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Transcriptomics-based exploration

of ubiquitination-related biomarkers
and potential molecular mechanisms
in laryngeal squamous cell carcinoma

Qiu Chen'?, Zhimin Wu' and Yifei Ma?"

Abstract

Background One of the most common and prevalent cancers is laryngeal squamous cell carcinoma (LSCC), which
poses a great threat to the life and health of the patient. Nonetheless, it has been demonstrated that ubiquitination
is crucial for the development and course of LSCC. Therefore, it is particularly important to identify biomarkers for
ubiquitination-related genes (UbRGs) in LSCC.

Methods Differentially expressed genes (DEGs) in the LSCC versus controls were obtained by differential expression
analysis. Also, key modular genes associated with LSCC were obtained using weighted gene co-expression network
analysis (WGCNA). Next, DEGs, key module genes, and UbRGs were taken to intersect to obtain candidate genes.
And then machine algorithms were to screen potential biomarkers, further their diagnostic value were analyzed

and validated. Then, therapeutic agents for biomarkers were predict. In addition, the regulatory networks of the
biomarkers were mapped. The expression levels of biomarkers were detected in clinical samples using reverse
transcription-quantitative PCR (RT-gPCR).

Results A total of eight candidate genes were acquired by the overlap 1,911 DEGs, the key modular genes of
WGCNA, and 1,393 UbRGs. A sum of four biomarkers (WDR54, KAT2B, NBEAL2 and LNX1) were identified by two
machine learning, then these four biomarkers were validated in GSE127165 and the expression trend was consistent
with TCGA-LSCC, they were recorded as biomarkers. Moreover, the accuracy of the biomarkers in predicting clinical
aspects of LSCC was confirmed by the receiver operating characteristic (ROC) curves. Subsequently, cancers such as
malignant neoplasms, colorectal cancers, tumors, and primary malignant neoplasms were significantly associated
with the biomarkers, which further suggests that these four biomarkers were strongly associated with cancer.
Meanwhile, the drugs garcinol, cocaine, and triazolam, among others, used for LSCC treatment were predicted. Finally,
transcription factors (TFs) (BRD4, MYC, AR, and CTCF) were predicted to regulate the biomarkers. RT-qPCR assays
illustrated that the expression trends of KAT2B, LNX1 and NBEAL2 remained consistent with the dataset.
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Conclusion The identification of four biomarkers (WDR54, KAT2B, NBEAL2 and LNX1) associated with UbRGs could
ultimately serve as a predictive clinical diagnosis of LSCC and provide insight into the molecular mechanisms of LSCC.

Keywords Laryngeal squamous cell carcinoma, Ubiquitination-related genes, WGCNA, Biomarkers, Regulatory

network

Introduction
Laryngeal squamous cell carcinoma (LSCC) refers to
malignant tumors occurring in the squamous cells of the
larynx, and is the most common type of laryngeal can-
cer with highly aggressive and easily metastasized char-
acteristics. Pathological features of LSCC include cellular
anisotropy, nuclear pleomorphism, and irregular pro-
liferation patterns. The LSCC main risk factors include
long-term smoking, excessive alcohol consumption,
occupational chemical exposure and human papilloma-
virus (HPV) infection, occupational exposure, dietary
habits, gastroesophageal reflux disease, genetic factors,
and immune system status, etc [1]. Definitive diagno-
sis of laryngeal cancer usually requires a combination of
clinical symptoms, imaging, endoscopy, and pathologic
testing, and the gold standard for diagnosis is patho-
logic biopsy. Therapeutic options for LSCC include sur-
gical treatment, radiotherapy, chemotherapy, targeted
therapies, and immunotherapy, etc. However, due to its
nonspecific pathogenesis, about 60% of patients are in
advanced stages at the time of diagnosis and have a low
5-year survival rate [2]. This imposes a heavy financial
burden on patients and seriously affects the survival rate
of LSCC patients. Therefore, there is an urgent need to
identify new biomarkers for LSCC and explore new effec-
tive therapeutic targets to improve its survival.
Ubiquitination is an important intracellular protein
modification process that involves covalently attaching
small protein to target proteins, thereby tagging them
for degradation or regulating their function [3]. In the
development and progression of laryngeal squamous
cell carcinoma (LSCC), ubiquitination plays a key role
in regulating tumor suppressors and oncogene stability.
It has been shown that microtubule cross-linking fac-
tor 1 circRNA (circMTCL1, circ0000825) plays a critical
oncogenic function in laryngeal carcinogenesis and pro-
gression by promoting complement C1q-binding protein
(C1QBP)-dependent ubiquitin degradation, which in turn
activates Wnt/p-catenin signaling [4]. USP21 plays a crit-
ical oncogenic function in laryngeal carcinogenesis and
progression by de-ubiquitinating and stabilizing AURKA.
Wang QD [5] et al. demonstrated that USP21 stabilized
AURKA through deubiquitination, thereby promoting
laryngeal cancer progression. Current research on ubig-
uitination-related genes in laryngeal squamous cell carci-
noma (LSCC) remains limited, particularly in elucidating
the precise roles of ubiquitination modifications during
LSCC pathogenesis and progression. Although several

studies have revealed potential functions of specific E3
ubiquitin ligases and deubiquitinating enzymes in LSCC,
these investigations have primarily focused on individ-
ual genes or isolated pathways, lacking systematic and
comprehensive analyses. The current understanding of
ubiquitination-associated regulatory networks and their
complex mechanisms within the tumor microenviron-
ment remains insufficient. Therefore, there is an urgent
need for more in-depth studies on ubiquitination-related
genes and their molecular mechanisms in LSCC, which
could provide more reliable theoretical foundations and
practical guidance for early diagnosis, prognostic evalua-
tion, and targeted therapy of this malignancy.

In this study, we explored the association between
ubiquitination-related genes (UbRGs) and LSCC based
on bioinformatics analysis, and explored the potential
of UbRGs as a biomarker for LSCC through public data
acquisition, differential expression analysis, functional
enrichment analysis, survival analysis, and oncogenic
pathway analysis. We will explore the potential of UbRGs
as biomarkers of LSCC and their potential molecular
mechanisms through public data acquisition, differen-
tial expression analysis, survival analysis, and oncogenic
pathway analysis, and validate the expression of key
genes in the population, with the aim of gaining a deeper
understanding of the pathogenesis and therapeutic tar-
gets of LSCC.

Materials and methods

Data source

TCGA-LSCC was obtained from the Cancer Genome
Atlas (TCGA) as a training set. It included RNA-seq
data, overall survival (OS), and clinical information for
116 laryngeal squamous cell carcinoma (LSCC) tumour
tissue samples and 12 paracancerous tissue samples. The
GSE127165 and GSE27020 datasets were downloaded
from the Gene Expression Omnibus (GEO) database.
The GSE127165 (platforms: GPL20301) dataset was used
as a validation set for biomarker expression and clinical
diagnostic capabilities, including 57 LSCC and 57 para-
cancerous tissues [6]. The GSE27020 (platforms: GPL96)
dataset was used for survival analysis validation of LSCC
and includes disease-free survival (DFS), clinical informa-
tion, and tissues of 109 LSCC patients [7]. Detailed infor-
mation on the three datasets can be found in Table 1. A
total of 1,393 ubiquitination-related genes (UbRGs) were
obtained from the integrated annotations for Ubiquitin
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Table 1 Detailed information of datasets

Accession Platform Platform  Number of Publica-
ID name ID samples tion date
GSE127165  lllumina GPL20301  LSCC tissues (57 2020/6/17
HiSeq samples) and

paired adjacent

normal mu-

cosa tissues (57

samples)
GSE27020  Affymetrix  GPL96 109 LSCC tumor  2013/10/30

GeneChip tissue samples

and Ubiquitin-like Conjugation database (iUUCD2.0).
The flow chart of this study is shown in Fig. 1.

Selection of candidate genes

The Benjamini-Hochberg method was used to adjust
the raw p-values for FDR, and significant differentially
expressed genes were selected based on the adjusted
p-values (padj<0.05). The ‘DESeq2’ (|log2fold-change
(FC)| > 2, p-value <0.05) (version 1.36.0) [8] was used to
identify differentially expressed genes (DEGs) between
LSCC and controls. In the meantime, the key modules
most relevant to LSCC were obtained by weighted gene
co-expression network analysis (WGCNA) [9] using the
‘WGCNA’ (version 1.72-1). In the first instance, the sam-
ples in TCGA-LSCC were clustered, and outlier samples
were removed. And the soft threshold was applied to
guarantee a scale-free network (a scale-free R2 near 0.9).
Then, similarly expressed genes were grouped into identi-
cal gene modules using the dynamic tree-cutting method.

iuuUCD2.0

Differential
expression analysis
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Next, the dynamic tree-cutting method was used to
group genes that were expressed similarly into gene mod-
ules that were identical. Then, the module with the high-
est correlation to LSCC was selected as the key module.
Immediately after, the candidate genes were obtained by
taking the intersection of the DEGs with the key module
genes and the three parts of the UbRGs. Finally, the bio-
logical functions as well as signalling pathways in which
the candidate genes were involved were obtained by the
‘clusterProfiler’ (version 4.0.2) [10].

Identification of biomarkers as well as clinical diagnoses

Firstly, the log-likelihood values of different models
were calculated, and the Likelihood Ratio Test was used
to evaluate the performance of the different models.
The candidate genes were screened predicate the opti-
mal coefficients and values of lambda utilising the ‘glm-
net’ (version 4.1-4) [11] to proceed the Least Absolute
Shrinkage and Selection Operator (LASSO) analysis [12]
to obtain potential biomarkers. Next, the candidate genes
for specific variables associated with LSCC results were
screened via Boruta algorithm according to ‘Boruta’ (ver-
sion 7.0.0) [13] as potential biomarkers for LSCC. Imme-
diately after that, the intersection of LASSO and Boruta
results were taken to obtain biomarkers for LSCC. Then,
biomarkers with consistent expression in the TCGA-
LSCC and GSE127165 datasets were screened for sub-
sequent analyses. Finally, the ability of the biomarkers to
diagnose LSCC was assessed using the receiver operating
characteristic (ROC) curves of pROC’ (version 1.18.0)

TCGA database

Key module genes
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Fig. 1 The flow chart of this study
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[14]. And the closer the area under curve (AUC) was to
0.7, the better the biomarker’s ability to diagnose LSCC
in the clinic.

Analysis of the prognostic value of biomarkers

Survival analyses for OS and DFS were performed on
the prognostic value of the biomarkers, and the LSCC
samples were divided into two groups (high and low
expression groups) according to the optimal threshold of
biomarker expression award. And then the ‘survminer’
(version 0.4.9) [15] was applied to perform Kaplan-Meier
(K-M) survival curves to observe the biomarkers affect-
ing the survival differences between different expres-
sion groups. At the same time, differences in biomarkers
across expression groups were validated in the GSE27020
dataset. Additionally, the Wilcoxon test was used to com-
pare the biomarker expression in these clinical character-
istics (gender, age, TNM stage, and stage) based on the
clinical characteristics found in the TCGA-LSCC dataset
(p-value <0.05). Next, biomarker expression and clini-
cal characteristics were incorporated into the risk model
for univariate Cox independent prognostic analysis.
Subsequently, factors with p-values less than 0.05 were
screened for subsequent multifactorial Cox independent
prognostic analysis to identify independent prognostic
factors for LSCC.

Localisation of biomarkers on chromosomes, sub-cells and
tissues

The distribution of biomarkers on the human chromo-
some was analyzed using the ‘RCircos’ (version 1.2.2)
[16]. At the same time, the information about the bio-
markers was imported into the Genecards database [17],
and the locations of the biomarkers with high subcellu-
lar expression were selected using Confidence=2 as the
screening condition. Similarly, to explore the expression
of biomarkers at the tissue and organ level, biomarkers
were entered into the BioGPS database [18] and retrieved
to obtain the distribution of biomarkers in tissues and
organs. The mean value of biomarkers in each tissue was
also calculated, and organs and tissues with biomarker
expression higher than the overall mean were selected.

Functional analysis of biomarkers

The Gene-Gene Interaction (GGI) network of biomarkers
was constructed based on GeneMANIA (http://geneman
ia.org), and the top 20 interactions with biomarkers were
selected for display. Subsequently, in order to understand
the relevant biological functions as well as the signaling
pathways in which the biomarkers were involved. Gene
ontology (GO) functional annotation of biomarkers
was performed using the ‘clusterProfiler’ (version 4.0.2).
Meanwhile, the signalling pathways involved in the bio-
markers were analysed after the Kyoto Encyclopedia of
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Genes and Genomes (KEGG) using the ‘org.Hs.eg.db’
(version 3.13.0) [19]. Afterwards, similarities between
biomarkers GO functions were explored with the help of
the ‘GOSemSim’ (version 2.18.1) [20].

Immune microenvironmental analysis of LSCC

Firstly, the CIBERSORT algorithm was used to calcu-
late the percentage abundance of 22 immune cells for
each sample between LSCC and controls in the TCGA-
LSCC dataset. After that, the correlation of immune cells
occupancy was analysed based on the results using the
Spearman. Next, samples with a p-value of less than 0.05
were selected and differences in immune cell infiltration
between LSCC and control were analysed using the Wil-
coxon test. Similarly, correlations between biomarkers
and immune cells were analysed using the Spearman.

Potential cancer-related pathways of biomarkers, related
diseases and predictive analysis of targeted drugs

To understand the cancer-related pathways in which bio-
markers were involved, biomarkers and cancer-related
pathways were analyzed using GSCALite databases
[21]. At the same time, the Disease Gene Network (Dis-
GeNET) database was used to explore the related dis-
eases that the biomarkers were associated with [22]. Also,
in order to find patient-specific therapeutic agents, inter-
actions between biomarkers and targeted drugs were pre-
dicted through the GeneCards database [23]. Further, the
molecular docking of drug components and biomarker-
encoded proteins was explored through ‘AutoDock’ (ver-
sion 4.2.6) [24].

Construction of potential regulatory networks for
biomarkers

In order to analyze the role that biomarkers play in the
regulation of LSCC by expression at the molecular level,
it was necessary to perform regulatory network analysis
of biomarkers. In the first place, miRNAs regulating bio-
markers were predicted in the miRWalk [25] database.
Subsequently, common miRNAs in the miRWalk and
miRDB [26] databases were combined as miRNAs that
regulate biomarkers. Meanwhile, IncRNAs regulating
miRNAs were obtained in miRTarBase [27] and tarbase
databases [28]. And, the competing endogenous RNA
(ceRNA) network of LSCC was constructed. ceRNA can
alter the function of target miRNAs by competing for
shared binding sites on the miRNA, and IncRNAs can act
as ceRNAs to regulate the expression of target mRNAs by
competing for shared miRNAs [29, 30]. To understand
the regulatory role of biomarkers in cancer, transcription
factors (TFs) of biomarkers were also searched with the
help of Cistrome [31] database.
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Reverse transcription-quantitative polymerase chain
reaction (RT-qPCR)

The expression of these biomarkers was validated via RT-
qPCR. The 8 control and 7 LSCC tissue samples were
obtained from Affiliated Hospital of Guizhou Medical
University. All participants provided informed consent,
and ethics approval for this study was obtained from the
Medical Science Ethics Committee of Affiliated Hospital
of Guizhou Medical University, approval number: 2022
(221). Laryngeal cancer and paraneoplastic specimens
were obtained from patients who were hospitalized for
surgery in the Affiliated Hospital of Guizhou Medical
University from 2023.10 to 2024.10. All patients were
pathologically diagnosed as laryngeal squamous cell
carcinoma, and none of them underwent preoperative
radiotherapy.All patients were pathologically diagnosed
with laryngeal squamous cell carcinoma, and none of
them underwent preoperative radiotherapy.Following
the manufacturer’s protocol, total RNA was extracted
from the 15 tissue samples using TRIzol reagent (Invit-
rogen, China). Afterwards, RNA concentrations were
detected with NanoPhotometer N50. Next, cDNA was
obtained via reverse transcription using SureScript-
First-strand-cDNA-synthesis-kit  (Servicebio, China).
The reaction was performed on 40 cycles under the fol-
lowing conditions: pre-denaturation at 95 °C for 1 min,
denaturation at 95 °C for 20 s, annealing at 55 °C for 20 s,
and extension at 72 °C for 30 s. The relative quantifica-
tion of mRNAs was computed using the 2722T method.
The P-value was determined by plotting the data using
GraphPad Prism 5. The sequences of all primers could be
found in Table 2.

Statistical analysis

This study was conducted using the R programming lan-
guage (version 4.3.1), and P-values less than 0.05 were
considered statistically significant, unless otherwise
stated.

Table 2 Primer sequence list

Primers Sequences

KAT2B F CGGGCCAAGAAACTGGAGA
KAT2B R TCCAGGTGGGAAACATGAGC
LNX1 F CCCAGACAGTCGCTTGAAGA
LNXTR GGTTCAGGATCGTTGGCAGA
NBEAL2 F TTGCCCATGGAACCAGCTC
NBEAL2 R GAAGAGCTTGAGCAGCAGGA
WDR54 F CGTGCGTCGTCTCTATGGTG
WDR54 R AACATCCTGTGTGGGGGTGC
Internal reference-GAPDH F CGAAGGTGGAGTCAACGGATTT

Internal reference-GAPDH R ATGGGTGGAATCATATTGGAAC
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Results

Acquisition of eight candidate genes

These 1,911 DEGs were obtained from LSCC and con-
trols. Among them, 1,187 DEGs were up-expressed,
while 724 DEGs were down-expressed (Fig. 2A). A heat-
map illustrated that these DEGs were distributed across
the various groups (Fig. 2B). The WGCNA results show
that the scale-free R2 can only approach the 0.9 threshold
when the soft threshold  was 6 (Fig. 2C). Based on the
above, there were 14 co-expressed gene modules indi-
cated by different colours (Fig. 2D). Also, since the blue
module has the most significant negative correlation with
LSCC (r = -0.61, p-value<0.0001) and the yellow mod-
ule had the most significant positive correlation with
LSCC (r=0.54, p-value<0.0001), both of these modules
were key modules for LSCC (Fig. 2E). The list of genes
corresponding to each module is shown in additional file
1. The 1,354 key genes contained in the blue module and
941 key genes contained in the yellow module were used
for subsequent analyses. Eight candidate genes (KAT2B,
LNX1, NBEAL2, PDLIM2, RNF222, RNFT2, UCHLI,
and WDR54) were obtained by intersecting 1,911 DEGs,
key module genes, and 1,311 UbRGs (Fig. 2F). Among
them, the yellow module has no intersecting genes with
DEGs and UbRGs. This suggested that the genes in the
yellow module may influence clinical features through
other mechanisms (such as regulatory networks or other
signaling pathways), rather than solely relying on overlap
with DEGs or UbRGs. Functional as well as signalling
pathway results of candidate gene enrichment showed
that these candidate genes were significantly associated
with ‘negative regulation of protein serine/threonine
kinase activity, ‘ubiquitin protein transferase activity, and
‘histone acetylation’ these functions (p-value <0.05). And
the candidate genes were also involved in ‘notch signaling
pathway;, ‘viral life cycle-HIV-1; ‘thyroid hormone signal-
ing pathway, and ‘viral carcinogenesis’ these signalling
pathways (Fig. 2G-H).

Four biomarkers with clinical diagnostic capability for LSCC
There were five potential biomarkers (WDR54, UCHL1,
KAT2B, NBEAL2, and LNX1) with diagnostic signifi-
cance for LSCC that were screened by LASSO regression
analysis (Fig. 3A-B). Then the Boruta algorithm filtered
out seven potential biomarkers (KAT2B, NBEAL2,
PDLIM2, WDR54, LNX1, RNF222, and RNFT2) of
important candidate feature genes (Fig. 3C). WDR54,
KAT2B, NBEAL2 and LNX1 were the four biomarkers
that emerged from the combination of the results of the
Boruta and LASSO screening (Fig. 3D). Subsequently, the
expression of these four biomarkers in the GSE127165
dataset was consistent with the TCGA-LSCC dataset.
Among them, KAT2B, LNX1, and NBEAL2 were sig-
nificantly under-expressed in LSCC (p-value<0.0001),
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and only WDR54 was significantly over-expressed in
LSCC (p-value<0.001) (Fig. 3E-F). WDR54 (AUC=0.91),
KAT2B (AUC=0.98), NBEAL2 (AUC=0.94) and LNX1
(AUC=0.96) had clinical diagnostic ability of LSCC
in the TCGA-LSCC dataset and validated in dataset
GSE127165 (AUC was close to 0.7) (Fig. 3G-H).

Prognostic survival analysis of LSCC fulfilled by LNX1

The prognostic analysis of biomarkers revealed that
only LNX1 exhibited a statistically significant difference
between the expression groups (p-value =0.046), suggest-
ing that LNX1 may have a potential role in prognosis.
While the K-M curves of KAT2B (p-value =0.096) and
WDR54 (p-value =0.065) could be seen to differ between
expression groups with p-values close to 0.05. However,
since these p-values do not meet the standard thresh-
old for statistical significance, further investigation with
larger sample sizes or additional validation studies would
be necessary to determine whether these trends are
meaningful and reflect true differences, or if they might
be due to random variation. NBEAL2 was not associated
with the prognosis of patient (p-value=0.410) (Fig. 4A-
D). Subsequently, it was verified in the GSE27020 dataset
that LNX1 was significantly differential (p-value=0.010)
in different expression groups (Fig. 4E).
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Gender and cancer status were identified as independent
prognostic factors for LSCC

Differences between biomarkers and clinical character-
istics showed that LNX1 and NBEAL2 presented signifi-
cant differences in different N stages and stages, while
WDR54 presented significant differences in different N
stages (Fig. 5A-E). The univariate Cox results suggested
that cancer status, gender, new tumor event, and WDR54
could be relevant independent prognostic factors for
LSCC (p-value<0.05) (Fig. 5F). Subsequently, gender
and cancer status could be used as independent prog-
nostic factors for LSCC after further multifactorial Cox
screening (p-value<0.05) (Fig. 5G). These findings sug-
gest a potential relationship between these variables and
prognosis.

Biomarker chromosome mapping and construction of
subcellular biomarker networks and tissue biomarker
networks

Both KAT2B and NBEAL2 were located on human
chromosome 3. Human chromosomes 2 and 4 were the
locations of WDR54 and LNX1, respectively (Fig. 6A).
Biomarkers were highly expressed in subcellular co-loca-
tions nucleus, cytoskeleton, plasma membrane, mito-
chondrion, cytosol, and endoplasmic reticulum (Fig. 6B).
In the vast majority of tissues, all four biomarkers were
expressed (Fig. 6C).
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Fig.6 (A) Distribution of biomarkers on chromosomes. (B) Subcellular localisation network diagram of biomarkers. (C) Tissue-biomarker network diagram

Potential biological functions of biomarkers

There were various relationships between biomarkers and
other genes in the GGI network, such as co-expression,
same location, physical interactions, genetic interactions,
sharing protein structural domains, or involvement in the
same pathway (Fig. 7A). The GO results showed that all
biological functions involved in KAT2B were inhibited
(Fig. 7B). Collagen trimer, in which LNX1 and NBEAL2
were jointly involved, was inhibited (Fig. 7C-D). Cor-
nification and epidermal cell differentiation, in which
NBEAL?2 was involved and activated, whereas these were
inhibited in WDR54 (Fig. 7D-E). Proteasome and ribo-
some were shown to be inhibited in KEGG results for

KAT2B and LNX1 (Fig. 7F-G). Xenobiotic metabolism of
cytochrome P450, drug metabolism of cytochrome P450,
adrenergic metabolism, and arachidonic acid metabolism
were activated in NBEAL2, whereas these were inhibited
in WDR54 (Fig. 7H-I). Immediately following this, the
similarity results between biomarkers showed the stron-
gest functional similarity between LNX1, NBEAL2, and
KAT?2B (Fig. 7]).

Immune infiltration of LSCC

Immune cell infiltration in different samples was shown
by heatmap (Fig. 8A). In this case, memory-resting
CD4 T cells were significantly negatively correlated
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of biomarkers

with regulatory T cells (Tregs), while memory-resting
CD4 T cells were significantly positively correlated with
monocytes. Monocytes were also significantly positively
correlated with resting dendritic cells. There was a sig-
nificant negative correlation between MO macrophages

and resting dendritic cells, monocytes, and resting mast
cells. Both M1 macrophages and M2 macrophages were
significantly positively correlated with resting mast cells
(p-value <0.05) (Fig. 8B). Eight immune cells (memory-
resting CD4 T cells, regulatory T cells, monocytes, MO
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macrophages, M1 macrophages, M2 macrophages,
resting dendritic cells, and resting mast cells) were
significantly different between LSCC and controls
(p-value<0.05) (Fig. 8C). Of these, eight immune cells
were associated with biomarkers except for M1 Macro-
phages and regulatory T cells (p-value < 0.05) (Fig. 8D).
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Biomarkers closely related to cancer and their potential
drugs

Biomarker-associated cancer pathways indicated that
KAT2B, LNX1, and NBEAL2 were able to activate
the majority of cancer-associated pathways, includ-
ing Hormone AR, Hormone ER, and RAS/MAPK.
While WDR54 showed inhibition in PI3K/AKT, RAS/
MAPK, RTK, and TSC/mTOR (Fig. 9A). Subsequently,

A) Role of biomarkers in cancer-related pathways Red is activation, green is inhibition and grey is no effect. (B) Biomarker-disease co-expression
C) Biomarker-drug interaction networks. Results of molecular docking simulations of biomarkers. (D) LNX1-Pyrophosphoric acid. (E) KAT2B-
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a total of 29 diseases were significantly associated with
the biomarkers, the vast majority of which, malignant
neoplasms, colorectal carcinoma, neoplasms, primary
malignant neoplasm, malignant neoplasm of colon and/
or rectum were cancers, further demonstrating that these
four biomarkers were strongly associated with cancer
(Fig. 9B). Then, KAT2B and LNX1 were predict to be
available for targeting drugs. KAT2B was predicted 17
drugs, such as garcinol, cocaine, and triazolam, that could
act on LSCC. While LNX1 was predicted ATP, adenosine
phosphate, pyrophosphoric acid, and phosphoric acid
that might be effective in the subsequent treatment of
LSCC patients (Fig. 9C). Finally, only LNX1 and KAT2B
were detected as specific drugs. Among them, LNX1
showed standard binding ability to pyrophosphoric acid
(affinity = -4.7), mainly to SER-722, ARG-684, and LYS-
637 sites (Fig. 9D). KAT2B binds well to PRO-747 on

A
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dextroamphetamine (affinity = -5.6) (Fig. 9E) KAT2B has
the strongest binding activity to cocaine (affinity = -7.6)
and binds mainly to GLY-39 and THR-573 (Fig. 9F).

Potential molecular mechanisms of LSCC

Only KAT2B and LNX1 were predicted for miRNA
and IncRNA. While NBEAL2 was predicted to be regu-
lated by hsa-miR-4717-5p. KAT2B was regulated by
four IncRNA. Among them, HCP5 and LINCO00598
were jointly involved in miRNA regulation. In contrast,
ELFN2 and BDNEF-AS were each involved in the regula-
tion of only one miRNA. Expression of hsa-miR-4653-5p
and hsa-miR-7162-3p was simultaneously regulated by
LINCO01556 (Fig. 10A). The degree of KAT2B was much
higher than that of other genes, so it was considered a
key core gene (Additional file 2). According to ceRNA
network theory, interactions between IncRNAs and

Fig. 10 (A) Biomarker ceRNA regulatory network Biomarkers in powder blue, INcRNAs in green, miRNAs in purple. (B) TF-mRNA regulatory network
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Fig. 11 Biomarker expression validation by RT-gPCR. *P < 0.05, **P<0.01, ***P < 0.001, ****P < 0.001, ns: non-significance

miRNAs and between miRNAs and mRNAs may exhibit
opposite expression patterns. Subsequently, there were
38 TFs with regulatory relationships with biomarkers.
Among them, BRD4, MYC, AR, and CTCF were involved
in regulating both KAT2B and WDR54 expression. While
NBEAL2 was only regulated by PHF8 (Fig. 10B).

Expression validation of biomarkers

We examined the expression of biomarkers by collecting
clinical samples using RT-qPCR. The biomarkers were
all remarkably expressed between control and disease
groups (p-value<0.05). Among them, KAT2B, LNXI1,
and NBEAL?2 were remarkably lower in the LSCC group,
which were consistented with the expression trend in the
dataset. WDR54 was notably lower in the disease group,
contrary to the expression trend in the dataset, which
needed to be revalidated by more experiments (Fig. 11).

Discussion

LSCC has an insidious onset, with 60% of patients diag-
nosed with advanced disease and low 5-year survival
rates 5-year survival rates, and none of the current treat-
ment options have been able to improve the status quo,
highlighting the need for novel biomarkers. Ubiquitina-
tion is a post-translational modification, and dysregu-
lation of the ubiquitin-proteasome system (UPS) has

been associated with many cancers, including LSCC
[32]. MCTS1 promotes LSCC cell proliferation in part
through effects on the ubiquitination and degradation of
the OTUDG6B-LIN28B axis substrate [33]. Circular RNA
MTCL1 promotes the complement Clq-binding pro-
tein (C1QBP)-dependent ubiquitin degradation through
promotion of dependent ubiquitin degradation, which
in turn activates Wnt/B-catenin signaling, plays a key
oncogenic function in laryngeal carcinogenesis and pro-
gression [4]. However, the specific molecular mecha-
nisms between the two are not known. Therefore, This
study identified WDR54, KAT2B, NBEAL2 and LNX1
as ubiquitination-associated biomarkers in LSCC using
transcriptomic analysis and machine learning algorithms
and constructed independent prognostic risk models.
Biological pathways and regulatory networks were also
analyzed for the biomarkers. In order to discover effec-
tive new therapeutic targets and provide a theoretical
basis for the diagnosis and treatment of patients.

WDR54 promotes cell proliferation by activating AKT,
ERK and B-catenin signaling in cancer. Mechanistically,
the cross-linking of WDR54 was found to be associated
with the ubiquitination response [34]. It was found that
the oncogenic circMTCL1 directly binds to the prevalent
acid glycoprotein C1QBP and inhibits the ubiquitin deg-
radation of C1QBP, thereby exerting oncogenic functions
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in LSCC cells [4]. This suggests that ubiquitination is
closely related to the progression of LSCC disease, and
that WDR54 may play a role in the proliferation of cells
by influencing ubiquitination. This suggests that ubiquiti-
nation is closely related to LSCC disease progression and
that WDR54 may play a role in LSCC disease progression
by affecting ubiquitination [35].

KAT2B, a histone acetyltransferase, is involved in the
regulation of gene expression and may influence tumor
formation and progression through its acetylation activ-
ity. KAT2B is acetylated, and acetylation plays an impor-
tant role in oral squamous cell carcinoma, not only
affecting gene expression and cellular function, but also
potentially participating in OSCC progression by regulat-
ing the stability and function of specific proteins. Laryn-
geal squamous cell carcinoma is pathologically identical
to OSCC, and KAT2B may play an equivalent mechanism
in LSCC [36]. NBEAL2, which plays an important role in
platelet generation and functional maintenance. LNX1
has been studied more frequently in gliomas, which may
promote glioma progression by modulating tumor cells’
life cycle and promote the progression of glioma [37].
However, the functions and roles of NBEAL2 and LNX1
in LSCC have not been reported yet. The analysis in this
study revealed that these two biomarkers play an impor-
tant role in LSCC. This suggests that NBEAL2 and LNX1
may be new potential therapeutic targets for LSCC.

In order to deeply explore the relationship between
different genes and clinical features, tumor occurrence,
development and metastasis of laryngeal cancer patients,
we firstly assessed the diagnostic value of WDR54,
KAT2B, NBEAL2 and LNX1 genes using ROC curves,
and the results showed good performances in several
datasets. Meanwhile, the expression levels of these genes
were closely related to tumorigenesis, progression and
metastasis. By Wilcoxon test, we found that the expres-
sion levels of LNX1 and NBEAL2 predicted poorer prog-
nosis and survival, while the expression of WDR54 was
closely related to the number and distribution of lymph
node involvement. In addition, the expression levels of
different genes may be correlated with the characteris-
tics of tumor cells. To help researchers better understand
the heterogeneity of tumors, we constructed high and
low expression models based on each marker and found
them to have excellent predictive performance.In the KM
survival curve analysis of the test and validation sets, our
model showed good prognostic results, which supports
its potential application in prognostic prediction. In addi-
tion, the prognostic model for hepatocellular carcinoma
constructed by Yuan et al. based on genes character-
ized by UbRGs also showed good predictive ability [38].
These findings are consistent with our goal of hypothe-
sizing that UbRGs can serve as reliable tumor prognos-
tic biomarkers. Taken together, these findings suggest
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the potential prognostic value of UbRGs-based predic-
tion models in laryngeal cancer and provide a theoreti-
cal basis for the development of personalized treatment
plans.

GSEA enrichment analysis showed that KAT2B and
LNX1 were co-enriched to the Notch signaling path-
way. The Notch signaling pathway is a conserved sig-
naling pathway that plays a role in normal biological
processes such as cell differentiation, apoptosis and
stem cell self-renewal [39]. It plays an important role in
organ development and damage repair by regulating cell
fate, proliferation and inhibiting terminal differentia-
tion. In LSCC, aberrant activation of the Notch signaling
pathway is associated with metabolic reprogramming
of tumor cells and may affect cell survival and death. In
addition, the Notch signaling pathway plays a key role
in epithelial-mesenchymal transition (EMT), which is
an important mechanism by which tumor cells acquire
malignant properties and affects cell migration. It also
has an important role in cell proliferation by affecting
metabolic reprogramming of tumor cells, especially dur-
ing the glycolytic transition [40]. LNX1 and KAT2B have
an important impact on cancer cell proliferation, dif-
ferentiation, and survival by regulating Notch signaling.
KAT2B, a histone acetyltransferase, is involved in the
regulation of gene expression along with LNX1, affect-
ing the Notch signaling pathway. In the Notch signaling
pathway, KAT2B and LNX1 may influence the develop-
ment of LSCC by affecting the transcriptional activity of
specific genes, which in turn may have an impact on the
development of LSCC [37, 41, 42].

Immune infiltration analyses showed that LNX1 and
KAT2B expression were significantly positively cor-
related in Macrophages M1; WDR54 was significantly
negatively correlated in monocytes, and NBEAL and
monocytes were significantly positively correlated. Mac-
rophages are characterized by diversity and plasticity, and
M2-type macrophages are associated with anti-inflam-
matory responses and tissue remodeling [43]. Studies
have shown that dysregulation of the salivary microbiota
and cytokines affects the development and progression
of oral squamous cell carcinoma mainly through inflam-
mation and LSCC is the second most prevalent cancer in
the head and neck region after oral squamous cell car-
cinoma [44]. This suggests that Macrophages M1 may
influence the progression of LSCC through anti-inflam-
matory responses. Monocytes is a kind of key immune
cells in human blood that can differentiate into mac-
rophages or dendritic cells and participate in pathogen
clearance, immune surveillance and tissue repair [45].
In laryngeal cancer, monocytes are closely related to the
immune microenvironment of cancer, and studies have
shown that monocytes play a role in tumor progression
by differentiating into tumor-associated macrophages,
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especially in promoting tumor cell invasion and metas-
tasis [46]. In summary, monocytes play multiple roles
in LSCC progression, and by differentiating into differ-
ent phenotypes of macrophages (e.g., M1 and M2 types),
they can influence immune escape and inflammatory
responses to tumors, thereby accelerating tumor growth
and spread. In view of this, the differential expression
of LNX1, KAT2B, WDR54, and NBEAL2 in monocyte-
associated pathways may make them potential LSCC
biomarkers. The high expression of LNX1 and KAT2B is
positively correlated with M1 macrophages, which may
promote anti-tumor inflammatory responses, whereas
the opposing regulatory relationships of WDR54 and
NBEAL2 with monocytes suggest that they WDR54 and
NBEAL2 have opposite regulatory relationships with
monocytes, suggesting that they may play roles in differ-
ent immunoregulatory mechanisms [43, 44].

In drug screening, LNX1 serves as a biomarker asso-
ciated with cell signaling and transcriptional regulation.
Predicted drugs include phosphate, pyrophosphate, and
adenine nucleoside triphosphate (ATP). These small mol-
ecules play important roles in cellular metabolism, espe-
cially in energy transfer and signaling. It has been shown
in the literature that changes in ATP are closely related
to cell proliferation and apoptosis, so LNX1 may be
involved in the progression of diseases such as cancer by
affecting the metabolism of these small molecules [47].
KKAT2B is a histone acetyltransferase, which is closely
related to the regulation of gene expression. Predicted
drugs such as cocaine, amphetamines, and triazolam act
primarily on the nervous system and may be related to
the role of KAT2B in regulating neurotransmitter release
and neuroplasticity. In addition, coenzyme A, cannabis
extracts and green tea polyphenols are increasingly being
studied in tumors and metabolic diseases, suggesting that
KAT2B may be a potential target for the actions of these
compounds [48, 49]. LNX1 docking drug by regulating
intracellular energy status, phosphoric acid may inhibit
tumor cell growth while modulating signaling pathways
related to cell proliferation and apoptosis, pyrophospho-
ric acid may regulate LSCC cell proliferation by affecting
cellular metabolic pathways, which in turn affects tumor
progression. KAT2B docking drug cocaine may alter his-
tone acetylation by affecting the activity of KAT2B status,
further regulating the expression of tumor-related genes,
and dextroamphetamine may regulate the proliferation
and survival of LSCC tumor cells by affecting KAT2B-
related signaling pathways.

In the study of cisplatin resistance in HNSCC, BRD4
recognizes and binds to acetylated histones through its
bromodomain, promoting the transcription of key onco-
genes such as C-MYC, thereby accelerating the prolifera-
tion and development of tumor cells [50]. It may also help
tumor cells evade the cytotoxicity of chemotherapy drugs
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by promoting DNA damage repair. Inflammatory factors
may also activate BRD4, leading to chromatin remodel-
ing and resistance to BET inhibitors [51]. The study also
mentioned that WDR54 and KAT2B may play a role in
laryngeal squamous cell carcinoma through the regula-
tory action of BRD4, but the specific mechanism is still
unclear and further research is needed.

In this study, four LSCC-related ubiquitinated bio-
markers, LNX1, NBEAL2, WDR54 and KAT2B, were
identified through a series of bioinformatics identifica-
tions. Focused on the ubiquitination process and closely
linked it to the mechanism of LSCC development, reveal-
ing the critical role of ubiquitination regulation in laryn-
geal cancer. To our knowledge, this is the first study to
identify biomarkers associated with ubiquitination in
LSCC, but there are still some limitations that may affect
the wide application of the results. First, sample selection
may lead to selectivity bias, and the size and source of the
study sample may not be sufficiently representative, espe-
cially in patient populations with different regions, eth-
nicities, or clinical stages, and the results of the selected
samples may not fully reflect the characteristics of the
entire LSCC patient population. Second, in addition to
ubiquitination markers, other potential confounding fac-
tors, such as patients’ lifestyles, dietary habits, and smok-
ing and drinking histories, may be closely associated with
the onset and progression of LSCC, and these factors
may influence the expression of ubiquitination markers.
If these factors are not adequately controlled, they may
lead to confounding effects and affect the understand-
ing of the relationship between ubiquitination markers
and tumor biology.Therefore, the clinical application of
biomarkers still needs to be supported by larger studies
and data. Meanwhile, the development of drugs targeting
these markers also requires further clinical trials to vali-
date their efficacy and safety.In the future, we will further
expand the sample size to validate the clinical application
potential of these markers and explore therapeutic strat-
egies targeting ubiquitination-related genes. Meanwhile,
the biological functions of these genes and their potential
roles in the ceRNA network can be verified by Western
blot, RNA interference and other techniques.

Conclusions

In this study, four biomarkers (WDR54, KAT2B,
NBEAL2 and LNX1) associated with ubiquitination were
identified and independent prognostic risk models were
constructed. These markers provide new ideas for early
diagnosis and precision treatment of LSCC and provide
important clues to unravel the molecular mechanisms of
LSCC. Although the clinical applications of these mark-
ers still need to be further validated, they undoubtedly
provide a new research direction for precision treatment
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of LSCC and in-depth understanding of the biological
mechanisms.
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