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Background: Head and neck squamous cell carcinoma (HNSCC) is a malignant
tumor with a very high mortality rate, and a large number of studies have
confirmed the correlation between inflammation and malignant tumors and the
involvement of inflammation-related regulators in the progression of HNSCC.
However, a prognostic model for HNSCC based on genes involved in
inflammatory factors has not been established.

Methods: First, we downloaded transcriptome data and clinical information
from patients with head and neck squamous cell carcinoma from TCGA and
GEO (GSE41613) for data analysis, model construction, and differential gene
expression analysis, respectively. Genes associated with inflammatory factors
were screened from published papers and intersected with differentially
expressed genes to identify differentially expressed inflammatory factor-
related genes. Subgroups were then typed according to differentially
expressed inflammatory factor-related genes. Univariate, LASSO and
multivariate Cox regression algorithms were subsequently applied to identify
prognostic genes associated with inflammatory factors and to construct
prognostic prediction models. The predictive performance of the model was
evaluated by Kaplan-Meier survival analysis and receiver operating
characteristic curve (ROC). Subsequently, we analyzed differences in
immune composition between patients in the high and low risk groups by
immune infiltration. The correlation between model genes and drug sensitivity
(GSDC and CTRP) was also analyzed based on the GSCALite database. Finally,
we examined the expression of prognostic genes in pathological tissues,
verifying that these genes can be used to predict prognosis.

Results: Using univariate, LASSO, and multivariate cox regression analyses, we
developed a prognostic risk model for HNSCC based on 13 genes associated
with inflammatory factors (ITGA5, OLR1, CCL5, CXCLS8, IL1A, SLC7A2, SCN1B,
RGS16, TNFRSF9, PDE4B, NPFFR2, OSM, ROS1). Overall survival (OS) of HNSCC
patients in the low-risk group was significantly better than that in the high-risk
group in both the training and validation sets. By clustering, we identified three
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molecular subtypes of HNSCC carcinoma (C1, C2, and C3), with C1 subtype
having significantly better OS than C2 and C3 subtypes. ROC analysis suggests
that our model has precise predictive power for patients with HNSCC.
Enrichment analysis showed that the high-risk and low-risk groups showed
strong immune function differences. CIBERSORT immune infiltration score
showed that 25 related and differentially expressed inflammatory factor
genes were all associated with immune function. As the risk score increases,
specific immune function activation decreases in tumor tissue, which is
associated with poor prognosis. We also screened for susceptibility between
the high-risk and low-risk groups and showed that patients in the high-risk
group were more sensitive to talazoparib-1259, camptothecin-1003,
vincristine-1818, Azd5991-1720, Teniposide-1809, and Nutlin-3a
(-) —1047 Finally, we examined the expression of OLR1, SCN1B, and PDE4B
genes in HNSCC pathological tissues and validated that these genes could be
used to predict the prognosis of HNSCC.

Conclusion: In this experiment, we propose a prognostic model for HNSCC
based on inflammation-related factors. It is a non-invasive genomic
characterization prediction method that has shown satisfactory and effective
performance in predicting patient survival outcomes and treatment response.
More interdisciplinary areas combining medicine and electronics will be

explored in the future.
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1 Introduction

Head and neck squamous cell carcinoma (HNSCC) is a
tumor located above the clavicle and below the base of the
skull. Tt includes tumors of the neck, otorhinopharynx, and
the oral and maxillofacial regions. Squamous cell carcinoma
accounts for approximately 90% of all head and neck
malignancies (Thompson and Franchi, 2018). HNSCC is the
sixth most common malignancy worldwide, with over
930,000 new cases and 460,000 deaths reported in 2020 (Sung
et al.,, 2021). In the United States, head and neck cancer accounts
for 3% of all malignancies and more than 1.5% of deaths (Mourad
etal,, 2017). It is the most common type of head and neck tumor
(up to 90%) (Rahman et al., 2019). Furthermore, its prognosis is
poor (Pi et al., 2017) with a general 5-year survival rate of less
than 40% and a 5-year survival rate of only 39.1% in patients with
metastases (Anand et al., 2021; Muzaffar et al., 2021). Previous
etiological studies suggested that smoking and alcohol use are
common risk factors (Leemans et al, 2018). Despite
improvements in standard treatments, supportive care, overall
survival (OS) times, and the quality of life for patients, the
prognosis for HNSCC remains poor with a global 5-year
survival rate of approximately 50% as of 2011. Therefore,
studying the molecular mechanisms underlying HNSCC
development has important clinical implications for the
exploration of more effective treatment strategies.
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Inflammation is the “seventh hallmark of cancer” (Bonomi
etal,, 2014) and many studies have shown that it plays a vital role
in the development and progression of cancer (Kris et al., 2014;
Man and Kanneganti, 2015). The role of inflammation in the
development and progression of cancer has been a significant
focus of cancer research since the relationship between
inflammation and cancer was first reported in 1863 (Wang
et al, 2009; Khandia and Munjal, 2020). The relationship
between tumors and inflammatory responses can be reflected
by the levels of specific substances in blood or tumor specimens
(Allen et al, 2007), including interleukin-6, IL-8, growth-
associated oncogene -1, vascular endothelial growth factor,
hepatocyte growth factor, and cytokines, and elevated levels of
growth factors associated with tumor progression and recurrence
(Karki et al., 2017). Whereas these cytokines may lead to co-
occurring immune stimulation and immunosuppression in
cancer patients, concentrations of cytokines MIF, TNFa,
interleukin 6, interleukin 8, interleukin 10, interleukin 18, and
TGEp are increased (Lippitz, 2013; Wang et al.,, 2017). This
specific cytokine pattern appears to have a prognostic effect, as
high interleukin 6 or interleukin 10 serum concentrations are
associated with poor prognosis in independent cancer types
(Lippitz, 2013). Although immunostimulatory cytokines are
involved in local cancer-related inflammation, cancer cells
cytokine-mediated ~ local
immunosuppression (Miller et al, 1994). Inflammatory

appear  to  be under
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cytokines produced by tumors may play a critical role in this
immunodeficiency. Further studies have shown that the
polymorphic expression of inflammation-related genes (IRGs)
is associated with the development of squamous cell carcinoma of
the nasopharynx (Brunotto et al., 2014). This suggests that IRGs
play an essential role in nasopharyngeal carcinoma development.
As a secondary role, the tumor microenvironment is also
associated with tumor promotion and progression, which may
be related to IRGs, and to some extent, reflected in immune cells.
In recent years, rapid advances in sequencing technology and
statistics have enabled researchers to investigate the role of
signature genes in cancer prognosis (Ren et al., 2021; Yuan
et al., 2022a). Increasing studies have shown that IRGs play
an important role in specific cancer prognosis, such as
hepatocellular carcinoma and colon cancer (17, 18). However,
few studies have used IRGs as prognostic markers in head and
neck squamous cell carcinoma (Liang et al,, 2021; Lin et al,
2021). However, few studies have used IRGs as prognostic
markers in nasopharyngeal carcinoma.

This study aimed to develop a transcriptomics-based
approach to reveal the immune cell activation status and
predict the survival outcomes of patients with HNSCC. We
collected two sets of transcriptional profiling data and
corresponding clinical information from the cancer genome
atlas (TCGA) and GEO databases, obtained differential genes
based on expression level, explored the level of immune cell
activation in HNSCCs, and constructed a prognostic model for
HNSCC. We also identified several differential genes associated

4 L
4 @
1
|
I L i
! HNSCC data
! obtained from Univariate and
| TCGA multivariate
: | Cox regression
I |
| | | 4 Test
| ¥ | set
| Differentially |
! expressed [~———————— {
: gene analysis |
I ? I

|
| c
I I | s
| | | s
s

| Inflammatory
| factor-related Consensus +B
| gene cluster analysis
! N
[ AN
| Na
1 A
\

\

\

!
~
o -
FIGURE 1
Flowchart.
Frontiers in Genetics 03

10.3389/fgene.2022.1085700

with immune activation as potential biomarkers. Additionally,
we performed a comprehensive analysis of the risk model,
including functional enrichment, immune activation, and
immune infiltration. Our findings reveal the critical role
played by immune activation in HNSCC and we propose a
convenient approach to help diagnose and predict survival
outcomes in patients with HNSCC.

2 Materials and methods

The flow chart of this article was shown in Figure 1.

2.1 Data sources

Gene expression data from TCGA database were
downloaded from 505 patients with HNSCC and there were
44 partially matched paracancerous tissue samples. Clinical data
for the HNSCC samples, including age, sex, survival time,
survival status, tumor stage, and TNM staging, were also
downloaded. The GSE41613, which
explores the gene expression profile of human HNSCC, was

microarray —dataset

obtained by searching the GEO (https://www.ncbi.nlm.nih.gov/
geo/) database for “HNSCC.” The GSE41613 microarray data,
which is based on the GPL570 platform, contained 98 HNSCC
patients that were subsequently used for external validation of the
model. A total of 198 inflammatory response-related genes
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(IRGs) were included based on the MSigDB database and
previous studies, which were displayed in Supplementary
Table S1. The data were preprocessed as follows: the probes
were corresponded to the genes, null probes were removed, and
multiple probes corresponded to the same gene. Then, the
median gene expression level was selected.

2.2 Extraction of relevant differentially
expressed genes (DEGs)

Because different data came from different platforms, PCA
plots before and after batch effect elimination were performed
using each data from the ComBat method in the sva package to
eliminate batch effects. Differential analysis between tumor
samples and standard samples from the TCGA-HNSCC
dataset was performed using the R package edgeR. The limma
package in R was used to screen DEGs. Screening criteria were
abs | logFC | > 0.1 and p < 0.05. Venn diagrams were drawn by
intersecting differentially expressed genes with genes involved in
inflammatory responses via the Rvenn “package. To visualize
gene expression, a reciprocal network of differentially expressed
IRGs was constructed using the GeneMania database to draw a
heat map of differential expression. Differentially expressed IRGs
were subsequently subjected to univariate, LASSO and
multivariate Cox regression analysis for model construction.

2.3 Consensus clustering of subtypes
based on differentially expressed IRGs

We performed non-negative matrix factorization (NMF)
clustering analysis to develop molecular subtypes based on
differentially expressed IRGs expression profiles. For the NMF
method, the standard “brunet” option was selected and
10 iterations were performed. The number of clusters was set
from 2 to 9, and the average profile width of the common
membership matrix was determined by the R package ‘NMF
with a minimum membership of 10 for each subclass. The
optimal number of clusters was determined to be 3 by co-
occurrence, dispersion and contour indices. Heat maps,
principal component analysis (PCA) maps between subgroups,
and prognostic KM curves were plotted for the correlation
levels and clinicopathological

between gene expression

characteristics between subcategories.

2.4 Cluster analysis

The “c2.cp.kegg.v7.5.1. symbols” gene set was downloaded
from the MSigDB database and a gene set variation analysis
(GSVA) was performed between subgroups. R package GSVA
was used to calculate the scores of the relevant pathways using the
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single-sample gene set enrichment analysis (ssGSEA) method
based on each sample’s gene expression matrix. In addition, the
enrichment functions (or pathways) were screened for
differences using the limma package. The degree of immune
infiltration was also assessed using ssGSEA, and box-line plots
were drawn to demonstrate the immune profiles of the different
subclasses. Inflammatory factor-related genes selected by
univariate Cox regression analysis algorithm were included in
multivariate Cox regression, disordered multivariate categorical
variables and rank data were set dumb variables, 95% confidence
intervals of HR were tested, independent factors affecting
prognosis were screened, and LASSO cox regression analysis
was used to establish a prognostic model. Patients with TCGA-
HNSCC were divided into high-risk and low-risk groups

according to the median value area.

2.5 Multivariate cox prognostic regression
model validation

The PCA plots and t-SNE plots showed that the model
differentiated sufficiently between high- and low-risk groups. The
KM curves showed significant differences in prognosis between
high- and low-risk groups. Then, receiver operating characteristic
(ROC) curves were used to assess survival prediction and the area
under the ROC curve (AUC) values were calculated using the
timeROC R package to measure prognosis or prediction
accuracy. The GSE41613 cohort was used as the validation set
for model validation and the median risk score was used to
differentiate between the high- and low-risk groups.

2.6 Enrichment analysis

Gene ontology (GO), Kyoto Encyclopedia of Genes and
Genomes (KEGG), GSEA, and GSVA functional enrichment
analyses were performed. The GO annotation analysis was
performed using R package “clusterProfiler” (version 4.0.5) with
a false discovery rate (FDR) < 0.05 to identify significantly enriched
pathways. A KEGG enrichment analysis was also performed.
GSEA software version 4.1.0 (Broad Institute, Cambridge, MA,
United States) was used to identify genomic cohorts that were
significantly altered between predefined high- and low-risk groups
<0.05
FDR <0.25 were considered statistically significant.

during consensus  clustering.  p-values and an

2.7 Immuno-infiltration analysis

We uploaded the gene expression matrix data (TPM) to
CIBERSORTx for further CIBERSORTx immune infiltration
analysis, combined it with the LM22 immune gene set, and
filtered the samples with the criterion set at p < 0.05 to
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produce an immune cell infiltration matrix. The correlations
between the risk score, essential genes, and the immune cell
infiltration level were analyzed. The ESTIMATE R package
allows gene expression profiles to predict stromal and
immune cell scores and then calculates their values. We
analyzed the correlation between the ESTIMATE score and
high- and low-risk groups.

2.8 Drug sensitivity analysis

The relationship between model genes and drug sensitivity
(GSDC and CTRP) was analyzed using the GSCALite database
(http://bioinfo.life.hust.edu.cn/GSCA/#/drug) (Figures 7A, B)
and drug sensitivity was analyzed using the oncoPredict
package to compare drug sensitivity in patients in the high-
and low-risk groups.

2.9 Organize validation

Five pairs of laryngeal cancer and adjacent tissues from the
Affiliated Hospital of Guizhou Medical University, approved by
the ethics committee, were used in our investigation. Each
participant was informed of the study protocol. None of the
patients received other treatments prior to surgery, such as
immunotherapy or radiation. Total RNA was extracted from
the tissues using TRIzol and stored in liquid nitrogen until
required. A Revert Aid First Strand cDNA Synthesis Kit
(Thermo Fisher Scientific, Waltham, MA, United States) was
used to reverse-transcribe the extracted RNA into ¢cDNA for
further analysis. The cDNA concentration was measured to
ensure that the required standards were met. GAPDH was
used as the internal reference.

2.10 Statistics

All statistical analyses were performed in R. The Cox
regression analyses were performed using R package survival
and survminer for one-way Cox regression and multi-way Cox
regression where a p-value <0.05 showed that the prognostic
variable was significant.

3 Results

3.1 Identification and correlation analysis
of DEGs

The DEGs were identified in the skin of HNSCC patients and
healthy controls. A total of 10,274 differential genes were
obtained  from  the  tumor

samples,  intersecting
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198 inflammatory response-related genes. A reciprocal
network for the 57 differentially expressed IRGs obtained
(Figure 2A) was mapped using the GeneMania database
(Figure 2B), and then, differential expression (Figure 2C) and
correlation heat maps (Figure 2D) were plotted for the genes. We
further performed a univariate Cox regression analysis on the
differentially expressed IRGs and screened 25 inflammatory
factor-related genes for prognostic model construction
(Figure 2E).

3.2 Molecular subtypes associated with
inflammation

An unsupervised consensus clustering analysis based on the
57 differentially expressed IRGs was used to classify 505 patients
with HNSCC into different subtypes (k =2, 3,4, 5,6, 7, 8,and 9).
Molecular typing was then performed on TCGA-HNSCC
samples (Figures 3A-C). Three subclasses were identified by
the cumulative distribution function (CDF), delta area plot, and
tracking plot in the consensus cluster analysis (k = 3) as the
optimal number of clusters (Figures 3D-F). Heat maps of the
association between gene expression levels and the
clinicopathological features between subclasses were plotted
(Figure 3G). The differences were distinguishable and a PCA
analysis was performed to reduce dimensionality and validate the
assignment of subtypes. The two-dimensional PCA distribution
pattern was confirmed to be consistent with the CDF curve
(Figure 3H). This suggested that the two sample groups had been
successfully separated. We also explored the differences in
survival information between the two groups. The survival
curves demonstrated significant differences in OS between the
two groups (p < 0.0001). Cluster 2 group had a significantly worse
prognosis (Figure 3I), suggesting that differentially expressed
IRGs can be used to predict patient prognosis.

3.3 Construction of the multivariate cox
prognostic regression model

The enrichment function results showed that there were
significant differences between the three cluster groupings,
and these differences were mainly based on immune-related
pathways (Figures 4A-C). The degree of immune infiltration
was assessed using ssGSEA. Box plots were drawn to demonstrate
the immune profile of the different subgroups, and they showed
that there was significant variability in both immune cell and
immune function activation. Clusters 1 and 3 showed more
robust immune function activation than Cluster 2, suggesting
that immune function may be prognostically associated with
increased immune activation and that it was an improved
prognosis method for HNSCC patients (Figure 4D). Based on
the 25 genes obtained from the single gene Cox screen (Figures
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4E, F), 13 genes were selected from the 25 relevant genes
identified by the LASSO regression analysis. A prognostic
model was constructed using the following risk score
ITGA5%0.0823 + OLR1*0.12103 +
CCL5*-0.08642 + CXCL8*0.03798 + IL1A*

calculation formula:

Frontiers in Genetics

0.04907 +

09

low-risk groups (Figure 4G).

SLC7A2%-0.06588 + SCN1B*0.24403 + RGS16*0.16125 +
TNFRSF9*-0.10820 + PDE4B*-0.40763 + NPFFR2*0.08028 +
OSM*0.10854 + ROS1*-0.12802. The results, based on the
median value, were used to distinguish between high- and
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3.4 Multivariate cox prognostic regression
model validation

The PCA and t-SNE plots showed that the model sufficiently
differentiated between the high- and low-risk groups (Figures 5A,
B). The reliability of the IRGs in the independent cohort was tested
by dividing TCGA cohort into low- and high-risk groups based on
the cut-off values (Figure 5C). The KM curves showed significant
differences in prognosis between the high- and low-risk groups;
ROC curves, calculated using the timeROC R package, were used
to assess survival prediction. The areas under the curve (AUC)
were used to measure prognosis or predictive accuracy. The results
showed that patients in the high-risk group were worse off than
those in the low-risk group and had shorter survival times than
those in the low-risk group (Figures 5D, E), with AUC values of
0.639,0.731,and 0.715 at 1, 3, and 5 years, respectively (Figure 5F).
Model validation was performed using the GSE41613 cohort as the
validation set, and the high- and low-risk groups were
distinguished using the median risk score (Figure 5G).
Consistent with previous results for TCGA cohort, patients in
the GSE41613 cohort were worse off in the high-risk group than in
the low-risk group and had shorter survival times than those in the
low-risk group (Figures 5H, I), with AUC values of 0.693, 0.75, and
0.716 at 1, 3, and 5 years, respectively, indicating that the risk score
can be used to reliably predict the prognosis of patients with
HNSCC (Figure 5]).

3.5 Enrichment analysis

We then performed GO, KEGG, GSEA, and GSVA functional
enrichment analyses between the high- and low-risk groups to
identify the significantly enriched activation pathways. As shown
in the figure, the results indicated that the upregulated DEG in the
high-risk group compared to the low-risk group, GO BP, was
mainly enriched in calcium ion homeostasis, T Cell activation, and
cytokines. In contrast, GO MF was mainly enriched in receptor
ligand activity, carbohydrate binding, and cytokine activity
(Figure 6A). The KEGG pathway analysis revealed that the
main  classifications ~ were  neuroactive  ligand-receptor
interaction, cytokine-cytokine receptor interaction, and natural
killer cell-mediated cytotoxicity (Figure 6B). The above details
were found in Supplementary Table S2. The ridge plot, GSEA, and
GSVA enrichment analyses showed that the main differences
between the high- and low-risk groups were immune-related
(Figures 6C-E), which was consistent with previous results, the

details were found in Supplementary Table S3.

3.6 Evaluation of the microenvironment

Although the results of this study can predict the prognosis
for HNSCC patients, they are based on patient populations,
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which means that they cannot accurately predict the immune
activation status of individual patients. Therefore, we performed
a CIBERSORTx immune infiltration analysis and uploaded the
gene expression matrix data (TPM) to CIBERSORTx. We filtered
the output p < 0.05 samples to produce an immune cell-
infiltration matrix. The results showed that the differential
gene expression levels of the 25 relevant inflammatory factors
were associated with immune function (Figure 7A) and the risk
The
Macrophages_MO0, Mast_cells_activated, and Dendritic_cells_

scores increased. T_cells_CD4_memory_resting,
activated expression levels were elevated, whereas T_cells_
T_cells_CDS,

activated, Macrophages_M1, T_cells_regulatory_(Tregs), and

follicular_helper, T_cells_CD4_memory_
B_cells_naive decreased (Figure 7B), suggesting a decrease in
specific immune function activation in tumor tissue with
increasing risk score (Figures 7C, D), which correlates with a
poor prognosis.

3.7 Drug sensitivity relationship with the
multivariate cox prognostic regression
model

The relationship between model genes and drug sensitivity
(GSDC and CTRP) was analyzed using the GSCALite database
(http://bioinfo.life.hust.edu.cn/GSCA) 8A, B). In
addition, drug sensitivity was analyzed using the oncoPredict

(Figures

package to compare the drug sensitivity of patients in the high-
and low-risk groups. The results showed that patients in the high-
risk group were more talazoparib-1259,
Camptothecin-1003, Vincristine-1818, Azd5991-1720,
Teniposide-1809 and Nutlin-3a (-) —1047.Mitoxantrone-1810,
Cdk9-5038-1709, Docetaxel-1819, and Gemcitabine-1190 were
not significantly different between patients in the high and low

sensitive to

risk groups. (Figure 8C).

3.8 In vitro validation

qRT-PCR analysis was used to examine the transcription
levels of these genes in the tissues. The SCN1B and FDE4B
expression levels are shown in Supplementary Figure S1. The
SCNI1B transcription level increased in laryngeal cancer tissues,
whereas FDE4B transcription levels decreased. OLR1 showed no
significant difference. This may be related to the small number of
samples tested and the fact that we validated the tissue as a single
laryngeal cancer.

4 Discussion

HNSCC is a tumor type that poses a severe threat to human
health as most of the early symptoms are not significant and
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most patients are already in the middle to late stages when
detected. This means that the 5-year survival rate is still below
65% (Miller et al, 2016). Therefore, identifying potential
biomarkers and elucidating the molecular mechanisms
underlying their development can improve tumor early
diagnosis and prognosis. Existing bioinformatic analyses can
be powerful tools for identifying biomarkers and therapeutic
targets relevant to tumor progression and treatment. Previous

Frontiers in Genetics

studies have shown that novel serum biomarkers, including
circulating tumor cells (Bates et al,, 2018) and circulating
2021),

In addition, inflammatory response-

nucleic acids (Tao et al, are good predictors of
HNSCC prognosis.
related serum biomarkers, such as the neutrophil ratio,
platelet-lymph-like ratio, and lymph-monocyte ratio, are also
good predictors of HNSCC prognosis (Millrud et al., 2012).

However, the use of inflammatory response-related genetic
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markers as prognostic markers for HNSCC has not been
reported.

In recent years, changes in inflammation-related factors have
been found to play a crucial role in regulating the progression of
various cancers and can influence disease prognosis. Zhao et al.
(2021) showed that inflammation-related genes are directly
associated with immune infiltration and can improve
prognosis prediction in gastric cancer (Zhao et al, 2021),
which makes them a promising strategy for cancer treatment.
Many studies have shown that inflammation-related factors play
a crucial role as emerging genetic and molecular biomarkers in
the biology of HNSCC (Lu and Jia, 2022). However, there have
been no studies on the relationship between inflammatory factor-
related genes and HNSCC prognosis. Based on the above
research background, we investigated how genes encoding
inflammation-related factors regulate the immune process,
and thus, influence tumor progression and the prognosis for
HNSCC patients.

Bioinformatic analyses were performed on normal skin and
HNSCC samples based on TCGA and GSE41613 datasets. In
this study, a differential analysis was performed on tumor
samples taken from TCGA-HNSCC and standard samples. A
total of 10,274 differential genes were obtained from the tumor
samples and 57 differentially expressed IRGs were obtained by
intersecting the differential inflammatory factor-related genes.
We further performed a single-gene Cox regression analysis,
and a total of 25 differential genes were obtained. The

associated inflammatory factor differential genes were used

for subsequent prognostic model construction. The
57 differentially expressed IRGs were used to divide
505 HNSCC patients into three different subgroups.
Heatmaps  linking  gene  expression  levels  and

clinicopathological features among the three subgroups
showed that there were significant differences, with survival
curves indicating significant differences in OS between the two
groups (p < 0.0001). Cluster 2 group had a significantly worse
prognosis, suggesting that clinical classification based on
differentially expressed IRGs could be used to predict patient
prognosis. The functional enrichment results for the three
subgroups showed that there were significant differences
among the three cluster subgroups and these were mainly
The of
immune cell infiltration was assessed using ssGSEA. Box

focused on immune-related pathways. degree
plots were drawn to demonstrate the immune profiles of the
different subclasses with the results showing that Cluster 1 and
Cluster 3 had more robust activation of immune function than
Cluster 2. This suggested that immune function may correlate
with prognosis, with increased immune activation improving
the prognosis for patients with HNSCC. Using univariate,
LASSO,

developed a prognostic risk model for HNSCC based on

and multivariate cox regression analyses, we

13 genes associated with inflammatory factors (ITGAS5,
OLR1, CCL5, CXCLS8, IL1A, SLC7A2, SCNIB, RGS16,
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TNFRSF9, PDE4B, NPFFR2, OSM, ROS1).The results were
consistent with those of previous studies showing that
CXCL1, CXCL2, CXCL3, CXCL8, and CXCLI2 can be used
as prognostic markers and potential therapeutic targets for
patients with HNSCC (Jiang et al., 2020). Tian et al. (2020)
showed that high expression of RGS16, LYVEI, snRNPs,
ANP32A, and AIMP1 promotes cell proliferation and tumor
progression, which are associated with the risk of death (Tian
et al, 2020). Han et al. (2021) successfully developed a
prognostic model consisting of COL4A1, PLAU, and ITGAS5,
and a survival analysis showed that the prognostic model could
robustly predict OS (Han et al.,, 2021). The OLR1 gene mainly
encodes a low-density lipoprotein receptor, and it has been
shown that OLR1 promotes pancreatic cancer metastasis by
increasing c-Myc expression and HMGA?2 transcription (Yang
et al,, 2020). In addition, ORL1 also plays a role as a prognostic
gene in the prognostic model of head and neck squamous cell
carcinoma based on lipid metabolism-related genes (Gao et al.,
2021). It has been shown that PDE4B in our prognostic model
gene induces epithelial-mesenchymal transition in bladder
cancer cells and is transcriptionally repressed by CBX7
(Huang et al, 2021). These results suggest that our
prognostic  genes role in cancer,
demonstrating that our model is of interest.The PCA and
t-SNE plots showed that the model differentiated sufficiently
between high- and low-risk groups. The patients in TCGA

play an important

cohort were classified into low- and high-risk groups based on
cut-off values, and survival prediction was assessed using KM
and ROC curves. The results showed that patients in the high-
risk group were worse off and had shorter survival times than
those in the low-risk group. Furthermore, when the model was
validated using the GSE41613 dataset as the validation set, the
results similarly suggested that differentiating the high- and
low-risk groups by the median risk score can be used to predict
the prognosis of HNSCC patients.

Then, we performed a functional enrichment analysis
between the high- and low-risk groups. The results showed
that DEGs and GO BP were mainly enriched in calcium ion
homeostasis, T Cell activation, and cytokines in the high-risk
group, compared to the low-risk group. Membrane GO MF was
mainly enriched in receptor ligand activity, carbohydrate
binding, and the following cytokine activity KEGG pathway:
neuroactive ligand-receptor interaction. These results suggest
that the main differences between the high- and low-risk
groups immune-related, which was consistent with
previous results (Yuan et al., 2022b; Konuthula et al., 2022).
Therefore, we further performed a CIBERSORT immune

infiltration analysis, which showed that the differential gene

are

expression levels of the 25 relevant inflammatory factors were
associated with immune function and increased the risk scores.
T_cells_CD4_memory_resting, Macrophages_MO0, Mast_cells_
activated, and Dendritic_cells_activated expression levels were
elevated. At the same time, T_cells_follicular_helper, T_cells_
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CD8, T_cells_CD4_memory_activated, Macrophages_ M1, T_

cells_ regulatory_(Tregs), and B_cells_naive decreased,
suggesting that when the risk scores are higher, specific
immune function activation in the tumor tissue is reduced
and that this is associated with a poor prognosis (Taverna and
Franchi, 2022). The relationship between the model genes and
drug sensitivity (GSDC and CTRP) was analyzed using the
GSCALite database. Our study showed that CXCL8, SCNI1B,
ITGA5, and IL1A were more sensitive to drugs, whereas RGS16,
08, and CCL5 were resistant to most drugs. We also screened for
susceptibility between the high-risk and low-risk groups and
showed that patients in the high-risk group were more sensitive
to talazoparib-1259, camptothecin-1003, vincristine-1818,
Azd5991-1720, Teniposide-1809, Nutlin-3a
(-) —1047.Finally, we examined the expression of OLRI,
SCN1B and PDE4B genes in HNSCC pathological tissues and
validated that these genes could be used to predict the prognosis
of HNSCC.

Our experiments still have some limitations. First, due to

and

missing data, we may have wider thresholds for the analysis
process, so our prognostic model may reduce its applicability.
Second, we need further in vitro validation of the role of genes in
head and neck squamous cell carcinoma in prognostic models.
Finally, because conditions are limited, although we performed
pathological tissue validation for three genes in the model gene, it
is better to perform further validation for all genes.

5 Conclusion

This study investigated the predictive role of immune
pathways in the prognosis of HNSCC. We constructed a
prognostic prediction model for HNSCC based on immune
pathway genes using data related to HNSCC patients in
TCGA database. The results from this study have the
potential to help improve the diagnosis and treatment
strategies for HNSCC.

Data availability statement

The original contributions presented in the study are

included in the article/Supplementary Material, further

inquiries can be directed to the corresponding author.

References

Allen, C,, Duffy, S., Teknos, T., Islam, M., Chen, Z., Albert, P. S, et al. (2007).
Nuclear factor-kappaB-related serum factors as longitudinal biomarkers of
response and survival in advanced oropharyngeal carcinoma. Clin. Cancer Res.
13 (11), 3182-3190. doi:10.1158/1078-0432.CCR-06-3047

Anand, A. K, Agarwal, J. P, D’Cruz, A., Dattatreya, P. S., Goswami, C., Joshi, A.,
et al. (2021). Evolving multidisciplinary treatment of squamous cell carcinoma of

Frontiers in Genetics

15

10.3389/fgene.2022.1085700

Author contributions

LZ was in charge of data collection, analysis and writing, YW
was in charge of the experiment, the others were involved in the
work together, and YG was in charge of the quality control of the
article.

Funding

This study was funded by The Science and Technology
Foundation of Guizhou Province (D2011160). The Science
and Technology Foundation of Health Commission in
Guizhou Province (gzwkj 2021-328).

Acknowledgments

We sincerely thank all members who participated in data
collection and analysis.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fgene.
2022.1085700/full#supplementary-material

the head and neck in India(%). Cancer Treat. Res. Commun. 26, 100269. doi:10.
1016/j.ctarc.2020.100269

Bates, A. M., Gomez Hernandez, M. P, Lanzel, E. A,, Qian, F., and Brogden, K. A.
(2018). Matrix metalloproteinase (MMP) and immunosuppressive biomarker
profiles of seven head and neck squamous cell carcinoma (HNSCC) cell lines.
Transl. Cancer Res. 7 (3), 533-542. doi:10.21037/tcr.2018.05.09

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fgene.2022.1085700/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2022.1085700/full#supplementary-material
https://doi.org/10.1158/1078-0432.CCR-06-3047
https://doi.org/10.1016/j.ctarc.2020.100269
https://doi.org/10.1016/j.ctarc.2020.100269
https://doi.org/10.21037/tcr.2018.05.09
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1085700

Zhu et al.

Bonomi, M., Patsias, A., Posner, M., and Sikora, A. (2014). The role of
inflammation in head and neck cancer. Adv. Exp. Med. Biol. 816, 107-127.
doi:10.1007/978-3-0348-0837-8_5

Brunotto, M., Zarate, A. M., Bono, A., Barra, J. L., and Berra, S. (2014). Risk genes
in head and neck cancer: A systematic review and meta-analysis of last 5 years. Oral
Oncol. 50 (3), 178-188. doi:10.1016/j.oraloncology.2013.12.007

Gao, X,, Zhao, N., Dong, L., Zheng, X., Zhang, Y., Ding, C,, et al. (2021). A novel
lipid prognostic signature of ADCY2, LIPE, and OLRI in head and neck squamous
cell carcinoma. Front. Oncol. 11, 735993. doi:10.3389/fonc.2021.735993

Han, Y., Cao, X., Wang, X., and He, Q. (2021). Development and validation of a
three-gene-based prognostic model for predicting the overall survival of head and
neck squamous cell carcinoma through bioinformatics analysis. Front. Genet. 12,
721199. doi:10.3389/fgene.2021.721199

Huang, Z,, Liu, ], Yang, J., Yan, Y., Yang, C,, He, X,, et al. (2021). PDE4B induces
epithelial-to-mesenchymal transition in bladder cancer cells and is transcriptionally
suppressed by CBX7. Front. Cell. Dev. Biol. 9,783050. doi:10.3389/fcell.2021.783050

Jiang, Y., Gou, X., Wei, Z., Tan, J., Yu, H., Zhou, X, et al. (2020). Bioinformatics
profiling integrating a three immune-related long non-coding RNA signature as a
prognostic model for clear cell renal cell carcinoma. Cancer Cell. Int. 20, 166. doi:10.
1186/512935-020-01242-7

Karki, R,, Man, S. M., and Kanneganti, T. D. (2017). Inflammasomes and cancer.
Cancer Immunol. Res. 5 (2), 94-99. doi:10.1158/2326-6066.CIR-16-0269

Khandia, R., and Munjal, A. (2020). Interplay between inflammation and cancer.
Adv. Protein Chem. Struct. Biol. 119, 199-245. doi:10.1016/bs.apcsb.2019.09.004

Konuthula, N, Do, O. A., Gobillot, T., Rodriguez, C. P., Futran, N. D., Houlton, J,,
etal. (2022). Oncologic outcomes of salvage surgery and immune checkpoint inhibitor
therapy in recurrent head and neck squamous cell carcinoma: A single-institution
retrospective study. Head. Neck 44 (11), 2465-2472. doi:10.1002/hed.27162

Kris, M. G., Johnson, B. E., Berry, L. D., Kwiatkowski, D. J., Iafrate, A. J., Wistuba,
. 1L, et al. (2014). Using multiplexed assays of oncogenic drivers in lung cancers to
select targeted drugs. Jama 311 (19), 1998-2006. doi:10.1001/jama.2014.3741

Leemans, C. R, Snijders, P. J. F., and Brakenhoff, R. H. (2018). The molecular
landscape of head and neck cancer. Nat. Rev. Cancer 18 (5), 269-282. doi:10.1038/
nrc.2018.11

Liang, Y., Wu, X, Su, Q. Liu, Y., and Xiao, H. (2021). Identification and
validation of a novel inflammatory response-related gene signature for the
prognosis of colon cancer. J. Inflamm. Res. 14, 3809-3821. doi:10.2147/JIR.S321852

Lin, Z., Xu, Q., Miao, D., and Yu, F. (2021). An inflammatory response-related
gene signature can impact the immune status and predict the prognosis of
hepatocellular carcinoma. Front. Oncol. 11, 644416. doi:10.3389/fonc.2021.644416

Lippitz, B. E. (2013). Cytokine patterns in patients with cancer: A systematic
review. Lancet. Oncol. 14 (6), e218-e228. doi:10.1016/S1470-2045(12)70582-X

Lu, Y., and Jia, Z. (2022). Inflammation-related gene signature for predicting the
prognosis of head and neck squamous cell carcinoma. Int. J. Gen. Med. 15,
4793-4805. doi:10.2147/IJGM.S354349

Man, S. M., and Kanneganti, T. D. (2015). Regulation of inflammasome
activation. Immunol. Rev. 265 (1), 6-21. doi:10.1111/imr.12296

Miller, A. R., McBride, W. H., Hunt, K., and Economou, J. S. (1994). Cytokine-
mediated gene therapy for cancer. Ann. Surg. Oncol. 1 (5), 436-450. doi:10.1007/
BF02303818

Miller, K. D, Siegel, R. L., Lin, C. C., Mariotto, A. B., Kramer, J. L., Rowland, J. H.,
etal. (2016). Cancer treatment and survivorship statistics. Ca. Cancer J. Clin. 66 (4),
271-289. doi:10.3322/caac.21349

Millrud, C. R,, Mansson Kvarnhammar, A., Uddman, R,, Bjornsson, S., Riesbeck,
K., and Cardell, L. O. (2012). The activation pattern of blood leukocytes in head and
neck squamous cell carcinoma is correlated to survival. PLoS One 7 (12), €51120.
doi:10.1371/journal.pone.0051120

Frontiers in Genetics

16

10.3389/fgene.2022.1085700

Mourad, M., Jetmore, T., Jategaonkar, A. A., Moubayed, S., Moshier, E., and
Urken, M. L. (2017). Epidemiological trends of head and neck cancer in the
United States: A seer population study. J. Oral Maxillofac. Surg. 75 (12), 2562-2572.
doi:10.1016/j.,joms.2017.05.008

Muzaffar, J., Bari, S., Kirtane, K., and Chung, C. H. (2021). Recent advances and
future directions in clinical management of head and neck squamous cell
carcinoma. Cancers (Basel) 13 (2), 338. doi:10.3390/cancers13020338

Pi, L., Zhu, G,, She, L., Wei, M, Liu, G., Chen, C,, et al. (2017). Elevated expression
of Derlin-1 associates with unfavorable survival time of squamous cell carcinoma of
the head and neck and promotes its malignance. J. Cancer 8 (12), 2336-2345. doi:10.
7150/jca.19411

Rahman, S., Kraljevi¢ Paveli¢, S., and Markova-Car, E. (2019). Circadian (De)
regulation in head and neck squamous cell carcinoma. Int. J. Mol. Sci. 20 (11), 2662.
doi:10.3390/ijms20112662

Ren, J., Wang, A, Liu, J., and Yuan, Q. (2021). Identification and validation of a
novel redox-related IncRNA prognostic signature in lung adenocarcinoma.
Bioengineered 12 (1), 4331-4348. doi:10.1080/21655979.2021.1951522

Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, L, Jemal, A.,
et al. (2021). Global cancer statistics 2020: GLOBOCAN estimates of incidence and
mortality worldwide for 36 cancers in 185 countries. Ca. Cancer J. Clin. 71 (3),
209-249. doi:10.3322/caac.21660

Tao, W, Tian, G., Xu, S., Li, ], Zhang, Z., and Li, J. (2021). NAT10 as a potential
prognostic biomarker and therapeutic target for HNSCC. Cancer Cell. Int. 21 (1),
413. doi:10.1186/s12935-021-02124-2

Taverna, C., and Franchi, A. (2022). Role of surgical pathologist for detection of
immunooncologic predictive factors in head and neck cancer. Adv. Anat. Pathol.
doi:10.1097/PAP.0000000000000374

Thompson, L. D. R, and Franchi, A. (2018). New tumor entities in the 4th edition
of the World Health Organization classification of head and neck tumors: Nasal
cavity, paranasal sinuses and skull base. Virchows Arch. 472 (3), 315-330. doi:10.
1007/500428-017-2116-0

Tian, Y., Wang, J., Qin, C,, Zhu, G, Chen, X., Chen, Z, et al. (2020). Identifying 8-
mRNAsi based signature for predicting survival in patients with head and neck
squamous cell carcinoma via machine learning. Front. Genet. 11, 566159. doi:10.
3389/fgene.2020.566159

Wang, F., Arun, P., Friedman, J., Chen, Z., and Van Waes, C. (2009). Current and
potential inflammation targeted therapies in head and neck cancer. Curr. Opin.
Pharmacol. 9 (4), 389-395. doi:10.1016/j.coph.2009.06.005

Wang, T. T., Zhao, Y. L, Peng, L. S., Chen, N., Chen, W., Lv, Y. P., et al. (2017).
Tumour-activated neutrophils in gastric cancer foster immune suppression and
disease progression through GM-CSF-PD-L1 pathway. Gut 66 (11), 1900-1911.
doi:10.1136/gutjnl-2016-313075

Yang, G., Xiong, G., Feng, M., Zhao, F., Qiu, J.,, Liu, Y., et al. (2020).
OLRI promotes pancreatic cancer metastasis via increased c-myc expression
and transcription of HMGA2. Mol. Cancer Res. 18 (5), 685-697. doi:10.1158/
1541-7786.MCR-19-0718

Yuan, H,, Yan, M,, Liang, X, Liu, W., He, S, Sun, S,, et al. (2022). Decoding the
associations between cell functional states in head and neck cancer based on single-
cell transcriptome. Oral Oncol. 134, 106110. doi:10.1016/j.oraloncology.2022.
106110

Yuan, Q., Deng, D., Pan, C,, Ren, J., Wei, T., Wu, Z,, et al. (2022). Integration of
transcriptomics, proteomics, and metabolomics data to reveal HER2-associated
metabolic heterogeneity in gastric cancer with response to immunotherapy and
neoadjuvant chemotherapy. Front. Immunol. 13, 951137. doi:10.3389/fimmu.2022.
951137

Zhao, W., Liu, M., Zhang, M., Wang, Y., Zhang, Y., Wang, S., et al. (2021). Effects
of inflammation on the immune microenvironment in gastric cancer. Front. Oncol.
11, 690298. doi:10.3389/fonc.2021.690298

frontiersin.org


https://doi.org/10.1007/978-3-0348-0837-8_5
https://doi.org/10.1016/j.oraloncology.2013.12.007
https://doi.org/10.3389/fonc.2021.735993
https://doi.org/10.3389/fgene.2021.721199
https://doi.org/10.3389/fcell.2021.783050
https://doi.org/10.1186/s12935-020-01242-7
https://doi.org/10.1186/s12935-020-01242-7
https://doi.org/10.1158/2326-6066.CIR-16-0269
https://doi.org/10.1016/bs.apcsb.2019.09.004
https://doi.org/10.1002/hed.27162
https://doi.org/10.1001/jama.2014.3741
https://doi.org/10.1038/nrc.2018.11
https://doi.org/10.1038/nrc.2018.11
https://doi.org/10.2147/JIR.S321852
https://doi.org/10.3389/fonc.2021.644416
https://doi.org/10.1016/S1470-2045(12)70582-X
https://doi.org/10.2147/IJGM.S354349
https://doi.org/10.1111/imr.12296
https://doi.org/10.1007/BF02303818
https://doi.org/10.1007/BF02303818
https://doi.org/10.3322/caac.21349
https://doi.org/10.1371/journal.pone.0051120
https://doi.org/10.1016/j.joms.2017.05.008
https://doi.org/10.3390/cancers13020338
https://doi.org/10.7150/jca.19411
https://doi.org/10.7150/jca.19411
https://doi.org/10.3390/ijms20112662
https://doi.org/10.1080/21655979.2021.1951522
https://doi.org/10.3322/caac.21660
https://doi.org/10.1186/s12935-021-02124-2
https://doi.org/10.1097/PAP.0000000000000374
https://doi.org/10.1007/s00428-017-2116-0
https://doi.org/10.1007/s00428-017-2116-0
https://doi.org/10.3389/fgene.2020.566159
https://doi.org/10.3389/fgene.2020.566159
https://doi.org/10.1016/j.coph.2009.06.005
https://doi.org/10.1136/gutjnl-2016-313075
https://doi.org/10.1158/1541-7786.MCR-19-0718
https://doi.org/10.1158/1541-7786.MCR-19-0718
https://doi.org/10.1016/j.oraloncology.2022.106110
https://doi.org/10.1016/j.oraloncology.2022.106110
https://doi.org/10.3389/fimmu.2022.951137
https://doi.org/10.3389/fimmu.2022.951137
https://doi.org/10.3389/fonc.2021.690298
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1085700

	Effects of immune inflammation in head and neck squamous cell carcinoma: Tumor microenvironment, drug resistance, and clini ...
	1 Introduction
	2 Materials and methods
	2.1 Data sources
	2.2 Extraction of relevant differentially expressed genes (DEGs)
	2.3 Consensus clustering of subtypes based on differentially expressed IRGs
	2.4 Cluster analysis
	2.5 Multivariate cox prognostic regression model validation
	2.6 Enrichment analysis
	2.7 Immuno-infiltration analysis
	2.8 Drug sensitivity analysis
	2.9 Organize validation
	2.10 Statistics

	3 Results
	3.1 Identification and correlation analysis of DEGs
	3.2 Molecular subtypes associated with inflammation
	3.3 Construction of the multivariate cox prognostic regression model
	3.4 Multivariate cox prognostic regression model validation
	3.5 Enrichment analysis
	3.6 Evaluation of the microenvironment
	3.7 Drug sensitivity relationship with the multivariate cox prognostic regression model
	3.8 In vitro validation

	4 Discussion
	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


