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Deciphering a proliferation-essential gene

signature based on CRISPR-Cas9 screening
to predict prognosis and characterize
the immune microenvironment in HNSCC

Ke-ling Pang'?", Pian Li'", Xiang-Rong Yao', Wen-Tao Xiao', Xing Ren*®" and Jun-Yan He'"

Abstract

Background Head and neck squamous cell carcinoma (HNSCC) is a highly aggressive malignancy with a poor prog-
nosis. Identifying reliable prognostic biomarkers and therapeutic targets is crucial for improving patient outcomes.
This study aimed to systematically identify proliferation-essential genes (PEGs) associated with HNSCC prognosis
using CRISPR-Cas9 screening data.

Methods CRISPR-Cas9 screening data from the DepMap database were used to identify PEGs in HNSCC cells.

A prognostic PEGs signature was constructed using univariate Cox regression, least absolute shrinkage and selection
operator (LASSO) Cox regression, and multivariate Cox regression analyses. The predictive accuracy of the signature
was validated in internal and external datasets. Weighted gene co-expression network analysis (WGCNA), gene set
enrichment analysis (GSEA), and immune infiltration analysis were used to investigate the underlying mechanism
between high and low-risk patients. Random forest analysis and functional experiments were conducted to investi-
gate the role of key proliferation essential genes in HNSCC progression.

Results A total of 1511 PEGs were identified. A seven-gene prognostic PEGs signature (MRPL33, NAT10, PSMCT,
PSMD11, RPN2, TAF7, and ZNF335) was developed and validated, demonstrating robust prognostic performance

in stratifying HNSCC patients by survival risk. WGCNA and GSEA analyses revealed a marked downregulation

of immune-related pathways in high-risk patients. Immune infiltration analysis validated those high-risk patients had
reduced immune scores, stromal scores, and ESTIMATE scores, as well as decreased infiltration of multiple immune cell
types. Among the identified genes, PSMC1 was highlighted as a pivotal regulator of HNSCC proliferation and migra-
tion, as confirmed by functional experiments.

Conclusions This study identifies a novel PEGs signature that effectively predicts HNSCC prognosis and stratifies

patients by survival risk. PSMC1 was identified as a key gene promoting malignant progression, offering potential
as a therapeutic target for HNSCC.
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Introduction

Head and neck squamous cell carcinoma (HNSCC) is a
highly aggressive malignant tumor, ranking as the sixth
most common cancer worldwide, with over 890,000
new cases and 450,000 deaths annually [1]. Despite
advances in multimodal treatment strategies such as
surgery, radiotherapy, chemotherapy, and immunother-
apy, the prognosis of HNSCC remains poor, particu-
larly for patients with advanced-stage disease [2, 3]. The
disease’s high recurrence rate and resistance to conven-
tional treatments further worsen the prognosis, empha-
sizing the necessity of developing improved therapeutic
strategies [4]. Moreover, these challenges underscore
the urgent need for innovative approaches to overcome
treatment resistance and improve patient outcomes [5,
6]. The major risk factors for HNSCC include tobacco
use, alcohol consumption, and human papillomavirus
infection, which collectively contribute to its complex
etiology and genetic heterogeneity [7]. While immune
checkpoint inhibitors (ICIs), including PD- 1/PD-L1
inhibitors, have demonstrated efficacy in enhancing
survival, a significant fraction of patients respond inad-
equately, indicating limited effectiveness in certain sub-
populations [8]. This disparity strongly underscores the
need for new prognostic biomarkers and therapeutic
targets. Due to the heterogeneity of HNSCC, discover-
ing reliable molecular features for prognostic predic-
tion and personalized therapeutic guidance remains a
significant challenge [9].

In recent years, the development of genome-
wide functional screening technologies, particularly
CRISPR-Cas9, has enabled the systematic identifica-
tion of genes essential for cancer cell proliferation and
survival [10]. By inducing site-specific double-strand
breaks in DNA, CRISPR-Cas9 enables precise gene
knockout and serves as a potent tool for identifying
cancer vulnerabilities [11]. Compared to RNA interfer-
ence (RNAi) screening, CRISPR-Cas9 exhibits higher
specificity and efficiency, significantly reducing off-
target effects. Large-scale CRISPR-Cas9 screening
projects, such as the Cancer Dependency Map (Dep-
Map), have systematically mapped gene dependencies
across hundreds of cancer cell lines, providing valu-
able resources for identifying key genes and potential
therapeutic targets [12]. Despite these advancements,
the application of CRISPR-Cas9 screening to HNSCC
remains relatively underexplored. Using this database,

researchers have identified proliferation-essential
genes (PEGs) that play a critical role in tumor progres-
sion, but their roles in HNSCC remain insufficiently
explored [13-17].

In this study, we systematically identified PEGs in
HNSCC using the DepMap database and constructed a
robust prognostic PEGs signature for predicting over-
all survival (OS). To develop this prognostic signature,
we employed a combination of univariate Cox regres-
sion, least absolute shrinkage and selection operator
(LASSO) regression and multivariate Cox regression
analysis. The identified PEGs signature exhibited sig-
nificant prognostic potential, enabling the effective
classification of HNSCC patients into high-risk and
low-risk groups based on OS. Importantly, this prog-
nostic signature provides a novel framework for risk
stratification, aiding clinical decision-making. To fur-
ther elucidate the biological mechanisms underlying
this PEGs signature, we performed weighted gene co-
expression network analysis (WGCNA), gene ontology
(GO) enrichment analysis, and gene set enrichment
analysis (GSEA). These analyses revealed functional
pathways associated with the identified PEGs. Notably,
these pathways were predominantly enriched in cellular
processes critical for tumor progression, including cell
proliferation and immunosuppression. Furthermore,
random forest analysis identified PSMCI as a critical
gene involved in HNSCC progression. Subsequently, we
validated the oncogenic role of PSMC1 in HNSCC cells
through cellular experiments, providing experimental
evidence for its clinical relevance. These results high-
light the potential of PSMC1 as a prognostic biomarker
and therapeutic target, meriting further exploration.

Materials and methods

Data acquisition

The gene expression profiles and clinical data of
HNSCC patients were retrieved from The Cancer
Genome Atlas (TCGA, https://portal.gdc.cancer.gov/).
The external datasets GSE41613 and GSE65858 were
sourced from the Gene Expression Omnibus (GEO,
https://www.ncbi.nlm.nih.gov/geo/). All datasets were
preprocessed using standardized methods, includ-
ing normalization and log2 transformation via the
DESeq2 R package (https://bioconductor.org/packages/
DESeq2/), ensuring data consistency and quality. The
study workflow is illustrated in Fig. 1.
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Fig. 1 The flowchart of the whole study

Identification of PEGs in HNSCC cells

To identify proliferation essential genes PEGs in HNSCC,
we utilized gene dependency probability scores from the
DepMap (https://depmap.org), which estimate the likeli-
hood that a gene behaves as a common essential gene in
a given cell line. These scores incorporate corrections for
screen quality and experimental variability. Genes with
an average dependency probability >0.5 across HNSCC
cell lines were considered PEGs and selected for further
prognostic evaluation.

GSEA

To evaluate the functional impact of specific gene knock-
outs, we used CERES gene effect scores from the Dep-
Map database (https://depmap.org), which quantify the
magnitude of gene knockout effects while correcting for
confounding factors such as copy number variation and
screen quality. Lower CERES scores indicate stronger
negative effects on cell viability. All genes were ranked
in ascending order based on their average CERES scores
in HNSCC cell lines, and GSEA was performed to iden-
tify hallmark pathways associated with cell prolifera-
tion. Additionally, GSEA was used to compare pathway
enrichment between high-risk and low-risk groups based
on the PEGs signature. Analyses were conducted using
the clusterProfiler R [18] package, with pathways consid-
ered significantly enriched at an adjusted p-value <0.05.

Functional enrichment analyses

We conducted functional enrichment analysis, encom-
passing GO analysis, Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analysis, and
hallmark pathway enrichment analysis, utilizing the R
packages clusterProfiler, org.Hs.eg.db (https://bioco
nductor.org/packages/org.Hs.eg.db/), and enrichplot
(https://bioconductor.org/packages/enrichplot/).

Construction and validation of a prognostic signature
based on PEGs

We randomly divided 493 patients from the TCGA-
HNSC dataset into training and testing cohorts in a
1:1 ratio. In the training cohort, univariate Cox regres-
sion analysis was first performed to evaluate the prog-
nostic value of PEGs in HNSCC. Subsequently, LASSO
regression (implemented via the glmnet R package)
and stepwise multivariate Cox regression analysis were
used to identify prognostically relevant genes. The risk
score for each patient was calculated using the follow-
ing formula: Risk Score =(exp genel Xcoefl) + (exp
gene2 xcoef2) +... +(exp gene nX coefn). In this
formula,"exp"represents the mRNA expression level of
each gene, while"coef"corresponds to the regression
coefficient obtained from multivariate Cox regression
analysis. HNSCC patients were classified into high-risk
and low-risk groups based on the median risk score.
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Kaplan—Meier survival analysis was used to assess sur-
vival differences between the two groups, and statisti-
cal significance was evaluated using the log-rank test.
Receiver operating characteristic (ROC) curve analysis
was performed using the pROC R package [19], with
1-year, 3-year, and 5-year survival as endpoints to evalu-
ate predictive performance. The area under the ROC
curve (AUC), sensitivity, and specificity were used to
assess predictive accuracy. To validate the robustness
of the PEGs signature, independent validation was per-
formed using two internal datasets (TCGA-test and
TCGA-entire) and two external datasets (GSE41613 and
GSE65858) to ensure its generalizability and stability.

Association between PEGs signature

and clinicopathological characteristics

Visualization of the association between the PEGs sig-
nature and different clinicopathological features was
performed using the R packages ggplot2 (https://
CRAN.R-project.org/package=ggplot2), ggpubr (https://
CRAN.R-project.org/package=ggpubr), and  pheat-
map (https://CRAN.R-project.org/package=pheatmap).
Stratified OS analysis was performed using the survival
(https://CRAN.R-project.org/package=survival) and sur-
vminer  (https://CRAN.R-project.org/package=survm
iner) R packages to assess subgroup-specific effects.
Additionally, univariate and multivariate Cox regression
analyses were performed using the survival R package to
identify independent prognostic factors.

Genomic alterations and tumor mutation burden analysis
Tumor mutation burden (TMB) and mutation profiles in
the high-risk and low-risk groups were evaluated using
the R packages maftools [20], ggplot2, and forestPlot
(https://CRAN.R-project.org/package=forestplot).

Nomogram construction

The prognostic nomogram was developed using the rms
R package (https://CRAN.R-project.org/package=rms),
incorporating prognostic variables such as clinical N
stage, clinical M stage, lymphovascular invasion, perineu-
ral invasion, and risk score. The reliability of the nomo-
gram was validated using calibration curves, which assess
the correlation between predicted probabilities and
actual occurrences to determine predictive accuracy. Pre-
dictive performance was further quantified by calculat-
ing the concordance index (C-index) and AUC, evaluated
using the R packages riskRegression (https://CRAN.R-
project.org/package=riskRegression) and timeROC [21]
to quantitatively measure model discrimination.
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WGCNA

The WGCNA R package [22] was used to construct
a weighted gene co-expression network to identify
gene modules associated with the PEGs signature. A
soft threshold of 12 was applied in the TCGA-HNSC
dataset to maintain the scale-free topology of the net-
work. Genes exhibiting similar expression patterns
were grouped into respective modules, with the mod-
ule most correlated with the PEGs signature chosen for
further functional enrichment analysis.

Immune infiltration analysis

The ESTIMATE R package [23] was employed to assess
immune infiltration and the tumor immune microenvi-
ronment by computing immune scores, stromal scores,
and ESTIMATE composite scores. Furthermore, sin-
gle-sample gene set enrichment analysis (ssGSEA) was
conducted with the GSVA R package [24] to quantify
the infiltration levels of 28 tumor-infiltrating immune
cell subsets. Spearman and Pearson correlation analy-
ses were applied to evaluate the association between
immune cell infiltration levels and risk scores.

Cell culture

The HNSCC cell lines SCC- 9 and SAS were obtained
from the Cell Bank of the Chinese Academy of Sci-
ences (Shanghai, China). SCC- 9 cells were cultured
in DMEM/F12 (Gibco, USA), and SAS cells were cul-
tured in DMEM (Gibco, USA). Both media were sup-
plemented with 10% fetal bovine serum (FBS, Gibco,
USA) and 1% penicillin—streptomycin solution (P1400,
Solarbio, China) at 37 °C in a humidified atmosphere
with 5% CO,.

PSMC1 knockdown

To knock down PSMCI1 expression, custom-synthesized
small interfering RNAs (siRNAs) sequences were ordered
from GenePharma (Suzhou, China). The following siRNA
sequences were used: si-NC sense: 5'- UUC UCC GAA
CGU GUC ACG UTT - 3/, si-NC antisense: 5'- ACG
UGA CAC GUU CGG AGA ATT - 3, si-PSMCI -1
sense: 5'-GAA CCU UGG AAG AGA UCA UTT - 3/,
si-PSMCI -1 antisense: 5'- AUG AUC UCU UCC AAG
GUUCTT -3/, si-PSMC1 -2 sense: 5" - GCU GAU GGA
UGA CAC GGA UTT - 3, si-PSMCI1 -2 antisense: 5’-
AUC CGU GUC AUC CAU CAG CTT - 3’. For the
transfection of PSMC1 siRNA, SCC- 9 and SAS cells
were seeded at a concentration of 2x 10° cells per well
in 6-well plates. When the cells reached 70-80% conflu-
ence, the siRNAs (si-NC and si-PSMC1) were transfected
into SCC- 9 and SAS cells using Lipofectamine 3000
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(L3000015, Thermo Fisher, USA) according to the manu-
facturer’s protocol.

Real-time qPCR

To knock down the expression of PSMC1 in SCC- 9 and
SAS cells, we used the method described above. Total
RNA was then extracted from HNSCC cells using the
SevenFast® Total RNA Extraction Kit for Cells (SM130,
SevenBio, China) following the manufacturer’s instruc-
tions. The RNA concentration was measured using the
NanoDrop One spectrophotometer (Thermo Fisher,
USA). Complementary DNA (cDNA) synthesis was per-
formed using the TransScript® Uni All-in-One First-
Strand ¢cDNA Synthesis SuperMix for qPCR (One-Step
gDNA Removal) (AU341, Transgen, China) following
the manufacturer’s guidelines. Real-time qPCR was per-
formed on the Quant Studio” 6 Real-Time PCR System
(Thermo Fisher, USA) using MicroAmp Fast 0.2 mL
96-well Reaction Plates (Thermo Fisher, USA) and SYBR
Green Mix (A25742, Thermo Fisher, USA) for the qPCR
reactions. GAPDH was used as a housekeeping gene,
and PSMCI1 expression fold-change relative to the con-
trol sample was calculated using the 2*(-AACt) method.
Primer pairs for PCR were obtained from Sangon Bio-
tech. The following primers were used: PSMC1 forward:
5’- CAC ACT CAG TGC CGG TTA AAA — 3, PSMC1
reverse: 5'- GTA GAC ACG ATG GCA TGA TTG T
— 3’, GAPDH forward: 5'- TTG CCA TCA ATG ACC
CCT TCA - 3’, GAPDH reverse: 5'- CGC CCC ACT
TGATTT TGGA - 3'.

CCK- 8 assay

Cell viability was evaluated using the CCK- 8 assay. SCC-
9 and SAS cells transfected with si-NC or si-PSMC1
were resuspended in full culture medium and plated into
96-well plates at a density of 2,000 cells per well. The cells
were cultured for the specified periods. Subsequently, 10
ul of CCK- 8 solution (BS350 A, Biosharp, China) was
added to each well, and the plates were incubated for 2 h
at 37 °C in a humidified incubator. The number of viable
cells was determined by measuring absorbance at 450 nm
using a spectrophotometer. Each experiment was per-
formed with five biological replicates (n =5) to ensure
reproducibility.

Colony formation assay

SCC- 9 and SAS cells transfected with si-control or si-
PSMC1 were resuspended in a complete culture medium
and seeded into 12-well plates at a density of 2000 cells
per well. Cells were cultured for 7 days in a 37 °C incuba-
tor with 5% CO, and saturated humidity. Afterward, the
cells were fixed using a 4% paraformaldehyde solution
(P1110, Solarbio, China), followed by staining with 0.1%
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crystal violet (G1062, Solarbio, China). The total area
covered by the colonies was captured using a camera, and
the number of colonies was counted using Image] soft-
ware. Each experiment was performed in triplicate (n
=3) to ensure reproducibility.

Migration assays

SCC- 9 and SAS cells transfected with si-control or si-
PSMC1 were resuspended in a complete culture medium
at a concentration of 500,000 cells/mL, and 70 pL of the
cell suspension was pipetted into each chamber of the
cell culture insert (80209, Ibidi, Germany). Once the cells
adhered, the Ibidi chamber was removed. Cell migra-
tion was observed at 0 h, 6 h, and 9 h under an inverted
microscope, and images were taken at 10 X magnification.
Wound healing was measured using Image] software, and
the healing rate was calculated as follows: Wound healing
rate = (0 h area—n h area)/(0 h area) X 100%.

Statistical analysis

Statistical analyses were conducted using R software
(version 4.2.2). For experimental data (e.g., qPCR, CCK-
8, colony formation, and migration assays), GraphPad
Prism (version 9.5) was used. Each experimental group
included at least three biological replicates, and differ-
ences between groups were assessed using two-tailed
Student’s t-tests. Statistical significance was denoted as
follows: *P< 0.05, **P< 0.01, **P< 0.001, ****P< 0.0001.
For survival analysis, univariate Cox regression was per-
formed to evaluate the prognostic value of PEGs, and
false discovery rate (FDR) correction was applied using
the Benjamini—-Hochberg method. Genes with FDR-
adjusted p-values <0.05 were considered statistically
significant. For immune infiltration analysis, Spearman
correlation was used to assess the association between
the risk score and immune cell abundance estimated by
multiple deconvolution algorithms. FDR correction was
also applied to correlation p-values, and adjusted p < 0.05
was considered significant.

Results

Identification of PEGs in HNSCC cells

We utilized genome-wide CRISPR-mediated loss-of-
function screening data from the DepMap database to
identify candidate PEGs associated with HNSCC. First,
we used CERES scores combined with GSEA analysis to
explore key hallmark pathways influencing the prolifera-
tion of HNSCC cell lines. As shown in Fig. 2A, hallmark
pathways promoting HNSCC cell proliferation include
MYC targets, oxidative phosphorylation, E2 F targets,
G2M checkpoint, and DNA repair. The top 10 enriched
pathways, ranked by normalized enrichment score (NES),
are presented in Fig. 2B.
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Fig. 2 Identification of PEGs in HNSCC cells. GSEA of hallmark pathways associated with HNSCC cell proliferation based on CERES scores

from the DepMap database (a). Enrichment plots of the top 10 hallmark pathways ranked by NES (b). GO enrichment analysis of the identified 1,511
PEGs (c). KEGG pathway enrichment analysis of the identified PEGs (d). Abbreviations: PEGs, proliferation-essential genes; HNSCC, head and neck
squamous cell carcinoma; GSEA, gene set enrichment analysis; DepMap, cancer dependency map; NES, normalized enrichment score; GO, gene

ontology; KEGG, kyoto encyclopedia of genes and genomes

Next, to determine which genes are essential for
HNSCC cell growth, we analyzed gene dependency
scores for all HNSCC cell lines (including 72 HNSCC cell
lines) in the DepMap database. Genes with an average
dependency score greater than 0.5 across all HNSCC cell
lines were defined as PEGs. A total of 1,511 PEGs were
identified in HNSCC cells (Supplementary Table S1),
along with their corresponding CRISPRGeneEffect and
CRISPRGeneDependency scores. Furthermore, GO
enrichment analysis revealed that these genes were pri-
marily enriched in ribonucleoprotein complex biogen-
esis, chromosomal region, and catalytic RNA-related

activities (Fig. 2C). KEGG enrichment analysis further
revealed that the spliceosome pathway was the most sig-
nificantly enriched (Fig. 2D).

Construction and validation of the PEGs signature

First, all cases in the TCGA-HNSC dataset were ran-
domly divided into a training cohort (n= 247) and a
testing cohort (n= 246). Subsequently, key genes were
selected using univariate Cox regression analysis and
LASSO Cox regression analysis, resulting in 14 genes:
ALG2, GAPDH, HSPA5 MRPL33, NAT10, PGK1,
PSMC1, PSMD11, PSMD2, RPN2, TAF7, TXNRDI,
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Fig. 3 Construction of the PEGs signature. LASSO Cox regression analysis for feature selection of prognostic PEGs (a-b). Multivariate Cox regression
analysis of the identified prognostic PEGs (c). Risk coefficients of the prognostic PEGs (d). Risk score distribution (top) and survival status of HNSCC
patients (bottom) (e). Heatmap displaying the expression profiles of the prognostic PEGs in high-risk and low-risk groups (f). Kaplan—Meier survival
analysis comparing overall survival (OS) between high-risk and low-risk patients (g). Receiver operating characteristic (ROC) curve analysis for 1-year,

3-year, and 5-year OS (h). Chromosomal locations of the seven genes in the PEGs signature (i). Abbreviations: PEGs, proliferation-essential genes;
LASSO, least absolute shrinkage and selection operator; HNSCC, head and neck squamous cell carcinoma; OS, overall survival; ROC, receiver
operating characteristic; AUC, area under the curve. Statistical significance: *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns: not significant

VBP1, and ZNF335. Further optimization using multi-
variate Cox regression analysis led to the final selection of
seven genes: MRPL33, NAT10, PSMC1, PSMD11, RPN2,
TAF7, and ZNF335 (Fig. 3A-C). A risk score model was
developed based on these seven genes, and its calcula-
tion formula is as follows: Riskscore =0.44719 x MRPL33
+0.59750 XxNAT10 +0.49953 XxPSMC1 +0.50911
XPSMD11 +0.59609 XRPN2 +0.44624 XTAF7 +(—
0.79222) x ZNF335 (Fig. 3D). Patients were stratified into
high-risk and low-risk groups according to the median
risk score. The distribution of risk score, survival time,
and patient classification in the two groups are depicted
in Fig. 3E, whereas Fig. 3F shows the expression patterns
of the seven genes across the risk groups. As shown in
Fig. 3G, survival analysis revealed that high-risk patients
exhibited significantly poorer survival outcomes com-
pared to the low-risk group, highlighting the model’s

prognostic utility. The robustness of the model was fur-
ther confirmed by ROC curve analysis, which yielded
AUC values of 0.718, 0.794, and 0.766 for 1-year, 3-year,
and 5-year OS, respectively (Fig. 3H), demonstrating its
high predictive accuracy. The chromosomal positions of
the seven genes are illustrated in Fig. 3L

To evaluate the effectiveness and reliability of the
PEGs signature, survival analysis, and ROC analysis
were conducted in two internal cohorts (TCGA-test and
TCGA-entire) and two external cohorts (GSE41613 and
GSE65858). The distribution of risk score and survival
status of HNSCC patients are shown in Fig. 4A. Kaplan—
Meier survival analysis (Fig. 4B) demonstrated that in all
internal and external cohorts, patients in the low-risk
group had significantly higher survival rates than those
in the high-risk group, consistent with the findings from
the training cohort. Furthermore, ROC analysis indicated
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that the AUC values remained high across different
cohorts, further emphasizing the robustness of this sig-
nature (Fig. 4C).

Association between PEGs signature

and clinicopathological characteristics

To evaluate the clinical applicability of the PEGs signa-
ture, we conducted a comprehensive clinical correlation
analysis. Heatmaps and box plots (Fig. 5A-B) demon-
strated significant associations between the PEGs signa-
ture and various clinicopathological features. The results
indicated that patients with advanced clinical T stage
(T3/T4), positive perineural invasion, and deceased
status had significantly higher risk scores. The strati-
fied analysis further revealed that in different subgroups
(stratified by age, gender, clinical stage, lymphovascular
invasion, and perineural invasion), patients with high-
risk scores consistently exhibited poorer OS (Fig. 6A-
P). Importantly, the prognostic value of this signature
remained consistent across diverse clinical subgroups,
reinforcing its stability.

Genomic alterations and TMB analysis

Analysis of genomic alterations demonstrated that
the mutation rate was markedly lower in the low-risk
group compared to the high-risk group (89.75% vs.
97.12%) (Fig. 7A-B). Furthermore, the mutation land-
scape differed significantly between the high- and
low-risk groups (Fig. 7C). Among high-risk patients,
TP53, SH3PXD2 A, RTN4, FBN1, MIA3, and PLE-
KHG1 mutations were significantly more frequent (p <
0.01), whereas HRAS, CYLD, HFM1, NIPBL, ROBO?2,
and RIMS2 mutations were more prevalent in low-risk
patients (p < 0.05). Beyond mutation profiling, we also
assessed differences in TMB between the high- and
low-risk groups (Fig. 7D-F). Notably, TMB was signifi-
cantly elevated in HNSCC patients within the high-risk
group (Fig. 7D). Kaplan—Meier survival analysis indi-
cated that patients with high TMB had lower survival
rates (Fig. 7E). Moreover, HNSCC patients character-
ized by both high TMB and high-risk scores had the
poorest survival outcomes (Fig. 7F).
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Nomogram construction
To assess whether our signature is an independent
prognostic factor for HNSCC patients, we performed

univariate and multivariate Cox regression analyses. The
results indicated that both risk score and perineural inva-
sion were independent prognostic factors (Fig. 8A-B),
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Fig. 6 Stratified survival analysis of the PEGs signature across different clinical subgroups. Kaplan—-Meier survival analysis for patients stratified
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perineural invasion status (o-p). Abbreviations: PEGs, proliferation-essential genes

suggesting that the risk score can predict HNSCC
prognosis independently of other clinical variables. To
enhance the clinical applicability of our study, we con-
structed a nomogram model based on significant prog-
nostic factors, including clinical N stage, clinical M stage,
lymphovascular invasion, perineural invasion, and risk
score (Fig. 8C). This nomogram provides an intuitive
and practical statistical tool for predicting survival in
HNSCC patients, facilitating the clinical application of
the risk score. The results demonstrated that this nomo-
gram exhibited strong predictive performance for 1-year,
3-year, and 5-year OS in HNSCC patients (Fig. 8D).
The C-index of the nomogram was significantly higher
than that of individual predictors (Fig. 8E), highlight-
ing the superiority of the integrated model. Addition-
ally, Kaplan—Meier survival analysis showed that patients
with higher nomogram scores had significantly worse OS

(Fig. 8F). The ROC AUC values for 1-year, 3-year, and
5-year OS predictions using the nomogram were 0.714,
0.778, and 0.724, respectively (Fig. 8G), further empha-
sizing the robustness and clinical significance of this
prognostic nomogram.

WGCNA and GSEA

We constructed a WGCNA network to explore regula-
tory relationships associated with the PEGs signature.
In the TCGA-HNSC dataset, a soft threshold of f= 12
was applied, and 12 distinct gene modules were iden-
tified based on the topological overlap matrix (TOM)
(Fig. 9A-B). Among these, the yellow module exhibited
the strongest correlation with the risk score (Fig. 9B).
Further analysis revealed that the yellow module had the
strongest negative correlation with the risk score (corre-
lation coefficient =— 0.53, p= 6.9e- 106) (Fig. 9C). GO
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enrichment analysis indicated that the genes in this mod-
ule were primarily associated with leukocyte-mediated
immunity, the external side of the plasma membrane,
and immune receptor activity (Fig. 9D). Additionally,
KEGG enrichment analysis revealed significant enrich-
ment in cytokine-receptor interactions, chemokine sign-
aling pathways, and cell adhesion molecule pathways
(Fig. 9E). Hallmark pathway enrichment analysis further
revealed that these genes were predominantly involved in
immune-related processes, including allograft rejection,
inflammatory response, interferon-gamma response,
complement activation, IL2-STAT5 signaling, and IL6-
JAK-STATS3 signaling (Fig. 9F).

To further elucidate the potential biological mecha-
nisms underlying survival differences between high- and
low-risk groups driven by the PEGs signature, we con-
ducted a GSEA analysis. Hallmark pathway enrichment
analysis indicated that in the TCGA dataset, the PEGs
signature was associated with signaling pathways such
as oxidative phosphorylation, MYC targets, mTORC1
signaling, glycolysis, allograft rejection, IL6-JAK-STAT3
signaling, interferon response, IL2-STAT5 signaling, and
inflammatory response (Fig. 10A-C). Notably, these path-
ways significantly overlapped with those enriched in the
yellow module, particularly immune-related pathways.
Furthermore, immune-related pathways—including
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allograft rejection, IL6-JAK-STAT3 signaling, interferon-
gamma response, interferon-alpha response, IL2-STAT5
signaling, inflammatory response, and complement path-
ways—were significantly downregulated in the high-risk
group (Fig. 10C).

Immune infiltration analysis

To explore immune infiltration and the tumor immune
microenvironment in HNSCC, we initially assessed
immune scores, stromal scores, and ESTIMATE scores
in high- and low-risk patient groups. Our findings indi-
cated that immune, stromal, and ESTIMATE scores
were markedly reduced in high-risk HNSCC patients
(Fig. 11A). Furthermore, ssGSEA was employed to exam-
ine the correlation between risk score and tumor-infil-
trating immune cells. The analysis revealed that most
immune cell infiltration levels were markedly decreased
in high-risk patients compared to the low-risk group
(Fig. 11B). Specifically, 19 types of immune cells exhib-
ited significantly lower infiltration levels in the high-risk
group (Fig. 11C). Additional correlation analysis revealed
a negative association between the risk score and the

majority of immune cell types (Fig. 12A). A more detailed
correlation analysis was performed for immune cell types
that exhibited a significant negative correlation with the
risk score (cor <— 0.1, p< 0.05) (Fig. 12B-P).

To further validate the immune landscape differences,
we performed multi-algorithm immune cell deconvolu-
tion using CIBERSORT, TIMER, XCELL, EPIC, MCP-
COUNTER, and QUANTISEQ. The results consistently
revealed that high-risk patients exhibit decreased infil-
tration of anti-tumor immune cells and increased infil-
tration of immunosuppressive cells, supporting an
immunosuppressive tumor microenvironment (Fig.S1).

Identification of PSMC1 as the most important gene

in PEGs signature

Next, random forest analysis was performed to deter-
mine the key gene within the PEGs signature for fur-
ther study. The findings demonstrated that PSMC1 was
the most pivotal gene among the seven PEGs (Fig. 13A-
C). Pan-cancer analysis of the TCGA database showed
that PSMC1 exhibited elevated expression across multi-
ple tumor types compared to normal tissues (Fig. 13D).
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Importantly, PSMC1 expression was markedly elevated
in HNSCC tissues (p <0.0001, Fig. 13D-E). ROC curve
analysis indicated that PSMCI1 expression effectively dif-
ferentiated HNSCC from normal tissues, with an AUC of
0.812 (95% confidence interval: 0.763—0.846), implying
that PSMC1 could be a potential diagnostic biomarker
for HNSCC (Fig. 13F). Kaplan—Meier survival analysis
demonstrated that high PSMC1 expression was associ-
ated with significantly poorer OS in HNSCC patients
(Fig. 13G-H). Furthermore, CRISPR-based gene effect
analysis (CERES score) indicated that PSMC1 depletion
markedly suppressed the proliferation of all HNSCC cell
lines (Fig. 13G). These results suggest that PSMC1 is a
key player in HNSCC progression and could be a promis-
ing therapeutic target.

Furthermore, to explore the potential mechanisms
underlying the oncogenic and immunosuppressive
roles of PSMC1, we performed KEGG pathway enrich-
ment analysis based on genes associated with PSMC1
expression. The results revealed that high PSMC1
expression was negatively associated with multiple
immune-related pathways, including primary immuno-
deficiency, allograft rejection, antigen processing and
presentation, T cell receptor signaling pathway, and

intestinal immune network for IgA production (Fig.
S2). These findings suggest that PSMC1 may contrib-
ute to the formation of an immunosuppressive tumor
microenvironment in HNSCC, further supporting its
role in cancer progression.

Knockdown PSMC1 inhibits the proliferation and migration
of HNSCC cells

To investigate the functional role of PSMCI1, specific
PSMC1-siRNA was transfected into HNSCC cells (SAS
and SCC- 9), effectively silencing PSMC1 expression
(Fig. 14A). The CCK- 8 assay demonstrated that silenc-
ing PSMC1 markedly suppressed HNSCC cell prolifera-
tion (Fig. 14B-C). The colony formation assay further
verified that PSMC1 knockdown substantially impaired
the clonogenic potential of HNSCC cells (Fig. 14D-E).
Additionally, the scratch wound assay demonstrated
that PSMC1 silencing significantly suppressed the
migration capability of HNSCC cells (Fig. 14F-G). In
summary, these results suggest that PSMC1 is a key
regulator of HNSCC cell proliferation and migration,
and targeting PSMC1 may offer a promising therapeu-
tic approach for HNSCC.
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Discussion

HNSCC remains a highly aggressive malignancy with a
poor prognosis, highlighting the urgent need for novel
prognostic biomarkers and therapeutic targets [25].
Despite advances in multimodal treatment strategies, the
survival rate of HNSCC patients remains unsatisfactory,
particularly for those diagnosed at advanced stages [2, 3].
In recent years, CRISPR-Cas9 screening has emerged as a
transformative tool for genome-wide functional studies,
enabling the systematic identification of essential genes
and pathways. This technology has proven particularly
powerful in uncovering therapeutic vulnerabilities in
cancers, offering new opportunities for the development
of targeted therapies and precision oncology approaches
[12]. Recent studies have highlighted the critical role of
PEGs in tumor progression [13—17]; however, their spe-
cific contributions to HNSCC remain largely unexplored.
Therefore, this study aimed to systematically identify
PEGs associated with HNSCC prognosis and investigate
their biological significance.

Based on CRISPR-Cas9 screening data from the Dep-
Map database, we identified 1,511 PEGs in HNSCC cells.
By employing a stringent selection strategy, incorporat-
ing univariate Cox regression, LASSO Cox regression,
and multivariate Cox regression analyses, we developed
a prognostic PEGs signature consisting of MRPL33,

NAT10, PSMC1, PSMD11, RPN2, TAF7, and ZNF335.
The PEGs signature successfully classified HNSCC
patients into low-risk and high-risk groups, with the
high-risk group exhibiting significantly poorer survival
outcomes. Moreover, the PEGs signature was indepen-
dently validated across internal and external datasets,
reinforcing its potential clinical utility.

The clinical relevance analysis demonstrated that an
increased risk score was strongly correlated with poor
clinical characteristics, such as advanced T stage (T3/
T4), positive perineural invasion, and elevated mortal-
ity. Additionally, genomic alteration analysis showed
that the high-risk group exhibited significantly increased
TMB and mutation rates compared to the low-risk
group. Importantly, patients characterized by both high
TMB and high-risk scores exhibited the poorest survival
outcomes. Moreover, subgroup analysis validated that
this signature maintained its prognostic significance in
various clinical subgroups, reinforcing its stability. To
enhance clinical applicability, we developed a nomogram
by incorporating this PEGs signature with other prognos-
tic factors, which exhibited high predictive accuracy for
1-year, 3-year, and 5-year OS in HNSCC patients. From
a translational perspective, the PEGs-based prognos-
tic model has the potential to be implemented in clini-
cal settings using a standardized qRT-PCR panel. Given
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***n < 0,001, ****p < 0.0001, ns: not significant

the limited number of genes involved, qRT-PCR offers a
feasible and cost-effective platform for evaluating PEGs
expression in tumor biopsy samples. This approach
may enable personalized risk stratification and inform
treatment planning in HNSCC patients, thereby bridg-
ing the gap between molecular profiling and clinical
decision-making.

Several prognostic models have been reported for
HNSCC, including those based on TP53 mutation status,
ferroptosis-related gene signatures, and long non-coding
RNAs (IncRNAs) [26-28]. For example, a TP53 muta-
tion-associated model constructed from ten differentially
expressed genes was shown to stratify patients into high-
and low-risk groups with significantly different survival
outcomes and predicted responses to immunotherapy

and chemotherapy [26]. However, the prognostic value
of TP53-related models may be limited by the heteroge-
neity and complexity of TP53 mutations across HNSCC
subtypes. Another study developed a ferroptosis-related
prognostic score by identifying molecular subtypes and
constructing an 8-gene signature. Although the FPRS
model showed good predictive performance and was
linked to immune infiltration and immune escape, it was
based solely on transcriptomic correlations and lacked
direct functional validation [27]. In addition, a nomo-
gram based on an 8-IncRNA signature was developed and
validated using TCGA data and qRT-PCR in 102 clinical
specimens. This model achieved a 3-year survival AUC
of 0.74 and was proposed as a potential diagnostic and
prognostic tool. However, the biological roles of many
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IncRNAs in tumor proliferation remain poorly under-
stood, which may limit the mechanistic interpretability of
such models [28]. In contrast, our PEGs-based signature
was derived from genome-scale CRISPR-Cas9 functional
screening data, which directly reflects gene essential-
ity for tumor cell fitness. This functionally grounded
approach provides robust biological relevance beyond
correlation-based models. Furthermore, our model dem-
onstrated consistent and high prognostic accuracy across
multiple independent cohorts, suggesting strong gener-
alizability. Therefore, the PEGs signature may serve as a
complementary and potentially more robust prognostic
tool for HNSCC, with both mechanistic and translational
implications.

To elucidate the underlying mechanisms contributing
to the prognostic disparity between high- and low-risk
patients, we performed WGCNA and GSEA analyses,
which identified a marked downregulation of immune-
related pathways in high-risk patients. Further immune

infiltration analysis validated those high-risk patients
had reduced immune scores, stromal scores, and ESTI-
MATE scores, as well as decreased infiltration of multiple
immune cell types. These findings suggest that immune
suppression may contribute to the poorer prognosis
observed in high-risk patients, highlighting the poten-
tial interplay between the PEGs signature and the tumor
immune microenvironment.

PSMCI, identified through random forest analysis,
emerged as the most critical gene among the seven PEGs
in our prognostic signature. As a key ATPase subunit of
the 26S proteasome, PSMC1 plays a crucial role in protein
degradation and cellular homeostasis [29, 30]. In vari-
ous cancers, PSMC1 is frequently upregulated, promot-
ing tumor progression by enhancing cell proliferation,
immune evasion, and drug resistance [31-34]. Due to its
association with poor prognosis, PSMCI1 is considered
a potential therapeutic target and prognostic biomarker
in cancer research. In HNSCC, our findings suggest that
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(d). Box plot comparing PSMC1 expression between tumor and para-tumor tissues in HNSCC (e). ROC curve analysis evaluating the diagnostic
performance of PSMC1 in distinguishing HNSCC from para-tumor tissues (f). Kaplan—Meier survival analysis showing the association

between PSMC1 expression and OS in the TCGA-HNSC (g) and GSE41613 (h) cohorts. CERES scores of PSMCT1 in all HNSCC cell lines (i).
Abbreviations: PEGs, proliferation-essential genes; HNSCC, head and neck squamous cell carcinoma; TCGA, The Cancer Genome Atlas; ROC, receiver
operating characteristic; OS, overall survival. Statistical significance: *p < 0.05, **p < 0.01, ***p < 0.001, ***p < 0.0001, ns: not significant

demonstrated that PSMCI1

PSMCI is not only essential for tumor cell proliferation
but also strongly associated with poor patient outcomes,
as demonstrated by Kaplan—Meier survival analysis. The
significant correlation between high PSMC1 expression
and shorter OS highlights its potential as both a prognos-
tic biomarker and a therapeutic target. Further in vitro

functional experiments
knockdown significantly inhibited HNSCC cell prolifera-
tion and migration, reinforcing its role in tumor progres-
sion. Collectively, these findings position PSMC1 as a
promising candidate for further investigation in HNSCC
biology and therapy. In addition to its role in promoting
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tumor proliferation and poor prognosis, PSMC1 may
also play a part in modulating the tumor immune micro-
environment. KEGG pathway enrichment analysis based
on PSMCI1 expression revealed significant negative asso-
ciations with several immune-related pathways, such as
antigen processing and presentation, T cell receptor sign-
aling, and intestinal immune responses. These results
imply that PSMC1 may contribute to immune evasion
in HNSCC, potentially through the suppression of key
immune signaling pathways. This immunosuppressive
function, combined with its tumor-promoting effects,
highlights the multifaceted role of PSMC1 in HNSCC
and supports its potential as a therapeutic target worthy
of further investigation.

Despite the promising findings, this study has several
limitations. First, although the oncogenic role of PSMC1
was validated in vitro, further in vivo studies are needed
to confirm its tumorigenic potential. Second, while our
prognostic signature was validated using retrospective

datasets, prospective clinical validation with well-anno-
tated patient cohorts, including clinical and follow-up
data, is required to confirm its clinical utility. We plan
to collaborate with clinical centers to address this in
future studies. Third, although we identified an associa-
tion between the PEGs signature and immune infiltra-
tion, the underlying molecular mechanisms remain to be
elucidated. Future studies should explore the precise role
of PSMC1 in HNSCC, integrate multi-omics approaches,
and conduct prospective clinical trials to further validate
the prognostic significance of the PEGs signature in pre-
cision oncology.

Conclusions

In conclusion, this study systematically identified a PEGs
signature (MRPL33, NAT10, PSMC1, PSMD11, RPN2,
TAF7, and ZNF335) in HNSCC using CRISPR-Cas9
screening data from the DepMap database. The PEGs sig-
nature demonstrated strong prognostic value, effectively
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stratifying HNSCC patients into high- and low-risk
groups and providing a novel tool for risk assessment.
Furthermore, PSMC1 was identified as a key oncogenic
driver in HNSCC, playing a crucial role in tumor pro-
gression. Functional validation experiments confirmed
that PSMC1 knockdown significantly inhibited HNSCC
cell proliferation and migration, highlighting its poten-
tial as both a prognostic biomarker and a therapeutic
target. These findings offer new insights into the molec-
ular mechanisms underlying HNSCC progression and
provide potential avenues for personalized treatment
strategies.

Abbreviations

HNSCC Head and neck squamous cell carcinoma
PEGs Proliferation-essential genes

LASSO Least absolute shrinkage and selection operator
WGCNA  Weighted gene co-expression network analysis
GSEA Gene set enrichment analysis

ICls Immune checkpoint inhibitors

RNAI RNA interference

DepMap  Dependency map

oS Overall survival

GO Gene ontology

TCGA The cancer genome atlas

GEO Gene expression omnibus

KEGG Kyoto encyclopedia of genes and genomes
ROC Receiver operating characteristic

AUC Area under the ROC curve

TMB Tumor mutation burden

C-index Concordance index

TOM Topological overlap matrix

INcRNAs  Long non-coding RNAs

Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/512885-025-14181-1.

Supplementary Material 1.
Supplementary Material 2.
Supplementary Material 3.

Supplementary Material 4.

Acknowledgements

Acknowledgments We acknowledge the TCGA, GEO, and DepMap database
for providing the platform and its contributors for uploading meaningful
datasets.

Authors’ contributions

JYH and XR designed the research. KLP, PL, XRY, and WTX collected and ana-
lyzed the data. KLP and PL drafted the manuscript. WTX and XRY prepared the
figures. JYH and XR revised the manuscript. All authors (JYH, XR, KLP, PL, XRY,
and WTX) have read and approved the final version of the manuscript.

Funding

This work was supported by National Natural Science Foundation of China
(82304083 to Jun-yan He) and Natural Science Foundation of Hunan Province
(2023 JJ40584 to Jun-yan He).

Data availability

Data availability statement The datasets analyzed in the current study are
available from TCGA (https://portal.gdc.cancer.gov/), GEO (https://www.ncbi.
nlm.nih.gov/geo/), and Depmap (https://depmap.org).

Page 19 of 20

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

"Department of Oncology, The First Affiliated Hospital, Hengyang Medical
School, University of South China, Hengyang, China. ?Affiliated Tumor Hospital
of Guangxi Medical University, Nanning, China. >Clinical Laboratory Medicine
Center, The First Affiliated Hospital, Hengyang Medical School, University

of South China, Hengyang, China.

Received: 27 February 2025 Accepted: 17 April 2025
Published online: 22 April 2025

References

1. Barsouk A, Aluru JS, Rawla P, Saginala K, Barsouk A. Epidemiology, risk
factors, and prevention of head and neck squamous cell carcinoma. Med
Sci (Basel). 2023;11(2):42.

2. WangY,Han J, ZhuY,Huang N, Qu N. New advances in the therapeutic
strategy of head and neck squamous cell carcinoma: a review of latest
therapies and cutting-edge research. Biochim Biophys Acta Rev Cancer.
2025;1880(1):189230.

3. Zhu X, QiuJ, Zhang, Lin C, Wang X, Shi X, et al. Neoadjuvant chemo-
immunotherapy for locally advanced squamous cell carcinoma of the
head and neck: systematic review and meta-analysis. Pharmacol Res.
2025;212:107598.

4. Barham WT, Stagg MP, Mualla R, DiLeo M, Kansara S. Recurrent and meta-
static head and neck cancer: mechanisms of treatment failure, treatment
paradigms, and new horizons. Cancers (Basel). 2025;17(1):144.

5. Crossman BE, Harmon RL, Kostecki KL, McDaniel NK, lida M, Corday LW,
et al. From bench to bedside: a team's approach to multidisciplinary
strategies to combat therapeutic resistance in head and neck squamous
cell carcinoma. J Clin Med. 2024;13(20):6036.

6. ZengH,Ge J, Meng Y, Wang Q, Yang M, Zeng Z, et al. Research progress
on the role and mechanism of circular RNA in drug resistance of head
and neck squamous cell carcinoma. Cancer Drug Resist. 2024;7:31.

7. Krsek A, Baticic L, Sotosek V, Braut T. The role of biomarkers in HPV-
positive head and neck squamous cell carcinoma: towards precision
medicine. Diagnostics (Basel). 2024;14(13):1448.

8. ZhangVJ, XiaoY, Li ZZ, Bu LL. Immunometabolism in head and neck
squamous cell carcinoma: hope and challenge. Biochim Biophys Acta
Mol Basis Dis. 2025;1871(3):167629.

9. Saini KS, Somara S, Ko HC, Thatai P, Quintana A, Wallen ZD, et al. Biomark-
ers in head and neck squamous cell carcinoma: unraveling the path to
precision immunotherapy. Front Oncol. 2024;14:1473706.

10. Lee H, Rho WY, Kim YH, Chang H, Jun BH. CRISPR-Cas9 gene therapy:
non-viral delivery and stimuli-responsive nanoformulations. Molecules.
2025;30(3):542.

11. Hamze JG, Cambra JM, Navarro-Serna S, Martinez-Serrano CA. Navigat-
ing gene editing in porcine embryos: methods, challenges, and future
perspectives. Genomics. 2025;117(2):111014.

12. Tsherniak A, Vazquez F, Montgomery PG, Weir BA, Kryukov G, Cowley GS,
et al. Defining a cancer dependency map. Cell. 2017;170(3):564-76.e16.

13. LiuJ, Liang W, XuY, Zhong S. Prognostic value and chemotherapy
response prediction of a proliferation essential gene signature in colon
cancer. Biosci Rep. 2023;43(7):BSR20230733.

14. JiaY,Yang J, ChenY, LiuY, Jin Y, Wang C, et al. Identification of NCAPG as
an essential gene for neuroblastoma employing CRISPR-Cas9 screening
database and experimental verification. Int J Mol Sci. 2023;24(19):14946.

15. Liu C Yuan ZY, Zhang XX, Chang JJ, Yang Y, Sun SJ, et al. Novel molecular
classification and prognosis of papillary renal cell carcinoma based on


https://doi.org/10.1186/s12885-025-14181-1
https://doi.org/10.1186/s12885-025-14181-1

Pang et al. BMC Cancer (2025) 25:756

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32

33.

34

a large-scale CRISPR-Cas9 screening and machine learning. Heliyon.
2024;10(1):e23184.

Li X, Luo S, Fu W, Huang M, Huang X, Kang S, et al. Discovery of a prolifera-
tion essential gene signature and actin-like 6A as potential biomarkers
for predicting prognosis and neoadjuvant chemotherapy response in
triple-positive breast cancer. Cancer. 2024;130(S8):1435-48.
Yul,LinN,YeY, Zhou S, XuY, Chen J, et al. Prognostic and chemothera-
peutic response prediction by proliferation essential gene signature:
Investigating POLE2 in bladder cancer progression and cisplatin resist-
ance. J Cancer. 2024;15(6):1734-49.

Xu'S, Hu E, CaiY, Xie Z, Luo X, Zhan L, et al. Using clusterProfiler to charac-
terize multiomics data. Nat Protoc. 2024;19(11):3292-320.

Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, et al. pROC:
an open-source package for R and S+ to analyze and compare ROC
curves. BMC Bioinformatics. 2011;12:77.

Mayakonda A, Lin DC, Assenov Y, Plass C, Koeffler HP. Maftools: efficient
and comprehensive analysis of somatic variants in cancer. Genome Res.
2018;28(11):1747-56.

Blanche P, Dartigues JF, Jacgmin-Gadda H. Estimating and compar-

ing time-dependent areas under receiver operating characteristic
curves for censored event times with competing risks. Stat Med.
2013;32(30):5381-97.

Langfelder P, Horvath S. WGCNA: an R package for weighted correlation
network analysis. BMC Bioinformatics. 2008;9:559.

Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-
Garcia W, et al. Inferring tumour purity and stromal and immune cell
admixture from expression data. Nat Commun. 2013;4:2612.
Hénzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinformatics. 2013;14:7.

Siegel RL, Giaquinto AN, Jemal A. Cancer statistics, 2024. CA Cancer J Clin.
2024;74(1):12-49.

Shi G, Liu S, Tian X, Wang X, Gao P. ATP53 mutation model for the predic-
tion of prognosis and therapeutic responses in head and neck squamous
cell carcinoma. BMC Cancer. 2021;21(1):1035.

Wei M, Tian'Y, LvY, Liu G, Cai G. Identification and validation of a prog-
nostic model based on ferroptosis-associated genes in head and neck
squamous cancer. Front Genet. 2022;1(13):1065546.

Mao R, ChenY, Xiong L, Liu Y, Zhang T. Identification of a nomogram
based on an 8-IncRNA signature as a novel diagnostic biomarker

for head and neck squamous cell carcinoma. Aging (Albany NY).
2020;12(20):20778-800.

Aharoni S, Proskorovski-Ohayon R, Krishnan RK, Yogev Y, Wormser O,
Hadar N, et al. PSMC1 variant causes a novel neurological syndrome. Clin
Genet. 2022;102(4):324-32.

Goémez-Garre P, Jesus S, Carrillo F, Caceres-Redondo MT, Bernal-Bernal

|, Carballo M, et al. PSMC1 gene in Parkinson’s Disease. Eur Neurol.
2012;68(4):193-8.

Xu Z, Liao H, Huang L, Chen Q, Lan W, Li S. IBPGNET: lung adenocarci-
noma recurrence prediction based on neural network interpretability.
Brief Bioinform. 2024;25(3):bbae080.

Wang Y, Xu J, Fang Y, Gu J, Zhao F, Tang Y, et al. Comprehensive analysis
of a novel signature incorporating lipid metabolism and immune-related
genes for assessing prognosis and immune landscape in lung adenocar-
cinoma. Front Immunol. 2022;13:950001.

LiuY, HanYS, Wang JF, Pang ZQ, Wang JS, Zhang L, et al. A new immune-
related gene signature predicts the prognosis and immune escape of
bladder cancer. Cancer Biomark. 2023;38(4):567-81.

Kao TJ, Wu CC, Phan NN, Liu YH, Ta HDK, Anuraga G, et al. Prognoses and
genomic analyses of proteasome 26S subunit, ATPase (PSMC) family
genes in clinical breast cancer. Aging (Albany NY). 2021;13(14):17970.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 20 of 20



	Deciphering a proliferation-essential gene signature based on CRISPR-Cas9 screening to predict prognosis and characterize the immune microenvironment in HNSCC
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Materials and methods
	Data acquisition
	Identification of PEGs in HNSCC cells
	GSEA
	Functional enrichment analyses
	Construction and validation of a prognostic signature based on PEGs
	Association between PEGs signature and clinicopathological characteristics
	Genomic alterations and tumor mutation burden analysis
	Nomogram construction
	WGCNA
	Immune infiltration analysis
	Cell culture
	PSMC1 knockdown
	Real-time qPCR
	CCK- 8 assay
	Colony formation assay
	Migration assays
	Statistical analysis

	Results
	Identification of PEGs in HNSCC cells
	Construction and validation of the PEGs signature
	Association between PEGs signature and clinicopathological characteristics
	Genomic alterations and TMB analysis
	Nomogram construction
	WGCNA and GSEA
	Immune infiltration analysis
	Identification of PSMC1 as the most important gene in PEGs signature
	Knockdown PSMC1 inhibits the proliferation and migration of HNSCC cells

	Discussion
	Conclusions
	Acknowledgements
	References


