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Abstract 
Squamous cell carcinoma of the head and neck (SCCHN) is a commonly detected cancer worldwide. Human papillomavirus (HPV) 
is emerging as an important risk factor affecting SCCHN prognosis. Therefore, identification of HPV status is essential for effective 
therapies in SCCHN. The aim of this study was to investigate the prognostic value of HPV-associated RNA biomarkers for SCCHN. 
The clinical data, survival data, and RNA-seq data of SCCHN were downloaded from The Cancer Genome Atlas database. Before 
the differential expression analysis, the heterogeneity between the 2 groups (HPV+ vs HPV−) of samples was analyzed using principal 
component analysis. The differentially expressed genes (DEGs) between HPV+ and HPV− SCCHN samples were analyzed using 
the R edgeR package. The Gene Ontology functional annotations, including biological process, molecular function and cellular 
component (CC), and Kyoto Encyclopedia of Genes And Genomes pathways enriched by the DEGs were analyzed using DAVID. 
The obtained matrix was analyzed by weighed gene coexpression network analysis. A total of 350 significant DEGs were identified 
through differential analysis, and these DEGs were significantly enriched in functions associated with keratinization, and the 
pathway of neuroactive ligand-receptor interaction. Moreover, 72 hub genes were identified through weighed gene coexpression 
network analysis. After the hub genes and DEGs were combined, we obtained 422 union genes, including 65 survival-associated 
genes. After regression analysis, a HPV-related prognostic model was established, which consisted of 8 genes, including 
Clorf105, CGA, CHRNA2, CRIP3, CTAG2, ENPP6, NEFH, and RNF212. The obtained regression model could be expressed 
by an equation as follows: risk score = 0.065 × Clorf105 + 0.012 × CGA + 0.01 × CHRNA2 + 0.047 × CRIP3 + 0.043 × CTAG2–
0.034 × ENPP6 − 0.003 × NEFH − 0.068 × RNF212. CGA interacted with 3 drugs, and CHRNA2 interacted with 11 drugs. We 
have identified an 8 HPV-RNA signature associated with the prognosis of SCCHN patients. Such prognostic model might serve 
as possible candidate biomarker and therapeutic target for SCCHN.

Abbreviations: BP = biological process, CC = cellular component, CGA = alpha polypeptide, CHRNA2 = cholinergic receptor 
nicotinic alpha 2 subunit, CRIP3 = cysteine rich protein 3, CTAG2 = cancer/testis antigen 2, DEGs = differentially expressed genes, 
DGIdb = drug-gene interaction database, ENPP6 = ectonucleotide pyrophosphatase/phosphodiesterase 6, ERα = estrogen 
receptor alpha, FC = fold change, FDR = false discovery rate, GO = Gene Ontology, HPV = Human papillomavirus, KEGG = 
Kyoto Encyclopedia of Genes and Genomes, MAD = median absolute deviation, MF = molecular function, miRNA = microRNA, 
NEFH = neurofilament heavy, PCA = principal component analysis, RNF212 = ring finger protein 212, ROC = receiver operating 
characteristic, SCCHN = Squamous cell carcinoma of the head and neck, TCGA = The Cancer Genome Atlas, TMM = trimmed 
mean of M values, WGCNA = weighed gene coexpression network analysis.
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1. Introduction
Squamous cell carcinoma of the head and neck (SCCHN), char-
acterized by phenotypic, biological, etiological, and clinical 
heterogeneity, is a commonly detected cancer worldwide, with 
>600,000 newly diagnosed cases every year.[1,2] Most SCCHN 
patients present with locoregionally advanced disease, with 
>50% of patients relapsing within 3 years.[3,4] Previous investi-
gations have suggested that tobacco use and alcohol consump-
tion play a fundamental role in the pathogenesis of SCCHN in 
developing countries. Recent studies have revealed that human 
papillomavirus (HPV) is emerging as an important risk factor 
affecting nonsmokers in developed countries.[5,6] It is well known 
that HPV-associated oropharyngeal cancer is a carcinogenic sub-
type that differs from HPV-negative tumors in terms of genetic 
changes and better prognosis.[7] Therefore, the HPV status may 
have significant prognostic importance in SCCHN patients.

The recent identification of prognostic signatures has signifi-
cantly improved our understanding about cancer progression 
and survival rate.[8] Many prognostic gene-expression signatures 
associated with human cancers have been developed to predict 
the prognostic outcomes of various cancers.[9–11] The develop-
ment of prognostic signatures needs in-depth analysis of the 
genetic profiles. Nowadays, the high-throughput gene-expression  
profiles have been made available by The Cancer Genome 
Atlas (TCGA), providing a comprehensive set of patient genetic 
profiles across multiple cancer types,[12] including SCCHN. A 
total of 529 SCCHN samples involving RNA-seq and miRNA- 
seq profiles are available in TCGA database.[2] Shi et al[13] have 
identified a 6-microRNA (miRNA) signature as a novel poten-
tial prognostic biomarker for SCCHN based on the TCGA 
dataset. Wong et al[14] have also systematically identified bio-
markers associated with the outcomes of SCCHN patients using 
TCGA database. However, to the best of our knowledge, no 
studies have reported the prognostic biomarkers associated with 
SCCHN with different HPV status.

In the present study, we aimed to investigate the prognostic 
value of HPV-associated RNA biomarkers for SCCHN using 
the profiling data obtained from TCGA. Therefore, we per-
formed a series of analyses on the data of SCCHN with clinical 
information of HPV infection (HPV+ or HPV−). Our findings 
provided valuable insights into the best course of treatment for 
SCCHN patients.

2. Materials and methods

2.1. Data collection

TCGA database[15] in UCSC Xena (https://xenabrowser.net/dat-
apages/) includes the clinical data, survival data, and RNA-seq 
data of SCCHN. In the present study, the SCCHN samples with 
the diagnostic information of HPV were included in the analy-
sis, and the samples lacking the diagnosis information of HPV 
and normal tissue samples were excluded. The sample selection 
criteria were set as follows: (1) sample type was primary tumor; 
and (2) HPV status was determined by “hpv_status_by_p16_
testing” information. For those without “hpv_status_by_p16_
testing” information, HPV status was obtained by filling with 
“hpv_status_by_ish_testing” information.

2.2. Differential expression analysis

Prior to the differential expression analysis, the heterogeneity 
between the 2 groups (HPV+ vs HPV−) of samples was analyzed 
using principal component analysis (PCA). The differentially 
expressed genes (DEGs) between HPV+ and HPV− SCCHN 
samples were analyzed using the R edgeR package.[16] The origi-
nal count expression data were normalized using trimmed mean 
of M values (TMM). The screening thresholds for DEGs were 
false discovery rate < 0.05 and |log fold change| > 1.5, and the 
results were visualized through volcano plot.

2.3. Function and pathway enrichment analyses of DEGs

The Gene Ontology (GO) functional annotations, including bio-
logical process (BP), molecular function (MF) and cellular com-
ponent (CC), and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathways enriched by the DEGs were analyzed using 
DAVID[17] (version 6.8, https://david-d.ncifcrf.gov/). Results 
were visualized using R language. false discovery rate < 0.05 
was used as the threshold.

2.4. Weighed gene coexpression network analysis

Weighed gene coexpression network analysis (WGCNA) is a 
type of bioinformatics algorithm for coexpression network 
construction, which is used to identify modules associated with 
disease, and to select important pathogenic mechanisms and 
potential therapeutic targets.[18]

Briefly, the original count expression matrix was normalized 
with log2 (x + 1), and the genes with median absolute deviation 
(MAD) of the top 75% and MAD >0.01 were screened. The 
missing value was detected and processed. After pretreatment, 
the obtained matrix was analyzed by WGCNA.

Soft threshold is a very important part of WGCNA algo-
rithm. The selection principle of soft threshold is to make the 
constructed network more consistent with scale-free network 
characteristics. Before screening of soft threshold, the outliers 
were detected and removed. The “type” of soft threshold screen-
ing was “signed,” and “corType” was “bicor.”

The adjacent matrix and topology matrix were obtained 
based on the soft threshold. After whether the memory network 
under the selected soft threshold approximated scale free was 
tested, the dissimilarity between genes was used to cluster genes 
in the obtained topology matrix. Then the tree was cut into 
different modules (minimum number of genes in module was 
30) using the dynamic shear method, and the similar modules 
(module heterogeneity > 0.8) were combined to obtain the final 
clustering module.

After WGCNA, the HPV status (HPV+ or HPV−) was used as 
the external biological parameter to conduct correlation study 
with each module, and the module most relevant to the external 
biological parameter (HPV+ or HPV−) was selected as the key 
module for further analysis. Subsequently, the hub genes were 
further screened using the 3 criteria as follows: significance of 
gene and specified module > 0.2, significant module member-
ship value > 0.8, and q-weighted < 0.01. The hub genes were 
further subjected to function and pathway enrichment analyses 
using DAVID.[19]

2.5. Prognostic gene selection by survival analysis

The union genes of the significant DEGs and the hub genes of 
WGCNA were selected for the prognostic correlation analysis of 
patients with HPV+. For each gene in the union set, the expres-
sion value after log (count + 1) conversion was calculated, and 
R survminer was used to calculate the optimal cutoff (>optimal 
cutoff as high expression, and <optimal cutoff as low expres-
sion). Survival analysis of survival time and survival status was 
conducted based on the survival package of R language. Genes 
with P < .05 in survival analysis were considered to be signifi-
cantly associated with prognosis.

2.6. Univariate regression analysis and lasso cox 
regression analysis

The survival package coxph function was used for univariate 
regression analysis of the prognostic genes, and P < .05 was con-
sidered as the significant result. Then based on the obtained uni-
variate regression analysis results, lasso cox regression analysis 
was carried out using the glmnet package to obtain the optimal 
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model that could be used for predicting the survival status of 
HPV + SCCHN. After obtaining the model, the risk score was 
calculated based on the model coefficients, and the reliability 
of the model was verified in the original data by using boxplot, 
receiver operating characteristic (ROC) efficacy analysis and 
survival analysis.

2.7. Model validation through external biological data

To further verify the prognostic guidance of the obtained 
model for HPV + SCCHN patients, we further verified the 
efficacy of the model using GSE65858 dataset from GEO 
database. After preprocessing such as reannotating and nor-
malization of the original data, HPV + SCCHN patients were 
extracted from clinical information, and corresponding gene 
expression was obtained from the expression profile. The 
model obtained was put into the obtained risk score, and the 
boxplot, ROC efficacy verification, and survival analysis were 
used for verification.

2.8. Expression of model genes in different groups

To further investigate the expression significance of model 
genes, the expression of the model genes in 2 groups (HPV+ and 
HPV−) was analyzed, and the rank sum test was performed for 
the different groups. This analysis was performed in TCGA data 
and GEO data, respectively.

2.9. Drug interactions

The drug-gene interaction database (DGIdb) presents drug-
gene interactions and gene druggability information from web 
resources, papers, and databases. In this study, DGIdb 2.0[20] 
(http://www.dgidb.org/) was used to predict the drug-gene 
interactions, and the parameter setting was consistent with the 
database default values. The results supported by literature were 
selected as reliable results in this analysis.

3. Results

3.1. DEG analysis

A total of 112 eligible SCCHN samples (33 HPV+ and 79 
HPV−) were enrolled in this study. Then, PCA analysis was 
performed before differential expression analysis to deter-
mine the heterogeneity between HPV+ and HPV− SCCHN 
samples. Figure 1A shows that data could be well interpreted 
from 2 dimensions for the 112 SCCHN samples. Further 
2-dimensional and 3-dimensional PCA revealed that the 
HPV+ and HPV− samples could be separated in the lower 
dimensions (Fig. 1B,C), indicating that heterogeneity existed 
between the 2 groups, which could be used for differential 
expression analysis. After differential analysis, a total of 350 
significant DEGs were identified, including 199 significantly 
upregulated DEGs and 151 significantly downregulated 
DEGs (Fig. 1D).

3.2. Function and pathway enrichment analyses of DEGs

To investigate the potential functions of these DEGs, function 
and pathway enrichment analyses were carried out for these 
DEGs. Figure 2 presents that DEGs were significantly enriched 
in BP terms associated with keratinization, peptide cross-linking,  
and keratinocyte differentiation, CC terms associated with 
cornified envelope, and MF terms associated with structural 
molecule activity, and sequence-specific DNA binding. In addi-
tion, the pathway of neuroactive ligand-receptor interaction 
was significantly enriched.

3.3. WGCNA

To explore the interactions between these DEGs, we applied 
a system biology approach using WGCNA that could convert 
coexpression measure into connection weights and topology 
overlap measures.[21] This analysis could screen the genes with 
MAD of the top 75% and MAD >0.01 from the original data. 
After the missing values were processed, an outlier occurred in 1 
sample, and such outlier was removed from the following anal-
ysis (Fig. 3A).

Following data preprocessing, soft threshold was selected, 
and “12” was selected as the soft threshold for topology net-
work construction (Fig. 3B). Then the soft threshold was veri-
fied to determine whether the memory network approximated 
scale free using the selected soft threshold. Figure 3C shows that 
k was negatively correlated with p(k) (correlation coefficient: 
0.91), indicating that the selected soft threshold could be used 
to establish gene scale-free network.

According to the eigenvector gene of the module, the module 
heterogeneity was calculated, and the module similarity of >0.8 
was combined to obtain the scale-free network for subsequent 
analysis (Fig. 3D). Subsequently, HPV status (HPV+ or HPV−) 
was used as the external biological parameter to conduct cor-
relation study with each module, and the result showed that 
there existed clusters between samples of the same character 
(HPV+ or HPV−; see Figure S1, Supplemental Digital Content, 
http://links.lww.com/MD/L18, showed the sample clustering 
diagram [top] and sample trait heat map [bottom]). It could also 
explain the heterogeneity of samples in different groups shown 
by PCA results. According to the correlation between trait and 
module feature vector gene as well as P value, the trait-related 
modules were mined. Figure 3E indicates that the light green 
module was the module most associated with HPV+ and HPV− 
status. Finally, we identified 72 hub genes associated with the 
external trait (HPV+/HPV−) from the light green module (see 
Figure S2, Supplemental Digital Content, http://links.lww.
com/MD/L19, showed Bar chart and heat map of correlation 
between modules and samples). The connectivity of genes was 
measured by absolute value of the Pearson correlation. Genes 
with high within-module connectivity were considered as hub 
genes of the modules (cor.geneModuleMembership = 0.92; see 
Figure S3, Supplemental Digital Content, http://links.lww.com/
MD/L20, showed The direct relationship between connectivity 
within the light green module and module membership (left) 
and hub gene screening [right]).

3.4. Functional and pathway enrichment analyses of hub 
genes

We further explored the functions of these hub genes through 
GO and pathway analysis. These hub genes were significantly 
associated with BP terms of DNA replication, DNA repair, and 
DNA replication, CC terms of nucleoplasm, nucleus, and con-
densed chromosome kinetochore as well as MF terms of pro-
tein binding, protein binding, and protein binding. Additionally, 
these hub genes participated in pathways of protein binding, mis-
match repair, and protein binding. See Figure S4, Supplemental 
Digital Content, http://links.lww.com/MD/L21, showed GO 
functional annotations including BP, MF, and CC, as well as 
KEGG pathways enriched by the hub genes.

3.5. Survival analysis and regression model construction

The obtained hub gens were combined with DEGs to per-
form the survival analysis, and 422 union genes were 
obtained (Fig. 4), among which 65 genes were significantly 
associated with survival of HPV + SCCHN (see Table S1, 
Supplemental Digital Content, http://links.lww.com/MD/L16, 
showed the 65 genes significantly associated with survival of 
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Figure 1. (A–C) PCA of samples of HPV+ and HPV− squamous cell carcinoma of the head and neck; (D) Volcano plot of differentially expressed genes. Red is the 
significantly upregulated differentially expressed genes, and blue is the significantly downregulated differentially expressed genes. PCA = principal component analysis.

Figure 2. GO functional annotations including BP, MF, and CC, as well as KEGG pathways enriched by the differentially expressed genes. BP = biological 
process, CC = cellular component, GO = Gene Ontology, KEGG = Kyoto Encyclopedia of Genes and Genomes, MF = molecular function.
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HPV + SCCHN). Based on these prognosis-associated genes, 
regression analysis was conducted using the prognostic risk 
model. A total of 11 significant genes were identified through 
univariate regression analysis of the 65 genes (see Table S2, 
Supplemental Digital Content, http://links.lww.com/MD/
L17, showed significant results of univariate regression anal-
ysis). Then lasso Cox regression analysis was performed to 
determine the optimal model (Fig. 5A). Finally, an HPV+-
related prognostic model was obtained, which consisted of 
8 genes: Clorf105, glycoprotein hormones, alpha polypep-
tide (CGA), cholinergic receptor nicotinic alpha 2 subunit 
(CHRNA2), cysteine rich protein 3 (CRIP3), cancer/testis 
antigen 2 (CTAG2), ectonucleotide pyrophosphatase/phos-
phodiesterase 6 (ENPP6), neurofilament heavy (NEFH), 
and ring finger protein 212 (RNF212). The obtained regres-
sion model could be described using the equation as fol-
lows: risk score = 0.065 × Clorf105 + 0.012 × CGA + 0.01 ×  
CHRNA2 + 0.047 × CRIP3 + 0.043 × CTAG2–0.034 ×  
ENPP6–0.003 × NEFH−0.068 × RNF212.

3.6. Model validation

To verify the prognostic effect of regression model in SCCHN, 
survival analysis and ROC efficacy were verified based on the 
risk score in the original dataset. Figure 5B shows that the prog-
nostic model of the 8 HPV-related genes could provide good 
prognostic guidance for SCCHN. The survival analysis showed 
that the risk score based on 8 genes was highly significant 

(Fig. 5C). Additionally, grouped boxplot and ROC efficacy anal-
yses showed that the prognostic model composed of 8 genes 
could significantly predict the prognosis for SCCHN patients in 
the dataset of GSE65858 (Fig. 5D). The survival analysis indi-
cated that the risk score based on 8 genes was significant in the 
dataset of GSE65858 (Fig. 5E).

3.7. Expression of model genes in different groups

After the predictive effect of prognostic model was con-
firmed, we investigated the expressions of the 4 model genes in 
HPV+ and HPV− groups. Figure 6A shows that the expressions 
of Clorf105 (P = .006), CHRNA2 (P < .001), CRIP3 (P < .001), 
ENPP6 (P < .001), NEFH (P < .001), and RNF212 (P < .001) 
were significantly different between the HPV+ and HPV− 
groups in TCGA dataset. The expressions of the other 2 genes 
were not significantly different between the 2 groups. Moreover, 
the expressions of CTAG2 (P = .048), ENPP6 (P = .013), NEFH 
(P = .028), and RNF212 (P < .001) were significantly different 
between the HPV+ and HPV− groups in the GSE65858 data-
base (Fig. 6B).

3.8. Drug interaction analysis

Among the 4 models of genes, CGA interacted with 3 drugs, 
including staurosporine, testosterone, and vinblastine. 
Staurosporine is a broad-specific protein kinase inhibitor, which 

Figure 3. (A) Sample outlier detection; (B) Soft threshold selection. The horizontal axis of the figure on the left is soft threshold (power), and the vertical axis is 
the evaluation parameter of scale-free network (the higher the value, the more scale-free the network). On the right, the soft threshold and average connectivity 
approach 0. (C) Soft threshold testing (k is negatively correlated with p(k) (correlation coefficient 0.91)). (D) A scale-free network combining modules of similar-
ity > 0.8. (E) Model significance. The module with the greatest significance is most associated with the trait.

http://links.lww.com/MD/L17
http://links.lww.com/MD/L17
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possesses strong antitumor activity.[22] Testosterone is the prin-
cipal male sex hormone, which is widely used in the treatment 
of prostate cancer.[23] Vinblastine can inhibit the aggregation of 
tubulin in cancer cells, interfere with the formation of spindle 
in proliferating cells, block the mitosis in the middle stage, and 
have immunosuppressive effects.[24] CHRNA2 interacted with 
11 drugs, such as procaine, doxacurium chloride, and mecamyl-
amine hydrochloride (Fig. 7).

4. Discussion
SCCHN ranks the 6th most common malignancy worldwide.[7] 
Despite the advances in various treatments, such as surgery, 
chemotherapy, radiotherapy, and immune checkpoint inhib-
itors, the overall survival rates of SCCHN patients remain 
unsatisfactory.[25] Therefore, identification of new promis-
ing prognostic biomarkers is essential for effective therapies 
in SCCHN. In the present study, we took advantage of the 
high-throughput data from TCGA for biomarker analysis of 
SCCHN. A prognosis model consisting of 8 HPV-associated 

RNAs was identified, which was proved to effectively and 
reliably predict the prognosis of SCCHN. Among the 8 genes 
in the prognostic model, ENPP6, NEFH, and RNF212 were 
significantly differentially expressed between the HPV+ and 
HPV− SCCHN groups in both TCGA and GSE65858 datasets. 
Furthermore, CGA and CHRNA2 were found to interact with 
several drugs.

In this study, the DEGs between HPV+ and HPV− SCCHN 
groups were the most significantly associated with function of kera-
tinization. Keratinization is a histologic feature of hematoxylin- 
eosin staining, which is associated with the poor prognosis of 
head and neck cancer.[26] Some recent studies have suggested 
that nonkeratinizing tumors are strongly associated with HPV 
positivity in patients with oropharyngeal squamous cell car-
cinoma.[27,28] On the contrary, HPV-negative oropharyngeal 
squamous cell carcinoma is associated with keratinization.[29,30] 
Therefore, the functional enrichment of keratinization could 
reflect the reliability of our analysis.

Among ENPP6, NEFH, and RNF212, the roles of ENPP6 
and RNF212 have been rarely reported to be associated with 

Figure 4. Venn diagram of differentially expressed genes and hub genes.
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human cancers. NEFH encodes neurofilament heavy chain, 
which is one of the major components of the neuronal cyto-
skeleton neurofilaments.[31] Loss of NEFH leads to active 
repression of mitochondrial metabolism and biogenesis in 
esophageal squamous cell carcinoma cells. Therefore, NEFH 
may act as a tumor suppressor gene in esophageal squamous 
cell carcinoma.[32] Recently, promoter CpG island methyla-
tion of NEFH has been reported in clear cell renal cell can-
cer, and it is related to the poor progression-free survival.[33] 
Given their significant differential expressions between 
the HPV+ and HPV− SCCHN groups, we speculated that 
these genes served as prognostic molecular targets of HPV-
associated SCCHN.

CGA and CHRNA2 were found to interact with several 
drugs. CGA encodes the common alpha subunit of 4 glyco-
protein hormones, including luteinizing hormone, human 
chorionic gonadotropin, thyroid-stimulating hormone, and follicle- 
stimulating hormone. Previous study has noted that the increased 
expression of the alpha subunit is present in the sera of half of 
the patients with malignant islet cell tumors, suggesting that the 
alpha subunit is a specific marker for malignancy.[34] CGA is 
identified as a new estrogen receptor alpha (ERα)-responsive 
gene in human breast cancer cell.[35] Its role in SCCHN has not 
been reported. Interestingly, ER is considered to be involved in 
tumorigenesis of squamous cell carcinoma of the esophagus.[36] 
Importantly, CGA and CHRNA2 were significantly enriched 
in the pathway of neuroactive ligand-receptor interaction. 
Neuroactive ligand-receptor interaction has been involved in 
various types of squamous carcinoma, such as tongue squamous 
cell carcinoma, lung squamous cell carcinoma, and oral squa-
mous cell carcinoma.[37–39] Given their involvement in neuroac-
tive ligand-receptor interaction, we speculated that CGA and 
CHRNA2 served as prognostic biomarkers in HPV-associated 
SCCHN.

CGA was predicted to interact with 3 drugs of stauros-
porine, testosterone, and vinblastine. Staurosporine is a 
broad-specific protein kinase inhibitor, which has been 
reported to induce apoptosis in oral squamous cell carci-
noma.[22] Study has reported that testosterone has some ther-
apeutic effects on squamous cell carcinoma.[40] Vinblastine 
is a tubulin-targeting Vinca alkaloids, which is responsible 
for many chemotherapeutic successes as antitumor drugs.[24] 
CHRNA2 interacted with 11 drugs, such as procaine. 
Procaine is a DNA-demethylating agent that has growth- 
inhibitory effects on cancer cells, causing mitotic arrest.[41] 
These drugs might be candidate agents for the treatment of 
HPV-associated SCCHN.

Although the obtained prognostic model was verified in this 
study, its exact role in clinical practice still remains largely unex-
plored. Therefore, it is necessary to further confirm our results 
through animal and clinical experiments.

5. Conclusion
Our study revealed an 8 HPV-related RNA signature for prog-
nosis of patients with SCCHN. Such prognostic model might 
serve as a possible candidate biomarker and therapeutic target 
for HPV-associated SCCHN.
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Figure 5. (A) The results of lasso cox regression analysis of 11 genes 
were calculated by R language (lambda.min = 0.02547615; lamb-
da.1se = 0.19725256). (B) Grouping calculations and ROC efficacy analysis 
based on prognostic model calculations by risk score in TCGA dataset. (C) 
Survival analysis of HPV+ patients with squamous cell carcinoma of the head 
and neck by risk score based on prognostic model calculations in TCGA 
dataset. (D) Grouping calculations and ROC efficacy analysis based on prog-
nostic model calculations by risk score in GSE65858 dataset. (E) Survival 
analysis of HPV+ patients with squamous cell carcinoma of the head and 
neck by risk score based on prognostic model calculations in GSE65858 
dataset. HPV = human papillomavirus, ROC = receiver operating characteris-
tic, TCGA = The Cancer Genome Atlas.
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Figure 6. (A) Expression of 8 model genes in different subgroups (HPV+\HPV−) of squamous cell carcinoma of the head and neck ([A] TCGA, [B] GSE65858). 
HPV = human papillomavirus, TCGA = The Cancer Genome Atlas.

Figure 7. The constructed drug-gene interaction network. Red represents gene and green represents drug.
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