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Background: Inflammation drives tumor development, with neutrophil extracellular traps (NETs) promoting progression through 
metastasis, immune suppression, and microenvironment modulation. However, the role of NETs-related genes in hepatocellular 
carcinoma (HCC) immunity response is still unclear.
Methods: We integrated single-cell RNA sequencing (GSE202642, seven tumor samples and four normal liver samples) and The Cancer 
Genome Atlas (TCGA, n=312) transcriptomic data to identify NETs-related gene signatures. Weighted gene co-expression network analysis 
(WGCNA) identified NETs-correlated gene modules, and LASSO-COX regression selected prognostic genes for risk stratification. 
A nomogram was developed to predict survival, while functional, mutation, immune, and drug sensitivity analyses highlighted intergroup 
differences. EdU and CCK-8 cell proliferation assays confirmed the role of NETs-related genes in HCC cell proliferation.
Results: The analysis revealed significant differences in survival time between high- and low-NETs groups. GAS2L3 and RTN3 were 
identified and validated as independent prognostic factors. ROC and decision curve analysis (DCA) demonstrated that the nomogram 
model combining NETs risk scores with clinical parameters exhibited robust prognostic performance. The high-risk subgroup was 
enriched in glycosphingolipid biosynthesis pathways and showed higher mutati843on rates, especially in TP53, CTNNB1, and 
MUC16, along with overexpression of immunosuppressive genes (VTCN1, LAIR1). In vitro experiments confirmed that GAS2L3 
knockdown inhibited HepG2 and Huh7 cell proliferation.
Conclusion: Integrated multi-omics analysis revealed NETs-associated prognostic signatures in HCC, with GAS2L3 identified as 
a key gene linking NETs to tumor progression and therapeutic potential.
Keywords: hepatocellular carcinoma, single-cell RNA sequencing, NETs-related genes, GAS2L3, immune infiltration, prognostic model

Introduction
Hepatocellular carcinoma (HCC) is a prevalent global health threat with high malignancy and poor survival outcomes.1,2 

Despite the remarkable progress achieved in deciphering the intricate molecular mechanisms underpinning HCC 
development and progression, its clinical management remains a complex and arduous task. Current therapeutic 
strategies encompass surgical resection, liver transplantation, local ablation, transcatheter arterial chemoembolization 
(TACE), targeted therapy, and immunotherapy.2 Notably, over 50% of advanced HCC patients require systemic treat
ment, yet only 30% demonstrate durable responses to existing immunotherapies, with median overall survival (OS) 
remaining below two years.3,4 Recent studies have highlighted the importance of the tumor microenvironment (TME) in 
HCC progression, particularly the dynamic crosstalk between neoplastic cells, stromal components, and immune 
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infiltrates.5,6 This biological complexity necessitates the development of TME based prognostic biomarkers and perso
nalized therapeutic strategies to improve clinical outcomes.

Driven by advances in high-throughput sequencing, large-scale international initiatives—including The Cancer Genome 
Atlas (TCGA), The International Cancer Genome Consortium (ICGC), and The Cancer Cell Line Encyclopedia (CCLE)— 
have generated comprehensive multi-omics datasets from matched patient cohorts. Analysis of these rich data resources has 
enabled the identification of genes critically involved in tumor initiation and progression, known as driver genes,7 which 
include both oncogenes and tumor suppressor genes. Studies have shown that dysregulated Runt-related (RUNX) family 
genes (RUNX1, RUNX2, and RUNX3) may be involved in hepatocarcinogenesis from the earliest to the latest stages.8 Nearly 
half of HCC patients harbor at least one recurrent oncogenic mutation, such as in TP53, CTNNB1, or TERT, which contribute 
to the establishment of an immunosuppressive microenvironment by modulating immune cell functions.9

Inflammation is closely associated with tumor development, and inflammatory cells and cytokines actively contribute to 
the inflammatory TME. Neutrophils, accounting for 50–70% of all circulating white blood cells, are crucial for tumor 
immune immunity.10,11 Tumor-associated neutrophils (TAN), a subset of neutrophils that infiltrate tumors, correlate with 
aggressive phenotypes and poor prognosis.12 Neutrophil extracellular traps (NETs) represent an inflammatory cell death 
mechanism in which neutrophils release a reticular DNA structure encapsulated by histones, proteases, and antimicrobial 
proteins to capture microorganisms and pathogens.13–15 Studies have shown that modulating NETs in different ways can 
improve the outcomes of many diseases and increase survival rates.16 NETs regulate the balance between Th1 and Th2 
CD4+ T cells and impair the anti-tumor function of NK cells.12,17 Moreover, NETs are also closely related to tumor growth, 
development, and metastasis.18–21 It can promote tumor cell migration by producing neutrophil elastase (NE). NETs 
contribute to tumor progression by promoting fibrin formation, facilitating thrombosis, and inducing T-cell exhaustion, 
which collectively enhances metastatic potential and suppresses anti-tumor immunity.13,22–24 Prognostic signatures based 
on NETs-related genes have been reported in colorectal cancer,25 breast cancer,26 and lung adenocarcinoma,27 and have 
been shown to help assess prognosis and response to chemotherapy or immunotherapy in cancer patients.

Despite these advances, the functional roles of NETosis-related genes in HCC immune regulation and therapeutic 
response remain incompletely understood, largely owing to studies that either depend solely on single datasets (such as 
TCGA) or lack in vitro experimental validation.28,29 In this study, we integrated single-cell RNA sequencing data with 
TCGA resources to identify key NETs-related genes associated with HCC prognosis using advanced machine learning 
techniques. We developed a robust predictive model and performed comprehensive validation to ensure its prognostic 
relevance, offering novel insights into precision medicine strategies for HCC management. These results may provide 
a framework for advancing individualized treatment approaches in HCC.

Methods
Acquisition and Processing of Single-Cell RNA Sequencing Data
We obtained the HCC single-cell RNA sequencing dataset GSE202642, comprising seven tumor samples and four 
normal liver samples, from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). Data preprocessing was performed 
using Seurat (v4.3.0) following three stringent quality control criteria: (1) cells with >25% mitochondrial gene content 
were excluded to remove stressed or dying cells; (2) cells with fewer than 200 or more than 8,000 detected genes were 
removed to avoid empty droplets and potential doublets; and (3) genes expressed in fewer than three cells were filtered 
out to eliminate low-information features. Normalization was performed using the NormalizeData function (log- 
normalization method, scale factor = 10,000), followed by identification of 2,000 highly variable genes (HVGs) with 
the FindVariableFeatures function (selection.method = “vst”) to capture the most informative features for downstream 
analysis. The ScaleData function was applied to center and scale the data across all cells. Principal component analysis 
(PCA) was conducted to reduce dimensionality, and the first 30 principal components were used for batch effect 
correction via the Harmony (v0.1.1) algorithm (theta = 2, max.iter.harmony = 10), ensuring integration of data across 
different samples. Uniform manifold approximation and projection (UMAP) was performed with RunUMAP (dims = 
1:20, min.dist = 0.1) for two-dimensional visualization, and clustering was carried out using FindNeighbors and 
FindClusters with a resolution parameter of 0.3 to identify distinct cellular subpopulations. Differentially expressed 
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genes (DEGs) for each cluster were identified using the FindAllMarkers function (Wilcoxon rank-sum test) with 
thresholds of adjusted p-value <0.05, |log2 fold change| >1, and expression ratio >0.1, ensuring the selection of robust 
cluster-specific markers. Cell type annotation was performed through dual validation by cross-referencing with the 
CellMarker database (v2023) and previously reported differential expression profiles,30,31 thereby improving annotation 
accuracy. Visualization of cell distribution, marker expression, and QC metrics was achieved using the VlnPlot and 
FeatureScatter functions.

Acquisition and Processing of Transcriptomic and Gene Expression Data
HCC transcriptomic data from TCGA (https://portal.gdc.cancer.gov/) were log2-transformed. Single-sample gene set 
enrichment analysis (ssGSEA) was employed to quantify cellular NETs risk scores in the TCGA cohort.32 External 
validation cohorts (GSE16757 and GSE104580) were included to ensure generalizability. We selected the two external 
datasets, GSE16757 and GSE104580, for validation primarily because they include survival follow-up data and have 
moderate sample sizes, enabling them to provide independent validation evidence separate from the TCGA cohort.

Quantification of NETs Signature Genes
NETs-related genes were curated from literature and the Molecular Signatures Database (MSigDB, https://www.gsea- 
msigdb.org/gsea/msigdb/).33,34 MSigDB gene sets were retrieved using msigdbr (v7.5.1). 69 NETosis-associated genes 
were integrated (Supplementary Table 1). The PercentageFeatureSet function was used to quantify NETs signature 
activity at single-cell resolution. Cells were stratified into high/low expression subgroups based on median expression 
levels, and differentially expressed genes were identified using FindMarkers.

Identification of NETs-Related Genes
Weighted Gene Co-expression Network Analysis (WGCNA, v1.72-1) was applied to single-cell datasets to identify NETs 
score-associated gene modules.35 This method constructs co-expression networks by calculating gene-gene correlation 
coefficients with weighted thresholds. Modules are defined based on gene expression patterns to detect gene clusters with 
high covariance. By correlating these gene clusters with phenotypic traits, the approach facilitates the discovery of 
potential biomarkers and therapeutic targets, providing critical insights for related studies.

Construction of a NETs-Related Prognostic Model
LASSO-COX regression analysis was performed on WGCNA-identified module genes to screen differentially expressed 
prognosis-related genes (DEPRGs) with P<0.05. Penalty parameters were optimized through 10-fold cross-validation 
(minimum partial deviation λ). Two optimal genes were selected, and their correlation coefficients were calculated. Risk 
scores were computed using a predefined formula, with Kaplan-Meier survival analysis conducted after stratifying 
patients into high/low-risk subgroups based on median scores.

Nomogram Development
A nomogram integrating risk stratification, and clinical factors (tumor stage, age, gender) was developed. Time- 
dependent ROC curves (AUC values), calibration curves, and decision curve analysis (DCA) were used to evaluate 
the model’s clinical utility for 1/3/5-year survival prediction.

Enrichment Analysis
Differentially expressed genes (DEGs) between high- and low-risk groups in TCGA were identified using thresholds of |FC|≥1.5 
and P<0.05. Gene set enrichment analysis (GSEA) was performed to elucidate the biological functions of these DEGs.

Somatic Mutation Analysis
TCGA somatic mutation data were processed using the maftools package (v2.18.0). Waterfall plots were generated to 
visualize the distribution of high-frequency mutated genes and variant types.
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Immune Infiltration Analysis and Drug Sensitivity Prediction
The ESTIMATE (v1.0.13) algorithm was used to calculate immune, stromal, and ESTIMATE scores between high-risk 
and low-risk HCC groups, with bubble plots visualizing intergroup differences. Tumor Immune Dysfunction and 
Exclusion (TIDE) algorithm predicted responses to immune checkpoint blockade therapy. Boxplots compared expression 
levels of immune checkpoint-related genes between subgroups.

Cell Culture and Transfection
HepG2 and Huh7 cells were purchased from the National Institute of Biological Products (Beijing, China) and cultured at 37 °C 
and 5% CO2 in DMEM supplemented with 10% fetal bovine serum (Gibco) and 1% penicillin/streptomycin (Gibco). To 
investigate the function of the GAS2L3 gene, two specific siRNAs targeting GAS2L3 (GAS2L3-human-322, 5′ 
GCAUGAAGAGCUACAUGAATT3′; GAS2L3-human-843, 5’CCAAGCUCAAGUCUUCAAATT3’) and a non-targeting 
control siRNA (NC) were designed and synthesized. Transfection of siRNAs into HepG2 and Huh7 cells was performed 
using Lipofectamine 3000 (Invitrogen) reagent. Cells were harvested for subsequent experiments 48 hours post-transfection.

Western Blot
Cells were lysed in RIPA-150 buffer containing protease inhibitor cocktail (Sigma). A total of 40 μg of protein was 
separated using SDS-PAGE and transferred to nitrocellulose membranes (Pall). The primary antibodies used were anti- 
GAPDH (10494-1-AP, Proteintech) and anti-GAS2L3 (25409-1-AP, Proteintech) overnight, followed by incubation with 
a secondary antibody.

EdU Proliferation Assay
To assess the effect of GAS2L3 on cell proliferation, an EdU assay was conducted. Transfected HepG2 and Huh7 cells were 
seeded into 96-well plates, and EdU reagent was added to each well. After 24 hours of incubation, the procedure was 
performed according to the EdU detection kit instructions (BeyoClickTM EdU Cell Proliferation Kit with AF555, C0075S). 
The proportion of EdU-positive cells was analyzed by flow cytometry to evaluate cell proliferation capacity.

CCK-8 Cell Proliferation Assay
Seed cells in 96-well plates at a density of 1×103 cells per well. Add 10 μL CCK-8 to each well and incubate at 37°C for 
12, 24, 36, and 48 hours. Cell proliferation is determined by measuring absorbance at 450 nm.

Statistical Analysis
Statistical analysis in this study was performed using R4.3.1. The experimental data were processed using GraphPad 
Prism 8.0. We performed three biological replicates for both the EdU and CCK-8 assays according to the experimental 
design. Normally distributed continuous variables were compared using t-test, while non-normally distributed variables 
were analyzed with Mann–Whitney U-test. Categorical variables were compared using χ² or Fisher’s exact tests. Survival 
differences were assessed by Kaplan-Meier analysis with Log rank test. Spearman’s rank correlation was used for 
association analysis, with P<0.05 considered statistically significant.

Results
Single-Cell RNA-Seq Data Processing and Cell Type Identification
Following quality control, single-cell RNA sequencing data were integrated using the RunHarmony algorithm to mitigate 
batch effects. Normalized data were log-transformed and subjected to dimensionality reduction via PCA and UMAP, 
enabling visualization of transcriptional heterogeneity. The FindClusters function partitioned cells into 21 transcriptomic 
clusters, ultimately identifying 11 distinct cell types: T cells, NK cells, macrophages, endothelial cells, epithelial cells, 
neutrophils, dendritic cells, B cells, monocytes, fibroblasts, and plasma cells (Figure 1A and B). Using the median NETs 
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score calculated via the PercentageFeatureSet method, all cells were stratified into high- and low-NETs subgroups, with 
their spatial distribution visualized on UMAP (Figure 1C). Differential gene analysis using the findmarker R package 
revealed GAS2L3 and RTN3 significantly dysregulated genes between high- and low-NETs subgroups (Figure 1D and E).

Figure 1 Single-cell RNA-Seq data processing and cell type identification. (A and B) Different cell types identified by the expression of surface marker genes. (C) Uniform 
manifold approximation and projection (UMAP) visualization of high- and low-NETs Subgroups. NETs: neutrophil extracellular traps. (D) Uniform manifold approximation 
and projection (UMAP) visualization of GAS2L3. (E) Uniform manifold approximation and projection (UMAP) visualization of RTN3.
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Identification of NETs -Related Gene Modules
WGCNA was performed on samples stratified by ssGSEA-derived NETs scores. With a soft thresholding power (β=4), 
deepSplit=2, and module merging threshold of 0.25, six co-expression modules were constructed (five non-gray modules 
and one gray module). Among these, the MEblue and MEyellow modules showed significant positive correlations with 
NETs scores, while the MEbrown module exhibited a significant negative correlation (Figure 2A–C). 288 candidate 
genes from these modules were selected for further investigation.

Prognostic Biomarker Screening and Validation
After screening candidate genes through LASSO regression (Figure 2D and E), the prognostic value of GAS2L3 and 
RTN3 was subsequently validated by multivariate Cox regression analysis, revealing that both GAS2L3 (HR=1.4, 95% 
CI: 1.1–1.7, P=0.001) and RTN3 (HR=1.7, 95% CI: 1.2–2.4, P=0.004) serve as independent prognostic factors 
(Figure 3A). In the TCGA cohort, the survival probability of patients with high expression levels of the GAS2L3 
(HR=2.095, 95% CI: 1.469–2.988, P < 0.0001) and RTN3 (HR=2.05, 95% CI: 1.44–2.92, P < 0.0001) genes were 
significantly lower than those with low expression (Figure 3B). Based on the expression distribution of the two genes, 
GAS2L3 and RTN3, a risk score (high-risk and low-risk) and outcome (death and survival) status were established 
(Figure 3C). Kaplan-Meier analysis revealed significantly improved OS in the low-expression subgroups of both genes in 
the TCGA cohort (HR=2.208, 95% CI: 1.504–3.243, P < 0.0001) (Figure 3D) and the external validation dataset 
GSE16757 (HR=2.887, 95% CI: 1.5–5.56, P = 0.00096) (Figure 3E). To evaluate the generalizability of our prognostic 
model in advanced HCC, subgroup analysis of Tumor-Node-Metastasis (TNM) stage III–IV patients in the TCGA cohort 
(n = 85) confirmed its significant prognostic value via Kaplan–Meier analysis (HR=2.369, 95% CI: 1.278–4.392, P = 
0.017) (Supplementary Figure 1). Additionally, significantly improved relapse-free survival (RFS) was observed in the 
low-expression subgroup within another external validation dataset, GSE16757 (HR=2.421, 95% CI: 1.276–4.594, P = 
0.00047) (Figure 4A). ROC curves yielded 1-, 3-, and 5-year AUC values of 0.79, 0.69, and 0.65 in the TCGA cohort 

Figure 2 Identification of NETs-related gene modules and screening of differentially expressed genes. (A–C) Weighted Gene Co-expression Network Analysis (WGCNA) 
identifies NETs -related gene modules. (D and E) Candidate genes screening by LASSO regression. 
Abbreviation: NETs, neutrophil extracellular traps.
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(Figure 4B), and 3-, 5-, and 8-year AUC values of 0.62, 0.73, and 0.64 in the external validation dataset GSE16757 
(Figure 4C). In the TACE-treated cohort (GSE104580), responders exhibited significantly lower risk scores than non- 
responders (P=4.3e-09; Figure 4D).

Construction of a Prognostic Nomogram
To optimize HCC prognosis assessment, we developed a nomogram model integrating the NETs risk score with clinical 
parameters (Figure 5A). Within the prognostic signature model incorporating GAS2L3 and RTN3, patients in the high- 
expression subgroup exhibited significantly worse survival outcomes compared to those with low expression levels 
(HR=2.681, 95% CI: 1.804–3.985, P < 0.0001) (Figure 5B). In the TCGA cohort, the model demonstrated robust 
predictive performance for 1-, 3-, and 5-year OS, with AUC values of 0.734, 0.700, and 0.676, respectively (Figure 5C). 
DCA further confirmed the superior clinical utility of the nomogram in prognostic stratification and clinical decision- 
making compared to conventional clinical indicators (Figure 5D). Calibration curves revealed high concordance between 
predicted and observed survival outcomes, validating the model’s accuracy (Figure 5E).

Enrichment Analysis
Significant disparities in the activation of immune-related pathways were observed between NETs risk subgroups (Figure 6A 
and B). In high-risk subgroups, the KEGG_GLYCOSPHINGOLIPID_BIOSYNTHESIS_LACTO_AND_NEOLACTO_ and 
KEGG_NEUROACTIVE_LIGAND_RECEPTOR_INTERACTION pathways exhibited pronounced enrichment, 

Figure 3 Prognostic value and clinical relevance of GAS2L3 and RTN3 in hepatocellular carcinoma. (A) Multivariate cox regression analysis validated the prognostic value of 
GAS2L3 and RTN3. (B) Kaplan-Meier survival curves showed the associations between GAS2L3/RTN3 expression levels and patient survival probability over time. (C) Risk 
score and outcome status based on GAS2L3 and RTN3 expression. (D and E) Kaplan-Meier analysis revealed significantly improved overall survival in the low-expression 
subgroups of both genes in the TCGA cohort (D) and the external validation dataset GSE16757 (E).
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suggesting heightened glycosphingolipid biosynthesis activity that may promote tumor cell membrane remodeling, invasive
ness, and neural infiltration within the tumor microenvironment (Figure 6A). These processes likely facilitate tumor growth 
and metastasis via neurotrophic factor secretion. Conversely, low-risk subgroups showed marked activation of the 
KEGG_LINOLEIC_ACID_METABOLISM pathway, indicative of synergistic anti-inflammatory, metabolic homeostatic, 
and immunomodulatory mechanisms (Figure 6B). This pathway activation may suppress chronic inflammation, maintain 
metabolic equilibrium, and optimize the immune microenvironment, thereby inhibiting tumor progression. The differential 
pathway activity patterns reflect distinct immune infiltration profiles between subgroups, which may underlie their divergent 
clinical outcomes.

Immune Infiltration and Mutational Landscape
The above analyses revealed significant differences in immune infiltration patterns and clinical outcomes between NETs- 
related risk subgroups. To further elucidate mechanisms underlying personalized immunotherapy, we compared muta
tional profiles and immune infiltration levels between high- and low-risk subgroups. High-risk subgroups exhibited 
higher overall mutation frequencies, with TP53, CTNNB1, and MUC16 being the most frequently mutated genes, 
predominantly via missense mutations (Figure 6C and D). Low-risk subgroups demonstrated elevated median Immune 
Scores, reflecting enhanced immune cell infiltration (P=0.011, Figure 7A). ESTIMATE Score (P=0.014; Figure 7B) and 

Figure 4 Prognostic impact and predictive accuracy of GAS2L3 and RTN3 expression in external validation cohorts. (A) Low expression of both genes correlated with enhanced 
relapse-free survival in the external validation dataset GSE16757. (B) Time-dependent ROC curves validated predictive accuracy in TCGA cohorts. (C) Time-dependent ROC 
curves validated predictive accuracy in GSE16757 cohorts. (D) Lower risk scores in responders compared to non-responders in the TACE-treated cohort (GSE104580). 
Abbreviation: TACE, transcatheter arterial chemoembolization.
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Stromal Score (P=0.0057; Figure 7C) were significantly reduced in high-risk subgroups, indicating a tumor microenvir
onment characterized by stromal depletion and diminished immune infiltration. TIDE is an algorithm designed to predict 
the response of cancer patients to immune checkpoint inhibitors. It evaluates the potential for immune evasion by 
analyzing mechanisms of T cell dysfunction and exclusion within the tumor microenvironment, thereby predicting the 
likelihood of a patient’s response to immunotherapy. A higher TIDE score indicates a greater risk of immune escape and 
a lower probability of benefiting from immunotherapy. Microsatellite Instability (MSI) refers to a characteristic of 
genomic instability in tumors. Tumors with high levels of MSI (MSI-H) generally exhibit greater immunogenicity and 
have a higher response rate to immune checkpoint inhibitor treatments. The MSI status can be determined through 
genetic testing and serves as one of the significant biomarkers for predicting the effectiveness of immunotherapy. 
Multidimensional evaluation using the TIDE algorithm revealed critical intergroup disparities: high-risk subgroups 
displayed elevated TIDE and Exclusion scores alongside reduced Dysfunction and MSI scores, suggesting concurrent 
enhancement of immune evasion and suppression of anti-tumor immune responses, indicative of dual inhibition of 
immune activity (Figure 7D).

Figure 5 Development and validation of a nomogram model integrating NETs-related risk score with clinical parameters for prognosis prediction. (A) Development of 
a nomogram model combining the NETs risk score with clinical parameters. (B) High-expression subgroup in GAS2L3 and RTN3 prognostic signature model showed worse 
survival outcomes. (C) Time-dependent ROC curves validated the predictive accuracy of the model in the TCGA cohort (1-, 3-, and 5-Year overall survival Prediction). (D) 
Calibration curve showed high agreement between predicted and observed survival outcomes. (E) Decision curve analysis (DCA) confirmed superior clinical utility of the 
nomogram over traditional indicators. 
Abbreviation: NETs, neutrophil extracellular traps.
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Immune Checkpoint Expression Patterns
Building on the immune microenvironment heterogeneity identified by risk stratification, we further analyzed expression 
patterns of immune checkpoint-related genes (Figure 7E). Significant differential expression was observed between 
subgroups, particularly in TNFRSF18, TNFRSF4, VTCN1, HHLA2, and LAIR1. Low-risk subgroups exhibited upre
gulated expression of co-stimulatory molecules (TNFSF14) and immunoregulatory molecules (BTLA), whereas high-risk 
subgroups showed specific overexpression of immunosuppressive molecules (VTCN1, LAIR1). This expression hetero
geneity aligns with previously observed therapeutic response disparities: the co-stimulatory signature in low-risk 
subgroups may enhance T-cell activation, while the immunosuppressive milieu in high-risk subgroups—driven by 
VTCN1-mediated T-cell exhaustion and LAIR1-dependent recruitment of myeloid-derived suppressor cells-collectively 
contributes to reduced sensitivity to immunotherapy.

GAS2L3 Knockdown Suppresses Proliferation of HepG2 and Huh7 Cells
Following knockdown of GAS2L3 using two distinct siRNAs, Western blot analysis revealed a significant reduction in 
GAS2L3 expression compared to NC, confirming efficient siRNA-mediated suppression of GAS2L3 (Figure 8A). Flow 
cytometry demonstrated markedly decreased proportions of EdU-positive cells in both siGAS2L3-1 and siGAS2L3-2 
groups versus NC (Figure 8B left). Quantitative analysis of EdU-positive cells further validated significant reductions in 
proliferation for both siRNAs across HepG2 and Huh7 cells (Figure 8B right) (P < 0.001).

Figure 6 Comparison of immune-related pathways between NETs risk subgroups. (A and B) Significant differences in immune-related pathway activation between NETs 
risk subgroups. (C and D) Comparison of mutation profiles and immune infiltration levels between high- risk (C) and low-risk (D) subgroups. 
Abbreviation: NETs: neutrophil extracellular traps.
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CCK-8 assays evaluating the proliferative impact of GAS2L3 knockdown showed significantly lower OD450 values 
in siGAS2L3-treated HepG2 cells relative to NC, especially at 48 hours (P < 0.001; Figure 8C left). Consistent results 
were observed in Huh7 cells (P < 0.01; Figure 8C right). Collectively, these results establish that GAS2L3 knockdown 
inhibits proliferation in HCC lines HepG2 and Huh7.

Discussion
HCC, a highly malignant cancer with poor survival rates, represents a major global health burden.36 Due to its complex 
etiology and pathogenesis, identifying key oncogenes involved in hepatocarcinogenesis is crucial. TME heterogeneity 
significantly contributes to the poor prognosis of HCC patients. Neutrophils, central players in the HCC immune 
landscape, regulate immunity, fight infections, and maintain tissue homeostasis. NETs have been strongly implicated 
in tumor growth, progression, and metastasis.37 However, the role of NETosis-related genes in HCC immune defense 
remains poorly understood.13

Previous studies indicate that NETosis-targeting strategies for HCC can be classified into the following approaches. 
(1) Reducing NETs formation: Metformin lowers NETs levels and suppresses HCC metastasis.38–40 (2) Inhibiting key 
NETosis enzymes: Sivelestat blocks neutrophil elastase, thereby reducing NETs formation and liver metastases in 
colorectal cancer models.41 (3) Disrupting platelet-neutrophil interactions: Dual antiplatelet therapy (aspirin + ticagrelor) 
inhibits P-selectin-mediated aggregation and NETs release.42,43 (4) Targeting mitochondrial dysfunction: In HCC, 
neutrophils produce pro-metastatic mtDNA-enriched NETs due to elevated mitochondrial ROS;39 this can be mitigated 
by mesenchymal stromal cell-derived extracellular vesicles (MSC-EVs), which restore mitochondrial function,44 while 

Figure 7 Comparison of immune infiltration and mutation landscape between NETs risk subgroups. (A–C) Comparison of immune scores (A), ESTIMATE scores (B) and 
stromal scores (C) between the high-risk and low-risk groups. (D) Comparison of Tumor Immune Dysfunction and Exclusion (TIDE), exclusion scores, dysfunction scores, 
and microsatellite instability (MSI) scores between the high-risk and low-risk groups. (E) Comparison of expression patterns of immune checkpoint-related genes between 
the high-risk and low-risk groups. *: P < 0.05; **: P < 0.01; ***: P < 0.001; ****: P < 0.0001.
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metformin selectively impairs mitochondrial ATP synthesis in cancer cells.19 (5) Degrading existing NETs: DNase I can 
degrade NETs components, but its short half-life limits clinical utility due to the need for frequent administration. To 
overcome this, an adeno-associated virus (AAV)-based gene therapy enables sustained, liver-targeted DNase I expression 
through a single injection, and its combination with anti-PD-1 therapy enhances CD8+ T cell infiltration and overcomes 
treatment resistance.45 (6) Postoperative adjuvant therapy: A pH-responsive adhesive hemostatic hydrogel (GODM-gel), 
loaded with DNase I–containing mesoporous bioactive glass nanoparticles (MBGNs), neutralizes the acidic tumor 
microenvironment, degrades NETs, boosts NK cell infiltration, and prevents recurrence in orthotopic HCC models.17

Despite these promising therapeutic strategies, there remains a critical need for reliable gene signatures that can 
identify key drivers of NETosis and improve patient stratification in HCC. Gene signature models have been extensively 
employed in the prediction and diagnosis of various diseases. The strength of these models lies in their capacity to 
leverage high-throughput technologies for simultaneous detection of multiple gene expression levels, thereby capturing 
comprehensive molecular profiles and offering deeper insights into the biological mechanisms underlying diseases. In 
contrast, conventional clinical staging systems such as the TNM and Barcelona Clinic Liver Cancer (BCLC) 

Figure 8 GAS2L3 knockdown suppressed proliferation of HepG2 and Huh7 cells. (A) Western blot confirmed effective siRNA-mediated suppression of GAS2L3. (B) Flow 
cytometry showed a significantly reduced proportion of EdU-positive cells in the siGAS2L3-1 and siGAS2L3-2 groups. (C) The CCK-8 cell proliferation assay demonstrated 
decreased OD450 values at 48 hours in siGAS2L3-treated HepG2 and Huh7 cells. **: P < 0.01; ***: P < 0.001.

https://doi.org/10.2147/JHC.S546404                                                                                                                                                                                                                                                                                                                                                                                                                                                   Journal of Hepatocellular Carcinoma 2025:12 2362

Lu et al                                                                                                                                                                               

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



classifications, while widely used, have notable limitations. The TNM system, which stages tumors based on size (T), 
lymph node involvement (N), and distant metastasis (M), is a general oncological framework but poorly captures the 
biological heterogeneity of HCC, as it does not account for liver-specific factors such as cirrhosis or viral load.46 The 
BCLC system improves upon this by incorporating tumor burden, liver function (Child-Pugh class), and performance 
status to guide treatment decisions; however, it remains limited in predicting recurrence risk in early-stage HCC and does 
not integrate molecular biomarkers.47 Our study developed a robust NETs-related gene signature (GAS2L3 and RTN3) 
by integrating single-cell and bulk transcriptomic data from GSE202642 and TCGA, using WGCNA and LASSO-Cox 
regression to construct a prognostic risk model and nomogram for HCC. Comprehensive analyses revealed significant 
differences in biological functions, immune infiltration, and therapeutic vulnerabilities between risk groups, enhancing 
prognostic accuracy and identifying potential therapeutic targets. By embedding biological mechanism (NETs-mediated 
immunosuppression) into a predictive framework, our model complements and extends beyond traditional staging 
systems, offering a molecularly informed, mechanism-driven approach to risk stratification in HCC.

Members of the growth arrest-specific 2 (GAS2) protein family contain a putative actin-binding calponin homology 
(CH) domain and a microtubule-binding growth arrest–specific related (GAR) domain.48 This protein family comprises 
four members: GAS2, GAS2-like protein 1 (GAS2L1), GAS2-like protein 2 (GAS2L2), and GAS2-like protein 3 
(GAS2L3).49 Notably, GAS2L3 is functionally implicated in mitotic regulation and cell division.48 Emerging evidence 
highlights its critical role in tumor progression across multiple malignancies, including glioma50,51 and esophageal 
squamous cell carcinoma.52 Comparative analyses reveal significantly elevated GAS2L3 expression in HCC tissues 
compared to adjacent non-tumorous specimens.53,54 Through pan-cancer profiling of GAS2 family members, Xu et al 
demonstrated that GAS2L3 exhibits elevated expression across diverse tumor types, functions as an independent prognostic 
factor in HCC patients, and correlates with immune cell infiltration, suggesting its potential oncogenic role in 
hepatocarcinogenesis.53 Consistently, diethylnitrosamine (DEN)-induced HCC murine models recapitulate GAS2L3 upre
gulation in hepatic tumor tissues.54 Furthermore, GAS2L3 has been incorporated into gene-based prognostic signatures for 
effectively predicting survival outcomes in HCC cohorts.55 In our experimental framework, siRNA-mediated knockdown 
of GAS2L3 was successfully achieved in HepG2 and Huh7 hepatocellular carcinoma cell lines. Subsequent flow cytometry 
and quantitative analyses demonstrated that GAS2L3 suppression significantly inhibited cellular proliferation in both cell 
lines. Time-course experiments revealed progressively divergent growth patterns, with control groups exhibiting markedly 
higher OD450 values compared to GAS2L3-knockdown groups, particularly at the 48-hour time point. These findings 
collectively demonstrate that GAS2L3 depletion exerts potent anti-proliferative effects in HCC models.

Research has demonstrated that GAS2 plays a vital role in HCC cell proliferation and apoptosis, possibly by regulating the 
cell cycle and p53-dependent apoptosis pathway.56 Elevated GAS2L3 expression shows promise for improving early HCC 
detection and risk stratification. Beyond its biomarker utility, elucidating the molecular mechanisms of GAS2L3 may unlock 
novel therapeutic strategies. Notably, investigating the potential role of GAS2L3 in NETosis could reveal novel therapeutic 
intervention points. Specifically, it is worth exploring whether GAS2L3 acts as an upstream regulator of key NETosis-associated 
enzymes—such as peptidylarginine deiminase 4 (PAD4), NE, and myeloperoxidase (MPO)—in response to inflammatory or 
hypoxic stimuli within the tumor microenvironment. If GAS2L3 promotes PAD4 activation or modulates NE and MPO activity 
through direct protein–protein interactions or post-translational modifications, targeting GAS2L3 may provide greater specificity 
than inhibiting downstream effectors, thereby reducing potential off-target effects on physiological immune functions. 
Furthermore, determining whether GAS2L3 integrates into the structural framework of NETs or influences their functional 
properties—such as stability, adhesiveness, or ability to trap tumor cells—through co-localization studies and functional assays 
would help define its biological significance. Validation of these mechanisms could elevate GAS2L3 from a prognostic 
biomarker to a therapeutically actionable target, paving the way for the development of small-molecule inhibitors, monoclonal 
antibodies, or gene-based therapies aimed at suppressing NETs-driven HCC metastasis. Future studies should validate these 
findings in larger patient cohorts, further investigate the biological functions of GAS2L3 in liver cancer, and evaluate the 
effectiveness of GAS2L3-directed treatments through clinical trials. Furthermore, the NETs-related gene signature may 
potentially be developed into a clinical molecular testing panel in the future, enabling risk stratification for patients after 
hepatocellular carcinoma surgery and aiding in the formulation of personalized follow-up strategies and immunotherapy 
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decisions. Moreover, since NETs themselves can be non-invasively detected through serum biomarkers (such as cfDNA and 
MPO-DNA complexes), this model holds strong potential for translation into a liquid biopsy-based application.

The endoplasmic reticulum protein Reticulon (RTN) family comprises four members: RTN1, RTN2, RTN3, and RTN4.57 

RTN3, an integral membrane protein, plays essential roles in endoplasmic reticulum morphogenesis and regulation of 
membrane-bound acyltransferase activity in normal cellular physiology.58–60 Beyond its physiological functions, RTN3 has 
been implicated in Alzheimer’s disease pathogenesis and astrocytoma progression. Although reported in HCC research, its 
functional role remains controversial. The study has shown that RTN3-mediated Chk2/p53 activation suppresses hepatocel
lular carcinogenesis and is inhibited by hepatitis B virus.61 Other investigations demonstrate that RTN3 knockdown 
suppresses proliferation, migration, and invasion capabilities in HepG2 cells62 while elevated RTN3 mRNA/protein levels 
in tumor tissues are positively correlated with unfavorable prognosis in multivariate risk models.63 These conflicting 
observations suggest viral infection status may critically influence RTN3’s functional duality in HCC. Our research data 
show that excessive RTN3 gene is associated with the proliferation, invasion, and metastasis of tumor cells.

In the high-risk NETs subgroup, activation of the KEGG_Glycosphingolipid_Biosynthesis_Lacto_and_Neolacto 
pathway was observed. This pathway refers to the specific biochemical processes involved in the biosynthesis of two 
distinct classes of glycosphingolipids (GSLs): the lacto-series and the neolacto-series. GSLs are amphipathic molecules 
composed of a lipid anchor (ceramide) and a glycan head group. As essential constituents of the plasma membrane, 
particularly within lipid rafts, they serve not only as structural elements but also as critical signaling molecules regulating 
diverse cellular processes, including cell adhesion, proliferation, differentiation, and apoptosis.64 Regarding the lacto- 
and neolacto-series glycosphingolipids, accumulating evidence suggests their significant involvement in HCC. Notably, 
Zhu et al demonstrated that fucosylated glycosphingolipids are markedly overexpressed in HCC tumor tissues compared 
to adjacent non-tumorous liver tissues.65 However, the precise functional roles and underlying mechanisms of fucosy
lated, as well as other lacto/neo-lacto series GSLs, in HCC progression and their potential as therapeutic targets or 
biomarkers remain incompletely understood. Further research is therefore warranted to elucidate the contribution of these 
specific glycosphingolipids to HCC pathogenesis and cancer biology more broadly.

This study has certain limitations. First, differences in sample sources, data preprocessing methods, and analytical 
techniques may lead to variations in gene signatures, thereby affecting the stability and reproducibility of prediction 
outcomes. While we have applied bioinformatics methods for batch correction, we cannot completely rule out the 
potential impact of residual batch effects or population heterogeneity on the model’s generalizability. Although the 
current model demonstrates robust prognostic predictive performance across multiple public cohorts, we emphasize that 
its stability and clinical utility still require further validation in prospective, multicenter cohorts with standardized 
sampling protocols and uniform detection platforms. Additionally, the gene signature model is primarily constructed 
based on differences in gene expression levels, potentially neglecting other critical factors such as genetic variations and 
post-transcriptional modifications that could influence predictive performance. Therefore, when utilizing gene signature 
models, it is important to recognize their limitations and integrate additional biological information and experimental 
data to achieve a more comprehensive analysis. Finally, although the HepG2 cell line is widely used in hepatocellular 
carcinoma research, it is essential to note that this model may not fully recapitulate all aspects of the human condition.

Conclusion
To sum up, through the integration of multi-omics sequencing data, including single-cell RNA sequencing and 
transcriptomic profiles, we constructed a prognostic signature linked to NETs and thoroughly examined the clinical 
significance of high versus low NETs activity in hepatocellular carcinoma. Additionally, we identified GAS2L3 as a key 
NETs-associated gene, whose expression was strongly associated with tumor progression, highlighting its potential as 
a therapeutic target for HCC.
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