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Background: Laryngeal squamous cell carcinoma (LSCC) is a prevalent type of head and neck cancer with 
a poor prognosis due to late diagnosis and limited biomarkers. Neutrophil extracellular traps (NETs) play a 
critical role in cancer biology, but their involvement in LSCC is not well understood. This study aimed to 
explore NET’s role in LSCC.
Methods: Differentially expressed NET-related genes (DE-NRGs) were identified using GSE10935 
datasets and data from The Cancer Genome Atlas (TCGA) database. Functional enrichment and pathway 
analyses were conducted to elucidate their roles. Consensus clustering identified LSCC molecular subtypes. 
Immune landscape analyses revealed the tumor microenvironment of different subtypes. A prognostic model 
was developed using least absolute shrinkage and selection operator‌ (LASSO) regression and validated in 
external datasets. 
Results: We identified 27 DE-NRGs in LSCC, and these genes were involved in heparin binding, 
cytokine activity, and leukocyte migration. Three molecular subtypes (C1, C2, and C3) were identified, with 
C3 showing the worst prognosis. Immune landscape analysis revealed significant differences in immune 
cell infiltration among subtypes. Higher expression of immune checkpoint genes in C2 suggested better 
immunotherapy outcomes. The prognostic model, based on seven hub DE-NRGs (ENO1, CD44, PTX3, 
P2RY14, CCL5, KLF2, MYH9), demonstrated good predictive performance with area under curve (AUC) 
values >0.61 for 1-, 3-, and 5-year overall survival. External validation confirmed the model’s robustness. 
Conclusions: The study identified DE-NRGs as potential biomarkers and developed a robust prognostic 
model for LSCC. These findings offer insights into LSCC’s molecular basis and highlight NETs’ role in 
prognosis and immune landscape.
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Introduction

Laryngeal squamous cell carcinoma (LSCC) is one of 
the most common types of head and neck squamous cell 
carcinoma (HNSC), accounting for approximately 95% 
of malignant tumors of the larynx and hypopharynx (1).  
The 5-year overall survival (OS) for patients with advanced 
LSCC is about 60% (2). Statistically, LSCC affects over 
1.7 million people annually, with approximately 123,000 
deaths in 2019 attributed to LSCC (3). LSCC is caused 
by the uncontrolled proliferation of squamous cells 
on the laryngeal epithelium surface, making delayed 
diagnosis closely related to poor prognosis. However, due 
to the insidious onset of early LSCC, the lack of specific 
symptoms, or asymptomatic nature, it is difficult to detect 
through routine imaging examinations, which adversely 
affects the selection of appropriate treatment strategies 
and clinical outcomes for patients (4,5). To overcome 
this limitation, discovering new candidate biomarkers 
is crucial for defining the molecular subtypes of LSCC 
and constructing prognostic models to guide clinical 
intervention strategies.

Neutrophils are the most abundant white blood 
cel l s  in  per ipheral  blood and play roles  in  ant i-
inflammation and anti-infection (6). They often respond 
to microenvironmental factors released by tumors and 
stromal cells, participating in tumorigenesis and tumor 
progression (7). Recent studies have emphasized the critical 
role of the tumor microenvironment (TME) in cancer 

progression and therapeutic response. In this context, 
neutrophil extracellular traps (NETs) have emerged as key 
players in tumor biology. NETs are web-like structures 
composed of DNA, histones, and granular proteins released 
by activated neutrophils (8). Traditionally, they are known 
for capturing and killing pathogens; however, accumulating 
evidence suggests that NETs can also promote cancer 
cell proliferation, metastasis, and immune evasion. NETs 
play multiple roles in cancer-related inflammation, such 
as promoting tumor growth and distant metastasis (9). 
Reports have indicated that circulating NET levels are 
elevated in advanced gastric cancer patients compared to 
those with localized cancer and healthy individuals (10);  
NET elimination has been suggested to slow the 
progression of liver cancer (11); another study found that 
NET formation can trigger pro-tumor inflammation and 
promote HCC metastasis (12); NETs can protect cancer 
cells from immune system attacks, reducing the efficacy of  
immunotherapy (13). Therefore, NET-related genes 
(NRGs) have garnered attention as potential biomarkers 
and therapeutic targets in various cancers. However, studies 
on NETs in LSCC are rarely reported.

In this study, multiple common databases were utilized 
to identify molecular subtypes of LSCC based on NRG 
expression profiles. We constructed a prognostic model 
composed of NETs using least absolute shrinkage and 
selection operator‌ (LASSO) Cox regression analysis. This 
study aimed to elucidate the molecular basis of LSCC and 
its impact on patient prognosis. The model can provide 
a valuable tool for risk stratification and personalized 
treatment planning for LSCC patients. We present 
this article in accordance with the TRIPOD reporting 
checklist (available at https://tcr.amegroups.com/article/
view/10.21037/tcr-24-1531/rc).

Methods

Data acquisition

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). The expression 
profile datasets of LSCC patients GSE10935 (including 
12 tumor samples and 12 normal samples) and GSE27020 
(including 109 tumor samples and clinical information of 
patients) were downloaded from the Genomics Expression 
Omnibus (GEO) database (https://www.ncbi.nlm.nih.
gov/geo). The probes in the GEO datasets were changed 
to corresponding gene names using R package “idmap3” 
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(https://github.com/jmzeng1314/idmap3). Additionally, 
the transcriptome and clinical data of LSCC patients were 
obtained from The Cancer Genome Atlas (TCGA)-NHSC 
database (https://www.cancer.gov/). After deleting samples 
without survival time and expression levels, 565 samples 
were finally enrolled.

NRGs were screened from previous literature (14) and 
the GeneCards database (https://www.genecards.org) using 
the keywords “Neutrophil extracellular traps” or “NETosis”. 
After merging and removing duplicate genes, 301 NRGs 
were finally acquired. 

Identification of differentially expressed NRGs (DE-NRGs) 
in LSCC

Differentially expressed analysis was performed on the 
GSE10935 and TCGA cohorts to identify differentially 
expressed genes (DEGs) between normal and tumor 
samples using R package “limma”. The criteria were set 
as P<0.05 and |log2 fold change| <0.5. Subsequently, 
the intersecting genes (DE-NRGs) between DEGs and 
NRGs were screened through a Venn diagram drawn using 
“VennDiagram”. Using R package “clusterProfiler”, Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) enrichment analyses were performed on 
the DE-NRGs, with P<0.05.

Consensus clustering analysis

To further probe into the heterogeneity of LSCC, consensus 
clustering analysis was conducted on the TCGA cohort 
using “ConsensusClusterPlus” package in R according 
to the expression of DE-NRGs. At the same time, the R 
package “ropls” was used to perform principal components 
analysis (PCA) dimensionality reduction analysis on the 
clustering results to compare the heterogeneity among 
different subtypes.

Immune landscape analysis

The immune cell infiltration analysis was applied to evaluate 
immune cell abundance in the TCGA cohort through the 
R package “CIBERSORT” (https://github.com/Moonerss/
CIBERSORT). Immune cell infiltration differences and the 
expression differences of immune checkpoints in different 
subtypes were compared. 

Gene set variate analysis (GSVA)

The background gene set “h.all.v2023.2.Hs.symbols.gmt” 
was downloaded from the Molecular Signatures Database 
(MSigDB) (http://www.gsea-msigdb.org/gsea/msigdb). 
Single sample gene set enrichment analysis (ssGSEA) was 
then performed on the TCGA cohort to predict pathway 
scores of each sample using “GSVA” package in R. The 
differences in pathway scores between different subtypes 
were compared.

Construction and evaluation of NET-related prognostic 
model

LASSO Cox regression analysis was then performed on 
the DE-NRGs using R package “glmnet” to identify hub 
prognostic DE-NRGs and develop a prognostic model 
in the TCGA training set (70% of samples, n=399). The 
regression coefficients and expression levels of hub DE-
NRGs were interconnected to calculate the risk score of 
each sample:

1
Risk score exp

n

i i
i

coef
=

 = ×∑  	 [1]

All samples were divided into high-risk or low-risk 
groups according to the median value of risk scores. The 
prognostic performance was further evaluated in the TCGA 
testing set (30% of samples, n=166) through Kaplan-Meier 
(KM) survival analysis and receiver operator characteristic 
(ROC) curve. An external dataset (GSE27020) was used 
to validate the robustness of the prognostic model. The 
model’s applicability across different prognostic factors, 
including age, pathological grade, radiotherapy, targeted 
therapy, smoking, and alcohol consumption, was further 
verified.

Statistical analysis

All analyses were performed using R version 4.2.2, and 
P<0.05 was considered significantly different.

Results

Identification of DE-NRGs in LSCC

There were 1,247 and 7,670 DEGs in the GSE10935  

https://github.com/Moonerss/CIBERSORT
https://github.com/Moonerss/CIBERSORT
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Figure 1 Identification of DE-NRGs in LSCC. (A,B) Heatmap and volcano plot of DEGs between tumor and normal tissues in GSE10935 
(A) and TCGA-HNSC cohorts (B). (C) Overlapping genes of DEGs in GSE10935, DEGs in TCGA-HNSC, and NRGs. (D,E) Expression 
of DE-NRGs in tumor and normal tissues. *, P<0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001. DE, differentially expressed; DEGs, 
differentially expressed genes; FC, fold change; HNSC, head and neck squamous cell carcinoma; LSCC, laryngeal squamous cell carcinoma; 
NRGs, neutrophil extracellular trap-related genes; TCGA, The Cancer Genome Atlas.
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(Figure 1A) and TCGA-HNSC (Figure 1B), respectively. 
The top 27 DEGs were visualized in the heatmap  
(Figure 1A,1B). After intersecting these DEGs and NRGs, 
27 DE-NRGs were acquired and shown in the Venn 
diagram (Figure 1C). Gene expression levels of the 27 DE-
NRGs in tumor and normal tissues were then analyzed 
based on the GSE10935 and TCGA-HNSC cohorts. 
Results revealed significantly different expressions of these 
genes between tumor and normal tissues in these two 

cohorts (P<0.05, Figure 1D,1E).

Functions of DE-NRGs

Functional enrichment analyses were performed on 
the DE-NRGs to identify their roles in LSCC. The 
top five molecular functions were heparin binding, 
glycosaminoglycan binding, cytokine receptor binding, 
cytokine activity, and chemoattractant activity (Figure 2A). 
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Figure 2 Functions of DE-NRGs. (A) GO enrichment analysis of DE-NRGs. (B) KEGG pathways related to DE-NRGs. BP, biological 
process; CC, cellular component; DE, differentially expressed; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; 
MF, molecular function; NRGs, neutrophil extracellular trap-related genes.
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Cellular component terms were mainly associated with 
tertiary granule, tertiary granule lumen, vesicle lumen, 
cytoplasmic vesicle lumen, and secretory granule lumen 
(Figure 2A). Biological processes were majorly correlated 
with leukocyte migration, myeloid leukocyte migration, 
leukocyte chemotaxis, taxis, and chemotaxis (Figure 2A). 
Additionally, DE-NRG-related pathways were mainly 
enriched in NOD-like receptor signaling pathway, cytosolic 
DNA-sensing pathway, proteoglycans in cancer, interleukin 
(IL)-17 signaling pathway, and HIF-1 signaling pathways 
(Figure 2B).

Identification of NET-related molecular subtypes in LSCC

To identify different molecular subtypes of LSCC patients, 
consensus clustering analysis was conducted on the gene 
expression profile of 27 DE-NRGs in the TCGA-HNSC 
cohort. Based on the consensus matrix and cumulative 
distribution function, k =3 was the optimal number of 
clusters (Figure 3A). Consequently, LSCC patients were 
classified into three subtypes: C1, C2, and C3 (Figure 3B). 
PCA dimensionality reduction results showed heterogeneity 
among these three subtypes (Figure 3C). Additionally, 

the KM curve indicated significant differences in survival 
probability among the three subtypes, with C3 having 
the worst prognosis (P<0.0001, Figure 3D). We further 
compared the expression of 27 DE-NRGs among these 
three subtypes. Except for IFI16 and DEK, the other 25 
DE-NRGs were significantly differentially expressed among 
the three subtypes (P<0.001, Figure 3E). 

Immune landscape in three subtypes

The heterogeneity among different tumor subtypes was 
related to the TME. Further analyses were performed to 
analyze the heterogeneity of TME among 3 subtypes. First, 
GSVA enrichment analysis was conducted to explore NET-
related biological characteristics. The enriched pathways 
are shown in Figure 4A, with the top three being the p53 
pathway, peroxisome, and glycolysis. GSVA scores of these 
three pathways were lower in C2 than in C1 and C3 (P<0.05, 
Figure 4B), suggesting potential inhibition of these pathways 
in C2.

Additionally, immune cell infiltration analysis results 
indicated that the infiltration levels of B cells, T cells, 
macrophages M2, dendritic cells, mast cells, and neutrophils 
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Figure 3 Identification of NET-related molecular subtypes in LSCC. (A,B) CDF and consensus matrix. (C) PCA analysis. (D) Survival 
probability in different subtypes. (E) Gene expression of DE-NRGs in different subtypes. ***, P<0.001; ****, P<0.0001; ns, no significant. 
CDF, cumulative distribution function; DE, differentially expressed; LSCC, laryngeal squamous cell carcinoma; NRGs, neutrophil 
extracellular trap-related genes; NET, neutrophil extracellular trap; PCA, principal components analysis. 
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varied significantly among the three subtypes (P<0.05, 
Figure 4C). Given the correlation of subtypes with NET, 
the infiltration of neutrophils among the three subtypes 
was further investigated using four additional algorithms. 
The abundance of neutrophils was significantly lower in 
C2 (P<0.05, Figure 4D). To further explore the response to 
immunotherapy among different subtypes, the expression 
of immune checkpoint genes programmed death ligand 1 
(PD-L1) and programmed death 1 (PD-1) was compared 
among the three subtypes. The results showed that these 
two immune checkpoint genes were significantly higher in 
C2 (P<0.01, Figure 4E).

Construction and evaluation of the prognostic model

A prognostic model was developed using LASSO regression 

analysis to further elucidate the role of NET in LSCC. 
Seven hub NRGs were identified, including ENO1, CD44, 
PTX3, P2RY14, CCL5, KLF2, and MYH9 (Figure 5A). 
The risk score for each sample was calculated according 
to the formula: Risk score = 0.178×ENO1 + 0.005×CD44 + 
0.091×PTX3 − 0.095×P2RY14 − 0.015×CCL5 − 0.007×KLF2 
+ 0.047×MYH9. All samples were divided into high-risk and 
low-risk groups based on the median risk score. Accuracy 
of the prognostic model was evaluated using KM and 
time-dependent ROC curves. Results showed that the OS 
was significantly worse in the high-risk group (P<0.0001,  
Figure 5B). The ROC curve showed that the area under 
curve (AUC) values for 1-, 3-, and 5-year OS were 0.607, 
0.681, and 0.626, respectively (Figure 5B). Calibration 
curves and decision curves further confirmed these results 
(Figure 5C,5D).
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Figure 4 Immune landscape in three subtypes. (A) Pathways associated with NET. (B) GSVA scores among 3 subtypes. (C) Immune cell 
infiltration analysis using CIBERSORT. *, P<0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001; ns, no significant. (D) Validation of neutrophil 
abundance using other 4 algorithms among 3 subtypes. (E) Immune check-point gene expression among 3 subtypes. GSVA, gene set variable 
analysis; NET, neutrophil extracellular trap; PD-L1, programmed death ligand 1; PD-1, programmed death 1; TIMER, Tumor Immune 
Estimation Resource.
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Validation of the prognostic model

Subsequently, the robustness of the prognostic model 
was further investigated. In both the test set and the 
external validation set (GSE27020), the OS of the high-
risk group was significantly worse than the low-risk group  
(Figure 6A,6B). The ROC curves showed that the AUC 
values for 1-, 3-, and 5-year OS exceeded 0.61 in both 

datasets (Figure 6A,6B).
Considering that patients’ survival prognosis is influenced 

by factors such as age and tumor grade, we further validated 
the model’s generalizability and robustness by classifying 
the TCGA-HNSC samples into different groups based on 
age, tumor grade, alcohol consumption, smoking history, 
molecular targeted therapy, and radiotherapy. The results 
showed that the 3-year OS AUC values were above 0.62 
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Figure 5 Construction and evaluation of the prognostic model. (A) LASSO regression analysis was performed on 27 DE-NRGs. (B) OS in 
low-risk and high-risk groups and AUC values of OS at 1-, 3-, and 5-year. (C) Calibration curves of OS at 1-, 3-, and 5-year. (D) Decision 
curve of OS at 1-, 3-, and 5-year. HNSC, head and neck squamous cell carcinoma; AUC, area under curve; DCA, decision curve analysis; 
DE, differentially expressed; LASSO, least absolute shrinkage and selection operator; NRGs, neutrophil extracellular trap-related genes; 
OS, overall survival; TCGA, The Cancer Genome Atlas.
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across all stratified levels (Table 1).

Prognostic performance of 7 hub NRGs

Furthermore, the predictive performance of hub genes was 
explored. ENO1, CD44, PTX3, and MYH9 were harmful 
factors [hazard ratio (HR) >1], P2RY14, CCL5, and KLF2 
were protective factors (HR <1, Figure 7A). In addition, 
expression levels of ENO1, CD44, PTX3, and MYH9 were 
higher in the high-risk group while expressions of P2RY14, 
CCL5, and KLF2 were lower in the high-risk group (P<0.05, 
Figure 7B-7H).

Discussion

Despite advances in the diagnosis and treatment of 
LSCC, the proportion of patients with advanced LSCC 
continues to increase significantly, leading to poor overall 
prognosis due to its high recurrence rate (15,16). Numerous 
studies have indicated that neutrophils promote tumor 
development and progression through the formation of 
NETs, an emerging hotspot in oncology (17,18). In this 
study, LSCC was divided into three molecular subtypes 
based on NRGs, with C3 showing the poorest prognosis. 
There were significant differences in the TME among these 
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Figure 6 Validation of the prognostic model. (A) OS in low-risk and high-risk groups and AUC values of OS at 1-, 3-, and 5-year in test set. 
(B) OS in low-risk and high-risk groups and AUC values of OS at 1-, 3-, and 5-year in GSE27020. AUC, area under curve; HNSC, head 
and neck squamous cell carcinoma; OS, overall survival; TCGA, The Cancer Genome Atlas.
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three subtypes. Additionally, we identified seven hub NRGs 
and constructed a robust prognostic risk model. These 
seven hub NRGs are potential prognostic markers for 
LSCC.

Multi-omics studies have shown that HNSC is a 
highly heterogeneous tumor in an immunosuppressive 
state (19). NETs may play a crucial role in the TME and 
are essential for cancer immunotherapy (20). Based on 
27 DE-NRGs, this study identified three distinct LSCC 
molecular subtypes according to the TCGA-HNSC 
cohort. The prognosis of C1 and C2 was better than that 
of C3. GSVA identified pathways enriched with NRGs, 
among which the p53 pathway was highly associated. p53 
plays a central role in mediating immune functions by 
exerting anti-inflammatory effects by inhibiting NF-κB  
activity (21). Previous studies have shown that p53 
enhances the immune response to cancer by upregulating 
the expression of major histocompatibility complex 
class I (MHC1) by upregulating endoplasmic reticulum 

aminopeptidase 1 (ERA1) (22,23). Our study indicated that 
the GSVA score of the p53 pathway in C2 is significantly 
lower than in the other two subtypes, suggesting that the 
p53 pathway may be suppressed in C2.

The TME includes tumor, stromal, and immune  
cells (24). We conducted immune cell infiltration analysis to 
investigate the association of three subtypes with immune 
status further. Significant differences in T cells, B cells, 
dendritic cells, mast cells, and neutrophils were observed 
among the three subtypes. These results further confirm 
that LSCC is an immune-infiltrative tumor (25,26). 
Among these cells, we focused on neutrophils. Proteins 
produced by neutrophils are likely to directly or indirectly 
influence TME remodeling (27). To improve accuracy, we 
re-evaluated the infiltration abundance of neutrophils in 
different subtypes using four other algorithms. The results 
consistently indicated that neutrophil infiltration levels 
were lowest in C2 and highest in C3. Liu et al. proposed 
that neutrophils enhance the proliferation, migration, 
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Table 1 Validation of the model’s generalizability and robustness

Regroup factors Group Sample Kaplan-Meier P value AUC (3-year)

Age (years) <60 249 <0.001 0.716

≥60 316 <0.001 0.647

Alcohol history No 182 <0.001 0.644

Yes 370 <0.001 0.699

Unknown 13 – –

Grade G1-G2 397 <0.001 0.627

G3-G4 142 <0.001 0.732

Unknown 26 – –

Radiotherapy No 170 <0.001 0.712

Yes 304 <0.001 0.685

Unknown 91 – –

Smoking history (years) <3 398 <0.001 0.673

≥3 154 <0.001 0.684

Unknown 13 – –

Targeted therapy No 281 <0.001 0.684

Yes 150 <0.001 0.73

Unknown 134 – –

AUC, area under curve.

and invasion of LSCC (28). Neutrophil density helps 
predict the prognosis of LSCC patients (29). PD-L1+ 
neutrophils inhibit T cell proliferation and activation in 
the LSCC TME, predicting poor prognosis (30). Among 
the three identified subtypes, C2 showed the highest PD-
L1 expression. This aligns with the previous finding that 
the p53 pathway is suppressed in C2. In lung cancer, loss 
of p53 activity has been observed to upregulate PD-L1 
expression (31). The observations regarding the immune 
microenvironment partially explain the better prognosis of 
C2, and our results also suggest that C2 may respond better 
to immunotherapy.

Additionally,  based on these 27 DE-NRGs, we 
constructed a risk model to predict the prognosis of LSCC 
patients. The OS of the high-risk group was significantly 
lower than that of the low-risk group. Consistent results 
were observed in external datasets, suggesting the 
robustness of this risk model. Among the seven hub genes 
(ENO1, CD44, PTX3, P2RY14, CCL5, KLF2, and MYH9) 
constituting the risk model, our study showed that ENO1, 
CD44, PTX3, and MYH9 were harmful factors, while the 

other three genes were protective factors. ENO1 is an 
enzyme that catalyzes glycolysis. It promotes the migration 
and invasion of oral squamous cell carcinoma (OSCC) by 
regulating macrophage IL-6 secretion (32), and it can also 
impair T cell proliferation in OSCC (33). The expression 
of CD44 has been identified as a potential marker for more 
aggressive LSCC (34). PTX3 is involved in the innate 
immune response and can promote HNSC metastasis by 
upregulating vimentin signaling (35). MYH9, an important 
component of the cytoskeleton, acts as a metastatic marker 
in HNSC and induces epithelial-mesenchymal transition 
(EMT) in esophageal squamous cell carcinoma to promote 
cancer cell metastasis (36). P2RY14 is involved in the 
regulation of the immune system through its role in the 
stem cell compartment (37). Downregulation of P2RY14 
in HNSC is associated with poor prognosis and larger  
tumors (38). CCL5 is a chemokine that attracts immune 
cells such as T cells and monocytes to sites of inflammation. 
CCL5 is associated with OS in OSCC, and inhibition of 
the CCR5/CCL5 axis can suppress OSCC metastasis (39). 
KLF2 is a tumor suppressor gene that is downregulated 
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Figure 7 Prognostic performance of 7 hub NRGs. (A) Forest plot of 7 hub genes. (B-H) Expression levels of ENO1, CD44, PTX3, P2RY14, 
CCL5, KLF2, and MYH9. *, P<0.05; ***, P<0.001; ****, P<0.0001. HR, hazard ratio; CI, confidence interval; NRGs, neutrophil extracellular 
trap-related genes.
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in OSCC cells and tissues (40). These studies suggest the 
potential roles of the seven hub genes in LSCC. In our 
study, ENO1, CD44, PTX3, and MYH9 were significantly 
upregulated in the high-risk group, while the other three 
genes were downregulated. However, their specific roles in 
LSCC require further investigation.

There are several limitations in this study. First, the 

analysis was based on common databases, which may 
introduce selection bias. Second, while the model was 
validated in external datasets, prospective clinical validation 
is necessary to confirm its utility in clinical practice. Third, 
the molecular mechanisms by which NETs and their related 
genes influence LSCC progression and response to therapy 
require further experimental validation.
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Conclusions

In conclusion, this study comprehensively analyzed NRGs 
in LSCC, identifying 3 different molecular subtypes and 
constructing a robust prognostic model. These findings 
enhance our understanding of LSCC biology and offer 
potential biomarkers for risk stratification and personalized 
treatment ,  paving the way for  improved c l inica l 
management of LSCC patients.
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