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SUMMARY 

 

Background: Effective therapies are lacking for nasopharyngeal carcinoma (NPC), a malignancy with high inci-

dence and frequent recurrence in Southeast Asia. Therefore, novel approaches for effective NPC treatment devel-

oped based on a deeper understanding of the molecular mechanisms underlying its pathogenesis are urgently 

needed. To this end, this study investigated glucocorticoid-related genes associated with NPC. 

Methods: In this study, bioinformatic analyses were performed using datasets from the Gene Expression Omni-

bus, and 780 differentially expressed genes (DEGs) were identified, including 280 upregulated and 500 downregu-

lated genes.  

Results: Among the results of the bioinformatic analyses, enrichment analysis of these glucocorticoid-related 

DEGs revealed their strong associations with critical biological processes, including monocyte chemotaxis, lym-

phocyte regulation, and the IL-17 signaling pathway. Meanwhile, nine core genes of interest were identified by 

protein-protein interaction network analysis. Immune cell infiltration analysis illustrated variations in the abun-

dance of immune cell types within the tumor microenvironment in NPC. 

Conclusions: This study revealed the important role of glucocorticoid-related genes in promoting NPC progres-

sion. Our findings provide a robust foundation for developing targeted therapeutic strategies for patients with 

NPC based on innovative biomarkers. 

(Clin. Lab. 2026;72:xx-xx. DOI: 10.7754/Clin.Lab.2025.250529) 

 

 
Correspondence: 

GuoHua Hu 

Department of Otorhinolaryngology 

The First Affiliated Hospital of  

Chongqing Medical University 

Youyi Road, Yuzhong District  

Chongqing, 400016  

China 

Email: 2h4841@hospital.cqmu.edu.cn 

 

 

 

 

 

 

 

 

 

 

____________________________________________ 

Manuscript accepted July 4, 2025 

KEYWORDS 

 
nasopharyngeal carcinoma, glucocorticoid-related genes, 

bioinformatics, differential expression, immune infiltra-

tion, Gene Expression Omnibus datasets, protein-protein 

interaction network 

 

 

LIST OF ABBREVIATIONS 

 

NPC - Nasopharyngeal carcinoma 

DEGs - Differentially expressed genes 

GRDEGs - Glucocorticoid-related differentially expres-

sed genes  

GRGs - Glucocorticoid-related genes 

PPI - Protein-protein interaction  

GEO - Gene Expression Omnibus 

EPC - Edge percolated component 

MNC - Maximum neighborhood component 

BP - Biological process 
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CC - Cell component 

MF - Molecular function 

 

 

INTRODUCTION 

 

Nasopharyngeal carcinoma (NPC) originates in the na-

sopharynx. It has a high incidence, particularly in 

Southeast Asia, threatening the health of individuals 

and straining financial resources. Epidemiological re-

search has indicated that the annual incidence of NPC in 

endemic areas exceeds 30 cases per 100,000 people. Be-

cause the early symptoms of NPC are not easily identi-

fied, most patients with NPC are diagnosed at later 

stages, resulting in ineffective treatment and lower sur-

vival rates [1]. 

Effective therapies for NPC, which is difficult to cure, 

are lacking because of NPC´s aggressiveness and recur-

rence. Therefore, the molecular mechanisms underlying 

the pathogenesis of NPC and novel biomarkers need to 

be identified to support the development of novel treat-

ments. 

In a previous investigation, the key regulatory pathways 

in NPC, particularly those regulating the immune cell 

infiltration and interactions with the tumor microenvi-

ronment, were discovered through bioinformatic anal-

ysis [2]. Moreover, the interaction between glucocorti-

coids and immune modulation, especially the crucial 

role of glucocorticoid-related differentially expressed 

genes (GRDEGs) in the regulation of NPC-associated 

immune evasion, remains largely unknown [3].  

To this end, this study focused on the molecular mecha-

nisms of glucocorticoid-related genes associated with 

NPC progression. In this study, several bioinformatic 

tools were used to analyze GRDEGs in NPC, including 

differential expression analysis, enrichment analysis, 

and protein-protein interaction (PPI) networks, and da-

tasets from the Gene Expression Omnibus (GEO) were 

analyzed. Through our findings, the biological impor-

tance of the identified GRDEGs in NPC progression 

was uncovered; thereby they might be recognized as po-

tential novel therapeutic targets for improving clinical 

outcomes [4,5]. 

 

 

MATERIALS AND METHODS 

 

Data resource 

We retrieved data on human nasopharyngeal tissues 

from the GSE12452 [6] and GSE53819 [7] datasets 

using the GEOquery package (version 2.70.0) in R soft-

ware [8,9]. The information included in the GPL570 

and GPL6480 platforms within the GEO datasets is pre-

sented in Table 1. The GSE12452 dataset included 31 

cases of NPC and 10 controls, whereas the GSE53819 

dataset included 18 cases of NPC and 18 controls. All 

of these cases were incorporated into this study. 

 

Table 1. Information on the GEO microarray chip. 

 

 GSE12452 GSE53819 

Platform GPL570 GPL6480 

Species Homo sapiens Homo sapiens 

Tissue 
Nasopharyngeal 

tissue 

Nasopharyngeal 

tissue 

Samples in the  

NPC group 
31 18 

Samples in the  

control group 
10 18 

Reference PMID: 17119049 PMID: 24763226 

 

 

 

The GeneCards database provides comprehensive infor-

mation about the human genome [10], specifically those 

related to glucocorticoid-related genes (GRGs). In this 

research, we searched for “glucocorticoid” and only 

kept the protein-coding genes with relevance score > 4 

as GRGs. In total, 492 GRGs were obtained. Addition-

ally, by using “glucocorticoid“ as a keyword in a Pub-

Med search [11], 532 GRGs were obtained after remov-

ing duplicates. The GSE12452 and GSE53819 datasets, 

comprising 49 NPC and 28 normal nasopharyngeal tis-

sue samples, were obtained from the GEO database and 

processed using the R package sva (version 3.50.0) 

[12]. Moreover, the R package limma [13] (version 

3.58.1) was used to integrate the GEO datasets (com-

bined dataset) and perform operations such as probe 

standardization and annotation. 

Principal component analysis (PCA) [14], a method for 

reducing data dimensionality, was performed to exam-

ine the expression matrices both before and after this 

process to evaluate the efficacy of batch effect removal. 

Through this method, the feature vectors (components) 

from high-dimensional data were extracted and subse-

quently used to transform the data into a low-dimen-

sional form. This enables these features to be presented 

in 2D or 3D graphs. 

 

GRDEGs in NPC 

Samples from the combined GEO datasets were catego-

rized into NPC and control groups. Genetic difference 

analysis between these two groups was performed using 

the R package limma (version 3.58.1). Differentially ex-

pressed genes (DEGs) were selected using |logFC| > 1 

and adj. p < 0.05 as the criteria. If |logFC| was greater 

than 1 and adj. p was lower than 0.05, the genes were 

identified as upregulated genes. Genes with |logFC| < -1 

and adj. p < 0.05 were regarded as downregulated ge-

nes. The Benjamini-Hochberg procedure was utilized to 

calculate the false discovery rate (FDR) and adj. p. The 

analysis results of DEGs were visualized via volcano 

plots created by the R package ggplot2 (version 3.4.4). 

To select the NPC-associated GRDEGs, in the variance 

analysis, all genes in the combined GEO datasets that 

satisfied |logFC| > 1 and adj. p < 0.05 were obtained. 



Glucocorticoid DEGs in Nasopharyngeal Carcinoma 

Clin. Lab. 5/2026 3 

All of the selected GRDEGs were intersected; their 

Venn diagram and heatmap were created using the 

pheatmap package (version 1.0.12) in R. 

 

Gene Ontology (GO) and Kyoto Encyclopedia of 

Genes and Genomes (KEGG) analyses 

GO [15] and KEGG analyses [16] were performed in 

our study. In the analysis of GRDEGs, their biological 

term classifications and the enrichment of gene clusters 

were performed using the R package clusterProfiler 

(version 4.10.0) [17]. The criteria for entry screening 

were adj. p < 0.05 and FDR (q-value) < 0.25. The Ben-

jamini-Hochberg procedure was used to calculate the 

FDR and adj. p. 

 

Gene set enrichment analysis (GSEA) 

GSEA, a computational method integrated in cluster-

Profiler, was used in our study to interpret gene expres-

sion data [18]. In GSEA, genes are first ranked accord-

ing to their differential expression between the two bio-

logical states, followed by calculation of the enrichment 

scores for predefined gene sets. Their statistical signifi-

cance was evaluated by permutation testing to identify 

biologically relevant pathways or functions. 

Based on their logFC values, DEGs in the combined 

GEO dataset were identified, followed by calculation of 

the enrichment scores for the predefined gene sets to de-

termine their statistical significance. Molecular Signa-

tures Database, especially the gene set “c2.cp.all.v2022. 

1.hs.symbols.gmt [all canonical pathways](3050),” was 

used for GSEA with the following parameters: random 

seed, 2022; number of calculations, 1,000; and each 

gene set contained a minimum of 10 genes and a max-

imum of 500 genes [19]. The screening criteria for 

GSEA were adj. p < 0.05 and q-value < 0.25. The Ben-

jamini-Hochberg method was employed to calculated 

adj. p. 

 

Exploring PPI networks and hub genes 

PPI networks are schematic representations of the phys-

ical associations among proteins within a cell. STRING 

serves as both a knowledgebase and a software tool that 

can be used to search for known PPIs and to predict po-

tential ones [20]. 

In our study, a PPI network related to GRDEGs was 

constructed using the STRING database following min-

imum interaction coefficient > 0.9 or minimum required 

interaction score for low confidence = 0.9 as the criteri-

on. 

Additionally, five algorithms, namely Closeness, Edge 

Percolated Component (EPC), Maximum Neighborhood 

Component (MNC), Degree, and Maximal Clique Cen-

trality (MCC), integrated in the CytoHubba plugin of 

Cytoscape software [21,22] were used to calculate the 

scores of GRDEGs for constructing the relevant PPI 

network. Moreover, the top 10 GRDEGs were selected 

by their scores. Finally, the selected GRDEGs were in-

tersected, and their Venn diagram was created. The 

genes obtained from the intersection were regarded as 

glucocorticoid-related hub genes. 

 

Construction of mRNA–miRNA and mRNA-TF reg-

ulatory networks 

The regulation of gene expression, either target genes or 

regulatory RNA (ranging from mRNA to non-coding 

RNAs such as miRNA), is essential for biological de-

velopment and evolution. In this study, the starBase 

database was used to explore the interaction between 

miRNAs and target genes to understand the mechanism 

by which miRNA mediates the regulation of glucocorti-

coid-related hub genes [23]. Through this method, an 

mRNA-miRNA regulatory network was developed. The 

contents of this network were visualized using Cyto-

scape software. 

Another comprehensive database (hTFtarget [24]) re-

lated to the regulation of human TF and their target 

genes (mRNAs) was utilized to investigate the TFs as-

sociated with glucocorticoid-related hub genes. The 

map of the mRNA–TF regulatory network was develop-

ed using Cytoscape software. 

 

Differential expression of hub genes and their re-

ceiver operating characteristic (ROC) curves 

To compare the differences in glucocorticoid-related 

hub gene expression between the NPC and control 

groups, the R package pROC was used to plot the ROC 

curves of these hub genes, after which the area under 

the ROC curve (AUC) was calculated to evaluate the 

diagnostic effect of the hub genes on the occurrence of 

NPC. The AUC ranged from 0.5 to 1, and the diagnostic 

accuracy based on the AUC was categorized as follows: 

0.5 - 0.7, low accuracy; 0.7 - 0.9, moderate accuracy, 

and > 0.9, high accuracy. 

 

Immune infiltration analysis 

In this study, the composition and abundance of im-

mune cells within a cell mixture were estimated using 

CIBERSORT25, a tool to deconvolute the transcrip-

tome expression matrix based on linear support vector 

regression [25]. Immune infiltration analysis was per-

formed using CIBERSORT algorithm along with the 

LM22 feature gene matrix. After removing the data 

with an immune cell enrichment score greater than zero, 

the immune cell infiltration matrix of the combined da-

taset was obtained. 

By comparing the differences in the level of immune 

cell infiltration between the NPC and control groups, 

the correlations among different immune cells and the 

correlations between hub genes and immune cells were 

determined by R software. The pheatmap package was 

used to generate the correlation heatmaps, in which r < 

0.3 implied no correlation, r = 0.3 - 0.5 indicated a weak 

correlation, r = 0.5 - 0.8 represented a moderate correla-

tion, and r > 0.8 denoted a strong correlation. 
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Statistical analysis 

In this research, R software (version 4.2.2) was utilized 

for data processing and analysis. For continuous vari-

ables, the data are presented as the mean ± SD. The 

Wilcoxon rank-sum test was employed to compare the 

differences between the NPC and control groups. Un-

less otherwise specified, Spearman’s correlation analy-

sis was used to compute the correlation coefficients be-

tween different molecules, and the full results were con-

sidered significant when p < 0.05. 

 

 

RESULTS 

 

Merging two NPC datasets into a combined GEO 

dataset 

With the R package sva, we merged data of GSE12452 

and GSE53819 into a combined GEO dataset. These 

two datasets within the GEO database are associated 

with NPC progression. Before merging, the batch effect 

was eliminated through data filtering. As presented in 

Figure 1A and B, gene expression pattern in the datasets 

differed between before and after batch effect removal. 

The distribution of low-dimensional features in the da-

tasets before and after batch effect removal was also 

compared using PCA. The PCA plots are presented in 

Figure 1C and D. Both the distribution boxplots and 

PCA plots demonstrate the effectiveness of batch effect 

removal. 

 

Identification of GRDEGs in NPC 

The genetic differences in the combined GEO dataset, 

including NPC and control groups, were evaluated 

using limma. A total of 780 DEGs in this combined da-

taset were identified according to the criteria of |logFC| 

> 1 and adj. p < 0.05. In the variance analysis, 280 can-

didate DEGs were identified using |logFC| > 1 and adj. 

p < 0.05. Eventually, 26 GRDEGs were obtained (for 

details, see Table S2). The volcano plots generated by 

ggplot2 (version 3.4.4) are presented in Figure 2A. The 

FDR and adj. p were calculated using the Benjamini-

Hochberg procedure. All of the selected GRDEGs were 

intersected, and their Venn diagram (Figure 2B) and 

heatmap (Figure 2C) were created using the pheatmap 

package (version 1.0.12) in R. 

 

GO and KEGG pathway enrichment analysis of 

GRDEGs 

To evaluate the functions of the identified GRDEGs as-

sociated with NPC, GO and KEGG pathway enrichment 

analyses were performed. These analyses included func-

tional evaluations in terms of biological process (BP), 

cell components (CC), and molecular function (MF). 

Among the 26 selected GRDEGs, the enriched BP 

terms were related to the regulation of steroid biosyn-

thesis and lipid biosynthesis. The detailed results are 

presented in Table 2. The enriched CC terms were re-

lated to the regulation of components such as the endo-

plasmic reticulum lumen, organelle outer membrane, 

platelet alpha-granule lumen, and outer membrane. The 

enriched MF terms were related to activities such as 

cytokine, cytokine-receptor binding, receptor ligand, 

signaling receptor activator, chemokine, and the chemo-

taxis of monocytes and lymphocytes. 

Furthermore, based on the results of KEGG analysis, 

the following aspects were also enriched: the IL-17 sig-

naling pathway, cytokine-cytokine receptor interaction, 

rheumatoid arthritis, viral protein interaction with cyto-

kine and cytokine receptor, and the AGE–RAGE signal-

ing pathway in diabetic complications. 

The results of GO and KEGG analyses are illustrated as 

bubble plots in Figure 3A, whereas the GO-demon-

strated network maps in Figure 3B - E include BP, CC, 

MF, and the biological pathways. In these plots and 

maps, the lines represent the relevant molecules and the 

annotations of the corresponding entries. A larger node 

indicates a higher number of entries. Notably, the genes 

were mostly enriched in the activities of signaling re-

ceptor activators, receptor ligands, and cytokine. 

 

GSEA 

To assess the conformity of the combined GEO dataset, 

GSEA was performed. Figure 4A presents the relation-

ship between the affected CCs and the involved MFs. 

The detailed results are presented in Table 3. Genes wit-

hin the combined GEO dataset were significantly en-

riched in several biological functions and signaling 

pathways, such as transcriptional regulation by TP53, 

PI3K/Akt signaling pathway, functions and pathways 

related to the termination of O-glycan biosynthesis, and 

the drug metabolism cytochrome P450 (Figure 4B - E). 

 

Construction of PPI networks and identification of 

hub genes 

A PPI network associated with 26 GRDEGs was con-

structed using the STRING database (Figure 5A). The 

scores of relevant GRDEGs were calculated using five 

algorithms integrated in the CytoHubba plugin of Cyto-

scape software, including MCC (Figure 5B), MNC 

(Figure 5C), Degree (Figure 5D), and EPC (Figure 5E). 

Based on these scores, 13 GRDEGs were selected: 

CCL4, IFNG, IL1A, CXCL10, CCL2, SERPINE1, 

BMP2, FN1, SPP1, MMP3, MMP1, SRD5A2, and 

AKR1C3. Among these, the top 10 GRDEGs were fur-

ther chosen. Nine genes obtained from this intersection 

were regarded as glucocorticoid-related hub genes in 

NPC: CXCL10, IL1A, IFNG, CCL2, CCL4, FN1, SPP1, 

MMP3, and BMP2. 

 

Differential expressions of hub genes and their ROC 

curves 

The expression differences of the aforementioned nine 

glucocorticoid-related hub genes between the NPC and 

control groups were clarified. The results indicated that 

the expression of all nine hub genes significantly dif-

fered between the two groups (p < 0.001, Figure 6A). 

The ROC curves of these hub genes were plotted using 

pROC (Figure 6B - D), whereas the AUCs, which re-
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Table 2. Results of GO and KEGG enrichment analyses of GRDEGs. 

 

Ontology ID Description Gene ratio Bg ratio p adj. p q-value 

BP GO:0002548 Monocyte chemotaxis 5/26 70/18,800 3.83e-08 2.31e-05 1.25e-05 

BP GO:1901623 
Regulation of lymphocyte 

chemotaxis 
4/26 26/18,800 4.21e-08 2.31e-05 1.25e-05 

BP GO:0050810 
Regulation of steroid 

biosynthetic process 
5/26 72/18,800 4.42e-08 2.31e-05 1.25e-05 

BP GO:0006694 Steroid biosynthetic process 6/26 175/18,800 1.18e-07 3.69e-05 1.99e-05 

BP GO:0046890 
Regulation of lipid 

biosynthetic process 
6/26 175/18,800 1.18e-07 3.69e-05 1.99e-05 

CC GO:0005788 
Endoplasmic reticulum 

lumen 
4/26 311/19,594 7.06e-04 3.96e-02 2.97e-02 

CC GO:0031968 Organelle outer membrane 3/26 232/19,594 3.48e-03 5.00e-02 3.76e-02 

CC GO:0031093 
Platelet alpha granule 

lumen 
2/26 67/19,594 3.55e-03 5.00e-02 3.76e-02 

CC GO:0019867 Outer membrane 3/26 234/19,594 3.57e-03 5.00e-02 3.76e-02 

MF GO:0005125 Cytokine activity 8/26 235/18,410 8.02e-10 1.34e-07 7.43e-08 

MF GO:0048018 Receptor ligand activity 8/26 489/18,410 2.40e-07 1.49e-05 8.26e-06 

MF GO:0030546 
Signaling receptor activator 

activity 
8/26 496/18,410 2.67e-07 1.49e-05 8.26e-06 

MF GO:0008009 Chemokine activity 4/26 49/18,410 6.34e-07 2.65e-05 1.47e-05 

MF GO:0005126 Cytokine receptor binding 6/26 272/18,410 1.77e-06 5.90e-05 3.28e-05 

KEGG hsa04657 IL-17 signaling pathway 7/25 94/8,164 8.69e-09 1.03e-06 7.68e-07 

KEGG hsa04060 
Cytokine-cytokine  

receptor interaction 
8/25 295/8,164 1.67e-06 9.95e-05 7.39e-05 

KEGG hsa05323 Rheumatoid arthritis 5/25 93/8,164 7.64e-06 3.03e-04 2.25e-04 

KEGG hsa04061 

Viral protein interaction 

with cytokine and  

cytokine receptor 

4/25 100/8,164 2.20e-04 5.07e-03 3.77e-03 

KEGG hsa04933 

AGE-RAGE signaling 

pathway in  

diabetic complications 

4/25 100/8,164 2.20e-04 5.07e-03 3.77e-03 

 

 

 

 

flect the diagnostic accuracy, were calculated. The 

AUCs of several hub genes such as IL1A, IFNG, CCL2, 

CCL4 (Figure 6E), SPP1 (Figure 6F), and BMP2 (Fig-

ure 6G) were lower than 0.9, indicating that these genes 

have low accuracy for NPC diagnosis.  

However, CXCL10, FN1, and MMP3 might be more 

valuable for NPC diagnosis because of their higher 

AUCs (AUC > 0.9). 

 

Immune infiltration analysis using CIBERSORT 

As presented in the bar chart in Figure 7A, the propor-

tions of different cell types and profiles of gene expres-

sion were deconvoluted from bulk RNA sequencing da-

ta using CIBERSORT software. The abundance of 22 

immune cell types between the NPC and control groups 

in the combined GEO dataset is also presented in Figure 

7A.  

A group comparison plot (Figure 7B) demonstrated the 

differences in the abundance of 22 infiltrating immune 

cells between the two groups. The results illustrated that 

mast cells could be activated by immune cells. Statisti-

cally significant differences in the abundance of two 

subpopulations of T cells (CD4 memory-activated T 

cells and CD8 T cells) were found between the two 

groups (p < 0.05, Figure 7A). Additionally, statistically 

significant differences were also observed in certain im-

mune subpopulations between the two groups, such as 

M0 macrophages, resting mast cells, memory B cells, 

naive B cells, M1 macrophages, neutrophils, activated 

NK cells, and plasma cells, resting CD4 memory T 

cells, and T follicular helper cells (all p < 0.001). As 

presented in Figure 7C and D, the correlation heatmap 

generated using pheatmap indicates the correlations 

among different immune cells and between hub genes. 

In addition, the correlation heatmap presented in Figure 

7C demonstrates the abundance of 13 infiltrating im-

mune cell subpopulations, among which memory B 

cells were positively correlated with resting mast cells  

(r = 0.44), whereas resting mast cells displayed the 

strongest negative correlation with activated mast cells 
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Table 3. Results of GSEA of the combined dataset. 

 

ID Set size 
Enrichment 

score 
NES p adj. p q-value 

REACTOME_TRANSCRIPTIONAL_ 

REGULATION_BY_TP53 
329 0.46 2.03 1.00e-10 9.87e-09 7.91e-09 

REACTOME_TRANSCRIPTIONAL_ 

REGULATION_BY_TP53 
329 0.46 2.03 1.00e-10 9.87e-09 7.91e-09 

REACTOME_TERMINATION_OF_O_ 

GLYCAN_BIOSYNTHESIS 
21 0.77 2.04 9.36e-05 1.60e-03 1.29e-03 

KEGG_DRUG_METABOLISM_ 

CYTOCHROME_P450 
57 0.68 2.18 3.38e-07 1.46e-05 1.17e-05 

REACTOME_COLLAGEN_DEGRADATION 61 0.77 2.68 1.00e-10 9.87e-09 7.91e-09 

REACTOME_CELL_CYCLE_CHECKPOINTS 236 0.63 2.66 1.00e-10 9.87e-09 7.91e-09 

REACTOME_ASSEMBLY_OF_COLLAGEN_FI

BRILS_AND_OTHER_MULTIMERIC_ 

STRUCTURES 

59 0.77 2.66 1.00e-10 9.87e-09 7.91e-09 

REACTOME_COLLAGEN_FORMATION 80 0.73 2.66 1.00e-10 9.87e-09 7.91e-09 

NABA_COLLAGENS 42 0.80 2.59 1.00e-10 9.87e-09 7.91e-09 

REACTOME_COLLAGEN_CHAIN_ 

TRIMERIZATION 
42 0.80 2.59 1.00e-10 9.87e-09 7.91e-09 

WP_RETINOBLASTOMA_GENE_IN_CANCER 86 0.69 2.58 1.00e-10 9.87e-09 7.91e-09 

PID_SYNDECAN_1_PATHWAY 46 0.78 2.57 1.00e-10 9.87e-09 7.91e-09 

REACTOME_COLLAGEN_BIOSYNTHESIS_ 

AND_MODIFYING_ENZYMES 
59 0.73 2.54 1.00e-10 9.87e-09 7.91e-09 

REACTOME_G2_M_CHECKPOINTS 123 0.64 2.51 1.00e-10 9.87e-09 7.91e-09 

PID_INTEGRIN1_PATHWAY 65 0.71 2.50 1.00e-10 9.87e-09 7.91e-09 

REACTOME_CELL_CYCLE_MITOTIC 464 0.55 2.48 1.00e-10 9.87e-09 7.91e-09 

REACTOME_NON_INTEGRIN_MEMBRANE_

ECM_INTERACTIONS 
56 0.72 2.47 1.61e-10 1.53e-08 1.23e-08 

REACTOME_MITOTIC_SPINDLE_ 

CHECKPOINT 
101 0.64 2.43 1.00e-10 9.87e-09 7.91e-09 

REACTOME_ACTIVATION_OF_ATR_IN_ 

RESPONSE_TO_REPLICATION_STRESS 
36 0.76 2.42 4.81e-09 3.21e-07 2.57e-07 

REACTOME_ACTIVATION_OF_THE_PRE_ 

REPLICATIVE_COMPLEX 
33 0.78 2.39 5.40e-09 3.50e-07 2.81e-07 

 

 

 

 

(r = -0.75). 

Finally, correlation bubble plots were used to illustrate 

the correlations between hub genes and the abundance 

of infiltrating immune cells (Figure 7D). The results in-

dicated that the CXCL10 gene had the strongest positive 

correlation with M1 macrophages (r = 0.75), whereas 

the FN1 gene had the greatest negative correlation with 

memory B cells (r = -0.70). 

 

 

DISCUSSION 

 

NPC is a type of head and neck malignancy arising 

from the epithelial tissue of the nasopharynx. Per data 

from the US National Cancer Institute, fewer than one 

case of NPC is diagnosed per 100,000 people globally 

each year. Nevertheless, NPC is endemic in certain re-

gions such as Southeast Asia, North Africa, and the 

Arctic, where higher incidence rates are reported [25]. 

Because of its subtle early symptoms, NPC is often 

diagnosed at advanced stages, resulting in poor treat-

ment outcomes and low survival rates. Current thera-

peutic methods including radiotherapy, chemotherapy, 

and surgery are constrained by the aggressive nature 

and high recurrence rates of NPC. Hence, there is an ur-

gent need for novel biomarkers and therapeutic targets 

[4,10]. 

Through sequencing technologies and microarrays, the 

gene expression status can be accurately evaluated, 

thereby allowing exploration of the molecular mecha-

nisms underlying the initiation and development of 

NPC and improving the diagnosis, treatment, and prog-

nosis of this cancer.  

Because reports have examined the impact of GRGs on 
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Figure 1. Batch effect removal in the GSE12452 and GSE53819 datasets. 
 

A Boxplot of the combined GEO dataset distribution before batch removal. B Post-batch integrated GEO dataset (combined dataset) distribu- 

tion boxplots. C PCA plot of the datasets before batch removal. D The PCA map of the combined GEO dataset after batch processing. The 

GSE12452 dataset is denoted in orange, and the GSE53819 dataset is presented in green. 

 

 

 
 

 

 
 

 

 

Figure 2. Differential gene expression analysis. 
 

A Integrated GEO dataset (combined datasets) in the volcanic diagram analysis of DEGs in the control and NPC groups. B Venn diagram of 

DEGs and GRGs in the integrated GEO datasets (combined datasets). C Heatmap of GRDEGs in the integrated GEO datasets (combined da-

tasets). Green denotes the control group, and purple denotes the NPC group. In the heatmap, red represents high expression, and blue repre-

sents low expression. 
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Figure 3. GO and KEGG enrichment analyses of GRDEGs. 
 

A Bubble plot of the results of GO and KEGG enrichment analysis of GRDEGs. The abscissa presents GO terms and KEGG terms. 

B - E Network diagrams presenting the results of GO and KEGG enrichment analyses of GRDEGs for BP (B), CC (C), MF (D), and KEGG 

pathways (E). Pink nodes represent items, blue nodes represent molecules, and lines represent the relationship between items and molecules. 

The bubble size in the bubble plot stands for number of genes, and various bubble color stands for the magnitude of adj. p (red, low; blue, 

high). The screening criteria for GO and pathway (KEGG) enrichment analysis were adj. p < 0.05 and q-value < 0.25, and the p-value was cor-

rected using the Benjamini-Hochberg procedure. 
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Figure 4. GSEA for the combined GEO dataset. 
 

A GSEA presents four biological functions as mountain maps for the combined GEO dataset. 

B - E GSEA revealed that all genes were significantly enriched in transcriptional regulation by TP53 (B), the PI3K/Akt signaling pathway (C), 

the termination of O-glycan biosynthesis (D), and the drug metabolism enzyme cytochrome P450 (E). The screening criteria for GSEA were 

adj. p < 0.05 and q-value < 0.25, and the p-value was corrected using the Benjamini-Hochberg procedure. 

 

 

 
 

 

 
 

 

 

Figure 5. Construction of the PPI network and hub gene analysis. 
 

A PPI network of GRDEGs calculated using the STRING database, only interacting proteins are displayed. B - F PPI network for the top 10 

GRDEGs calculated using algorithms included in the CytoHubba plug-in, including MCC (B), MNC (C), Degree (D), EPC (E). 
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Figure 6. Differential expression validation and ROC curve analysis. 
 

A Group comparison diagram of hub genes between the NPC and control groups. B - G ROC curves of hub genes, including CXCL10 (B), 

IL1A (C), IFNG (D), CCL2/CCL4 (E), FN1/SPP1 (F), and MMP3/BMP2 (G), in the combined GEO dataset. *** p < 0.001. AUC > 0.5 indicates 

that the expression of the molecule tends to promote the occurrence of the event. The diagnostic effect increases as the AUC approaches 1. An 

AUC of 0.7 - 0.9 indicates moderate accuracy, and an AUC exceeding 0.9 indicates high accuracy. TPR true positive rate, FPR false positive 

rate. Green represents the control group, and purple represents the NPC group. 

 

 

 

 

the development of NPC, this study explored GRDEGs 

related to the pathogenesis of NPC. Bioinformatic tools 

were used in this study to retrieve data from a combined 

GEO dataset, identify the GRDEGs related to the patho-

genesis of NPC, and investigate the substantial roles of 

these genes in immune regulation and their interactions 

within the tumor microenvironment. Through this ap-

proach, our understanding of NPC biology was im-

proved, which could facilitate the development of thera-

peutic approaches. The bioinformatics analyses in this 

study included differential expression, pathway enrich-

ment, and PPI network analyses, all of which demon-

strated the potential role of GRDEGs in NPC progres-

sion, providing avenues for future research to improve 

early diagnosis and treatment strategies [26,27]. 

In our study, 780 DEGs were identified, including 280 

upregulated and 500 downregulated genes. Some of 

these genes might emerge as biomarkers and therapeutic 

targets for NPC treatment according to their biological 

functions in NPC development. The identified DEGs 
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Figure 7. Immune infiltration analysis using the single-sample gene set enrichment analysis algorithm. 
 

A - B Bar graph (A) and group comparison graph (B) presenting the proportions of immune cells in the NPC and control groups. Green con-

trol group, purple NPC group. C Heatmap (in the group comparison plots) presenting the correlation between the abundance of infiltrating 

immune cells that significantly differed between the groups in the combined GEO dataset. D Heatmap of the correlation of glucocorticoid-re-

lated hub genes with the abundance of seven infiltrating immune cells in the combined GEO dataset. * p < 0.05, ** p < 0.01, *** p < 0.001. r < 

0.3 indicates no correlation, r = 0.3 - 0.5 indicates a weak correlation, r = 0.5 - 0.8 indicates a moderate correlation, and r > 0.8 indicates a 

strong correlation. 
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participate in tumor progression and metastasis or medi-

ate the loss of tumor suppressor functions, suggesting a 

need for future research to investigate the roles of these 

genes in NPC pathology and develop novel therapeutic 

approaches targeting these pathways. In addition, com-

bining these findings with clinical data could improve 

our understanding of NPC, thereby facilitating the de-

velopment of precision medicine approaches that im-

prove patient outcomes through customized treatment 

strategies [28-30]. 

By analyzing DEGs related to NPC, 26 potential GRD-

EGs, such as BCL2A1, CCL2, BTK, and SRD5A2, 

were identified. Among them, BTK, CD72, PTPN6, and 

VAV1 were identified as independent prognostic pre-

dictors in patients with NPC [31]. Our study also re-

vealed that the expression of these genes was lower in 

the NPC group than in the control group, in line with 

previous research (Figure 3) [31]. 

Aberrant expression of TP53, a tumor suppressor gene, 

could promote the malignant transformation of cells and 

tumorigenesis through cell cycle and apoptosis dysregu-

lation and genomic instability. It is necessary to perform 

enrichment analysis of the TP53-mediated transcription-

al regulation of GRDEGs to explore therapeutic inter-

ventions in NPC. Furthermore, the PI3K/AKT signaling 

pathway plays an important role in cell survival and 

proliferation. This pathway has become a significant 

target in cancer therapy given its function in promoting 

tumor cell growth and drug resistance. Because both the 

TP53 and PI3K/AKT pathways have important roles in 

the progression of NPC, novel therapies that specially 

target both pathways could significantly enhance treat-

ment efficacy and reduce drug resistance in NPC treat-

ment [4,27,32]. This is in line with the results of GSEA, 

offering a distinct direction for future research. 

In the PPI network, nine hub genes were identified, and 

these genes are associated with 13 GRDEGs and are in-

volved in the tumor microenvironment in NPC. In fu-

ture research, it is necessary to investigate the functions 

of these hub genes to assess their potential as bio-

markers or targets for personalized therapies. Moreover, 

evaluating the expression of these hub genes in relation 

to patients’ prognosis could offer valuable insights into 

their clinical relevance [5,28,33]. 

Differences in the distributions of immune cell popula-

tions between the NPC and control groups, especially 

activated mast cells and CD4 memory T cells, were re-

vealed by immune infiltration analysis. These findings 

emphasize the complexity of the immune landscape in 

NPC, suggesting that changes in immune cell composi-

tion have crucial roles in tumor development and pro-

gression. As the interactions between immune cells and 

the identified hub genes might influence treatment effi-

cacy, developing innovative combination therapies that 

leverage the immune system could enhance treatment 

efficacy in NPC [34-36]. 

Several of the identified hub genes in this study have 

been implicated in the pathogenesis of NPC. CXCL10 

has been recognized as a risk factor for NPC, demon-

strating a strong association with disease incidence and 

exhibiting potential diagnostic utility. Moreover, 

CXCL10 could serve as a predictive biomarker for NPC 

development [37]. IL1A is significantly overexpressed 

in patients with NPC, and it is considered a key pyro-

ptosis-related gene that contributes to both disease diag-

nosis and subtype classification, thereby offering guid-

ance for therapeutic strategies [38]. Similarly, IFNG, a 

gene involved in programmed cell death, has been pro-

posed as a promising biomarker for the diagnosis and 

treatment of NPC [39]. 

Downregulation of CCL2 has been found to significant-

ly inhibit tumor growth in prostate cancer models both 

in vitro and in vivo, and silencing of this gene reduces 

osteoclast formation induced by conditioned medium 

from prostate cancer cells. In NPC, Notch1 knockdown 

has been reported to influence CCL2 expression, sug-

gesting a regulatory interaction [40]. Elevated CCL4 ex-

pression is closely linked to the development of NPC, 

and circulating CCL4 could represent a non-invasive 

biomarker for evaluating tumor invasiveness, cell sig-

naling interactions, and therapeutic response monitoring 

[41]. 

FN1 plays an important regulatory role in apoptosis-re-

lated gene networks within NPC, and it has been impli-

cated in tumor progression, supporting its potential as a 

therapeutic target [42]. Using the CellChat R package, 

SPP1 was identified as a key mediator of intercellular 

communication between high- and low-risk NPC 

groups [43]. MMP3, a known downstream oncogene, is 

transcriptionally activated in NPC and strongly associ-

ated with disease progression [44]. Finally, BMP2 has 

been found to counteract the tumor-suppressive effects 

of F-box and WD repeat domain containing 7 overex-

pression in NPC cells. Transcriptional activation of 

BMP2 is promoted by homeobox A10, which binds di-

rectly to its promoter region [45]. 

Despite the merits of this study, its limitations must be 

addressed. Sole bioinformatic analysis without experi-

mental validation might have decreased the robustness 

of our findings. The reliance on publicly available data-

sets could have produced potential biases, including 

batch effects that could obscure the true biological vari-

ations associated with GRDEGs. Another issue is the 

small sample size of the combined GEO dataset, which 

might have reduced the reliability of the data used for 

analysis. Therefore, larger cohorts are needed to verify 

our findings. Finally, the clinical relevance of the po-

tential biomarkers and therapeutic targets remains un-

known because of the absence of clinical correlation 

analyses.  

 

 

CONCLUSION 

 

The differential expression of GRGs in NPC was found 

by this study. The roles of GRDEGs in the pathogenesis 

of NPC were also evaluated, including their associated 

biological pathways. Through our findings, novel po-
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tential biomarkers and therapeutic targets were identi-

fied, and these results could support the development of 

novel diagnostic and therapeutic strategies for NPC in 

the future. 
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