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NOPS56 interacts with Fibrarin to
regulate the PI3K/AKT signaling
pathway and inhibit apoptosis of
hepatocellular carcinoma
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Medicine Department, Fuyang Normal University Affiliated Second Hospital, Fuyang, Anhui, China

Introduction: Hepatocellular carcinoma (HCC) is a major cause of cancer-
related mortality. While *C-myc* is known to drive hepatocarcinogenesis, the
roles of its downstream targets remain unclear. NOP56, a conserved nucleolar
protein and *C-myc* target, may contribute to HCC progression.

Methods: We analyzed single-cell and bulk transcriptomic datasets to determine
NOP56 expression and clinical significance. Loss-of-function assays in HCC
cells, along with xenograft models, were used to evaluate its biological role.
Protein interaction and pathway analyses were conducted using co-
immunoprecipitation and Western blotting.

Results: NOP56 was upregulated in malignant hepatocytes and associated with
poor prognosis. NOP56 knockdown inhibited proliferation, colony formation,
and migration, induced GO/G1 arrest and apoptosis, and reduced tumor growth
in vivo. Mechanistically, NOP56 interacted with fibrillarin (FBL) and activated the
PIZK/AKT/CREB pathway. Silencing NOP56 lowered FBL levels and suppressed
pathway activity, whereas FBL overexpression partially rescued apoptotic effects.
Discussion: NOP56 promotes HCC progression through the NOP56—-FBL—-PI3K/
AKT/CREB axis. These findings reveal a previously unrecognized oncogenic role
of nucleolar proteins in HCC and highlight this signaling axis as a promising
therapeutic target.
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Introduction

Hepatocellular carcinoma (HCC) causes about 865,000 new cases and 758,000 deaths
worldwide each year, reflecting its heavy health burden (1, 2). Because early-stage HCC often
lacks clear symptoms, including jaundice, weight loss, ascites, or right upper quadrant discomfort,
most patients are diagnosed at intermediate stages (3). Although recent advancements in surgical
resection, local ablative therapies, targeted agents, and immune checkpoint inhibitors have
improved survival in select patient populations, the overall 5-year survival rate for advanced-stage
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HCC remains below 20% (4). One of the critical challenges in clinical
management is the lack of highly specific and effective therapeutic
targets, which contribute to frequent treatment resistance and tumor
recurrence (5). Therefore, a deeper understanding of the molecular
mechanisms driving hepatocarcinogenesis is essential for identifying
novel therapeutic strategies.

At the molecular level, HCC arises through a multistep process
characterized by chronic inflammation, fibrosis, cirrhosis, and the
gradual accumulation of genetic and epigenetic alterations (6).
Several major oncogenic pathways—including Wnt/B-catenin,
PI3BK/AKT/mTOR, RAS/MAPK, JAK/STAT, and TGF-f signaling
—cooperate to promote uncontrolled proliferation, metabolic
reprogramming, resistance to apoptosis, and metastatic
progression (7). In addition to these classical pathways, recent
studies highlight that dysregulated ribosome biogenesis, RNA
modification, and chromatin remodeling also play critical roles in
sustaining malignant transformation, indicating that nucleolar
processes and transcriptional reprogramming are emerging
hallmarks of HCC (8).

C-Myc is a key oncogene driving HCC initiation, progression,
and spread (9, 10). Studies show its mRNA and protein levels are
notably increased in HCC, and abnormal expression is linked to
poor prognosis (11-13). As a transcription factor, C-myc regulates
genes involved in cell cycle control, differentiation, adhesion, and
transformation (14, 15). Beyond these classical functions, C-Myc
reprograms cellular metabolism by promoting glycolysis and
glutamine utilization, enhances ribosome biogenesis, induces
DNA replication stress, and globally amplifies oncogenic
transcriptional programs (16, 17). Moreover, C-Myc frequently
interacts with major HCC-related signaling pathways such as
Wnt/B-catenin and PI3K/AKT, forming feed-forward loops that
further accelerate tumorigenesis and malignant progression
(18, 19).

Nucleolar protein 5A (NOP56), one of the target genes of C-
myc, encodes a highly conserved nucleolar protein from yeast to
humans (20). Functionally, NOP56 is a core component of the box
C/D small nucleolar ribonucleoprotein (snoRNP) complex,
participating in rRNA 2’-O-methylation, pre-rRNA processing,
and ribosome assembly. Growing evidence suggests that nucleolar
proteins such as NOP56 influence tumor progression not only
through ribosome biogenesis but also by regulating cellular stress
responses and oncogenic signaling pathways (21). NOP56 is
overexpressed in several cancers, such as lung adenocarcinoma
(22), acute lymphoblastic leukemia (23), and breast cancer (24). Its
silencing increases ROS levels and induces apoptosis in KRAS-
mutant cells (25). However, the specific functional role and
mechanistic contribution of NOP56 in HCC remain largely
unknown. Fibrillarin (FBL), another essential box C/D snoRNP
protein, is responsible for rRNA 2’-O-methylation and the
maturation of 18S and 28S rRNA (26). Elevated FBL expression
has been reported in multiple cancers, where it promotes ribosome
biogenesis, enhances proliferation, and supports oncogenic
translational programs (27). Although FBL has been linked to
tumor aggressiveness and metabolic reprogramming, its
involvement in hepatocarcinogenesis has not been fully elucidated.
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However, the functional role and underlying mechanisms of
NOP56 and FBL in HCC remain unclear. We investigated NOP56
in HCC using bioinformatics and molecular experiments to clarify
its role and therapeutic potential. These findings aim to provide a
basis for identifying novel precision therapeutic targets for HCC.

Methods
Data acquisition and preprocessing

Single-cell RNA-seq data for HCC (GSE166635) were
downloaded from GEO and processed in R (Seurat v4.0) for
quality control, normalization, and dimensionality reduction.
Cells with <200 detected genes or >10% mitochondrial reads were
removed. Bulk RNA-seq and clinical data for HCC were obtained
from the TCGA-LIHC cohort via UCSC Xena. Gene expression
values were normalized to FPKM, log,-transformed, and used for
subsequent analyses. The prognostic genes used in this study were
identified from TCGA-LIHC clinical data using univariate Cox
regression analysis (P < 0.05), and the resulting gene list is provided
in Supplementary Table 1. The MYC_TARGETS_V1/V2 gene set
was obtained from the Molecular Signatures Database. The
complete list of c-Myc target genes used for analysis is provided
in Supplementary Table 2.

Single-cell clustering and gene expression
analysis

Normalized data underwent PCA and UMAP for visualization,
and clusters were annotated using canonical markers. C-myc target
gene expression differences among cell types were evaluated with
the Wilcoxon rank-sum test.

Unsupervised clustering and heatmap
visualization

Consensus clustering of myc-DEG expression profiles was
performed with “ConsensusClusterPlus” in R, and heatmaps were
generated using “pheatmap” to display expression patterns
across clusters.

Construction of prognostic models using
machine learning

In constructing the prognostic model based on cancer gene
expression, we adopted a streamlined approach to balance
predictive accuracy and interpretability. All input genes were
directly used as features without additional selection or
dimensionality reduction, and linear modeling was employed to
ensure transparency in assessing each gene’s contribution to
prognosis. Data preprocessing involved removing missing values

frontiersin.org


https://doi.org/10.3389/fonc.2025.1728226
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Chen et al.

and non-tumor samples, converting survival time from days to
years, applying z-score normalization across validation datasets,
and transforming normalized values using the exponential function
to maintain non-negativity. Multiple algorithms, including Lasso
regression, elastic net, ridge regression, stepwise Cox regression,
and CoxBoost, were implemented with parameter optimization via
cross-validation. Risk scores were calculated as the linear
combination of gene expression and model coefficients. Model
performance was evaluated using time-dependent ROC curves
and the mean AUC at 1-, 3-, and 5-year time points. Univariate
Cox regression and meta-analysis (inverse variance method) were
used to assess prognostic value.

Sample acquisition

This study included HCC patients treated at Fuyang Normal
University Affiliated Second Hospital. A total of 12 matched pairs of
tumor and adjacent non-tumor liver tissues were collected during
hepatectomy procedures, with 4 pairs used for immunohistochemistry
and 8 for RT-PCR and Western blotting. After resection, samples were
rinsed in saline, cleared of blood, and preserved in liquid nitrogen. All
cases were pathologically confirmed. Ethical approval was obtained
from the hospital’s ethics committee.

Immunohistochemistry

Formalin-fixed, paraffin-embedded HCC and adjacent liver
tissues were sectioned at 4 pm, deparaffinized, rehydrated, and
subjected to antigen retrieval in citrate buffer (pH 6.0) at 95°C for 20
min. Endogenous peroxidase was quenched with 3% hydrogen
peroxide, followed by overnight incubation at 4°C with anti-
NOP56 antibody (1:200) and subsequent HRP-conjugated
secondary antibody for 1 h. Staining was visualized with DAB
and counterstained with hematoxylin. H-scores were independently
evaluated by two pathologists according to staining intensity and
percentage of positive cells.

Cell culture

HepG2, Huh7, SKhepl, PLC, and the normal hepatic cell line
MIHA were all purchased from Servicebio (Wuhan, China).
Specifically, the normal hepatic cell line MIHA, as well as the
hepatocellular carcinoma cell lines Huh7, SKhepl, HepG2, and
PLC, were acquired from this commercial supplier. All cell lines
were cultured in Dulbecco’s Modified Eagle Medium (DMEM,
Gibco, USA) supplemented with 10% fetal bovine serum (FBS)
and 1% penicillin-streptomycin (100 U/mL penicillin and 100
ug/mL streptomycin).
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Real-time quantitative polymerase chain
reaction

Total RNA was isolated using TRIzol reagent (Invitrogen),
followed by reverse transcription into cDNA with the PrimeScript
RT reagent kit (Takara) incorporating gDNA Eraser to remove
genomic DNA contamination. Quantitative real-time PCR (RT-
qPCR) was then conducted on a CFX96 detection system (Bio-Rad)
using SYBR Green Master Mix (Takara). ACTB served as internal
reference genes, and relative expression levels were determined via
the 2A—-AACt calculation method. All reactions were performed in
triplicate to ensure reproducibility. The primer sequences used are
listed in Supplementary Table 3.

Western blotting

The Western blot procedure was performed as described in
previous study (28), and the antibodies used are listed in
Supplementary Table 4. Protein bands were visualized using
enhanced chemiluminescence (Servicebio) and quantified with
Image]. Original blots are presented in Supplementary Figure 1.
All experiments were independently repeated three times.

Immunofluorescence

Cells were fixed with 4% paraformaldehyde and permeabilized
with 0.1% Triton X-100, followed by blocking with 5% BSA.
Samples were incubated with primary antibodies at 4°C overnight
and then with fluorophore-conjugated secondary antibodies for 1 h
at room temperature. Nuclei were counterstained with DAPIL.
Images were captured using a Zeiss LSM 880 confocal
microscope. Subcellular localization, particularly nucleolar
distribution, was evaluated based on fluorescence signals. The
procedure was performed according to our previously published
protocol (28). All experiments were independently repeated
three times.

Construction of stable NOP56 knockdown
cell lines

Two NOP56-targeting shRNAs (sh1 and sh2), together with a non-
targeting control (NC), were cloned into the pLKO.1 lentiviral vector
(Tsingke, China). The targeting sequences were: shNOP56-1, 5'-
ACAGGAGAAGAAACGCTTAAA-3"; shNOP56-2, 5'-
CCTGGCAAACAAATGCAGTAT-3'. Lentiviruses carrying these
plasmids were used to infect Huh7 and SKhepl cells in the presence
of 8 ug/mL polybrene (Sigma). After 48 h, infected cells were selected
with 2 pg/mL puromycin for 7 days before subsequent experiments.
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Evaluation of colony formation, wound
healing, and transwell migration

For colony formation, ~500 cells were plated in 6-well plates
and cultured for 10-14 days, then fixed, crystal violet-stained, and
colonies (>50 cells) counted with Image]. Wound-healing assays
were performed by scratching confluent monolayers with pipette
tips and imaging at 0 and 48 h. Transwell assays used 24-well inserts
(8 um pores): 2x10* cells in serum-free medium were seeded in the
upper chamber, with 10% FBS medium below. Migrated cells were
fixed, stained, and quantified in five random 200x fields.

In vivo xenograft tumor model

Four- to five-week-old male BALB/c nude mice (initial weight:
16-18 g, ending weight: 22-24 g) were purchased from Qingyuan
BioTechnology Co., Ltd.; all procedures complied with institutional
guidelines, were approved by the Animal Ethics Committee of
Fuyang Normal University and followed ARRIVE guidelines
(https://arriveguidelines.org). Prior to subcutaneous injection of
Huh7 cells (5x10° cells resuspended in 100 uL sterile PBS, pH
7.4) into the right dorsal flank (27-gauge needle, n=5 per group),
mice were anesthetized via intraperitoneal injection of 2%
pentobarbital sodium (50 mg/kg), with depth confirmed by
absent pedal reflex and 30-40 breaths/min; post-injection, the site
was disinfected with 75% ethanol, and mice recovered in a 30-32°C
cage (30-45 min, confirmed by voluntary movement/grooming).
Tumor size was measured every 3 days (no anesthesia, gentle
restraint, digital caliper, 0.01 mm accuracy) and volume
calculated as (lengthxwidth®)/2, with simultaneous body weight
recording. After 28 days, mice were euthanized via cervical
dislocation post-anesthesia: first, intraperitoneal injection of 2%
pentobarbital sodium (150mg/kg, overdose), with deep anesthesia
confirmed by absent corneal/pedal/tail pinch reflexes and <10
breaths/min (10-15min), followed by cervical dislocation
(firm head/body hold, quick upward traction/lateral rotation);
death was confirmed via 2 min of no chest movement (breathing
cessation), 1 min of no thoracic heartbeat (palpation),
and rechecked absent reflexes. Tumors were then dissected,
rinsed with cold sterile PBS, photographed, and weighed for
further analysis. The diameters of all tumors are shown in
Supplementary Table 5.

Cell cycle and apoptosis assays

For cell cycle analysis, Huh7 and SKhepl cells (+ NOP56
knockdown) were fixed in 70% ethanol at —20°C, stained with PI/
RNase A, and analyzed on a BD FACSCanto II cytometer to
determine cell cycle distribution using FlowJo. Apoptosis was
assessed with the Annexin V-FITC/PI Kit (Beyotime): cells were
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stained for 15 min at room temperature, followed by flow cytometry
within 1 h, and apoptotic fractions quantified with FlowJo.

Co-immunoprecipitation and silver staining

HCC cells were lysed in IP buffer containing protease inhibitors.
Lysates were pre-cleared with Protein A/G beads and incubated
overnight at 4°C with anti-NOP56 or anti-FBL antibodies. Immune
complexes were captured, washed, and eluted for SDS-PAGE. Gels
were silver stained using the Fast Silver Staining Kit (Beyotime), and
proteins of interest were validated by reciprocal Western blotting.

Statistical analysis

Statistical analyses were conducted using R software (v4.2.2)
and GraphPad Prism 9.0. A P-value<0.05 was considered
statistically significant.

Results

C-myc target genes define prognostic
subtypes and immune patterns in HCC

GSE166635 is a published single-cell RNA-seq dataset
generated from 25,189 primary liver cancer cells from two
patients, reported by Meng et al (29). The dataset includes two
tumors sequenced using the 10x Genomics platform and publicly
released on June 9, 2021. Analysis of the single-cell RNA sequencing
dataset GSE166635 revealed distinct cellular subpopulations within
HCC (Figure 1A). Examination of C-myc target gene expression
across different cell types demonstrated markedly elevated
expression in malignant hepatocytes compared with non-
malignant cell populations (Figure 1B). To identify C-myc-
related prognostic biomarkers in HCC, differentially expressed
genes (DEGs) from the LIHC-TCGA dataset were intersected
with prognostic genes and the C-myc target gene set, yielding 12
overlapping genes (myc-DEGs) (Figure 1C). Unsupervised
clustering of TCGA-HCC patients based on the expression
profiles of these 12 myc-DEGs (CDC45, PLK4, TYMS, NMEI,
CAD, FBL, IMPDH2, NOP56, NHP2, SRM, PRMT3, CNBP)
stratified the cohort into three distinct clusters (C1-3)
(Figure 1D). Heatmap analysis demonstrated that C2 exhibited
globally elevated expression levels of these 12 myc-DEGs
(Figure 1D). Kaplan-Meier survival analysis indicated that
patients in C2 had the poorest overall survival compared with C1
and C3 (Figure 1E). Furthermore, immune infiltration analysis
revealed significant differences in the immune microenvironment
among the three clusters, with C2 showing distinct immune cell
infiltration patterns (Figure 1G). These findings suggest that
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FIGURE 1

C-myc target genes define molecular subtypes and immune patterns in HCC. (A) UMAP plots showing cell type distribution and C-myc target gene
activity in single-cell RNA-seq data (GSE166635). (B) Violin plots showing higher C-myc target gene expression in malignant hepatocytes. (C) Venn
diagram identifying 12 myc-related prognostic genes by overlapping DEGs, prognostic markers, and C-myc targets. (D) Consensus clustering of
TCGA-HCC samples based on myc-DEGs defines three subtypes (C1-C3). (E) Heatmap showing expression of myc-DEGs across clusters. (F)
Kaplan—Meier curves showing poor survival in cluster C2. (G) Immune infiltration analysis reveals distinct immune cell compositions among clusters.

C-myc-associated transcriptional programs may be linked to tumor
aggressiveness and immune landscape alterations in HCC.

Establishment of prognostic models

Using multiple Machine Learning algorithms, we constructed
prognostic models and comprehensively evaluated their
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performance based on the mean area under the (AUC) values for
1, 3, and 5-year survival (Figure 2A). Among these, the
Elastin_net_0.2 model demonstrated the most robust predictive
capacity, achieving consistently high mean AUC values across all
three time points. Kaplan-Meier survival analyses across
seven independent survival cohorts from TCGA, GSE54236,
GSE116174, and GSE14520 (Figures 2B-H) consistently
demonstrated that patients in the high-risk group exhibited
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FIGURE 2

Construction and validation of prognostic models using multiple machine learning algorithms. (A) Heatmap showing average AUC values for 1-, 3-,
and 5-year survival across seven cohorts and multiple algorithms. (B) Kaplan—Meier overall survival analysis in TCGA-LIHC cohort based on the
Elastic_net_0.2 model. (C) Kaplan—Meier progression-free interval (PFl) analysis in TCGA-LIHC cohort. (D) Kaplan—Meier disease-specific survival
(DSS) analysis in TCGA-LIHC cohort. (E) Kaplan—Meier disease-free interval (DFI) analysis in TCGA-LIHC cohort. (F) Kaplan—Meier overall survival
analysis in GSE54236 cohort. (G) Kaplan—Meier overall survival analysis in GSE116174 cohort. (H) Kaplan—Meier overall survival analysis in GSE14520
cohort. () Heatmap and bar plot showing gene coefficients across different machine learning algorithms, illustrating the relative contribution of each

gene to model performance.
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significantly worse overall survival compared to those in the low-
risk group. Furthermore, the heatmap of regression coefficients
(Figure 2I) provided a clear visualization of the contribution of each
input gene across different prognostic models, enabling an intuitive
understanding of their relative importance in risk prediction.

NOPS56 overexpression predicts poor HCC
outcomes

Multiple studies have identified NOP56 as a potential
prognostic marker in HCC (30-32). In this study, we first
evaluated its clinical relevance. NOP56 expression was
significantly higher in tumor tissues than in adjacent normal
tissues in the TCGA cohort (Figure 3A). ROC curve analysis
demonstrated a strong diagnostic value of NOP56 for
distinguishing HCC from normal liver tissues (Figure 3B).
Consistently, CPTAC proteomic data confirmed that NOP56
protein levels were markedly elevated in HCC samples
(Figure 3C). Clinically, increased NOP56 expression was
associated with more advanced pathological T stage, higher BMI,
elevated AFP levels, and poorer histological differentiation
(Figure 3D). Survival analyses further showed that patients with
high NOP56 expression exhibited significantly shorter overall
survival (OS), disease-specific survival (DSS), and progression-free
interval (PFI) (Figure 3E), supporting its potential as an unfavorable
prognostic biomarker. Given the oncogenic role of MYC, we next
assessed its association with NOP56. TCGA analysis revealed a
significant positive correlation between MYC and NOP56
expression (Figure 3F). Consistently, MYC knockdown using two
independent plasmids reduced both MYC and NOP56 mRNA
levels (Figure 3G), indicating that NOP56 upregulation may be at
least partly driven by MYC signaling.

Validation of NOP56 expression and
nucleolar localization in HCC

Analysis of RNA expression profiles revealed significantly
higher NOP56 transcript levels in tumor tissues (Figure 4A).
Consistent with the RNA data, protein expression analysis
demonstrated a marked upregulation of NOP56 in HCC tissues
relative to controls (Figure 4B). Immunohistochemical staining
further confirmed the elevated expression of NOP56 in tumor
samples (Figure 4C). In liver cancer cell lines, NOP56 mRNA
levels were significantly higher than in MIHA (Figure 4D), and
similar trends were observed at the protein level (Figure 4E).
Notably, across multiple platforms, including TCGA bulk RNA-
seq, single-cell RNA-seq, and CPTAC proteomic datasets,
NOP56 consistently exhibited tumor-specific overexpression,
supporting the robustness of its dysregulated pattern in HCC.
Immunofluorescence staining revealed a predominant nucleolar
localization of NOP56 in HCC cells (Figure 4F).
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NOP56 knockdown inhibits HCC cell
growth and metastasis in vitro and in vivo

To investigate the functional role of NOP56 in HCC, we
established stable NOP56 knockdown HCC cell lines using
lentivirus-mediated short hairpin RNAs (shRNAs). Given that
Huh7 and Skhpl exhibited the highest expression levels, we
selected these two cell lines for subsequent functional
experiments. Quantitative PCR confirmed that NOP56 mRNA
expression was significantly reduced upon shRNA transduction
(Figure 5A), and Western blot analysis further validated a
consistent decrease at the protein level (Figure 5B). Cell growth
assays revealed that knockdown of NOP56 led to a marked
suppression in cell proliferation over time, as shown by reduced
growth rates in both Huh7 and SKhepl cells (Figure 5C).
Consistently, colony formation assays demonstrated that the ability
of cells to form colonies was significantly impaired following NOP56
silencing (Figure 5D), indicating decreased long-term proliferative
capacity. In wound-healing assays, NOP56-depleted cells showed
significantly reduced migration distance compared to controls,
suggesting impaired migratory potential (Figure 5E). This was
further confirmed by Transwell assays, in which the number of
migrated cells was markedly reduced after NOP56 knockdown
(Figure 5F). To assess the vivo relevance, subcutaneous xenografts
were established in nude mice using Huh7 cells. NOP56 knockdown
markedly reduced tumor volume and weight compared with controls
(Figures 5G,H). Immunohistochemistry confirmed lower NOP56
expression and fewer Ki-67-positive cells in xenografts (Figure 5I).
These findings indicate that NOP56 facilitates HCC proliferation,
migration, and tumorigenesis, acting as a potential oncogenic effector
downstream of C-myec.

NOPS56 regulates cell cycle progression
and apoptosis in HCC cells

Next, TCGA-LIHC tumors were stratified into high- and low-
expression groups by median NOP56 level. Differential analysis
with the “limma” package identified DEGs, which were significantly
enriched in cell cycle and apoptosis-related pathways according to
GO and KEGG analyses (Figures 6A). To confirm these results, cell
cycle analysis after NOP56 knockdown in Huh7 and SKhepl cells
showed GO/G1 phase accumulation and reduced S-phase
populations, indicating G1 arrest (Figure 6B). Annexin V/PI
staining further demonstrated a significant increase in apoptosis
in both cell lines (Figure 6C). Western blot analysis showed
downregulation of the cell cycle regulators CDK1 and CD4, along
with decreased expression of the anti-apoptotic protein BCL2 and
increased cleaved caspase-3 (C-Caspase3), confirming the
activation of apoptotic pathways following NOP56 suppression
(Figure 6D). Collectively, these data suggest that NOP56
promotes tumor progression in HCC at least by facilitating cell
cycle progression and suppressing apoptosis.
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NOPS56 interacts with FBL and regulates

the PI3K/AKT/CREB pathway to modulate
apoptosis in HCC cells

To explore how NOP56 promotes HCC progression,

we analyzed its protein-protein interaction network via
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GeneMANTIA. Fibrillarin (FBL), a key component of the nucleolar
box C/D snoRNP complex, showed the strongest predicted
association (Figure 7A). TCGA-LIHC data indicated that FBL was
significantly upregulated in tumors (Figure 7B) and positively
correlated with NOP56 expression (Figure 6C). Kaplan-Meier

analysis linked high FBL expression to poor overall survival in
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HCC patients (Figure 7D), suggesting its oncogenic role. Co-
immunoprecipitation and silver staining confirmed a physical
interaction between NOP56 and FBL, further validated by
reciprocal Western blotting (Figures 7E, F). Immunofluorescence
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revealed their partial co-localization in nucleoli (Figure 7G),
indicating potential functional cooperation.

Given FBL’s role in ribosome biogenesis, oncogenic signaling,
and 2’-O-methylation (Nm)-mediated regulation of the PI3K/
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AKT/mTOR pathway (33), we hypothesized that the NOP56-FBL
axis may drive HCC progression via this signaling cascade. Western
blot analysis showed that NOP56 knockdown reduced FBL levels
and downregulated PI3K, phosphorylated AKT, and CREB in Huh7
and SKhepl cells (Figure 7H). Rescue experiments demonstrated
that ectopic FBL expression partially reversed NOP56 depletion-
induced apoptosis (Figure 7I) and restored PI3K/AKT/CREB
activation (Figure 7]) in SKHepl cells. These findings indicate
that NOP56 supports HCC cell survival partly through FBL-
mediated activation of the PI3K/AKT/CREB pathway.

Discussion

HCC is an aggressive cancer with limited therapies and poor
prognosis, especially at intermediate or advanced stages (34).
Despite recent advances in targeted therapy and immunotherapy,
there remains an urgent need to uncover novel molecular
mechanisms and therapeutic targets to improve patient outcomes
(35, 36). In this study, we identified the nucleolar protein NOP56 as
a novel oncogenic factor in HCC, promoting tumor growth by
regulating proliferation, migration, cell cycle progression, and
apoptosis. Using single-cell transcriptomics, bulk RNA-seq, and
experimental validation, we confirmed its marked upregulation in
HCC tissues and cell lines and its association with poor prognosis.
Mechanistically, NOP56 interacts with the nucleolar protein FBL to
activate the PI3K/AKT/CREB pathway, thereby suppressing
apoptosis. These results reveal a previously unrecognized
oncogenic role for nucleolar proteins in HCC and position the
NOP56-FBL axis as a promising therapeutic target.

The nucleolus has increasingly been recognized as a regulatory
hub for cancer progression, beyond its traditional role in ribosome
biogenesis (37, 38). Dysregulation of nucleolar proteins such as
NOP56 and FBL has been implicated in the development of various
malignancies (25, 39). Our findings are consistent with previous
reports that NOP56 is overexpressed in breast cancer (24) and
Burkitt’s lymphoma (40), and extend its relevance to HCC. The
strong association between NOP56 expression and aggressive
clinical features, including advanced T stage, high AFP levels, and
poor differentiation, suggests that NOP56 may complement existing
biomarkers for early detection and prognostic stratification.

By performing differential gene expression and enrichment
analysis, we found that NOP56 is closely associated with cell cycle
progression and apoptosis-related pathways, which are known
hallmarks of C-myc-driven tumorigenesis (41). Given that
NOP56 is a direct transcriptional target of C-myc, as previously
reported (40), our data support the hypothesis that aberrant
activation of C-myc in HCC leads to upregulation of NOP56,
thereby driving oncogenic signaling cascades. Functional assays
confirmed that silencing NOP56 inhibits HCC cell proliferation and
migration both in vitro assays and in vivo xenograft models, induces
GO/G1 cell cycle arrest, and increases apoptosis, suggesting that
NOP56 plays a critical role in maintaining malignant phenotypes.

A key mechanistic finding of our study is the identification of
FBL as a functional partner of NOP56. As a core component of the
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box C/D snoRNP complex, FBL is indispensable for rRNA
processing and 2’-O-methylation of target RNAs (26). FBL-
mediated rRNA 2’-O-methylation promotes ribosome biogenesis
and translational efficiency; dysregulation of this modification
enhances oncogenic protein synthesis and has been increasingly
recognized as a driver of cancer progression. Previous studies
indicate that FBL can methylate oncogenic mRNAs such as
PIK3CA, thereby enhancing their translation and stability (33).
This provides a plausible mechanism through which the NOP56-
FBL complex facilitates PI3K/AKT pathway activation.
Consistently, we observed that NOP56 knockdown reduced FBL
expression and suppressed PI3K/AKT/CREB signaling, while
ectopic FBL expression partially reversed this effect. These results
suggest that NOP56 stabilizes or cooperates with FBL to maintain
PI3K/AKT activity and inhibit apoptosis in HCC. Notably, the
NOP56-FBL interaction or their involvement in ribosome
biogenesis-related oncogenic pathways has also been observed in
other malignancies, such as colorectal cancer and breast cancer,
suggesting that this regulatory axis may represent a more universal
cancer-promoting mechanism rather than one restricted to HCC
(42). Our data implies a regulatory dependency, whether the
reduction of FBL upon NOP56 depletion is mediated through a
direct molecular interaction or involves additional upstream
regulatory factors remains to be fully elucidated and will be the
subject of future mechanistic investigation.

The PI3K/AKT cascade is among the most activated oncogenic
pathways in HCC, promoting survival, angiogenesis, and therapy
resistance (43, 44). CREB, a downstream effector of AKT, drives anti-
apoptotic genes such as BCL2 and survivin, further supporting tumor
progression (45). Our findings indicate that NOP56 may facilitate
HCC development by sustaining this pathway via FBL interaction.
Targeting the NOP56-FBL axis to restore apoptosis could therefore
provide a promising strategy to overcome drug resistance in HCC
(46). At present, no small-molecule inhibitors specifically targeting
NOP56 or FBL are available. However, nucleolar stress-inducing
agents and RNA-modification inhibitors may potentially target this
axis, providing a conceptual framework for therapeutic exploitation.

While our study provides compelling evidence for the oncogenic
role of NOP56 and its interaction with FBL in HCC, several
limitations should be acknowledged. First, although we validated the
NOP56-FBL interaction using co-immunoprecipitation and NOP56
depletion significantly reduced FBL expression, it remains unclear
whether this regulation is direct or mediated through downstream
transcriptional or post-transcriptional factors. Further mechanistic
studies are warranted. Second, the in vivo rescue experiments were
limited to subcutaneous xenograft models; future studies employing
orthotopic or PDX models would help confirm clinical relevance.
Importantly, the broader transcriptomic effects of NOP56/FBL
modulation remain to be characterized by RNA-seq or RIP-seq.

In conclusion, our study identifies NOP56 as an oncogenic
nucleolar protein in HCC that drives tumor progression through
interaction with FBL and activation of the PI3K/AKT/CREB
pathway. This work enhances understanding of nucleolar protein
networks in liver cancer and positions the NOP56-FBL axis as a
potential therapeutic target.
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