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Abstract

Background: High-risk neuroblastoma (NB) remains a therapeutic challenge with a poor prognosis, necessitating the identification of
novel prognostic biomarkers and effective therapeutics. Methods: We analyzed transcriptomic datasets from public repositories using
weighted gene co-expression network analysis to identify gene modules associated with prognosis. Consensus clustering stratified pa-
tients into distinct subgroups. Differential expression analysis, integrated with 80 machine learning algorithm combinations, prioritized
hub genes to construct a risk-scoring model, which was implemented via an online platform. We then screened the new drug eugenol using
the proximity algorithm and explored its feasibility through in vitro trials. Results: Consensus clustering based on prognosis-associated
modules revealed two patient subgroups with significantly different survival differences (p < 0.001). A set of six hub genes (chromo-
some 21 open reading frame 58 (C210rf58), cannabinoid receptor 1 (CNRI), laminin alpha 4 (LAMA4), leptin receptor (LEPR), solute
carrier family 25 member 10 (SLC25410), and telomerase reverse transcriptase (7ERT)) was identified and used to build a risk-scoring
model, accessible at online platform. Leveraging this model, we identified eugenol as a potential therapeutic candidate. Transcriptome
analysis showed that eugenol selectively targeted high-risk NB cell populations predicted by the model. Preliminary in vitro experiments
investigating its mechanism of action indicated that eugenol primarily functions by inhibiting the MYC-cyclin D1 (CCNDI) axis. Con-
clusions: This study establishes an integrated precision medicine framework for NB, identifying a new high-risk group and suggesting
eugenol as a promising therapeutic candidate for this group, potentially acting through MYC-CCND] axis suppression.
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1. Introduction

Neuroblastoma (NB) represents a formidable chal-
lenge in pediatric oncology, with high-risk (HR) patients
exhibiting 5-year survival rates persistently below 50% de-
spite decades of therapeutic intensification [1-3]. Cur-
rent risk stratification systems—relying on clinical vari-
ables (age, stage) and limited molecular markers (MYCN
oncogene [MYC NB] amplification, 11q deletion)—fail to
address the profound genetic heterogeneity inherent to this
malignancy [4—6]. Over 40% of HR-NB cases lack action-
able prognostic biomarkers, while static diagnostic biop-
sies cannot capture dynamic resistance mechanisms evolv-
ing during treatment [7,8]. Critically, no existing frame-
work bridges molecular risk assessment to mechanism-
based therapeutic discovery [9]. Transcriptomic signa-
tures have emerged as promising tools for resolving dis-
ease complexity: mesenchymal/adrenergic classifications
identify chemo-resistant subpopulations [ 10], and weighted
gene co-expression network analysis (WGCNA) modules
demonstrate robust prognostic value (area under the curve
[AUC] = 0.82) [11]. However, these advances remain con-
fined to specialized bioinformatics environments, inacces-

sible to most clinicians and disconnected from drug devel-
opment pipelines. This translational gap necessitates an
integrated platform that translates transcriptomic data into
clinically operable risk scores—precisely the void our study
aims to fill.

The evolution of computational methods now enables
such prognostic innovations. WGCNA provides a powerful
foundation by capturing functional gene modules reflective
of biological pathways, thereby surpassing single-gene ap-
proaches [12]. In NB studies, researchers such as Pan et
al. [13] have leveraged this technique to create a model
predicting relapse (hazard ratio = 3.1, p < 0.001); how-
ever, for this model to be used in clinical practice, its com-
plex workings must be simplified into minimal gene panels
that are operable in diagnostic settings. Machine learning
(ML) offers solutions through ensemble methods that mit-
igate single-algorithm biases [14]. LASSO-Cox regression
is used when the priority is to create a sparse, critical model
for practical biomarker panels, whereas random survival
forests capture nonlinear interactions to boost predictive ac-
curacy (AUC = 0.87). Gradient boosting further enhances
performance through sequential error correction [15-17].
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Notably, no prior NB study has integrated >80 ML algo-
rithms to derive consensus prognostic genes—a method-
ological advance central to our platform’s design. This
computational rigor ensures biomarker robustness against
cohort-specific biases that plague conventional models.

Here, we established a novel risk quantification frame-
work to drive precision medicine in NB. Our approach is
anchored in three hypotheses. First, cross-algorithm con-
sensus will yield HR-NB biomarkers resistant to dataset ar-
tifacts. Second, web-based implementation can democra-
tize genomic risk assessment. Third, molecularly defined
HR subpopulations hold the key to targeted drug discov-
ery. To validate this paradigm, we engineered an open-
access platform that calculates patient-specific risk scores
using six ML-validated genes (chromosome 21 open read-
ing frame 58 [C21orf58], cannabinoid receptor 1 [CNRI],
laminin alpha 4 [LAMA4], leptin receptor [LEPR], solute
carrier family 25 member 10 [SLC25410], telomerase re-
verse transcriptase [ TERTY), stratifying patients into molec-
ularly discrete high- and low-risk groups. Critically, the
platform performs solely as a risk stratification tool—it pos-
sesses no inherent drug screening capabilities. Instead, its
rigorous identification of HR-NB patients enabled subse-
quent independent investigations into their transcriptomic
vulnerabilities. Through offline analysis of these platform-
defined high-risk signatures using the proximity, we identi-
fied eugenol as a compound capable of reversing patholog-
ical transcriptional patterns. This distinction is fundamen-
tal: our technology terminates at risk quantification, with
drug discovery occurring through subsequent pharmacolog-
ical interrogation of platform-identified subpopulations.

Methodological transparency underscores our find-
ings’ validity. We harmonized three NB cohorts via Com-
bat batch correction prior to WGCNA module detection.
Ensemble ML ranked genes through 80 algorithm combi-
nations: regularized Cox regression enforced feature spar-
sity, survival Support Vector Machines (SVMs) captured
nonlinear effects, Random Forests (RFs) modelled variable
interactions, and boosting algorithms iteratively corrected
prediction errors. Meta-learning integrated these rankings
using a consensus formula: consensus score, weighted
by cross-validated algorithm performance. Implemented
via an R/Shiny interface with encrypted data transmis-
sion, the platform calculates risk scores through Risk
Score = (0.035108026) x [C210rf58] + (—0.095135295) x
[CNRI]+(—0.025481523) x [LAMA4]+(-0.056961113) x
[LEPR] + (0.040014248) x [SLC25410] + (0.027990096)
x [TERT].

Validation of eugenol followed strict boundaries: cel-
lular assays focused exclusively on platform-classified HR
cell lines, demonstrating selective cytotoxicity. Mechanis-
tic analyses were restricted to evaluating the modulation
of the MYC-cyclin D1 (CCNDI) axis; RNA sequencing
(RNA-seq) provided evidence of a comprehensive reversal
of the disease-associated transcriptome.

Our work introduces three transformative advances.
First, we provide the first clinically deployable web tool
for NB risk quantification, thereby overcoming the compu-
tational accessibility issues that hampered previous mod-
els. Consensus ML eliminated many cohort-specific bias
genes, enabling cross-dataset portability. Second, the up-
stream and downstream regulatory relationship between
MYC and CCNDI has been confirmed in NB, especially
in HR-NB determined by our platform. Third, by lever-
aging this precise patient stratification, eugenol was iden-
tified as an HR-selective agent—a discovery mechanically
anchored to the platform’s stratification rigor yet method-
ologically independent of its computational function. Lim-
itations include the need for prospective clinical validation
and adaptation to single-cell assays, but our framework es-
tablishes a paradigm for condition-specific therapeutic dis-
covery. Ultimately, this study demonstrated how democ-
ratized risk quantification platforms can catalyze precision
oncology—not through direct drug screening, but by illu-
minating therapeutic vulnerabilities in molecularly defined
patient subsets.

2. Methods
2.1 Data Sources

Sequencing of bulk RNA data and corresponding clin-
ical information of patients with NB were obtained from
Therapeutically Applicable Research to Generate Effective
Treatments (TARGET, n=159), Gene Expression Omnibus
(GSE4971, n = 498), and Array Express (AE) E-MTAB-
8248 (AE, n =223).

2.2 WGCNA

Based on the results of single gene analysis in the
GSE49710 dataset, we performed WGCNA to identify a set
of genes associated with poor prognosis in the pathway. Ini-
tially, we computed the median absolute deviation (MAD)
for each gene using the gene expression profile and ex-
cluded the bottom 50% of the genes with the smallest MAD.
We also eliminated the sample and gene outliers to construct
a scale-free co-expression network. Next, we merged mod-
ules with distances below 0.25 and generated scatter plots
of module gene significance (GS) versus module member-
ship (MM) for genes in the modules strongly linked to poor
prognosis. We applied strict filters of GS >0.1 and MM
>0.8 to identify core genes and applied a weight threshold
of 0.1. We then intersected the cell cycle-related and core
genes and defined these genes as CCGs (Cell Cycle Genes).

2.3 Consensus Clustering Analysis of CCGs

To further investigate the impact of CCG expression
patterns on patients with NB, we conducted consensus clus-
tering using the TARGET and GSE49710 databases. The
k-means algorithm was used to identify distinct cell cycle-
related expression patterns. The “ConsensusClusterPlus” R
package was utilized to construct consistent clusters quan-
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titatively, and we performed 1000 iterations to enhance the
stability of these groups. Subsequently, we performed gene
set variation analysis (GSVA) using the Kyoto Encyclopae-
dia of Genes and Genome (KEGG) gene set (c2.cp.kegg.
v7.4) to examine differences in biological functions across
the different subgroups. Furthermore, we examined the
association between genomic expression and clinical vari-
ables across clusters.

2.4 Collection of 80 Diverse ML Algorithms

To develop an accurate prognostic model for predict-
ing survival outcome in NB based on the cell cycle, differ-
ential analysis was conducted using the Lima 2.13.0 (Pa-
cific Biosciences, Menlo Park, California, USA) on the two
subgroups of the TARGET database. Differential genes
were identified based on |Log Foldchange| >2 and p <
0.01. From these genes, a final set was selected using uni-
variate Cox regression analysis with a significance level of
p < 0.01. The output gene sets obtained from the three
ML methods (RF, SVM, and XGboost) were merged, and
LASSO dimensionality reduction was applied to improve
the accuracy that is defined as (3+x). Based on the gene fea-
ture selection results of the above four ML algorithms (RF,
SVM, XGboost, and 3+x), we then matched with 20 main-
stream ML algorithms (Linear Regression, Ridge Regres-
sion, RidgeCV, Linear Lasso, Lasso, Elastic Net, Bayesian-
Ridge, Logistic Regression, Stochastic Gradient Descent,
SVM, k-Nearest Neighbours, Naive Bayes, Decision Tree,
Bagging, RF, Extra Tree, AdaBoost, Gradient Boosting,
Voting, and Artificial Neural Network) using TARGET as
the training set and GSE49710 and AE as the validation sets
to construct 80 algorithm combinations to screen the final
genes.

2.5 Risk Scoring Formula

We excluded non-coding RNAs and subjected the fi-
nal gene set to Multivariate Cox regression analysis. This
approach allowed us to develop a prognostic model to cal-
culate risk scores. However, due to the small sample size of
the TARGET database, we validated our model using two
external databases (AE and GSE49710). Then we used two
R packages (TimeROC 0.4 (Paul Blanche, Copenhagen,
Denmark) and SurvivalROC 1.0.3.1 (Patrick J. Healing,
Seattle, Washington, USA)) to construct receiver operating
characteristic (ROC) curves and calculate the AUC.

2.6 Integration of Clinical Variables

To facilitate the implementation of risk scores in clin-
ical practice, we integrated these scores with four relevant
clinical variables from TARGET: age at diagnosis, Inter-
national NB staging system (INSS), Children’s Oncology
Group (COGQG) risk classification system, and MYCN gene
amplification status. Then we plotted a nomogram to pre-
dict the overall survival of patients with NB. We used the
“rms” R package to generate line plots displaying the pre-
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dicted survival probability at 1, 3, and 5 years. Addition-
ally, we conducted a calibration curve and decision curve
analysis to assess the performance, clinical usefulness, and
external validity of the nomogram. Using clinical informa-
tion from TARGET, GSE49710, and AE, we compared the
value of risk scores to other clinical variables.

2.7 Development of Web Pages

We built a web calculator based on the risk model us-
ing Shiny Server (“Shiny” package in R version 1.8.0). The
risk score was calculated based on the expression values of
the six signature genes and compared to the cutoff to assign
a query sample to either a high- or low-risk group. Based
on all the sample information from the above three public
databases, we plotted survival curves on a web page for ref-
erence.

2.8 Proximity

The proximity algorithm is based on the target gene
database of the extracted drug and the hub gene of NB to
perform omics correlation analysis on these two types of
genes. In the human genome interaction network, the av-
erage shortest path of each drug target and disease-related
gene recorded in the database is calculated. If the target
gene of the drug is closer to the disease-related gene, it
means that the drug plays a certain role in the treatment of
the disease. The distance between the drug and the disease-
related genes is called proximity, which is converted to a
z-score. After 1000 random perturbations, the significant p
value of each drug can be obtained to screen out the targeted
drugs [18-21].

2.9 Bulk RNA-Seq

Transcriptome sequencing analysis was performed on
12 samples using the following workflow: total RNA ex-
traction, mRNA enrichment, double-stranded cDNA syn-
thesis, end repair, A-addition, adapter ligation, fragment
selection, PCR amplification (MiniAmp, Thermo Fisher,
Waltham, Massachusetts, USA), library detection, and Illu-
mina sequencing. This process generated a total of 132.86
Gb of clean data, with each sample contributing at least
12 Gb of clean data and a Q30 base percentage of 95% or
higher.

2.10 Cell Lines, Antibodies, and Reagents

SK-N-SH, SK-N-BE2, and SH-SYS5Y cells were pur-
chased from Wuhan Pricella Biotechnology Co., Ltd.
(Wuhan, China). They were supplemented with 10% (v/v)
fetal bovine serum (FBS; Hy Clone, Logan, UT, USA)
and stored in a 37 °C humidified environment contain-
ing 5% CO,. The c-Myc (#10828-1-AP, Dilution ratio
1:1000), GAPDH (#10494-1-AP, Dilution ratio 1:1000),
cyclin-dependent kinase 2 (CDK2) (#10122-1-AP, Dilu-
tion ratio 1:2000), cyclin E1 (CCNEI; #11554-1-AP, Dilu-
tion ratio 1:500), and Tubulin (#14555-1-AP, Dilution ra-


https://www.imrpress.com

tio 1:1000) antibodies were purchased from Protein tech
(Wuhan, China). CDK4 (#sc-56277, Dilution ratio 1:1000)
and CDK6 (#sc-53638, Dilution ratio 1:1000) antibod-
ies were purchased from Santa Cruz (Dallas, TX, USA).
The CCNDI (#A19038, Dilution ratio 1:2000) antibodies
were purchased from ABclone (Wuhan, China). The cy-
cle detection kit (#C1052), Edu detection kit (#C0078S),
and gentian violet (#C0121) were purchased from Bey-
otime Biotechnology (Shanghai, China). Dimethyl sul-
foxide (DMSO; #D2650) was purchased from Sigma-
Aldrich (St. Louis, MO, USA). The apoptosis detection
kit (#40302ES60) was purchased from Yeasen (Shanghai,
China), and eugenol (#HY-N0337) was purchased from
MedChemExpress (Shanghai, China). Eugenol was dis-
solved in DMSO to generate a 10 mM stock solution. The
samples were stored at —80 °C for in vitro studies. My-
coplasma testing using Wuhan Procell’s Mycoplasma De-
tection Kit yielded negative results for all cell lines (no
mycoplasma contamination). This study adhered to the
principles of the Helsinki Declaration and was approved
by the Ethics Committee of Children’s Hospital Affiliated
to Chongqing Medical University (No. 2024312). All
cell lines underwent short tandem repeat (STR) analysis
for identification shortly before use, with the analysis per-
formed by the analytical testing center of Wuhan Pricella
Biotechnology Co., Ltd.

2.11 Cell Proliferation Assay

The proliferation rate of NB cells was detected us-
ing Cell Counting Kit-8 (CCK-8) assays. To assess the
cell viability, we cultured 5000 cells/well in a 96-well plate
for 48 h. The viability of SK-N-BE2 cells—which grew
as both semi-adherent and semi-suspended cultures—was
measured every 12 h using a CCK-8 kit (#SB-CCKS8-100
mL; Share-Bio, Shanghai, China) every 12 h.

2.12 Western Blot Analysis

The cells and tissues were lysed with RIPA and PMSF
(Product Code: P0013 and ST507, Beyotime Biotechnol-
ogy, shanghai, China). The proteins were separated by
8—12% sodium dodecyl sulfate polyacrylamide gel elec-
trophoresis and transferred to PVDF membranes. After be-
ing blocked in 5% BSA (Product Code: ST023, Beyotime
Biotechnology, shanghai, China), the membranes were in-
cubated with primary antibodies overnight at 4 °C, followed
by incubation with horseradish peroxidase-conjugated sec-
ondary antibodies for 1 h at room temperature. The VIBER
FUSION FX6 EDGE imaging system (Product Code: FX6
EDGE, Paris, France) was used to expose the membranes.

2.13 5-Ethynyl-2'-deoxyuridine (Edu) Assay

The DNA synthesis ability of NB cells was evalu-
ated using the BeyoClick™ Edu Cell Proliferation Kit with
Alexa Fluor 488 (#C0071S; Beyotime), according to the
manufacturer’s instructions. Notably, we digested and col-

lected all SK-N-BE2 cells before conducting the Edu assays
due to the suspended growth of some SK-N-BE2 cells. Af-
ter Edu staining, cells were visualized via a fluorescence
microscope (Ti2-E PFS, Nikon, Japan), and the percentage
of Edu-positive cells was calculated as the number of Edu-
positive cells out of the total number of cells (100x).

2.14 Migration Assay

Trans well chambers were used to detect cell migra-
tion. Cells (4 x 10%) in 1% FBS MEM were seeded in the
upper chamber, while 10% FBS MEM was added to the
lower chamber as a chemoattractant. After being cultured
for 8 h, the cells were fixed in 4% paraformaldehyde for 15
min and stained with gentian violet for 10 min. At least five
areas were selected for imaging under a microscope.

2.15 Flow Cytometry

For cell cycle detection, the indicated cells were har-
vested and fixed in 75% ethanol at 4 °C for 24 h. The
cell lysate was washed with phosphate-buffered saline,
stained with RNase A and propidium iodide (#C1052; Be-
yotime) at 4 °C for 30 min, and then analyzed using the
CytoFLEX flow cytometer (Beckman Coulter, Brea, CA,
USA). For the detection of cell apoptosis, the indicated cells
were harvested and resuspended in binding buffer, followed
by Annexin-V-FITC and PI staining with an Annexin-V-
FITC/PI Apoptosis Detection Kit (#40302ES60; Yeasen).

2.16 Statistical Analyses

Statistical analyses were conducted for discrete vari-
ables using SPSS software (version 25.0; IBM Co., Ar-
monk, NY, USA) and R software (version 4.1.2) and related
packages for data processing, analysis, presentation, and p-
value calculations. Statistical significance was defined as
p < 0.05. Between-group comparisons of continuous vari-
ables were performed using the Mann-Whitney Wilcoxon
test on results from quantitative PCR analysis.

3. Results
3.1 Hub Genes

Based on the public dataset GSE49710 and its associ-
ation with adverse clinical outcomes (INSS stage 4, COG
high-risk group, patient mortality, and MYCN amplifica-
tion), we performed WGCNA. This identified two gene
modules significantly correlated with poor prognosis in pa-
tients with NB (Fig. 1A,B). Given our group’s prior focus
on cell cycle-related genes (Fig. 1C), we intersected genes
from these four WGCNA modules with a predefined cell
cycle gene set, yielding hub genes (Fig. 1D). Expression
analysis revealed that these hub genes were consistently up-
regulated in deceased patients (Fig. 1E), suggesting their
strong association with adverse clinical outcomes.
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Fig. 1. Groups. (A) After the division of WGCNA into different modules, the similarity between individual modules was visually
represented by color intensity: a darker color indicates greater similarity between the two modules. (B) The midnight blue and black
modules contain genes corresponding to adverse clinical prognostic outcomes. There are eight groups of genes, for a total of 360. (C) The
set of 30 genes identified earlier, which we call “correlated genes”, has been mapped into a protein—protein interaction network. In this
network visualization, the BC value determines the color intensity: a darker color indicates a higher BC value, placing the corresponding
protein closer to the network’s core. (D) A Venn diagram analysis was used to identify 21 hub genes, defined as those genes present
in the intersection of all 8 gene groups and their correlated counterparts. (E) All samples in GSE49710 and TARGET, based on two
final clinical outcomes (survival and death) were divided into two groups, and hub genes showed differential expression in both groups.
(F) All samples in GSE49710 and TARGET were divided into two non-overlapping categories based on hub genes, C1 and C2 groups.
(G) KM survival analysis comparing the C1 and C2 groups within the GSE49710 and TARGET datasets, respectively. (H) The GSVA
results of the C1 and C2 groups. WGCNA, weighted gene co-expression network analysis; BC, Betweenness Centrality; TARGET,
Therapeutically Applicable Research to Generate Effective Treatments; KM, Kaplan-Meier; GSVA, gene set variation analysis.
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3.2 Cl and C2 Groups

Using consensus clustering based on hub genes, we
stratified all patients from the GSE49710 and TARGET
datasets into two distinct subtypes (Fig. 1F). Kaplan-Meier
(KM) survival curves demonstrated significantly divergent
survival probabilities between these subtypes (p < 0.001;
Fig. 1G). GSVA further confirmed differential cell cycle ac-
tivity between subtypes (Fig. 1H).

3.3 Model

To construct a more precise prognostic model, we
applied univariate Cox regression analysis to identify
131 differential genes (Supplementary Table 1). These
genes were further analyzed using linear and tree mod-
els, ultimately resulting in the selection of 24 genes
(Supplementary Table 2). Subsequent LASSO regres-
sion refined these to 14 genes (AC015818.5, AC090505.2,
AC123912.4, C2lorf58, CNRI, fatty acid hydroxylase
domain containing 2, H2A histone family member X,
LAMA4, LEPR, meiotic double-stranded break formation
protein 4, retrotransposon-like protein 1, SLC25410, TERT,
782196.1), with the “3+X” method proving optimal for fea-
ture selection (Fig. 2A). The final coding RNA-based risk
score formula was as follows (Fig. 2B,C):

Risk score =

(0.035108026) x [*C21orf58*] + (—0.095135295) x
[*CNRI1*] + (-0.025481523) x [*LAMA4*]

+ (-0.056961113) x [*LEPR*] + (0.040014248) x
[*SLC25A10*] + (0.027990096) x [*TERT*]

In both the training (TARGET) and validation cohorts
(GSE49710, AE), KM curves showed significantly longer
survival in low-risk versus high-risk groups (»p < 0.0001,
Fig. 2D-F). The model exhibited robust predictive accu-
racy, with AUCs of 0.76 (TARGET), 0.81 (GSE49710),
and 0.83 (AE). Risk scores outperformed other clinical vari-
ables in outcome prediction (Fig. 2G,H).

3.4 Online Platform

Using a threshold of —0.81, we stratified patients into
low-risk and high-risk groups. An online calculator was
developed for clinical application (http://biowinford.site:
3838/Cellcycle RiskScore of NB/).

For example, inputting expression values (0.035,
0.095, 0.025, 0.056, 0.040, 0.028) yielded a risk score of
0.0164, classifying the patient as high-risk with an associ-
ated survival curve (Fig. 3A).

3.5 Eugenol

To identify targeted therapies for high-risk patients,
proximity-based drug screening identified eugenol, which
targets estrogen receptor 1 (ESR/), ESR2, and the andro-
gen receptor (AR). Betweenness Centrality (BC) analysis
revealed MYC and CCNDI as core nodes in its network
(Supplementary Table 3), suggesting their key roles in
eugenol’s mechanism (Fig. 3B).

We validated the risk model in 12 NB cell lines us-
ing bulk RNA-seq (Fig. 3C), focusing on how risk scores
correlated with MYCN and ¢c-MYC expression levels. SH-
SYS5Y cells (MYCN non-amplified with normal c-MYC ex-
pression) scored below —0.81 (indicating low risk) across
all four replicates. SK-N-BE2 cells (MYCN-amplified with
high ¢-MYC expression) scored above —0.81 (indicating
high risk) across all four replicates. SK-N-SH cells (MYCN
non-amplified with inducible ¢-MYC expression) showed
mixed results, with two replicates scoring above —0.81
(high risk), and the other two scoring below —0.81 (low risk)
(Fig. 4A,a). These results are in line with our knowledge
and expectations for the three cell lines.

3.6 Eugenol Sensitivity

Since SK-N-BE2 cells and some SK-N-SH cells were
classified as high-risk groups, and SH-SYS5Y cells and
the remaining SK-N-SH cells were classified as low-risk
groups, ICsg values were measured for each of these four
cells. The IC5q detection of SH-SY5Y cells and SK-N-SH
cells in the low-risk group was repeated three times; and the
results were 66, 70, and 69 pM, respectively (for SH-SYS5Y
cells) and 55, 55.23, and 53 uM, respectively (for SK-N-SH
cells) (Fig. 4A,b,c).

The IC5( assay of SK-N-BE2 cells and SK-N-SH cells
in the high-risk group was repeated three times, and the re-
sults were 33, 32.61, and 35 pM, respectively (SK-N-BE2
cells); 43, 49.31, and 50 uM, respectively (SK-N-SH cells)
(Fig. 4A,d,e). The statistical analyses showed that SK-N-
BE2 cells were the most sensitive to eugenol, followed by
SK-N-SH cells in the high-risk group (Fig. 4A,f). These re-
sults reveal the killing effect of eugenol on tumor cells of
NB, which is worth further study.

3.7 Core Proteins MYC and CCND1

Western blotting indicated progressive increases in c-
MYC and CCNDI protein expression with increasing risk
scores. Specifically, their expression levels increased grad-
ually across different cell lines: lowest in SH-SYSY cells,
intermediate in SK-N-SH in the low-risk group, higher in
SK-N-SH cells in the high-risk group, and highest in SK-N-
BE2 cells. ¢-MYC protein expression was only highly ex-
pressed in SK-N-BE2 cells, whereas CCND/ protein was
highly expressed in both SK-N-BE2 cells and SK-N-SH
cells in the high-risk group. This differential expression
pattern suggests that these proteins may be the primary tar-
gets through which eugenol exerts its effects (Fig. 4B).

The c-MYC protein increased the levels of the CCND1
protein by both promoting its gene expression directly and
by stabilizing it indirectly through non-coding RNA. Be-
cause CCND/ forms a complex with the cell cycle proteins
CDK4 or CDK6, the CDK4/6 inhibitor abemaciclib mesy-
late was used. Treatment with this inhibitor resulted in a
detected decrease in the expression of CDK4 and CDK6 in
high-risk SK-N-SH and SK-N-BE2 cell lines (Fig. 4C). The
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ML, Machine learning; AUC, area under the curve.
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Fig. 3. New drug. (A) Screenshot of online prognostic assessment platform (http://biowinford.site:3838/Cellcycle RiskScore of NB/).
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then calculated using the online platform and divided into high- and low-risk groups. ESRI, estrogen receptor 1; AR, androgen receptor;

MYC-CCNDI, MYC-cyclin D1.

observed increase in the proportion of cells in the G1 phase
of the cell cycle (Fig. 4D) confirmed target engagement.
This finding lays the foundation for further research into
whether CCND is critical to the onset of eugenol’s effects.

3.8 Advantages of Eugenol

To compare eugenol’s efficacy against the conven-
tional chemotherapy drugs cisplatin and vincristine, we
measured and compared their respective 48-hour ICs val-
ues in SK-N-BE2, SK-N-SH, and SH-SY5Y cell lines. In-
terestingly, we found that the IC;5q of the two drugs was

higher in SK-N-BE2 cells than in the other two cell lines
(Fig. 4E), which indicates that high-risk NB tumors are re-
sistant to commonly used medications. Thus, it is neces-
sary to explore drugs that are more sensitive to high-risk
NB. Edu incorporation assays demonstrated that eugenol
could inhibit the proliferation of NB tumors, even in the
low-risk group of SK-N-SH cells (Fig. 5A,a). In addition,
the effect of eugenol on cell proliferation in SK-N-SH cells
and SK-N-BE2 cells in the high-risk group was better than
that of the conventional chemotherapy drugs cisplatin and
vincristine; however, there was no such effect in SK-N-
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SH cells in the low-risk group (Fig. 5A,b). It is reason-
able to infer that the c-MYC and CCND] axes play a cen-
tral role in the onset of eugenol, and after inhibiting the ac-
tion of CCND1 with abemaciclib mesylate, it was found that
eugenol could not continue to inhibit the proliferative state
of cells (Fig. 5A,c).

To further confirm that the c-MYC and CCND1 axes
play a central role in the onset of eugenol, we tested the mi-
gration capacity of cells by a Trans well assay. Similarly,
we found that eugenol had a better effect on cell migra-
tion in SK-N-SH cells and SK-N-BE2 cells in the high-risk
group than with the conventional chemotherapy drugs cis-
platin and vincristine (Fig. 5B,a,b). After blocking CCNDI,
eugenol could not affect the migration ability of tumor cells
(Fig. 5B,c).

Furthermore, after inhibiting the effect of CCNDI,
eugenol lost the effect of inducing apoptosis in the high-risk
group (SK-N-SH cells and SK-N-BE2 cells in the high-risk
group) (Fig. 5C), which further confirmed our hypothesis
that the ¢-MYC and CCNDI axes played a central role in
the onset of eugenol.

4. Discussion

This study establishes a novel precision medicine
paradigm for NB through three transformative contribu-
tions: (1) an ensemble ML-driven prognostic platform strat-
ifying patients into molecularly defined risk subgroups; (2)
identification of eugenol as a high-risk-selective therapeu-
tic agent; and (3) mechanistic validation of its dependence
on MYC-CCNDI axis disruption. Crucially, our online
calculator (http://biowinford.site:3838/Cellcycle RiskScor
e of NB/) represents the first deployable tool translating
transcriptomic signatures into real-time clinical risk assess-
ment, overcoming a persistent translational barrier in pedi-
atric oncology. The platform’s prognostic robustness is ev-
idenced by consistent AUCs of 0.76—0.83 across indepen-
dent cohorts—surpassing existing NB models (PAM: AUC
0.68-0.79; MES signature: AUC 0.71-0.81) that suffer
from batch-effect susceptibility. By consolidating the six
hub genes (C21orf58, CNRI, LAMA4, LEPR, SLC25A10,
and TERT) into a simplified risk algorithm, we circum-
vented the “gene signature fatigue” hampering complex
molecular classifiers. Intriguingly, our consensus cluster-
ing revealed distinct high-risk subpopulations where con-
ventional markers such as MYCN amplification failed to
predict outcomes—mirroring recent findings that 22% of
MYCN non-amplified HR-NB exhibits cryptic MYC hyper-
activation [22]. This underscores our platform’s capacity to
uncover biological heterogeneity invisible to conventional
stratification.

The selective vulnerability of high-risk NB to eugenol
represents a pharmacologically actionable extension of this
stratification. Eugenol’s two-fold lower ICs in platform-
defined high-risk cells (mean IC5¢ 35 pM in SK-N-BE2
vs. 68 uM in SH-SYS5Y) aligns with the dose-response
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windows of clinically approved natural products [23,24].
Critically, its efficacy correlated precisely with risk scores:
SK-N-SH cells partitioned based on their in-silico risk clas-
sification into eugenol-sensitive (high-risk: IC5¢ 47 uM)
and eugenol-resistant (low-risk: 1C5y 69 M) populations.
This confirmed our central hypothesis that computational
risk stratification can guide therapeutic targeting. More
profoundly, the BC ranking in protein interaction networks
suggested MYC and CCNDI as eugenol’s core targets—
an insight corroborated by Western blots showing step-
wise increases in MYC/CCND] expression along ascending
risk categories (SH-SY5Y — low-risk SK-N-SH — high-
risk SK-N-SH — SK-N-BE2). Considering MYC directly
transactivates CCND1 through E-box motifs in its promoter
[25,26], we posit that eugenol intercepts this oncogenic cas-
cade. This mechanism distinguishes it from conventional
agents: cisplatin and vincristine exhibited reduced efficacy
in high-risk cells (paradoxically higher 1Csp), consistent
with known multidrug resistance in MYC-driven tumors
[27]. Thus, eugenol targets the very pathways conferring
chemoresistance—a therapeutic inversion with transforma-
tive potential.

Our functional dissection firmly establishes the MYC-
CCNDI axis as the mechanistic linchpin of eugenol’s effi-
cacy. Three orthogonal lines of evidence converge on this
conclusion: First, pharmacological uncoupling of CCND1
signaling via abemaciclib (CDK4/6 inhibitor) abolished
eugenol’s anti-proliferative and anti-migratory effects [28].
This mirrors synthetic lethality observed when combin-
ing bromodomain and extra-terminal (BET) inhibitors (tar-
geting MYC) with CDK4/6 blockade in retinoblastoma-
positive cancers [29]. Second, the Edu incorporation
and Trans well assays demonstrated eugenol’s superior
suppression of proliferation and migration specifically in
high-risk cells—effects extinguished upon CCND]! inhi-
bition. Third, apoptosis induction by eugenol was con-
tingent upon intact CCND]! signaling: pretreating cells
with abemaciclib prevented apoptosis in high-risk popu-
lations. Collectively, these data argue that CCNDI is
more than a passive biomarker—it is an indispensable
executor of eugenol’s therapeutic effect. Nevertheless,
unanswered questions persist regarding upstream modula-
tion. Given eugenol’s interaction with estrogen receptors
(ESRI/ESR?2 identified via proximity screening), we specu-
late potential crosstalk with G protein-coupled estrogen re-
ceptor (GPER)-mediated mitogen-activated protein kinase
inhibition—a pathway implicated in CCND/ degradation
[30]. Alternatively, the LEPR-downregulation hallmark of
high-risk tumors suggests leptin-MYC synergy may be dis-
rupted [31,32]. Resolving these upstream events presents
compelling future directions.

Beyond mechanistic insights, our work illuminates the
broader context of cell cycle targeting in pediatric oncol-
ogy. While CDK4/6 inhibitors show efficacy in adult can-
cers, pediatric trials have revealed limited benefits and con-
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cerning hepatotoxicity in NB [33,34]. Eugenol’s selectiv- MYC restricted to SK-N-BE2) implies distinct dependen-
ity may circumvent this: its CCNDI-centric action spares cies: MYC amplification may mandate MYC-targeted ap-
CDK1/2-dependent cell cycle phases, potentially mitigating ~ proaches, while CCNDI-overexpressed tumors could re-
myelotoxicity—particularly critical for developing bone spond to CDK inhibitors or eugenol analogues. This bi-
marrow. Moreover, the differential protein expression pat- ological stratification has clinical parallels: ALK inhibitors
tern (CCNDI high in SK-N-BE2/high-risk SK-N-SH vs. benefit only ALK-mutated NB, while ALK -wildtype tumors
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require alternative strategies [35]. Our finding that eugenol
outperforms cisplatin/vincristine in migration suppression
(80% reduction vs. <40%) specifically in high-risk cells
further supports a precision application paradigm. Such
context-dependent efficacy underscores the fallacy of “one-
size-fits-all” therapeutics in heterogeneous malignancies.

Notwithstanding these advances, eugenol faces trans-
lational hurdles shared by many natural compounds:
bioavailability constraints (oral bioavailability ~19%) and
undefined pharmacokinetics [36,37]. Our discovery that
the IC5¢ window (35-69 uM) overlaps with serum con-
centrations achievable via nano formulation (<50 uM for
curcumin nanoliposomes) provides cautious optimism [38].
More practically, the risk platform itself solves a funda-
mental clinical problem: identifying which tumors warrant
eugenol therapy. This distinction matters—preselecting
patients most likely to respond reduces trial heterogene-
ity and accelerates approval pathways. Analogously,
crizotinib gained United States Food and Drug Adminis-
tration approval specifically for ALK-rearranged NSCLC
only after biomarker stratification [39—41]. Thus, our
platform-enrichment strategy creates a tractable roadmap
for eugenol’s clinical development: prioritize patients with
risk scores above —0.81. To enable this, we have released
an open-access portal facilitating instant risk calculation—
a translational leap beyond prognostic signatures buried in
supplementary code.

Several study limitations warrant acknowledgement.
First, in vitro validation employed MYC-driven models
(SK-N-BE2, c¢c-MYC-inducible SK-N-SH); however, or-
phan MYC-independent high-risk subsets require expanded
characterization. Second, eugenol’s polypharmacology
may engage off-target effects beneficial or detrimental—
comprehensive kineme profiling is ongoing. Third, the
clinical relevance of established ICs, values needs con-
firmation in patient-derived xenograft (PDX) models with
human-relevant pharmacokinetics. However, our integra-
tive approach presents a replicable framework: combining
prognostic Al, network pharmacology, and functionally de-
fined target validation. This methodology could transcend
NB—pan-cancer analyses suggest cell cycle dysregulation
affects 79% of malignancies, but therapeutic strategies re-
main tumor-agnostic. Our stratification-based precision ap-
proach provides a template to rectify this.

In conclusion, we have established a computational-
experimental pipeline transforming NB management. (1)
The web-based risk platform democratizes genomic prog-
nostication, outperforming legacy systems through consen-
sus ML. (2) Its application identifies high-risk subpopula-
tions exhibiting selective vulnerability to eugenol, a nat-
ural compound previously unexplored in MYC/CCNDI-
driven contexts. (3) Mechanistic dissection revealed that
this vulnerability stems from eugenol’s disruption of the
MYC-CCNDI axis—the same pathway driving chemore-
sistance to conventional agents. Looking forward, vali-
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dating eugenol in platform-stratified PDX models and ini-
tiating biomarker-directed Phase I trials represent critical
next steps. Ultimately, this study demonstrates how bridg-
ing computational risk assessment with targeted therapy can
overcome the heterogeneity roadblock in pediatric cancers.

5. Conclusion

We constructed a risk stratification model for NB
based on six hub genes (C2/orf58, CNR1, LAMA4, LEPR,
SLC25A410, and TERT), which was established by inte-
grating multiple ML algorithms. Leveraging this model,
we identified eugenol as a potential therapeutic agent. In
vitro experiments confirmed its selective efficacy against
high-risk patient-derived cell populations, and preliminary
mechanistic investigation suggested that its antitumor ac-
tivity is mediated through suppression of the MYC-CCND1
axis. Nevertheless, further in vivo validation and detailed
pharmacokinetic profiling will be essential to advance these
findings toward clinical application.
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