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Abstract
Neddylation contributes to cancer progression, but its relationship with proteasome-related genes and
the immune microenvironment in laryngeal squamous cell carcinoma (LSCC) remains unclear. We aimed
to identify neddylation-associated genes in LSCC and characterize their molecular, metabolic, and
immune features. Transcriptomic data from The Cancer Genome Atlas and Gene Expression Omnibus
were analyzed using differential expression, functional enrichment, and machine-learning approaches.
Key genes were further evaluated by survival, pathway, immune infiltration, and somatic mutation
analyses and validated by quantitative real-time PCR (qRT-PCR) in five paired LSCC and adjacent tissues.
Seventy-four differentially expressed neddylation-related genes were identified. Four genes, KCTD6,
PSMB2, PSMB4, and PSMD2, were selected by both LASSO and SVM-RFE. KCTD6-associated genes
were enriched in bile acid metabolism, while macrophage M0 and resting CD4 + memory T cells were
associated with prognosis. Lower PSMB4 and PSMD2 expression was associated with immune escape-
related features. qRT-PCR showed concordant expression patterns, with KCTD6 downregulated and
PSMB2, PSMB4, and PSMD2 upregulated in tumors; only PSMB2 reached statistical significance. We
identified a distinct set of proteasome-related neddylation-associated genes associated with metabolic
and immune characteristics in LSCC. These findings suggest potential links between neddylation-
associated proteasome genes and the immune microenvironment in LSCC.

1. Introduction
Laryngeal squamous cell carcinoma (LSCC) accounts for 85–95% of laryngeal cancers, with over
184,000 new cases diagnosed worldwide each year. Histologically, LSCC shows infiltrative growth of
dyskeratotic squamous epithelium and is often accompanied by early cervical lymph-node metastasis
(1). Mortality rates range from 40% to 50%, and among individuals with smoking-related and human
papillomavirus (HPV)-negative disease, the 5-year survival rate falls below 40% (2, 3). Although surgery
combined with chemoradiotherapy can achieve five-year survival rates of 70–90% in early-stage disease,
patients with advanced LSCC have survival rates below 35% and laryngeal preservation rates as low as
20%, often causing severe respiratory and swallowing dysfunction (4). These clinical challenges
underscore the need to better define molecular mechanisms driving LSCC progression and identify
targets that may improve risk stratification and clinical decision-making.

Neddylation is a reversible post-translational modification in which NEDD8 is covalently conjugated to
substrate proteins, primarily cullin family members, thereby regulating the activity of cullin-RING E3
ubiquitin ligases (CRLs). By modulating protein ubiquitination and degradation, neddylation is required
for maintaining cellular homeostasis, including cell-cycle regulation, DNA damage response, and signal
transduction (5, 6). In malignant tumors, aberrant hyper-neddylation stabilizes oncoproteins such as c-
Myc and EGFR and sustains oncogenic signaling pathways, including PI3K/AKT, thereby promoting
immune evasion and chemoresistance (6, 7). In head and neck squamous cell carcinoma, NAE1 and
NEDD8 are significantly upregulated and positively associated with TNM stage (8). However, LSCC-

Page 2/31



specific neddylation-related gene patterns and their relationship with the tumor microenvironment
remain incompletely defined (9).

A recent bioinformatic study has examined neddylation-related genes (NRGs) in LSCC, but with different
gene sets and endpoints. Wang et al. (10) developed a neddylation-associated prognostic signature
based on COMMD2, WSB2, and CUL9 and further examined ribosome-related pathways, immune
infiltration patterns, and regulatory microRNA networks, with experimental validation of selected targets.
Although that work provided important insight into the prognostic significance of neddylation in LSCC,
the analyzed gene set and biological emphasis differ from those of the present study. Specifically, Wang
et al. focused on cullin-related neddylation genes and ribosome pathways, whereas the present analysis
emphasizes proteasome-associated neddylation genes and their links to bile acid metabolism and
immune cell infiltration.

In contrast, the present study focuses on a distinct subset of neddylation-associated genes closely
linked to the proteasome and ubiquitin-proteasome system, including KCTD6 and specific PSMB and
PSMD subunits. Given the functional coupling among neddylation, CRL activity, and proteasome-
mediated protein turnover, proteasome-related neddylation-associated genes were hypothesized to have
distinct biological and immune associations in LSCC. In addition to survival analyses, complementary
biological features were examined, including bile acid metabolism-related pathways and immune cell
infiltration patterns, particularly macrophage M0 and resting CD4 + memory T cells. Immune escape-
related features inferred by computational prediction algorithms were also evaluated.

We performed integrated bioinformatic analyses of LSCC transcriptomic datasets from The Cancer
Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) to identify neddylation-associated
candidate genes. By combining differential expression analysis, protein-protein interaction network
construction, functional enrichment analysis, and machine-learning-based feature selection,
proteasome-related neddylation-associated genes were prioritized and then preliminarily validated by
quantitative real-time PCR in LSCC tissues. These findings indicate that proteasome-related neddylation-
associated genes may be linked to immune and metabolic features in LSCC and are supported by
preliminary quantitative real-time PCR validation in clinical tissue samples.

2. Results

2.1 Identification of neddylation-related differentially
expressed genes in LSCC
We first compared tumor and normal tissues in the TCGA-LSCC cohort. A total of 7,255 differentially
expressed genes (DEGs) were identified (Figs. 1A and 1B, Supplementary Table S1). Intersecting these
DEGs with 245 neddylation-related genes yielded 74 differentially expressed neddylation-related genes
(DE-NRGs) (Fig. 1C, Supplementary Table S2). Functional enrichment analysis indicated that these DE-
NRGs were enriched mainly in proteasome-mediated ubiquitin-dependent protein catabolic processes
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and ubiquitin ligase complexes (Fig. 1D). DE-NRGs were also enriched in ubiquitin-mediated proteolysis
and disease-associated gene sets, including spinocerebellar ataxia and Parkinson disease (Fig. 1E).

2.2 Protein-protein interaction network construction and
candidate gene screening
A PPI network was built to map functional relationships among DE-NRGs. The network showed extensive
interactions among DE-NRG-encoded proteins, including CCDC8-BIRC5 and FBXW11-FBXO2 (Fig. 1F),
supporting the involvement of ubiquitin-proteasome system components. Key gene modules identified
by MCODE analysis (Fig. 1G) were enriched in proteasome and cullin-RING ligase pathways (Figs. 1H
and 1I).

2.3 Machine-learning feature selection
Two independent algorithms, LASSO and SVM-RFE, filtered the 40 MCODE genes. When lambda-min was
0.00474, the LASSO model achieved the lowest residual sum of squares and identified ten feature genes
(PSMB2, PSMB4, CUL3, KCTD6, PSMD2, KCTD7, ZBTB16, UBC, KBTBD6, and HIF1A) (Fig. 2A). SVM-RFE
peaked at nine features (PSMD2, PSMB4, PSMB3, KCTD6, COMMD2, PSMA6, PSMA7, PSMB2, and
UBXN7) (Figs. 2B and 2C). Four genes, KCTD6, PSMB2, PSMB4, and PSMD2, survived both LASSO and
SVM-RFE filters and were retained as final candidates (Fig. 2D). Both TCGA-LSCC and GSE142083
datasets showed the same pattern: KCTD6 was lower in tumors while PSMB2, PSMB4, and PSMD2 were
higher (Figs. 2E and 2F).

2.4 Nomogram construction and survival analysis
ROC curves were generated for each candidate gene (Figs. 3A-3D). A nomogram was constructed to
assess discriminative performance based on candidate gene expression in the TCGA-LSCC cohort
(Fig. 3E). The calibration, decision, and ROC curves suggested that the nomogram may help distinguish
LSCC from normal samples in the TCGA cohort, with better performance than the individual candidate
genes (Figs. 3F-3H). Patients in the TCGA-LSCC cohort were stratified into high- and low-expression
groups according to each candidate gene. Survival analysis showed that only PSMB2 expression
correlated significantly with overall survival in LSCC (Figs. 4A-4D). Correlation analysis showed that
KCTD6 was negatively correlated with PSMB2, PSMB4, and PSMD2 (Fig. 4E). The gene-gene interaction
network showed interactions between the candidate genes and multiple proteasome-associated genes,
including UBLCP1, PSMC1, and KCTD2 (Fig. 4F).

2.5 Functional enrichment and immune infiltration
associated with KCTD6 and proteasome-related genes
Genes co-expressed with KCTD6 were enriched in bile acid metabolism-related pathways. Functional
enrichment analysis showed that KCTD6, PSMB4, and PSMD2 were co-enriched in myogenesis-related
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pathways; PSMB2 and PSMB4 were co-enriched in MYC_TARGETS_V1 and MYC_TARGETS_V2; and
KCTD6 and PSMD2 were co-enriched in KRAS-signaling-downregulated pathways (Figs. 5A-5D). GSVA
further showed that the HALLMARK_BILE_ACID_METABOLISM pathway was upregulated in the KCTD6
high-expression group, whereas MYC_TARGETS_V1 and MYC_TARGETS_V2 were upregulated in the
PSMB2, PSMB4, and PSMD2 high-expression groups but downregulated in the KCTD6 high-expression
group (Fig. 5G).

2.6 Immune cell infiltration and survival associations
Immune infiltration analysis was performed to characterize the immune cell composition of LSCC. LSCC
samples had a higher proportion of infiltrating B-cell subsets than normal tissues (Fig. 6A), and six
immune cell types differed significantly between tumor and normal samples: macrophage M0,
macrophage M2, activated mast cells, resting mast cells, resting myeloid dendritic cells, and resting CD4 
+ memory T cells (Fig. 6B). Macrophage M0 (Fig. 6C, p = 0.0009), activated mast cells (Fig. 6E, p = 0.009),
resting myeloid dendritic cells (Fig. 6G, p = 0.003), and resting CD4 + memory T cells (Fig. 6H, p = 0.027)
were significantly associated with prognosis (Figs. 6C-6H). Correlation analysis further showed that
macrophage M0 was negatively correlated with KCTD6 and positively correlated with PSMD2, whereas
resting CD4 + memory T cells were negatively correlated with PSMB4 (Supplementary Figure S5 ).

2.7 Association between PSMB4 / PSMD2 expression and
immune escape-related features
TIDE, dysfunction, and exclusion scores were calculated to estimate immunotherapy response. The TIDE
and dysfunction scores were higher in the PSMB4 low-expression group, whereas the dysfunction score
was higher in the PSMD2 low-expression group (Figs. 7B and 7D), suggesting that reduced PSMB4 and
PSMD2 expression may be associated with immune escape-related features. Immune-related molecules,
including TNFRSF18 and HLA-A, were associated with candidate gene expression (Supplementary
Figures S1–S4). ESTIMATE analysis further showed that the PSMB2 and PSMB4 low-expression groups
had higher stromal scores, whereas the KCTD6 high-expression group had higher immune and
ESTIMATE scores (Figs. 7E-7H).

2.8 Somatic mutation, CNV, and regulatory network
analysis
Somatic mutations and CNV were analyzed to characterize genomic alterations in the four candidates.
PSMD2 had a mutation frequency of up to 24%, with amplification as the predominant alteration type.
CTD analysis identified reported associations between environmental chemicals, including bisphenol A,
benzo[a]pyrene, copper sulfate, and amitrole, and the candidate genes. The ceRNA network suggested
potential regulatory relationships, including PSMD2-hsa-miR-361-3p-MALAT1 and KCTD6-hsa-miR-153-
3p-SNHG15 (Supplementary Figure S6).
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2.9 qRT-PCR validation of candidate gene expression
The four candidate genes were validated by qRT-PCR on five paired LSCC tumor and adjacent non-tumor
specimens, using the redesigned primer set described in Methods (Section 4.9.4 and Supplementary
Table S3) (Fig. 8). Matching the TCGA and GEO predictions, KCTD6 mRNA expression was lower in LSCC
tumor tissues than in adjacent non-tumor tissues (1.920 ± 0.350 vs. 2.835 ± 0.467; P = 0.058), whereas
PSMB2, PSMB4, and PSMD2 showed higher expression in tumor tissues than in adjacent non-tumor
tissues (PSMB2: 6.690 ± 0.400 vs. 5.250 ± 0.380, P = 0.011; PSMB4: 8.395 ± 0.300 vs. 7.610 ± 0.500, P = 
0.095; PSMD2: 8.510 ± 0.687 vs. 7.195 ± 0.260, P = 0.066), as summarized in Supplementary Table S4.
Among the four genes, PSMB2 reached statistical significance (P = 0.011); KCTD6, PSMB4, and PSMD2
showed expression trends consistent with the computational predictions but did not clear nominal
significance with the present sample size. The direction of expression change for all four genes was
concordant with the TCGA and GEO analyses, supporting the reliability of the bioinformatic findings and
providing preliminary experimental evidence that these neddylation-associated proteasome genes are
dysregulated in LSCC.

3. Discussion
Advanced LSCC carries a 5-year survival below 35% and a laryngeal preservation rate of only 20%, even
with combined surgery and chemoradiation (23, 24). Clinicians need markers that catch LSCC earlier and
guide treatment, a gap this study begins to address. Neddylation, a post-translational modification that
regulates protein stability and signaling through cullin-RING E3 ubiquitin ligases, regulates protein
turnover in multiple cancers (25–27). However, the landscape and biological significance of neddylation-
related genes in LSCC remain incompletely defined. We therefore combined TCGA and GEO datasets,
applied LASSO and SVM-RFE feature selection, and identified four neddylation-related genes (KCTD6,
PSMB2, PSMB4, and PSMD2) whose expression, immune correlations, and prognostic associations we
report here.

KCTD6 was downregulated in LSCC tumors in both bioinformatic datasets and in our qPCR cohort.
KCTD6 is a substrate adaptor for cullin-3 (CUL3) E3 ubiquitin ligase complexes; loss of KCTD6 stabilizes
oncoproteins that would otherwise be tagged for proteasomal degradation, a mechanism well-described
for cullin-RING substrate adaptors (28). Whether KCTD6 loss in LSCC similarly promotes oncoprotein
accumulation will require functional studies. Mechanistically, the CRL3/KCTD-family adaptor system
places KCTD6 within the same neddylation-CRL-proteasome axis as the PSMB and PSMD subunits
identified by our screen (29, 30).

The three proteasome genes told the opposite story: all three were higher in tumors. Overexpression of
these subunits speeds degradation of cell-cycle brakes such as p21 and p27. He et al. (31) showed this
for PSMB2 in glioma, and Lin et al. (32) demonstrated that PSMB4 reduction in T24 and J82 bladder
cancer cells inhibits the angiogenesis and migration of endothelial cells. Li et al. (33) showed that
PSMD2 regulates breast cancer cell proliferation and cell-cycle progression by modulating proteasomal
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degradation of p21 and p27. PSMD2 overexpression also predicts poor outcomes in esophageal
squamous cell carcinoma (34) and in breast cancer (33). Functional pathway analyses in the present
study showed that these proteasome-related genes were associated with MYC signaling, consistent with
the model that excess proteasome activity clears tumor suppressors faster than they can act (35).
Higher PSMB2 correlated with better overall survival in the TCGA-LSCC cohort, a paradox suggesting
proteasome components have context-dependent, possibly opposing roles in different cancers (31–33).

How immune cells infiltrate LSCC tumors directly affects both prognosis and immunotherapy eligibility.
Immune infiltration analysis showed that macrophage M0 and resting CD4 + memory T cells correlated
significantly with prognosis, matching their known roles in tumor immune evasion (36–38). These data
indicate that immune cell composition may interact with neddylation-related gene expression patterns in
LSCC. To further assess immunotherapy-related features, immune dysfunction and exclusion scores
were inferred using the TIDE algorithm (39). The results showed that low PSMB4 and PSMD2 expression
was associated with higher immune dysfunction scores, suggesting a potential link between
proteasome-related gene expression and immune escape-related features. ESTIMATE analysis showed
that higher KCTD6 expression correlated with increased immune and ESTIMATE scores, indicating a
relatively immune-enriched tumor microenvironment that may be more responsive to immunotherapeutic
strategies (40). Because these immune characteristics were inferred computationally, further
experimental validation is needed to confirm their biological and clinical significance. Correlation
analyses further showed that macrophage M0 infiltration was negatively correlated with KCTD6
expression and positively correlated with PSMD2 expression, whereas resting CD4 + memory T cells
were negatively correlated with PSMB4 expression. These associations suggest that neddylation-
associated genes may influence immune cell distribution within the LSCC microenvironment, although
causality cannot be established from the current analyses.

Mutation rates for PSMB2, PSMB4, and KCTD6 were low. PSMD2, by contrast, showed copy number
amplification in 24% of cases, similar to what has been reported in breast cancer (33) and esophageal
squamous cell carcinoma (34). Enrichment analysis placed all four genes within ubiquitin-mediated
proteolysis and NF-kappaB signaling pathways, both with established oncogenic roles in head and neck
SCC. High-PSMD2 tumors had fewer CD8 + T cells and more M2 macrophages, a pattern that typically
signals immune suppression and poor checkpoint-inhibitor response (41). Together, these data suggest
that proteasome overactivity may help LSCC tumors dodge immune surveillance. Chemical-gene
interaction analysis identified associations between candidate genes and environmental chemicals,
including bisphenol A (42), benzo[a]pyrene (43), copper sulfate (44), and amitrole (45). These
associations should be interpreted as potential environmental exposure-related risk modifiers rather
than direct therapeutic agents and provide additional context for understanding neddylation-proteasome
pathway dysregulation in LSCC.

To check whether the TCGA patterns hold in real tissue, qRT-PCR was run on five matched tumor /
adjacent pairs from Zhengzhou University using primers redesigned against the canonical RefSeq mRNA
of each human gene (Supplementary Table S3). KCTD6 mRNA was lower in tumors and PSMB2, PSMB4,

Page 7/31



and PSMD2 were higher. PSMB2 reached statistical significance (P = 0.011); the other three showed
expression trends in the predicted direction without clearing nominal significance, which is unsurprising
with five paired specimens. Four-for-four directional agreement between TCGA predictions and bench
data is encouraging, but a powered confirmatory cohort (n > 20) is needed before calling these true
biomarkers.

Three caveats apply. First, the qRT-PCR validation used only five paired specimens; while sufficient to
confirm direction of change, this is underpowered for robust effect-size estimation, and
immunohistochemistry or Western blot on a larger cohort (n > 30) would resolve whether mRNA changes
translate to protein. Second, the small number of normal samples in the TCGA dataset may limit the
robustness of the differential expression analyses. Third, although associations with prognosis, immune
features, and metabolic pathways were identified, functional experiments are needed to clarify the
underlying biological mechanisms and clinical relevance.

4. Materials and methods

4.1 Data sources and neddylation-related gene set
Transcriptomic data, clinical features, somatic mutation profiles, copy number variation (CNV) data, and
survival data for LSCC were retrieved from the TCGA database (http://cancergenome.nih.gov/), including
111 tumor samples and 12 normal samples. In addition, the independent LSCC dataset GSE142083
(platform GPL20301) was downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/),
comprising 53 tumor samples and 53 normal samples. A total of 245 neddylation-related genes (NRGs)
were retrieved from the Reactome database (https://reactome.org). NRGs were defined as genes
annotated to the neddylation pathway or related biological processes. Although neddylation directly
regulates CRL activity, CRL-mediated ubiquitination ultimately converges on proteasome-dependent
protein degradation. Accordingly, genes functionally linked to the ubiquitin-proteasome system were
retained when identified through the NRG-overlap and feature-selection workflow. Proteasome-related
genes, including KCTD6, PSMB2, PSMB4, and PSMD2, were therefore considered neddylation-associated
candidates in downstream analyses, reflecting the functional coupling among neddylation, CRL
activation, and proteasome-mediated substrate turnover.

4.2 Differential expression analysis and functional
enrichment
We compared tumor and normal samples in the TCGA-LSCC cohort using DESeq2 v1.38.0 (11). Genes
with |log2 fold change| > 0.5 and adjusted P value (padj) < 0.05 were considered differentially expressed.
DESeq2 internal size-factor normalization was applied using the default workflow. Differentially
expressed genes (DEGs) were visualized using ggplot2 v3.4.3 (12) and ComplexHeatmap v2.14.0 (13).
Genes overlapping between the DEGs and the Reactome-derived NRG list were defined as differentially
expressed neddylation-related genes (DE-NRGs). Protein-protein interaction (PPI) networks of DE-NRGs
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were built with STRING (https://string-db.org/; medium confidence > 0.4) and visualized in Cytoscape.
Key functional modules were identified with the Molecular Complex Detection (MCODE) algorithm, and
genes within these modules were defined as candidate genes. Gene Ontology (GO) and KEGG
enrichment analyses were run with clusterProfiler v4.6.2 (14). Multiple testing correction was applied
using the Benjamini-Hochberg false discovery rate method, with qvalueCutoff < 0.05 considered
statistically significant.

4.3 Machine-learning-based feature selection
We applied two independent feature-selection algorithms, LASSO regression and SVM-RFE, to prioritize
candidates. LASSO regression was performed using the glmnet package v4.1-4, with the optimal
regularization parameter (lambda-min) determined by 10-fold cross-validation using cv.glmnet (15).
SVM-RFE was performed using the caret package v6.0-93 with 10-fold cross-validation, and the feature
set with the highest classification accuracy was selected (16). Genes identified by both LASSO and SVM-
RFE were defined as final candidate genes. These genes were then evaluated for differential expression
in both the TCGA-LSCC and GSE142083 datasets. Genes with consistent expression trends and
statistically significant differences between tumor and normal tissues in both datasets were retained for
downstream analyses.

4.4 Diagnostic value and prognostic association analyses
We generated receiver operating characteristic (ROC) curves with pROC v1.18.0 to assess the diagnostic
performance of candidate genes (17). Nomograms were constructed using rms v6.5-0 based on gene
expression data from the TCGA-LSCC cohort (18). Calibration curves, decision curve analysis, and ROC
curves were used to evaluate nomogram performance. For prognostic analysis, patients were
categorized into high- and low-expression groups according to candidate gene expression, and Kaplan-
Meier survival analysis was performed between groups (P < 0.05). Correlations among candidate genes
were assessed using Spearman correlation analysis and visualized with corrplot v0.92 (19).

4.5 Pathway-level functional analyses
To investigate functional pathways associated with candidate genes, differential expression analysis
between high- and low-expression groups was performed using DESeq2. Gene set enrichment analysis
(GSEA) and gene set variation analysis (GSVA) were then used to characterize relevant biological
pathways. Using HALLMARK gene sets from the Molecular Signatures Database (MSigDB), genes were
ranked by log2 fold change and subjected to GSEA with clusterProfiler (padj < 0.05). GSVA was
performed with the GSVA package v1.46.0 (20).

4.6 Tumor immune microenvironment and immunotherapy-
related analyses
We estimated immune cell infiltration with CIBERSORT v1.03 (P < 0.05) (21). Immune cell types with
differential infiltration were further examined for prognostic relevance by stratifying samples into high-
and low-infiltration groups, followed by Kaplan-Meier survival analysis. Associations between candidate
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gene expression and prognosis-associated immune cells were assessed using Spearman correlation
analysis. These analyses were exploratory and were not adjusted for multiple testing. Correlation plots
were generated with ggcorrplot v0.1.4 (19). To infer immune escape-related features, the Tumor Immune
Dysfunction and Exclusion (TIDE) algorithm was used to calculate TIDE, dysfunction, and exclusion
scores in high- and low-expression groups. In addition, expression of immune checkpoint genes, co-
stimulatory molecules, MHC genes, chemokines, and their receptors was compared between groups.
Immune, stromal, and ESTIMATE scores were calculated using ESTIMATE v1.0.13 (22).

4.7 Prediction of genetic variants, drugs, and molecular
regulation
Somatic mutation and CNV data for candidate genes were obtained from the TCGA-LSCC cohort and
analyzed using cBioPortal segmentation analysis and the GISTIC algorithm. To generate hypotheses
regarding potential chemical-gene interactions, associations between chemicals and candidate genes
were examined using the Comparative Toxicogenomics Database (CTD) (http://ctdbase.org/) to identify
reported chemical associations. These findings are descriptive and should be interpreted as hypothesis-
generating rather than as direct therapeutic predictions. Potential miRNAs targeting candidate genes
were predicted using miRanda (http://mirtoolsgallery.tech/mirtoolsgallery/node/1055) and miRDB
(http://mirdb.org), and overlapping miRNAs were retained. Candidate lncRNA interactions were obtained
from the starBase database (http://starbase.sysu.edu.cn). Regulatory networks were visualized using
Cytoscape.

4.8 Statistical analysis
All analyses were performed in R v4.2.2. Two-group comparisons used the Wilcoxon test for non-
normally distributed data. Statistical analyses of qRT-PCR data were performed using Welch t-test
(Section 4.9.5), which is robust to unequal variance and is appropriate for small samples (n = 5 per
group). P < 0.05 was considered statistically significant.

4.9 Quantitative real-time PCR (qRT-PCR) validation

4.9.1 Tissue collection
To validate the expression patterns of the four candidate neddylation-associated genes identified
through bioinformatic analysis, qRT-PCR was performed on five paired LSCC tumor and adjacent non-
tumor tissue specimens. Fresh tissue samples were collected during surgical resection at The Affiliated
Cancer Hospital of Zhengzhou University between July 2025 and November 2025. Tissue specimens
were immediately rinsed with pre-cooled phosphate-buffered saline, snap-frozen in liquid nitrogen, and
stored at -80 degrees C until RNA extraction.

4.9.2 RNA extraction and DNase treatment
Total RNA was extracted with TRIzol Reagent (Invitrogen, Carlsbad, CA, USA) according to the
manufacturer instructions. RNA concentration and purity were assessed by spectrophotometry
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(A260/A280 ratio), and RNA integrity was confirmed by agarose gel electrophoresis. All RNA samples
were treated with RNase-free DNase I (Tiangen Biotech, Beijing, China) for 30 minutes at 37 degrees C to
eliminate genomic DNA contamination, followed by enzyme inactivation according to the manufacturer
protocol. DNase treatment was applied to every sample regardless of A260/A280 ratio because the
beta-actin reference primers used in this study reside in the 3-prime untranslated region (Section 4.9.4)
and therefore cannot discriminate cDNA from genomic DNA on amplicon length alone.

4.9.3 cDNA synthesis
cDNA was synthesized from DNase-treated total RNA using the FastQuant RT Kit (Tiangen Biotech,
Beijing, China) according to the manufacturer instructions. For each sample, a parallel reaction was
prepared with the reverse transcriptase enzyme omitted (no-RT control) to permit assessment of
residual genomic DNA in downstream qRT-PCR (Section 4.9.5).

4.9.4 Primer design and quantitative real-time PCR
Primer pairs for the four candidate target genes (KCTD6, PSMB2, PSMB4, PSMD2) and the reference
gene beta-actin (ACTB) were designed against the canonical RefSeq mRNA of each human gene using
Primer3 (parameters: primer length 18–23 nt, melting temperature 58–62 degrees C, GC content 40–
60%, amplicon size 70–200 bp, maximum poly-X 3, GC clamp 1, maximum 3 G/C bases in the last 5
nucleotides at the 3-prime end). For KCTD6, PSMB2, PSMB4, and PSMD2, primer placement was
constrained so that the predicted amplicon spans at least one exon-exon junction, ensuring that only
complementary DNA derived from mature mRNA is amplified. For ACTB, primers were placed in the 3-
prime untranslated region (3-prime UTR) to avoid cross-reactivity with the highly conserved coding
region of other actin family members (ACTG1, ACTG2, ACTC1) and the POTE family. Primer specificity
was verified by BLAST against the entire human refseq_rna database; for each pair, the intended target
gene was confirmed as the unique top hit at 100% identity for both forward and reverse primer, with no
off-target transcript producing a predicted amplicon within the 70–300 bp range. Primer sequences and
amplicon properties are provided in Supplementary Table S3.

qRT-PCR was performed using SYBR Green Premix Ex Taq II (Takara Bio, Dalian, China) on an Applied
Biosystems QuantStudio real-time PCR system (Thermo Fisher Scientific). Each 20 microliter reaction
contained 10 microliter of 2x SYBR Green master mix, 0.4 micromolar of each primer, 1 microliter of
cDNA (or no-RT control), and nuclease-free water to volume. Cycling conditions were 95 degrees C for 30
seconds (initial denaturation), followed by 40 cycles of 95 degrees C for 5 seconds (denaturation) and 60
degrees C for 30 seconds (combined annealing and extension, with fluorescence acquisition). A melt-
curve analysis was performed at the end of every plate (65 to 95 degrees C in 0.5 degrees C steps, 5
seconds per step). Each biological sample was assayed in technical triplicate, with both a no-template
control (water) and a no-RT control included on every plate. Wells with multi-peak or shoulder melt
curves, or with no-template / no-RT signals less than five cycles later than the lowest-input sample, were
excluded from analysis. Amplification efficiency for each primer pair was determined from a 5-step 5-
fold serial dilution of pooled cDNA; only pairs with efficiency between 90% and 110% and R-squared > = 
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0.98 across the standard curve were retained for downstream quantification. Quantification cycle (Cq)
values were determined using the QuantStudio software default automatic baseline and threshold
setting. Relative mRNA expression was calculated using the 2^(-Delta Delta Ct) method, normalized to
beta-actin.

4.9.5 qRT-PCR statistical analysis
Statistical comparisons of relative mRNA expression between tumor and adjacent non-tumor tissues
were performed using the Welch t-test, which does not assume equal variance and is appropriate for
small samples (n = 5 per group). P values are reported uncorrected for multiple testing, given the limited
sample size and the exploratory validation purpose of this analysis. P < 0.05 was considered statistically
significant.

4.10 Ethics approval and informed consent
The study was approved by the Institutional Ethics Committee of The Affiliated Cancer Hospital of
Zhengzhou University (approval number 2023-KY-0129-002, with a 2025 amendment covering the
present collection period). All procedures involving human participants were conducted in accordance
with the ethical standards of the institutional research committee and with the Declaration of Helsinki
and its later amendments. Written informed consent was obtained from all participants prior to tissue
collection and analysis.

5. Conclusion
We screened 245 neddylation-related genes across TCGA-LSCC and GEO datasets, and four (KCTD6,
PSMB2, PSMB4, PSMD2) passed both LASSO and SVM-RFE filters while showing associations with
survival, immune infiltration, and metabolic pathways. qRT-PCR on five paired specimens showed
concordant expression directions that KCTD6 was lower and PSMB2, PSMB4, PSMD2 were higher in
tumors, matching the computational predictions, with PSMB2 reaching statistical significance. Together,
the bioinformatic and qPCR data point to neddylation-proteasome dysregulation as a feature of LSCC,
though the qPCR sample (n = 5) is too small for definitive conclusions. Larger cohorts and functional
experiments are needed to validate these candidate genes and clarify their biological and clinical
relevance in LSCC.
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Figure 1

Integrated identification and functional characterization of differentially expressed neddylation-related
genes in laryngeal squamous cell carcinoma.

(A) Volcano plot of DEGs between LSCC tumor and normal laryngeal tissues in the TCGA cohort
(thresholds: |log2FC| > 0.5, adjusted p < 0.05). Red dots = significantly upregulated genes; green dots =
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significantly downregulated genes; representative top-ranked genes are labeled. (B) Heatmap of
representative DEGs across LSCC tumor (red) and normal (blue) samples. Rows represent genes
grouped by expression direction (upregulated, not significant, downregulated); columns represent
individual samples ordered by unsupervised hierarchical clustering. Color intensity reflects scaled
expression (red = high, blue = low). (C) Venn diagram showing the overlap between DEGs and
neddylation-related genes. Seventy-four genes shared between both sets were taken forward as DE-
NRGs for downstream analysis. (D) GO enrichment analysis of the 74 DE-NRGs. Bar length and color
represent gene count and GO category, respectively. (E) KEGG pathway enrichment analysis of DE-NRGs,
showing enrichment in ubiquitin-mediated proteolysis and disease-associated pathways including
spinocerebellar ataxia and Parkinson disease. (F) PPI network of DE-NRGs constructed using STRING.
Nodes = proteins; edges = confidence-weighted interactions; key interactions include CCDC8-BIRC5 and
FBXW11-FBXO2. (G) Key MCODE-identified gene modules from the PPI network. Color distinguishes
individual modules. (H) GO enrichment analysis of genes in key PPI modules, enriched in proteasome
and ubiquitin pathways. (I) KEGG pathway enrichment analysis of genes in key PPI modules, enriched in
proteasome and cullin-RING ligase pathways. KEGG pathway maps (panels E and I) are reproduced with
permission from Kanehisa Laboratories, the copyright holder of the Kyoto Encyclopedia of Genes and
Genomes (46).
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Figure 2

Machine learning-based identification and validation of candidate neddylation-associated genes in
laryngeal squamous cell carcinoma.

(A) LASSO regression for feature selection among neddylation-associated genes. Left: regularization
paths showing gene coefficient shrinkage as log(lambda) increases. Right: binomial deviance across 10-
fold cross-validation; dashed line marks the optimal lambda (lambda.min = 0.00474) at which ten feature
genes were retained (PSMB2, PSMB4, CUL3, KCTD6, PSMD2, KCTD7, ZBTB16, UBC, KBTBD6, HIF1A). (B)
SVM-RFE cross-validation accuracy curve. Y-axis: 10-fold cross-validation accuracy; x-axis: number of
variables retained. Accuracy plateaus (~0.99) when nine variables are included (PSMD2, PSMB4, PSMB3,
KCTD6, COMMD2, PSMA6, PSMA7, PSMB2, UBXN7). (C) Relative importance ranking of all neddylation-
associated candidate genes derived from the machine learning models. Bar height = relative importance
score. (D) Venn diagram showing the overlap between LASSO (n=10) and SVM-RFE (n=9) candidates.
Four genes identified by both methods — KCTD6, PSMB2, PSMB4, and PSMD2 — were selected as the
final candidate panel (6 LASSO-only, 4 shared, 5 SVM-only). (E) Violin plots of KCTD6, PSMB2, PSMB4,
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and PSMD2 expression in normal and tumor samples in the TCGA-LSCC training cohort. All four genes
were significantly dysregulated in tumor versus normal tissue (*** p < 0.001). (F) External validation of
the four candidate genes in the GSE142083 dataset, confirming consistent expression differences
between tumor and normal laryngeal tissue (*** p < 0.001).

Figure 3
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Diagnostic performance and clinical utility assessment of candidate neddylation-associated genes in
laryngeal squamous cell carcinoma.

(A) ROC curve for PSMB2 expression distinguishing LSCC from normal samples in the TCGA cohort
(AUC = 0.930). (B) ROC curve for PSMB4 expression in the TCGA cohort (AUC = 0.983). (C) ROC curve for
KCTD6 expression in the TCGA cohort (AUC = 0.947). (D) ROC curve for PSMD2 expression in the TCGA
cohort (AUC = 0.990), the strongest individual discriminator. (E) Nomogram integrating PSMB2, PSMB4,
KCTD6, and PSMD2 expression to estimate individual LSCC risk. For each gene, the expression value is
projected to the Points axis; all four point values are summed to a Total Points score mapped to the
estimated LSCC probability on the Risk of disease scale. (F) Calibration curve comparing nomogram-
predicted LSCC probability against observed frequency (1000 bootstrap repetitions, n=123 samples,
mean absolute error = 0.012). Close agreement between the bias-corrected and ideal curves indicates
good calibration. (G) Decision curve analysis (DCA) assessing the clinical net benefit of the four-gene
nomogram across threshold probabilities. The nomogram provides net benefit superior to both Treat All
and Treat None reference strategies across the clinically relevant threshold range. (H) ROC curve for the
combined four-gene nomogram in the TCGA cohort (AUC = 1.000 in the training cohort; independent
validation is required to assess model generalizability.).

Page 22/31



Figure 4

Survival associations and functional network analysis of candidate neddylation-associated genes in
laryngeal squamous cell carcinoma.

(A) Kaplan-Meier overall survival analysis comparing high (n=36) versus low (n=87) PSMB2 expression
groups in the TCGA-LSCC cohort (log-rank p = 0.027). High PSMB2 expression was significantly
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associated with longer overall survival. (B) Kaplan-Meier overall survival analysis for PSMB4 expression
groups (high n=14, low n=109; log-rank p = 0.17). No significant difference in overall survival was
observed. (C) Kaplan-Meier overall survival analysis for KCTD6 expression groups (high n=26, low n=97;
log-rank p = 0.058). A borderline, non-significant trend was observed. (D) Kaplan-Meier overall survival
analysis for PSMD2 expression groups (high n=36, low n=87; log-rank p = 0.075). No significant survival
difference was detected. Only PSMB2 expression correlated significantly with overall survival among the
four candidates. (E) Chord diagram showing pairwise correlations among PSMB2, PSMB4, KCTD6, and
PSMD2 expression levels. Arc width and color intensity represent correlation strength. KCTD6 was
negatively correlated with PSMB2, PSMB4, and PSMD2. (F) GeneMANIA network showing functional
associations between the four candidate genes and related proteasome-associated genes (including
UBLCP1, PSMC1, KCTD2). Edge colors represent interaction types: physical interactions, co-expression,
co-localization, pathway membership, and shared protein domains. Predicted biological functions
include proteasome complex formation and antigen processing and presentation via MHC class I.
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Figure 5

Pathway enrichment patterns associated with candidate neddylation-related genes in laryngeal
squamous cell carcinoma.

(A) GSEA of MSigDB hallmark pathways for PSMB2. Each curve = one hallmark gene set enrichment
profile. Inset table: NES, nominal p-value, FDR q-value. Significant enrichments include
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MYC_TARGETS_V1 and MYC_TARGETS_V2. (B) GSEA for PSMB4: enriched pathways include
MYC_TARGETS_V1, MYC_TARGETS_V2, and myogenesis. (C) GSEA for KCTD6: enriched pathways
include HALLMARK_BILE_ACID_METABOLISM (upregulated) and KRAS_SIGNALING_DN (co-enriched
with PSMD2). (D) GSEA for PSMD2: co-enriched with myogenesis and KRAS_SIGNALING_DN. (E) GSVA
showing differential hallmark pathway activity between LSCC tumor and non-malignant laryngeal tissue,
stratified by PSMB2 expression. Bars: t-statistic of GSVA scores (tumor vs non-malignant); positive
values (magenta) = tumor-enriched; negative values (green) = non-malignant-enriched.
MYC_TARGETS_V1 and MYC_TARGETS_V2 upregulated in high-PSMB2 group. (F) GSVA for PSMB4
expression groups: MYC target pathways upregulated in high-PSMB4 tumor tissue. (G) GSVA for KCTD6
expression groups: HALLMARK_BILE_ACID_METABOLISM upregulated; MYC target pathways
downregulated in high-KCTD6 group. (H) GSVA for PSMD2 expression groups.
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Figure 6

Immune cell infiltration characteristics and survival associations in laryngeal squamous cell
carcinoma.

(A) CIBERSORT-based stacked bar chart showing relative immune cell composition (22-cell-type panel) in
individual LSCC tumor and normal laryngeal tissue samples. Bar segment height = estimated relative
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proportion of each immune cell type. (B) Violin plots comparing estimated abundance of selected
immune cell subsets between LSCC and normal laryngeal tissue. Six subsets differed significantly
between groups: macrophage M0, macrophage M2, activated mast cells, resting mast cells, resting
myeloid dendritic cells, and resting CD4+ memory T cells. (C) Kaplan-Meier overall survival analysis
stratified by macrophage M0 infiltration in LSCC (high vs low; log-rank p = 0.0009). High macrophage M0
infiltration was significantly associated with poorer overall survival. (D) Kaplan-Meier overall survival
analysis by macrophage M2 infiltration (log-rank p = 0.10); no significant association. (E) Kaplan-Meier
overall survival analysis by activated mast-cell infiltration (log-rank p = 0.009); significant association
with overall survival. (F) Kaplan-Meier overall survival analysis by resting mast-cell infiltration (log-rank p
= 0.114); no significant association. (G) Kaplan-Meier overall survival analysis by resting myeloid
dendritic cell infiltration (log-rank p = 0.003); significant association. (H) Kaplan-Meier overall survival
analysis by resting CD4+ memory T-cell infiltration (log-rank p = 0.027); significant association.
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Figure 7

Computational immune dysfunction, immune exclusion, and tumor microenvironment scores
associated with candidate neddylation-related gene expression in laryngeal squamous cell carcinoma.

(A) TIDE-based immune dysfunction and exclusion scores stratified by high vs low PSMB2 expression in
LSCC. Higher dysfunction scores indicate greater predicted T-cell exhaustion; higher exclusion scores
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indicate greater predicted immune exclusion. (B) TIDE-based scores by PSMB4 expression groups. TIDE
and dysfunction scores were higher in the low-PSMB4 group, suggesting reduced PSMB4 may be
associated with immune escape. (C) TIDE-based scores by KCTD6 expression groups. (D) TIDE-based
scores by PSMD2 expression groups. Dysfunction score was higher in the low-PSMD2 group. Statistical
significance for all comparisons is indicated by brackets within each panel. (E) ESTIMATE-derived
stromal, immune, and ESTIMATE scores compared between high and low PSMB2 expression groups.
Low-PSMB2 group had higher stromal scores. (F) ESTIMATE scores by PSMB4 expression groups; low-
PSMB4 group had higher stromal scores. (G) ESTIMATE scores by KCTD6 expression groups; high-
KCTD6 group had higher immune and ESTIMATE scores. (H) ESTIMATE scores by PSMD2 expression
groups.

Figure 8

qRT-PCR validation of candidate gene expression in LSCC tissues.

Relative mRNA expression of KCTD6, PSMB2, PSMB4, and PSMD2 was measured in five paired LSCC
tumor tissues and adjacent non-tumor tissues by qRT-PCR using the redesigned primer set described in
Methods (Section 4.9.4 and Supplementary Table S3). Expression was normalized to β-actin using the
2^(−ΔΔCt) method. Data are presented as mean ± SD across technical triplicate reactions. Statistical
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significance was assessed using two-tailed Welch t-test. PSMB2 was significantly upregulated in tumor
relative to adjacent tissue (p = 0.011). PSMB4 and PSMD2 showed trends toward upregulation that did
not reach significance (p = 0.095 and p = 0.066, respectively). KCTD6 showed a trend toward
downregulation in tumor tissue (p = 0.058), consistent with the tumor-suppressive direction predicted by
computational analyses. The direction of expression change for all four genes was concordant with
TCGA and GEO findings. *P < 0.05; ns, not significant.
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