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Objective: Tumor cells, inflammatory cells, and chemical factors collaboratively orchestrate a sophisticated signaling network,
culminating in the formation of the inflammatory tumor microenvironment (TME). The present study sought to explore the nature of
the inflammatory response in HNSCC and to decipher its influence on immunotherapeutic.

Materials and Methods: A thorough analysis was performed utilizing the TCGA cohort along with two GEO cohorts. Unsupervised
clustering of 200 inflammatory response-related genes (IRGs) was applied using the k-means algorithm to explore the heterogeneity of
HNSCC. Additionally, a prognostic signature based on IRGs genes was constructed using Lasso regression. Meanwhiles, the
expression of IRGs were identified in tumors and paracancerous tissues at the single-cell level. The crosstalk between IRGs was
explored using CellChat and the patterns of incoming and outgoing signals were identified. Finally, qPCR was used to verify the
expression of hub genes.

Results: There were significant differences in immune-cell function and immune-cell infiltration among three inflammatory response
clusters. Additionally, we also constructed a prognostic model which could predicted the responses of common chemotherapeutic
drugs and immunotherapy. Furthermore, qPCR and sc-RNA seq corroborated that the expression profiles of the prognostic genes were
largely in alignment with the findings from the bioinformatics analysis. Ultimately, the molecular docking demonstrated favorable
binding affinities between the pivotal gene-SCC7 and four chemotherapeutic drugs.

Conclusion: This research has uniquely shed light on the intricate connection between the inflammatory response profiles and the
immune infiltration patterns in HNSCC.

Keywords: HNSCC, TME, inflammatory response, immunotherapy, sc-RNA seq

Introduction

In 2020, there were approximately 840,000 newly diagnosed head and neck squamous cell (HNSCC) cases worldwide,
and HNSCC ranked eighth in incidence among malignant tumors." HNSCC can be caused by genetic changes induced by
carcinogens (such as alcohol, tobacco, and betel nut) or high-risk human papillomavirus (HPV) infection. The etiology
varies significantly between regions. For example, in South and Southeast Asia, areca and tobacco irritation are the
leading causes, whereas in the United States, approximately 50% of HNSCC cases are attributed to high-risk human
papillomavirus (HPV) infections.
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HNSCC is cancer with the highest leukocyte fractions compared to other cancers and is associated with HPV
infection status.” Over 65% of individuals diagnosed with HNSCC are likely develop to recurrent/metastatic (R/M)
HNSCC **. The primary therapeutic approaches for HNSCC include surgical intervention, radiotherapy, and
chemotherapy.” With the development of targeted therapy and immunotherapy, the survival time of (R/M) HNSCC
patients had been significantly prolonged. Unfortunately, it is estimated that 70-80% of HNSCC patients do not respond
to immunotherapy or only respond initially. ® ' Therefore, it is very important to identify and evaluate tumor markers for
predicting the benefit of immunotherapy.

Tumor cells, inflammatory cells, and chemical factors together orchestrate a sophisticated signaling network to form an
inflammatory tumor microenvironment (TME). '"'*!'* Many studies have shown that tumor-related inflammation can
promote angiogenesis and metastasis, and the persistent inflammatory microenvironment can also induce tumor production
by triggering certain gene mutations.'> Additionally, several conventional drugs known for their anti-inflammatory effects
have demonstrated protective roles against cancer. A meta-analysis indicated that the use of nonsteroidal anti-inflammatory
drugs(NSAIDs) reduced the specific mortality rate by 30% and the recurrence rate by 40% in HNSCC patients.'®

The present study analyzed genomic information from 913 HNSCC samples intending to identify patterns of
inflammatory response in HNSCC and comprehensively assess the immune microenvironment of different patterns of
inflammatory response-related genes. Then, we identified ten genes to establish the prognostic signature in the TCGA
cohort. In addition, we evaluated the relationship between prognostic genes, immune microenvironment, and chemother-
apy sensitivity. And lastly, the mRNA expression levels of 10 genes in adjacent tissues and HNSCC tissues were verified
by gPCR and single-cell RNA sequencing.

Materials and Methods

Data Collection (TCGA-HNSC Cohort and GEO Cohort)

The RNA sequencing (RNA-seq) data, and corresponding clinical information of 546 cases of HNSCC were downloaded
from https://portal.gdc.cancer.gov/. In addition, the RNA-seq data and clinical information data of 367 tumor samples
were obtained from the Gene Expression Omnibus (GEO) (GSE41613 and GSE65858). The expression profile (FPKM
value) of TCGA-HNSCC dataset was converted to transcripts per million (TPMs), which was the same as the microarray

results. ComBat algorithm was used to eliminate batch effects by “sva” package, and three datasets were combined into
one dataset.'”

Consensus Clustering for Inflammatory Response-Related Genes

200 inflammatory response-related genes (IRGs) were identified in the Molecular Signatures database. The k-means
algorithm was used to perform unsupervised clustering of 200 IRGs, which performed using the “ConsensusClusterPlus”
package.'® Principal component analysis (PCA) was employed to investigate the distributions of various groups.'’

Gene Set Variation Analysis (GSVA) and Functional Annotation
GSVA is a nonparametric, unsupervised algorithm that was employed to access the activity and pathway changes of
biological processes in various clusters.”’ This process was performed using “GSVA” and “clusterProfiler” packages.’’

Tumor Microenvironment Analysis

By using single-sample gene set enrichment analysis (ssGSEA), we were able to analyze the relative abundance of
immune infiltration within the TME, which encompassed 16 distinct immune cell subtypes and 13 immune cell
functions.”>* In this process, the packages “GSVA” and “limma” packages were used.

Establishment and Evaluation of an IRGs Signature

Within the TCGA-HNSCC dataset, the “limma” package was applied to identify differentially expressed genes (DEGs)
between malignant and non-malignant tissues. The screening criteria were an absolute value of the fold change greater
than 1 and a false discovery rate (FDR) was <0.05. To identify inflammatory response genes with potential prognostic
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implications, univariate Cox regression analysis was conducted. Subsequently, a prognostic model was formulated using
LASSO-penalized Cox regression analysis.>* The risk score of each patient was calculated as following: risk score
score =Y (C * Exp), where “C” is the coefficient of gene and “Exp” is the gene expression level. Based on the median
risk score, the HNSCC patients were stratified into low- and high-risk groups. Kaplan-Meier (K-M) survival curves were
generated to contrast the overall survival (OS). Additionally, time-dependent receiver operating characteristic (ROC)
curve analysis was performed, and the relationship between the risk model and clinicopathological characteristics was
evaluated. This process was performed using the R survival, pHeatmap, glmnet, timeROC, and ggplot2 packages.

Evaluation of the Predictive Function of the Risk Model for Common

Chemotherapeutic Drugs

In order to access the clinical application of the risk model, we calculated the half maximal inhibitory concentration
(IC50) values of common chemotherapeutic drugs for the TCGA-HNSCC dataset. The differences in IC50 among two
group were calculated using the Wilcoxon signed rank test. This process was undertaken using the “pRRophetic” and
“ggplot2” packages.”’

qRT-PCR

To validate the mRNA expression levels of prognostic genes in HNSCC tissues, we collected five sets of matched
malignant and non-malignant tissues from the Stomatological Hospital of Shandong University in China (Table S1). The
study protocol was approved by the Human Research Ethics Committee. qRT-PCR was employed to detect the
expression levels of 10 inflammatory response-related mRNAs in the samples, malignant and non-malignant tissues.

scRNA-seq Data Processing and Analysis

scRNA-seq samples were downloaded from GSE181919, including the tissue types of normal tissue (NL, n=9) and
primary cancer (CA, n=20). For normalizing and analyzing the single-cell data, we used the Seurat (version 3.1.5)
package (https://satijalab.org/seurat/). Dimension reduction and cell cluster visualization were performed using
t-DistributedStochastic Neighbor Embedding (t-SNE). Using Seurat’s FindAllMarkers function, unique cluster-specific
markers genes were identified with the cutoff values of |log2 fold change (FC)| > 1 and adjusted p-value < 0.01. The

crosstalk between IRGs was explored using CellChat and the patterns of incoming and outgoing signals were identified.

Protein-Protein Interaction and Molecular Docking

We conducted a protein-protein interaction (PPI) analysis utilizing the STRING database, which can be accessed at http://
string-db.org. Download the structures of paraplatin, docetaxel, fluorouracil and cetuximab small molecules from the
Pubchem database. Search the Uniprot database for CCR7 proteins, species human. Protein preparation was performed
using the Protein Preparation Wizard module of Schrodinger software. The protein was prepared by assigning bond levels,
hydrogenation, and completing missing side chains. Molecular docking was performed using the Glide module in
Schrodinger.

Results

Identification of HNSCC Patterns Based on IRGs

The gene-expression profiles of 200 IRGs from TCGA-HNSCC and GEO (GSE41613, GSE65858) were used for
a consensus clustering analysis of HNSCC (Figure 1A). The 913 HNSCC patients were divided into three patterns:
type A (n=218), type B (n=379), and type C (n=269). We then compared the prognosis of each subgroup. The results
showed that subgroup C had a significant survival advantage (p=0.002, Figure 1B). PCA indicated that patients
categorized into distinct subgroups exhibited three separate clustering patterns. (Figure 1C). Figure 1D shows that the
three patterns of HNSCC patients had different clinicopathological characteristics, in which stage and survival showed
a remarkable difference (p < 0.01). In brief, type C was associated with a favorable prognosis.
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Figure | Identification of HNSCC subtypes based on IRGs. (A) The k-means algorithm clustering using 200 IRGs. (B) K-M curves for the three inflammatory-related
molecular patterns of HNSCC patients in the TCGA-HNSCC and GEO cohorts. (C) Confirming the discrimination of k = 3 using PCA analysis, cluster A (red), cluster
B (blue), and cluster C (Orange). (D) The heat map depicts the correlation between the pattern and different clinicopathological characteristics.

Characteristics of Cell Infiltration in the TME in the Different Inflammatory Response

Patterns

GSVA was used to explore the differences between the biological behaviors of different inflammatory response patterns.
As shown in Figure 2A and B, the type A inflammatory response was characterized by enriched tumor metabolism; the
type B inflammatory response was characterized by enrichment of the oncogenic activation of the Janus kinase/signal
transducers; and the type C inflammatory response was characterized by enrichment of immune response-related
pathways (Figure 2A—-C).

Subsequently, ssGSEA data showed that there were significant differences among the three inflammatory response
patterns, which was consistent with the results of the GSVA enrichment analysis; that is, Type C had the most infiltrated
immune cells and the most active immune functions (Figure 2D and E). The expression levels of CTLA4 and PD1/PD-L1
in immune response type C were the highest, followed by the immune response types B and A, which showed sequential
decreases in expression levels (Figure 2F—H). In summary, the consistency of the prognosis of different immune response
patterns with their TME suggests that a classification method based on inflammatory response is reasonable.

Establishment and Assessment of an Inflammatory Response-Related Signature

From 200 IRGs, 18 prognostic-related genes were identified by univariate Cox analysis; 143 IRGs were differentially
expressed in tumor tissues and paracancerous tissues (p<0.01, logFC>1). Figure 3A). Finally, 14 IRGs were selected as
candidate prognostic indicators. Figures 3B delineated the expression level of the 14 genes in tumors and paracancerous
tissues. Figures 3C showed the prognosis characteristics associated with 14 genes. For instance, the risk ratio of
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Figure 2 Characteristics of cell infiltration in the TME in the different inflammatory response patterns. (A—C) GSVA enrichment analysis showing the activation states of
KEGG in distinct inflammatory response subtypes. In the heat map, red represents activated pathways, and blue represents inhibited pathways. A cluster A vs cluster B;
B cluster B vs cluster C; C cluster A vs cluster C (D, E) Box plots showed the scores of immune infiltrations (D) and immune functions (E) among the inflammatory
response patterns. **p<0.001. (F-H) The comparison of the expression of PD-1, PD-L| and CTLA4 in the different inflammatory response patterns. ***p<0.001.
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ADGRE]L, ITGAS, OLR1, PVR, SERPINEI and SRI were different from the others, indicating that elevated expression
of these genes was associated with better prognosis. In addition, Figure 3D shows the correlations of the 14 genes.
The prognostic characteristics of 10 genes were determined by LASSO-Cox regression. Subsequently, the
TCGA-HNSCC cohort was stratified into low- and high-risk groups. Figure 4A—C shows the heat map of risk
value, survival status, and gene expression for each patient in the TCGA-HNSCC cohort. The results suggested
that the clinical pathological staging of HNSCC patients, such as T-stage, Stage, and survival status, was
significantly correlated with the risk score (Figure 4C). The K-M curve indicated a much more favorable prognosis
for the patients in the low-risk group (Figure 4D). PCA suggested that the patients in different subgroups were
distributed in different directions (Figure 4E). The 1, 2, and 3 years of AUC rates were 0.703, 0.724, and 0.742,
respectively (Figure 4F). The 3-year AUC curve was also compared with other clinicopathological characteristics
(Figure 4G). The two GEO cohort (GSE41613 and GSE65858) were used to verify the predictive effect of the risk
score (Figure 4H-K). Both low-risk groups in the two datasets exhibited significantly better prognosis than the
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Figure 3 Identification of IRGs in the TCGA-HNSCCC cohort. (A) Venn diagram shows that 14 genes were identify the prognosis-related DEGs. (B) The heat map depicts
14 overlapping genes expression levels in HNSCC tissues and adjacent normal tissues. (C) Forest plots shows the hazard ratio and 95% confidence intervals (95% CI) of 14
prognosis-related DEGs by univariate Cox regression analysis. (D) The correlation network of 14 overlapping genes.

high-risk groups. And the AUC analysis at one, two, and three years showed that the risk score had good
predictive efficiencies, which indicated that IRGs risk model had a strong performance for predicting overall
survival.

Next, the patients were categorized into distinct subgroups based on their diverse clinicopathological characteristics,
including age, sex, T stage, HPV status, smoking history, anatomical location (floor of mouth, tonsil, tongue, larynx,
hypopharynx, and base of tongue), and N stage. The results of the K-M curve suggested that the low-risk group was
significantly prolonged OS in the presence of different clinicopathological characteristics, which further suggested that
our risk model was dependable and accurate (Figure 5 and Figure S1).

Different Immune Infiltration Characteristics and Enrichment Pathways in the High-
and Low-Risk Groups

GSEA using the TCGA data for the hallmark genome suggest that the enrichment of cancer-related pathways such as
glycolysis, MYC, and epithelial-mesenchymal transition (EMT) in the high-risk group may be associated with a poor
prognosis (Figure 6A-B). The infiltrating immune-cells and immune-cells functions were evaluated by ssGSEA. Our
analysis revealed that the abundance of the majority of immune cell types was considerably greater in the low-risk cohort
compared to the high-risk group, and the low-risk group’s immune checkpoint, T-cell co-stimulation and inflammation
promoting were also relatively high (Figure 6C-D). In summary, the inflammatory response score exhibited a strong
correlation with the TME of HNSCC patients.
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Figure 5 K-M analysis of overall survival in different subgroups. Patients were classified according to age (age <= 65 and age >65), sex (female and male), T (T1-T2, T3-T4),

N (NO, NI-N3).
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p<0.001.

The Role of the Inflammatory Response in Predicting Responses to Common

Chemotherapeutic Drugs and Immune Responses

We attempted to determine the relationship between the efficacy of common chemotherapeutic drugs and risk scores. We found
that low-risk scores were associated with a low IC50 for methotrexate and a high IC50 for docetaxel. These results indicate that
the risk score derived from IRGs could serve as a potential predictor of sensitivity to common chemotherapeutic drugs
(Figure 7A-D). Additionally, we assessed the potential correlation between the risk model and the expression level of immune
checkpoint inhibitor (ICI) markers. The results suggested that a low risk score was positively correlated with high expression of
CTLA4 and PDCDI1 (p<0.001). However, there were no correlation between the expression level of CD274 and the risk score
(p=0.19) (Figure 7E-J). As depicted in Figure 7K, the IPS-CTLA4-Positive/PD1-Negative scores and IPS-PD1-Negative
/CTLA4-Negative scores, were elevated in the low-risk group. This suggests that individuals classified as low-risk may exhibit
a more favorable response to immunotherapeutic treatments.
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The mRNA Expression of IRGs Between HNSCC Tissues and Adjacent Normal Tissues
To confirm the variation in expression levels of 10 IRGs genes (CCL22, CCR7, ADGREI, F3, HBEGF, ITGAS, KCNA3,
LCK, OLRI, and SRI) between HNSCC tissue and adjacent non-tumor tissues, qRT-PCR was conducted to measure
mRNA levels. The results showed that compared with neighboring non-tumor tissues, 10 IRGs genes were all highly
expressed in HNSCC tissues. The qRT-PCR results are consistent with the expression of 10 IRGs genes in the TCGA-
HNSCC (Figure 8).
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The Docking Conformation and Interaction Force Analysis of 10 IRGs Genes

In our study, we employed molecular docking techniques to investigate the function of SCC7 in chemotherapy. Initially, we
conducted a PPI analysis among 10 inflammation-related genes. From this analysis, SCC7 emerged as a central hub gene
due to its highest connectivity. Next, we molecularly docked SCC7 with each of the common chemotherapeutic agents
(paraplatin, docetaxel, fluorouracil, and cetuximab). Figure 9 demonstrates the docking conformation and interaction force
analysis between SCC7 and four common chemotherapeutic agents. The results showed that the binding energies formed by
the four common chemotherapeutic agents (paraplatin, docetaxel, fluorouracil, and cetuximab) with SCC7 amino acid
residues were —8.880 kcal/mol, —8.241 kcal/mol, —8.153 kcal/mol, —9.79 kcal/mol, respectively (Figure 9).

scRNA-Seq Analysis of Inflammatory Response-Related Gene in HNSCC
We performed the “ScaleData” function to scale all genes extracted from the scRNA-seq dataset GSE181919. Finally, 19
clusters were found in NL and CA (Figure 10A). We screened the cell markers by the “FindAllMarkers” function (logFc
=0.5, Minpct —0.35). Marker genes were used to label the identified clusters as different cell types (Figure 10A).
Following this, the features of the nine markers in different clusters were displayed using violin and UMAP plots in the
sc-RNA sequencing profile (Figure S2 and S3). For example, CCR7 was specifically expressed in T cells, Plasma cells,
Macrophages, and Dendritic cells and was significantly higher in CA tissues than in NL tissues.

CellChat was employed to conduct a comprehensive assessment of the interactions between NL and CA, with
a particular focus on the number and weight of cell communications (Figure 10B—C). A summary of communication
probabilities in the information network was conducted to facilitate a comparison of the overall information flow between
NL and CA (Figure 10D). The results revealed that inflammatory response-related signalling pathways, WNT, IL-6, IL-
10, IL16, and TGFb, were more abundant in CA (blue). The heatmap demonstrated an increase in the incoming signaling
patterns from T cells and macrophage in CA. The most significant increase in outgoing signaling patterns was observed
in the endothelial cells and fibroblast, which LCK signaling was most significant outgoing signaling patterns in T cell
(Figure 10E-G).
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Figure 9 The docking conformation and interaction force analysis between SCC7 and paraplatin, docetaxel, fluorouracil and cetuximab. Color symbols: yellow sticks for
drug molecules, blue sticks for amino acid residues, blue lines for hydrogen bonding, and gray dashed lines for hydrophobic interaction.
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Discussion

The inflammatory response affects the entire process of tumor development and treatment.”® In fact, Rudolf Virchow
proposed the hypothesis that tumors originate from chronic inflammation as early as the 19th century. In this study, we
examined inflammatory response-related genes in HNSCC samples and stratified the risk levels of HNSCC patients. To
our knowledge, this is the first time that bioinformatics methods have been used to comprehensively evaluate the
inflammatory response mode and biological functions in HNSCC, with special attention to its immune characteristics.

According to the profiles of IRGs genes expression, HNSCC was divided into three patterns with different prognoses,
immune microenvironments, and enrichment pathways. Specifically, the OS of type C was significantly longer than that
of the other types. The GSEA results showed that type C had enriched immune response-related pathways, including
primary immunodeficiency, T cell receptor signaling pathway, and intestinal immune network. Therefore, we hypothe-
sized that the inflammatory response-based patterns had different immune microenvironments. The ssGSVA results
suggested that type C had significantly more infiltrated immune cells, including B cells and CD8+ T, than the other
patterns. Additionally, immune function was more active in type C, and this subtype showed higher expression of ICIs
genes, such as PD-1, PD-L1 and CTLA4, than the other two patterns.

Although the immunotherapy strategies represented by ICIs have achieved good clinical effects, their response rates
are low, and primary or secondary drug resistance can develop during treatment.””*® Many studies have shown that the
current “dilemma” of immunotherapy is inseparable from tumor-related inflammation.?” Currently, the anti-inflammatory
drugs and inflammation-targeted drugs used in clinical practice mainly include anti-infective drugs, nonsteroidal anti-
inflammatory drugs, metformin, statin, natural supplements, and cytokine-specific drugs. In animal experiments, the
preoperative administration of the nonsteroidal anti-inflammatory drugs ketorolac and/or resolvin inhibited micrometas-
tasis in a variety of tumor resection models and could prolong survival time.*° Jayaprakash et al pointed out that aspirin
usage is correlated with a lower incidence of HNSCC: aspirin users had a 25% reduction in the risk of HNSCC.?' In
addition, Becker et al showed that patients who took more than 7 tablets of aspirin per week had a significantly reduced
risk of HNSCC (approximately 32%).* Regarding the effect of anti-inflammatory drugs on the prognosis of HNSCC
patients, Macfarlane et al reported that the use of nonsteroidal anti-inflammatory drugs was associated with increased OS
in HNSCC patients in a dose-dependent manner.””

We used 10 IRGs genes to construct prognostic characteristics. Some of these genes have been reported in HNSCC.
One study showed that high expression of CCR7 was associated with prolonged disease-free survival.>* Our study
showed that the four commonly used chemotherapeutic drugs (cisplatin, docetaxel, fluorouracil, and cetuximab) formed
strong binding affinities with the amino acid residues of SCC7. HBEGF may activate tumor growth, invasion, and
metastasis through EGFR.*

Currently, ideal and reliable ICI-related biomarkers for predicting efficacy remain to be explored. In patients with
HNSCC, higher CD8+ T cell infiltration was observed in responders to PD1/PD-LI inhibitor treatment.”’® A recent
meta-analysis indicated that CD8+ cells could serve as a standalone predictor of the prognosis of HNSCC and
a therapeutic target.'® In our study, the immune-related pathways in inflammatory response subtype C and the low-risk
group were activated and had the advantage of immune infiltration, and the OS was better, which is consistent with the
previously described phenomenon.

Our findings indicated that patients classified as high-risk exhibited a greater sensitivity to docetaxel, whereas those in
the low-risk showed a higher sensitivity to methotrexate. This indicates that the risk score based on the IRGs genes can
be serve as a potential predictor of sensitivity to common chemotherapeutic drugs.

Summary

In summary, our study has delineated three distinct inflammatory response patterns in HNSCC, each with unique
prognostic and immunological features. Moreover, we have formulated a risk score that serves as a predictive tool for
gauging the sensitivity of chemotherapy and their potential response to immunotherapy. This research underscores the
pivotal role of genes associated with the inflammatory response within the tumor microenvironment (TME) of HNSCC,
offering a valuable framework for the development of comprehensive and personalized treatment approaches for this
disease.
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