with
the prognosis of NB patients, we successfully classified all
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Fig. 7 Verify the accuracy and general applicability of the model with multiple datasets. A-B The heatmap showed the distribution of the clinical traits
closely related to the prognosis and the differences in the expression of some ERSRGs in different risk groups in GSE49710 and E-MTAB-8248. C-D For-
est plots of multivariable cox regression analyses for the clinical features and risk scores derived from the ER stress related model in GSE49710 and E-
MTAB-8248. E-H KM survival analysis indicated that the overall survival rate of the high-risk group children is significantly lower than that of the low-risk
group children in GSE49710, E-MTAB-8248, GSE16476, and TARGET. I Risk assessment of NB cell lines in GSE89413 cohort based on the constructed model.
¥, p<0.05;** p<0.01; ** p<0.001. ERSRGs, ER stress related genes; KM, kaplan-meier; TARGET, Therapeutically Applicable Research to Generate Effective

Treatments; NB, Neuroblastoma

samples into two distinct ERSRsubtypes through consis-
tent clustering analysis. Currently, numerous studies have
shown the presence of ERSRsubtypes in adult malignant
tumors such as lung cancer [41] and glioma [42], with
significant differences in prognosis between the sub-
types. The convergence between GSEA and GSVA results
enhances confidence in our pathway findings, a strategy
validated for profiling tumor dysregulation [43]. This
study was the first to discover this phenomenon in NB,
indicating the universality of ER stress in solid tumors
and laying the foundation for investigating the roles of ER
stress in the occurrence and development of NB.

We found a total of 173 ERSRGs associated with NB
prognosis, including PDIA2, FBX02, TNFRSFI10B,
MAGEA6, MAP3K5, TP53, PIK3R1, CLU, IL8, and
FBX044, which showed differential expression levels
between different ERSRsubtypes. This result suggested
that differentially expressed ERSRGs might be involved
in the occurrence and development of NB through their
participation in ER stress regulation. Previous studies
have found high expression of PDIA2 in colon cancer
where it serves as a molecule linker between ER stress
and metabolic reprogramming [44]. Parthenolide can
inhibit the proliferation of lung cancer cells through the

ER stress pathway, and inhibition of TNFRSF10B can sup-
press parthenolide-induced apoptosis in lung cancer cells
[45]. MAP3KS5, as an important member of the IREla-
TRAF2-MAP3K5-JNK axis, promotes NF-kB and AP1
activation to enhance inflammatory responses in cancer
cells [46]. Previous studies have shown that TP53, as an
important transcription factor, is upregulated under ER
stress conditions and is involved in ER stress induced cell
apoptosis [47], and NF-«B activation caused by ER stress
is an important factor in increasing TP53 expression [48].
Therefore, the above mentioned genes closely related to
ER stress may play an important role in the occurrence
and development of NB through the ER stress pathway.
Further analysis revealed that some clinical features
associated with prognosis, including age > 18 months,
MYCN amplification, high COG risk, and INSS stage
III-1V, were significantly enriched in the poor prognos-
tic ERSRsubtypes. Among these clinical features, MYCN
amplification needs to be emphasized. Previous studies
have shown that as an important member of the MYC
protein family, N-myc shares many biological functions
with MYC [31]. The MYC protein family can activate
the UPR through various pathways. Firstly, the upregu-
lation of overall transcription and translation induced
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by MYC increases the production of ribosomal proteins  regulating its transcription and increasing IRE1a protein
and protein load, thereby activating all branches of UPR  levels [50]. Additionally, MYC can form heterodimers
[34, 49]. Secondly, MYC further binds to the promoter  with XBP1s in the nucleus to regulate classical UPR genes
and enhancer regions of genes encoding IRE1la, positively  and lipid metabolism genes [50]. MYC also interacts with
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Fig. 10 HIST1H1B promoted the proliferation, migration and invasion of MYCN-amplified NB cells. A In addition to the MYCN-amplified NB cell line Kelly,
the expression level of HIST1H1B in other MYCN-amplified NB cells, such as IMR-32, SK-N-BE(2), BE(2)-117, SK-N-DZ, and KPNYN, is significantly higher than
that in the MYCN non-amplified NB cell lines SK-N-SH and SH-SY5Y. B We established HIST1H1B-knockdown IMR-32 cell lines via lentiviral transduction.
C We established HISTTH1B-knockdown SK-N-BE(2) cell lines via lentiviral transduction. D The CCK8 assay indicated that knockdown of HISTTH1B could
significantly inhibit the proliferative ability of IMR-32. E The CCK8 assay indicated that knockdown of HISTTH1B could significantly inhibit the proliferative
ability of SK-N-BE(2). F The Transwell assay suggested that the knockdown of HISTTH1B could significantly inhibit the migration and invasion abilities of
IMR-32 cells. G The Transwell assay suggested that the knockdown of HISTTH1B could significantly inhibit the migration and invasion abilities of SK-N-
BE(2). H The EdU assay indicated that the knockdown of HISTTH18 significantly inhibited the DNA replication ability of SK-N-BE(2). *, p <0.05; **, p<0.01;

*** p<0.001; **** p<0.0001. NB, Neuroblastoma; CCK8, Cell Counting Kit-8; EdU, 5-Ethynyl-2-deoxyuridine

ATF4 to regulate amino acid transporters, biosynthesis,
antioxidant pathways, and autophagy. Finally, the MYC-
ATF4 complex regulates eukaryotic translation initiation
factor 4EBP1 to decrease translation and protein toxicity
stress [51]. The diverse biological functions of the MYC
family suggest that MYCN amplification can affect the
occurrence and development of NB through the ER stress
pathway, and MYCN amplified NB may promote tumor
cell malignancy by adapting to ER stress.

WGCNA can cluster genes with similar expression pat-
terns and analyze the correlation between modules and
specific traits or phenotypes. It is widely used in the iden-
tification of candidate biomarkers or therapeutic targets
and in the study of the association between phenotypic
traits and genes [52]. To further investigate the key genes
in the two ERSRsubtypes, we conducted WGCNA analy-
sis and successfully obtained four key genes: NTRKI,
PTPRH, ZNF695, and HISTIHIB. Jiao B used bioinfor-
matics analysis to evaluate the transcriptional response
of SH-SY5Y cells overexpressing NTRKI and found that
upregulated genes were mainly enriched in response
to ER stress and protein folding in the ER [53]. PTPRH,
as an upstream gene of the PI3K/AKT/mTOR pathway,
promotes the phosphorylation of PI3K/AKT/mTOR
and facilitates the proliferation, migration, and invasion
of non-small cell lung cancer [54]. The phosphorylation
of the PI3K/AKT/mTOR pathway is an important path-
way for SH-SY5Y cells to resist ER stress [55]. Currently,
there is limited research on ZNF695 and HISTIHI1B, and
further basic research is needed to confirm their roles in
ER stress. Based on this current situation, we selected
HISTIHIB as the focus of our further investigation. As a
core member of the linker histones, HIST1H1B has been
minimally studied in tumors, with no existing research
reports specifically addressing its role in NB. Our find-
ings demonstrated that HISTIHIB was consistently
highly expressed in MYCN-amplified NB cells. Moreover,
elevated HISTIHIB expression promoted tumor prolif-
eration, migration, and invasion, which further validated
the reliability of our research conclusions.

Using multivariable cox regression analysis, we have
obtained an ideal prognostic prediction model for NB
related to ER stress. This model accurately stratified
NB patients into high and low-risk groups based on
their prognoses. Furthermore, clinical characteristics

associated with poor prognosis, such as age > 18 months
months, MYCN amplification, high COG risk, INSS stage
III-IV, were also widely enriched in the poor prognostic
subtype. Nomogram, calibration curves, cumulative risk
curves, and decision curves all indicated that the predic-
tive model we constructed could be used as an indepen-
dent prognostic indicator for predicting the prognosis.
The ability of our nomogram to provide independent
prognostic value, validated across multiple metrics, finds
support in similar robust predicting approaches [56]. In
recent years, numerous studies have shown that con-
structing disease prediction models based on chip data
and transcriptome data related to a specific biological
feature, especially prognostic models for tumors, not
only accurately predict disease progression in patients,
but also have good guiding significance for basic research
on the specific role of the biological feature in disease
occurrence and development [41-42, 57]. We obtained
a total of 10 ERSRGs: ELAVL4, FBXO, MAP3K5(ASK1),
DNAJC10, ANKZF1, PPP2CB, TMEM33, SGTA, THBS4,
and UBE4A that participated in the construction of
the model. All of these 10 genes were important genes
involved in ER stress, and some of them had been directly
or indirectly confirmed to be involved in the ER stress
response in NB. It was found that significant IRE1/ASK1/
JNK activation existed and was inhibited by salubrinal in
SH-SY5Y cells treated with ceramide [58]. Thomas CG
found that high expression of DNAJCI0 decreased the
survival of SH-SY5Y by down-regulating the UPR, rais-
ing the possibility that DNAJCIO could be a target for
anti-NB approaches [59]. UBE4A has been found to be
a protective gene that counteracts tumors through the
ubiquitination pathway, and low expression of UBE4A
is observed in NB with 11q deletion [60]. Studies have
shown that UBE4A may work synergistically with its
homolog UBE4B to exert anti-cancer effects, and the
inactivation of either protein may promote the develop-
ment of NB [60]. Whether they are involved in the occur-
rence and development of tumors through the ER stress
pathway still requires further research.

Numerous studies have shown that the ER stress
response in cancer cells can affect malignant progres-
sion by altering the function of coexisting immune cells
in the TME [15, 16, 36—39]. Various situations in the
TME help maintain the harmful ER stress response of
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infiltrating immune cells [36—38]. The ER stress-linked
TME remodeling we observed is mechanistically sup-
ported by recent studies on ER-targeted therapies in neu-
ral tumors [61]. Through model construction, we found
that high risk scores were positively correlated with the
expression levels of plasma cells and B cells memory,
while negatively correlated with the expression levels of T
cells CD8 and T cells CD4 memory resting in NB. B cells
differentiate and enter peripheral immune organs after
development in central immune organs, and differentiate
into plasma cells and memory B cells under conditions
of antigen stimulation. As part of immune-infiltrating B
cells, both plasma cells and memory B cells can strongly
affect patients’ responses to anti-cancer chemothera-
pies and immunotherapies, as well as clinical outcomes
in various cancers [62—64]. As the final form of B cells,
antibody secretion by plasma cells triggers mechanisms
such as antibody-dependent cell-mediated cytotoxic-
ity and complement-dependent cytotoxicity, inducing
immune mechanisms to exert anti-tumor effects. Auner
HW found that sustained high levels of antibody secre-
tion by plasma cells lead to secretion overload and ER
stress [65]. Interestingly, activation of key apoptotic cas-
pases was blocked in plasma cells, and excessive ER stress
was the main cause of plasma cell death. Additionally,
Kang W found that in the poor prognostic autophagy-
related subtype of NB, the infiltration level of B cell was
significantly increased, and there was a close association
between cellular autophagy and ER stress [66]. Therefore,
the high-risk ERSRsubtype of NB may adapt to ER stress
to resist the death of B cells. These findings are consistent
with our results. T cells CD8 and T cells CD4, as impor-
tant components of cellular immunity, play roles in direct
killing of tumor cells and assisting in anti-tumor immu-
nity, respectively, and are the main effector cells in tumor
immune responses. This link between immune pheno-
type and clinical risk extends the relevance of tumor-
immune crosstalk beyond NB, aligning with established
prognostic immune signatures in other neural tumors
like glioma [67]. Ferndndez-Alfara M found that CPEB4
was required for T cell effector function and was induced
in effector TILs and activated CD8* T cells [68]. Deple-
tion of CPEB4 in T lymphocytes impairs T cell-mediated
anti-tumor immunity and exacerbates terminal UPR in
activated CD8" T cells [68]. This study also found that in
the poor prognostic ERSRsubtype, the expression level
of CPEB4 was significantly increased. Therefore, low
expression of CPEB4 may lead to the inability of activated
CD8" T cells to adapt to ER stress and undergo apopto-
sis. Mitochondrial reactive oxygen species are a hallmark
of mitochondrial exhaustion in T cells. Hurst KE found
that PERK contributed to the activation of chronic ER
stress in T effector cells by consuming energy in CD8" T
effector cells [69]. Tumor antigen-specific PD-1* CD8*
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tumor-infiltrating lymphocytes exhibit mitochondrial
exhaustion, and PERK inhibition improves anti-PD-1
therapy [69]. Therefore, ER stress inhibitors have a sig-
nificant promoting effect on the tumor-killing ability of
CD8" T cells. T cells CD4 memory resting are generated
in numerous infection modalities and can play protec-
tive roles. Additionally, T cells CD4 memory resting have
been found to play roles in various autoimmune diseases.
The identification of human tissue-resident memory
T cells in non-transplant settings is challenging, espe-
cially relying on the imperfect surface marker CD69 [70].
Therefore, there is still a need for technological improve-
ments to accurately identify CD4 memory resting T cells.
The mechanism of T cells CD4 memory resting in ER
stress is still unclear, and there is currently no research
on this in NB. This makes T cells CD4 memory resting a
type of immune cell that requires further research. More
studies are needed to investigate how they function in the
TME of NB.

Herein, we report the first systematic identification of
molecular subtypes in NB based on ERSRGs, revealing
their significant associations with patient prognosis and
key clinical characteristics. This work advances beyond
the general recognition of ER stress in cancer by spe-
cifically contextualizing and mechanistically substanti-
ating its role within NB biology. We demonstrated that
NB exhibits pronounced heterogeneity in its ER stress
response, which directly translates to a clinically mean-
ingful prognostic stratification. Notably, the 10-gene
ER stress related prognostic signature developed in this
study offers value extending beyond an alternative pre-
dictive metric. We posit that its core utility lies in pro-
viding complementary information and a novel clinical
perspective that enhances current mainstream biomark-
ers. First, this model serves as a significant comple-
ment to the established, single-gene MYCN centric risk
stratification. While MYCN amplification remains a cor-
nerstone high-risk marker, its predictive power is not
absolute. Our signature retained independent prognos-
tic value in multivariate analysis, indicating it captures
pathogenic pathway information not fully encompassed
by MYCN status. Crucially, within the MYCN amplified
cohort itself, a high-risk score was associated with infe-
rior outcomes, suggesting its potential to refine high-risk
patient classification and identify subsets warranting
more intensive intervention. Second, the model inte-
grates TME information from an upstream mechanistic
vantage point. Although immune cell infiltration-based
scores have prognostic merit, our signature is derived
from an intrinsic tumor cell process, ER stress, that is a
known driver of TME remodeling. The distinct immune
infiltration landscapes observed between risk groups,
along with correlations between signature genes and spe-
cific immune cell abundances, suggest that our risk score
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concurrently reflects the intrinsic stress state of tumor
cells and their capacity to shape the immune milieu. This
offers a predictive dimension with greater mechanistic
explanatory power. Finally, and most critically for transla-
tional potential, the model provides biologically informed
therapeutic clues. Traditional staging and MYCN status
primarily guide chemotherapy intensity but offer limited
direction for targeted or optimized drug selection. Our
signature-based drug sensitivity analysis pinpointed 18
chemotherapeutic agents predicted to exhibit greater effi-
cacy in the high-risk group. This directly links the ERSRG
derived molecular subtype with potential therapeutic
vulnerabilities, providing a rationale for exploring per-
sonalized, pathway-informed combination strategies for
high-risk or refractory NB. This aligns with the emerg-
ing paradigm of risk-guided pharmacotyping for preci-
sion oncology [71]. Thus, the signature holds promise for
evolving from a prognostic tool into an aid for therapeu-
tic decision-making.

Conclusion

In conclusion, we have revealed that there are two dis-
tinct ERSRsubtypes of NB with significant differences
in prognosis through this study. These subtypes exhibit
clear distinctions in terms of clinical symptoms, signal-
ing pathways, TME and so on. Furthermore, this research
has established an accurate, effective, and widely appli-
cable predictive ER stress related model for NB. Future
work should focus on validating the robustness of this
model in independent, prospective cohorts and further
investigating the predicted candidate drugs in preclinical
models. The ultimate goal is to translate the biology of ER
stress into tangible strategies for improving the clinical
management of NB patients.
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