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Abstract
Background: Head and neck cancer (HNC) are highly aggressive solid tumors with poor prognoses. The
tumor microenvironment (TME) plays a critical role in angiogenesis, invasion, and metastasis of HNC. In
the TME, immune and stromal cells in�uence tumor initiation, response, and therapy. Our study aimed to
evaluate the progression and prognosis of HNC by analyzing the key genes involved in immunization and
stromal cells.

Methods: Gene expression pro�les, demographics, and survival data were downloaded from the TCGA
database. Patients with HNC were divided into high immune/stromal score groupss or low
immune/stromal score groups based on the ESTIMATE algorithm. Differentially expressed genes (DEGs)
were identi�ed via functional enrichment analysis and protein-protein interaction networks, and survival
analysis based on DEGs was also performed.

Results: A total of 522 patients with HNC were enrolled for analysis. The average age was 60.87, and one-
third of the patients were HPV-positive. Kaplan-Meier survival analysis showed that patients' median
survival time in the low-score group was shorter than that of the high-score group (625 vs. 680 days, log-
rank, p = 0.1716). According to immune scores, 925 genes were upregulated, and 72 genes were
downregulated in the high-score group compared with the low-score group. Top Gene Ontology terms
identi�ed that T-cell costimulation, regulation of immune response, and the external side of the plasma
membrane were the most involved pathways. Moreover, Kaplan-Meier analysis revealed that 480 DEGs
were upregulated in the high-immune scores group, and a total of 126 DEGs were signi�cantly associated
with poor survival. Besides, we identi�ed the hub genes of DEGs through protein-protein interactions and
found that PTPRC, CD247, and CD4 are associated with immune in�ltration and all-cause mortality.

Conclusions: We identi�ed a series of TME‐related genes signi�cantly associated with overall mortality;
this information is crucial for further understanding the role of TME and immune in�ltration in the
prognosis of HNC.

Background
Cancer, a major public health burden, continues to increase in incidence and is predicted to be the leading
cause of death worldwide in the 21st century 1. Among all the cancer types, head and neck cancer (HNC)
is a highly aggressive solid tumor with the 6th highest mortality rate. It is estimated that about 90% of
HNC is head and neck squamous cell carcinomas (HNSCC). Smoking and excessive alcohol
consumption are regarded as traditional risk factors for HNC. In recent years, HPV-induced HNC,
particularly in oropharyngeal tumors, has drawn much attention 2. Due to limited effective therapeutic
options for HNC patients 3, the 5-year mortality rate of HNC patients is around 50% 4. Thus, developing
novel therapeutic targets and strategies to guide �rst-line treatments is urgently required 5.
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The tumor microenvironment (TME) consists of a mass of heterogeneous cell types that in�ltrate tumors
and directly or indirectly interact with tumor cells 6; these components play a critical role in angiogenesis,
invasion, metastasis, and chronic in�ammation7. Animal experiments have shown that HNC is an
immunosuppressive disease; the main characteristics are the abnormal secretion of in�ammatory
cytokines as well as dysfunction of immune effector cells 8.

Both innate and adaptive immune cells play essential roles in regulating immune surveillance and
controlling tumor growth 9, in�uencing tumor initiation, response, and therapy 10. Elevated immune cell
in�ltration, including T- and B-lymphocytes, suggests they have prognostic relevance 11. Thus, the
characteristics of TME enable us to identify new prognostic and predictive biomarkers. The immune
score is an example of how elements of the immune microenvironment can be quanti�ed in a
standardized way. It may serve as a prognostic index during cancer treatment 5.

Gene pro�ling has entered the era of high-throughput methods with mega data. This provides
opportunities to understand the cellular actions and functions precisely 12. Implementation of these
methods for HNC and other cancers in the context of precision oncology connects genetic information to
cancer care 13. Potential prognostic biomarkers in HNC can be identi�ed based on analysis of microRNA
expression pro�les in the TCGA database 14. For example, the T follicular helper signature was
associated with favorable survival in HNC patients 15,16.

In our study, using the Head and Neck Cancer (HNC) cohorts from The Cancer Genome Atlas (TCGA)
database and taking advantage of ESTIMATE algorithm-derived immune scores, we identi�ed a series of
differentially expressed genes associated with TME, which could predict prognosis and survival of HNC
patients.

Methods
Database

Level 3 data were obtained from The Cancer Genome Atlas (TCGA) database
(https://xenabrowser.net/datapages/). The Illumina HiSeq 2000 RNA sequencing platform was used to
analyze the gene expression pro�le of HNC, which was performed at the TCGA genome characterization
center of the University of North Carolina. Demographic information, including age, gender, pathological
type, and survival information, was also downloaded from the TCGA data portal. Immune scores and
stromal scores of HNC were calculated by the Estimation of Stromal and Immune cells in malignant
tumor tissues using Expression data (ESTIMATE) (https://bioinformatics.mdanderson.org/public-
software/estimate/)tool 17.
Identi�cation of differentially expressed genes (DEGs)

We used high versus low immune scores/stromal scores to distinguish gene expression pro�les and used
R software's limma package to analyze gene expression 18. The screening criteria of the differentially
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expressed genes (DEGs) de�ned as the gene expression was over 2-fold change and adjusted p-value < 
0.05.
Heatmaps and clustering analysis

We used Morpheus (https://software.broadinstitute.org/morpheus), an open-source, online versatile
matrix visualization and analysis software, to generate the heatmaps and clustering. While we used the
ggplot2 package of R 3.6.1 to draw the volcano plots.
Protein-protein interaction network

The protein-protein interaction (PPI) network was generated by STRING (version 11.0) (https://string-
db.org), and the combined score  0.4 will be considered as a signi�cant interaction. Images were
reconstructed using Cytoscape software (version 3.7.2), which was used for visualizing molecular
interaction networks. Individual networks ≥ eight nodes will be selected for further analysis. In addition,
we also calculated the connectivity degree of each node in the network. The molecular complex detection
(MCODE) app was then utilized for cluster �nding based on the topology to locate densely connected
regions. PPI networks were drawn using Cytoscape.
Kaplan-Meier survival analysis

A Kaplan–Meier survival analysis was performed to investigate the relationship between the overall
survival of patients with HNC and the DEGs. Gene expression level was divided into high or low
expression. All statistical analyses were performed using GraphPad Prism (version 8.0.1).

GO and KEGG enrichment analysis of DEGs
The above-screened DEGs were selected for functional enrichment analysis by The Database for
Annotation, Visualization and Integrated Discovery (DAVID, version 6.8), Gene Ontology (GO) categories
were identi�ed through biological processes (BP), molecular functions (MF), and cellular components
(CC). In addition, the DAVID database was also used for the Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway enrichment analysis. The cut-off point was de�ned as a false discovery rate (FDR) < 
0.05.

Results
Basic information

Finally, a total of 522 patients with HNC were included for analysis. The basic character of the included
patients was summarized in Table 1. The mean age was 60.87 years (range 18–90), approximately two-
thirds of the patients were male, and about 66.67% and 8.93% of the patients had histories of drinking
and smoking, respectively. Approximately one-third of the patients were HPV-positive. Pathological tumor
node metastasis staging results were as follows: 33 (6.32%) cases in stage I, 98 (18.77%) cases in stage
II, 105 (20.11%) cases in stage III, and 286 (54.79%) cases in stage IV. According to the ESTIMATE
algorithm, stromal and immune scores were − 436.34 (interquartile range (IRQ), -904.04-136.41), and
361.16 (IQR, -160.20-1038.52), respectively. Average immune scores were higher than stromal scores in
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all pathology stages (p < 0.05) (Fig. 1). A previous study has shown that TP53 mutation was associated
with decreased overall survival in patients with HNC 19. We then calculated immune scores and stromal
scores in HNC patients with or without p53 mutation. Compared with p53 wildtype patients, the immune
score in p53 mutation patients was signi�cantly higher (p < 0.001), while no signi�cant difference was
noticed in stromal scores between these two groups of patients (Fig. 2A and 2B). Moreover, to determine
the relationship between immune scores/stromal scores and all-cause mortality, patients with HNC were
classi�ed into high immune/stromal scores and low immune/stromal score groups based on the median
value of immune scores or stromal scores. There was no signi�cant difference in age, sex, HPV infection,
or tumor pathology stage between the two groups (Table 1). Kaplan-Meier survival analysis revealed that
the median overall survival time of patients in the immune low-score group was shorter than in the high-
score group (Fig. 2C, 625 vs. 680 days, log-rank test, p = 0.1716). While compared to patients with higher
stromal scores, patients with lower stromal scores also had shorter median overall survival times (Fig. 2D,
623 vs. 701 days, log-rank test, p = 0.8528).

Table 1
The basic information of the included head and neck cancer

  Total patients

(n = 522)

Low immune score group
(n = 261)

High immune score group
(n = 261)

P
value

Age 60.87(19–90) 60.3(19–88) 61.2(24–90) 0.776

Sex (male,
%)

385(73.7%) 202(77.39%) 183(70.1%) 0.059

Alcohol 348(66.67%) 173(66.28%) 174(66.67%) 0.926

Smoking 20/224(8.93%) 11/116(9.48) 9/108(7.63%) 0.763

HPV 39/112(34.82%) 12/46(26.09%) 27/66(40.90%) 0.105

Stage       0.294

Stage I 35(6.71%) 21(4.02%) 14(2.68%)  

Stage II 98(18.77%) 48(9.20%) 50(9.58%)  

Stage III 105(20.11%) 58(11.11%) 47(9.00%)  

Stage IV 286(54.79%) 134(25.67%) 152(29.12%)  

 
 

Association between gene expression and ESTIMATE scores

To further understand the relationship between the gene expression and immune scores and/or stromal
scores, we generated distinct gene expression pro�les of HNC based on high vs. low immune/stromal
score groups. The heat maps in Fig. 3A and 3B show the expression patterns of genes differentially



Page 6/23

changed in the immune and stromal score groups, respectively. Differentially expressed genes (DEGs)
were then identi�ed from the comparison of high vs. low immune score and stromal score groups.
According to the immune scores, a total of 925 genes were upregulated, while a total of 72 genes were
downregulated (FC > 2, p < 0.05). For the stromal scores, there were about 1414 genes that were
upregulated, and 26 genes were downregulated (FC > 2, p < 0.05). The Venn diagrams were then generated
and indicated that 425 genes were commonly upregulated, while only 2 genes were commonly
downregulated in the high-scoring groups (Fig. 3C and 3D). A volcano plot of the acquired data highlights
that more genes are upregulated (right side), and fewer genes are downregulated (left side) (Fig. 4A and
4B). To describe the potential function of the identi�ed DEGs, the commonly upregulated genes (The
genes are listed in Supplementary Table S1) in the high-immune scores group were selected for Gene
Ontology (GO) enrichment analysis. The results indicated that the top GO terms associated with these
genes included T cell costimulation, regulation of immune response, external side of the plasma
membrane, integral component of the plasma membrane, transmembrane signaling receptor activity,
receptor activity for biological processes (Fig. 3E), cellular component (Fig. 3F), and molecular function
(Fig. 3G).

Association between DEGs and overall mortality
Kaplan-Meier survival curves were then obtained to further analyze the association between the individual
DEGs and all-cause mortality. During an average of 1.77 years (IQR 1.04–3.23) follow-up, a total of 222
patients died. Kaplan-Meier survival analysis showed that from the 480 upregulated DEGs in the high-
immune scores group, about 176 DEGs (Supplementary Table S2) were signi�cantly associated with all-
cause mortality (p < 0.05; representative genes are shown in Fig. 5).

Protein-protein interactions
To further search the hub genes of DEGs, we used the STRING tool to construct protein-protein interaction
(PPI) networks and the MCODE app to identify gene clusters, respectively. The constructed PPI networks
and the top �ve clusters are shown in Figs. 6 and 7, respectively. Then, we named these modules PTPRC,
CD247, CD4, FCGR3A, and FCGR1A (Table 2) for ease of description. In the PTPRC module, the network
forms 461 edges, involving 36 nodes; CTLA4, ITGAL, CD40LG, IL10RA, CD28, and SLAMF1 were the
prominent nodes, which have the most connections with other members of the module. In the CD247
module, 26 nodes and 124 edges were observed. Among the clusters, CD247, CD3D, IKZF1, CD3G, PLEK,
and HLA-DRB1 had higher degree values. For the CD4 module, CD4, IFNG, CXCR3, CD48, CD5, and CXCR5
had higher degree values. In addition, we performed a functional enrichment analysis for the �ve hub
genes, and the results showed that 19 GO terms were signi�cantly enriched in the biological process (BP),
7 GO terms were signi�cantly enriched in the cellular compartment (CC), and 4 GO terms were
signi�cantly enriched in molecular function (MF) (FDR < 0.05, -log FDR > 1.30). Consistent with previous
results, most of the genes are mainly involved in immune function. The top GO terms included T cell
costimulation, regulation of immune response (Fig. 8A), external side of the plasma membrane, integral
component of the plasma membrane (Fig. 8B), transmembrane signaling receptor activity, and receptor
activity (Fig. 8C). Besides, the KEGG pathways analysis was also performed (Fig. 8D). In addition, A
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circos graph was constructed to visualize the prognosis-related genes involving in GO analysis according
to the logFC value (Fig. 9).

 

Table 2
Functional roles of �ve hub genes with degree ≥ 8

Cluster Nodes Edges Gene

1 36 461 SLAMF1, CD28, CD40LG, IL10RA, ITGAL, CTLA4, IL2RG, TLR7, TLR8,
VCAM1, PDCD1, SPN, PRF1, GZMB, CD3E, CCL5, CCR5, KLRK1, CXCL10,
CD8A, GZMA, CXCL9, LAG3, SELL, TBX21, CXCL13, KLRD1, CD52,
CCL19, IDO1, CD2, KLRB1, CCR2, FASLG, PTPRC, CD27

2 26 124 TRAT1, PLEK, MPEG1, CYBB, HLA-DRB1, C1QA, C1QB, HLA-DMB, HLA-
DMA, SIGLEC1, CD3D, HLA-DRB5, HLA-DQB1, HLA-DQA1, CD247, HLA-
DPB1, HLA-DPA1, CD3G, IKZF1, GRAP2, GZMH, NKG7, HLA-DOA, HLA-
DQA2,

3 24 82 SH2D1A, GBP5, ICOS, HCST, CD5, IFNG, GBP4, CIITA, CXCR3, FCGR1B,
TNFSF13B, CD8B, GZMK, CXCL11, BTLA, CXCR5, CXCR6, IL21R, CD226,
TIGIT, CD4, CD7, ITK, CD48

4 15 40 FCGR3A, EVI2B, MS4A6A, SASH3, DOCK2, NCKAP1L, CD84, FGL2,
WDFY4, MNDA, GPR174, P2RY10, CD53, AOAH, CD74

5 9 16 CD163, CLEC10A, CD37, FCGR1A, IGSF6, IRF8, HLA-DRA, MS4A1, C1QC

 
 

The relationship between the hub genes and immune in�ltration and survival

To further analyze the association of the �ve hub genes with immune in�ltration. We found that all the 5
hub genes are signi�cantly associated with tumor purity, B cell, CD8+ T cell, CD4+ T cell, macrophage,
neutrophil, and dendritic cell (Fig. 10). Kaplan-Meier survival analysis showed that low PTPRC, CD247,
and CD4 groups had poor overall survival except for FCGR3A and FCGR1A (Fig. 11). Also, multivariate
Cox regression analysis further con�rmed that PTPRC, CD247, and CD4 are associated with all-cause
mortality (Table 3). 
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Table 3
Univariate and multivariate cox regression analysis of �ve hub genes

  Overall survival

Univariate analysis Multivariate analysis

Gene HR (95% CI) P Value HR (95% CI) P Value

PTPRC 0.884(0.809–0.996) 0.006 0.854(0.761–0.958) 0.007

CD247 0.809(0.72–0.909) 0.001 0.791(0.681–0.919) 0.002

CD4 0.903(0.818–0.996) 0.041 0.861(0.760–0.976) 0.019

FCGR3A 1.017(0.932–1.11) 0.703 0.979(0.882–1.087) 0.694

FCGR1A 0.997(0.879–1.13) 0.959 0.947(0.815-1.100) 0.474

 

Discussion
In our study, we try to investigate the relationship between TME-related genes and overall survival in
patients with HNC using the TCGA database. Notably, we found that several genes were signi�cantly
associated with overall mortality in patients with HNC. Thus, we identi�ed immune-related overexpressed
genes related to a poor outcome, which is relevant to the personalized treatment of HNC patients.

The comprehensive molecular catalog on HNSCC was �rstly described by the TCGA consortium in 2015
20, providing oncologists and clinicians with a comprehensive understanding of the pathogenesis of HNC.
Data mining the TCGA database can reveal the effects of gene expression on tumor resistance, treatment,
and prognosis, guiding us into the era of precision cancer medicine 21. Using this information, optimal
treatment strategies can be developed for these patients 22. A previous study indicated that tumors could
be further subclassi�ed based on genomic pro�ling 2. Researchers using a data mining strategy have
identi�ed genes that can predict the prognosis of HNC 23. A subgroup of genetically distinct HPV-negative
HNC with favorable prognoses was con�rmed 2; however, the role and prognostic value of TME-related
genes had not been fully elucidated. In oral cancer nodal disease (OCND), immune-related gene
expression has prognostic value with regard to node-free survival (NFS) 24. Lecerf et al. retrospectively
evaluated the expression of 46 immune-related genes and immune-cell subpopulation genes among 96
patients with HNSCC and concluded that overexpression of OX40L and PDGFRB was associated with
poor outcomes 25. Meanwhile, in patients with oral squamous cell carcinoma (OSCC), FAP, IFI27, LAMC2,
MMP1, SPINK5, and ZNF662 genes can be regarded as valuable therapeutic biomarkers associated with
the development and progression of OSCC 22.

A recent study has demonstrated that based on cellular and molecular characteristics of the TME, there
are two broad categories of tumors that escape from the immune system, 26. Among these, the tumor
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stroma is an active player in a variety of cancers 27. A previous study con�rmed that immune cells in the
TME fail to exert anti-tumor effects and promote tumor growth 28. The adaptive immune response is
involved in tumor development through immune interactions in the TME, including with T lymphocytes,
macrophages, and dendritic cells 29. Increasing evidence shows that the TME of HNC has a highly
immunosuppressive effect, mediated by soluble and cell-related inhibitory mediators and recruitment of
host immunosuppressive cells 30. However, not all gene-related immune cells have a strong prognostic
value. For example, the PD-L1/CD8A/CYT subsets were unable to distinguish between the number of
mutations and neoantigens in the glioblastoma multiforme, prostate adenocarcinoma, or head, neck, and
lung squamous cell carcinomas 31. However, in our study comparing high vs. low immune/stromal
scores, we identi�ed several DEGs associated with overall mortality. This method is quite different from
previous literature reports, and to our knowledge, is the �rst to implement this strategy in HNC.

PPI mapping provides a valuable framework to facilitate understanding of the functional organization of
the proteome 32. In our study, using the PPI network, we found �ve clusters of genes that were highly
upregulated in the TME and all signi�cantly associated with immune in�ltration. The most evident is
PTPRC, also known as CD45. It has been reported that CD45 plays a critical role in the initiation of T cell
receptor signaling via activation of the Src family protein-tyrosine kinases Lck and Fyn 33, and is highly
expressed in lymphocytes. A population study has revealed that patients with high CD45 expression had
better local recurrence-free survival and disease-speci�c survival 34. Another important module is CD247,
which is mostly expressed in normal lymphoid tissue and peripheral blood mononuclear cells (PBMCs)
35. The protein encoded by this gene is the T-cell receptor zeta, which combines with other T-cell receptor
subunits and CD3 subunits to form the T-cell receptor-CD3 complex. This complex that is present on the
T-lymphocyte cell surface plays an essential role in the adaptive immune response. Abnormal expression
of CD247 is related to differentiation and classi�cation in ovarian cancer 36. Previous research has
shown that CD247 is related to papillary thyroid carcinoma (PTC) clinical phenotypes in the TCGA
database 37. CD247 is also part of the TCR signal-triggering module 38. However, the role of CD247 in
HNC has not been widely studied. In our analysis, we found that CD247 level is associated with overall
mortality in patients with HNC. This may provide an additional prognostic marker for HNC. Further
investigation of these genes will enable us to gain a new and more comprehensive understanding of the
potential relationship between TME and the prognosis of HNC.

Some limitations of this study should be mentioned. First, we did not verify whether the genes identi�ed
from the TCGA database could predict poor survival in HNC patients from other databases. Second, we
only performed bioinformatics analysis from the open online database, while the biological functions of
these genes were not further studied.

Conclusions
In summary, we performed a bioinformatics analysis for HNC, based on immune scores, using the TCGA
database. We extracted a list of TME-related genes signi�cantly associated with survival in patients with
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HNC; although some genes have already been reported, the remaining genes may be regarded as
additional prognostic biomarkers for HNC.
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Figure 1

Comparison between immune scores and stromal scores in HNC patients at different pathological
stages.

Figure 2



Page 15/23

Immune scores and stromal scores were associated with HNC and overall scores. (A) Distribution of
immune scores for p53 mutant and p53 wildtype HNC patients. Violin plot showing a signi�cant
association between p53 mutation status and immune scores (p < 0.001). (B) Distribution of stromal
scores for p53 mutant and p53 wildtype HNC patients. Violin plot showing no signi�cant association
between p53 mutation status and stromal scores (p=0.1344). (C) HNC patients were divided into two
groups based on their immune scores. As shown in the Kaplan-Meier survival curve, the median survival
of the low-score group was longer than that of the high-score group (680 vs. 625 days, p = 0.1716 in log-
rank test). (D) HNC patients were divided into two groups based on their stromal scores; the median
survival of the low-score group was longer than that of the high-score group (701 vs. 623 days, p= 0.8528
in log-rank test); however, this difference was not statistically signi�cant.

Figure 3
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Comparison of gene expression pro�les with immune scores and stromal scores in HNC. (A) Heatmap of
DEGs in high vs. low immune scores (p < 0.05, fold change > 1.5); genes with higher expression are
shown in red, lower expression in green color, and genes with the same expression level are shown in
black color. (B) Heatmap of the DEGs in high vs. low stromal scores (p < 0.05, fold change > 1.5); relative
expression levels are shown as in (A). (C) Venn diagrams of upregulated DEGs immune score groups. (D)
Venn diagrams of downregulated DEGs immune score groups. (E) The biological process of top GO
terms, (F) Cellular component, (G) Molecular function. False discovery rate (FDR) of GO analysis was
acquired using the DAVID functional annotation tool. p < 0.05.

Figure 4

Volcano plot of gene expression pro�le data in (A) high vs. low immune score groups and (B) high vs. low
stromal score groups.
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Figure 5

Association between representative DEGs and overall survival in patients with HNC.
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Figure 6

The total PPI network of DEGs.
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Figure 7

Top �ve PPI networks of PTPRC, CD247, CD4, FCGR3A, and FCGR1A modules.
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Figure 8

GO term and KEGG pathway analysis for DEGs were signi�cantly associated with overall survival. (A)
Biological processes, (B) Cellular component, (C) Molecular function, (D) KEGG pathway.
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Figure 9

The circos graph of the prognosis-related genes involving in GO analysis.
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Figure 10

The association of the �ve hub genes with immune in�ltration.
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Figure 11

The �ve hub genes and overall mortality.
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