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Background: Rhinitis is a complex condition characterized by various subtypes,
including allergic rhinitis (AR), which involves inflammatory reactions. The
objective of this research was to identify crucial genes associated with
inflammatory response that are relevant for the treatment and diagnosis of AR.

Methods: We acquired the AR-related expression datasets (GSE75011 and
GSE50223) from the Gene Expression Omnibus (GEO) database. In GSE75011,
we compared the gene expression profiles between the HC and AR groups and
identified differentially expressed genes (DEGs). By intersecting these DEGs with
inflammatory response-related genes (IRGGs), resulting in the identification of
differentially expressed inflammatory response-related genes (DIRRGs).
Afterwards, we utilized the protein—protein interaction (PPI) network, machine
learning algorithms, namely least absolute shrinkage and selection operator
(LASSO) regression and random forest, to identify the signature markers. We
employed a nomogram to evaluate the diagnostic effectiveness of the method,
which has been confirmed through validation using GSE50223. gRT-PCR was
used to confirm the expression of diagnostic genes in clinical samples. In
addition, a consensus clustering method was employed to categorize patients
with AR. Subsequently, extensive investigation was conducted to explore the
discrepancies in gene expression, enriched functions and pathways, as well as
potential therapeutic drugs among these distinct subtypes.

Results: A total of 22 DIRRGs were acquired, which participated in pathways
including chemokine and TNF signaling pathway. Additionally, machine learning
algorithms identified NFKBIA, HIF1A, MYC, and CCRL2 as signature genes
associated with AR’s inflammatory response, indicating their potential as AR
biomarkers. The nomogram based on feature genes could offer clinical benefits
to AR patients. We discovered two molecular subtypes, C1 and C2, and observed
that the C2 subtype exhibited activation of immune- and inflammation-
related pathways.
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Conclusions: NFKBIA, HIF1A, MYC, and CCRL2 are the key genes involved in the
inflammatory response and have the strongest association with the advancement
of disease in AR. The proposed molecular subgroups could provide fresh insights
for personalized treatment of AR.
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Introduction

Rhinitis, affecting over 400 million individuals globally, is a
prevalent condition caused by allergens that triggers an
inflammatory response. It is characterized by symptoms such as
the presence of postnasal drip, frequent sneezing, nasal congestion,
and excessive nasal discharge (1, 2). There are three main types of
rhinitis: infectious rhinitis, allergic rhinitis (AR), and nonallergic
rhinitis (NAR), which can be further categorized into distinct
phenotypes (3). AR, which includes perennial allergic rhinitis and
seasonal allergic rhinitis, is the most common form of rhinitis (4).
AR is a type of atopic disease that is mediated by immunoglobulin E
(IgE) (5). It is characterized by symptoms such as congestion,
sneezing, and itching in the nose, all of which have a negative
impact on the individual’s quality of life (6). Studies have previously
demonstrated that the occurrence of AR in adults in China has risen
significantly, with the prevalence increasing from 11.1% to 17.6%
(7). AR is often accompanied by other health conditions like asthma
and allergic conjunctivitis (8, 9). Indeed, research has indicated that
clinical asthma is present in 20% to 50% of individuals with AR,
while over 80% of patients diagnosed with allergic asthma also
experience symptoms of rhinitis simultaneously (10). In addition,
individuals suffering from AR frequently experience reduced
productivity in learning and work, disrupted sleep patterns,
diminished quality of life, and in some cases, psychological
conditions like depression. As a result, this places a significant
financial strain on society (11, 12). Despite significant progress in
comprehending the pathophysiology of AR, its early detection,
treatment intervention, and underlying causes continue to pose
challenges. Consequently, there is an immediate need to further
explore the pathogenesis of AR in order to identify effective targets
for therapeutic interventions.

Rhinitis is a diverse condition that has been linked to inflammatory
reactions, as seen in AR, but can also manifest without inflammation,
as observed in idiopathic rhinitis (13). The development of AR involves
a complex and diverse set of causes and factors. AR is characterized by
the involvement of immune inflammation and IgE, which are crucial in
driving the allergic inflammatory process (14). The inflammatory
response in AR is distinguished by the entrance of inflammatory
cells, such as eosinophils, basophils, mast cells, and T cells, into the
nasal mucosa (15, 16). Overexpression of IL-36yamplifies eosinophilic
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inflammation in AR by enhancing the adhesion, survival, and
activation of eosinophils (17). Moreover, targeting the NLRP3
inflammasome-induced pyroptosis pathway holds great potential as
a viable therapeutic approach to alleviate inflammatory reactions in
individuals with AR (18). Earlier research has demonstrated that a
correlation exists between inflammatory response-related genes
(IRRGs) and various illnesses, such as diabetic kidney disease and
sepsis (19, 20). As a result, the identification of diagnostic and
therapeutic targets linked to inflammatory response is anticipated to
impede the progression of the AR. This study aims to identify
inflammation-related diagnostic biomarkers for patients with AR,
making it a valuable contribution to the field.

Methods
Acquisition and pre-processing of raw data

The Gene Expression Omnibus (GEO) database is an extensive
public resource for gene expression data across various species (21).
We obtained the transcriptome data from the GEO database, which
can be accessed at https://www.ncbi.nlm.nih.gov/geo/. For our study,
the datasets must satisfy the following criteria: 1) The AR group should
comprise at least 20 participants; 2) The research must focus on Homo
sapiens; 3) The raw or processed data must be publicly available; 4) The
research must involve blood samples from both individuals with AR
and healthy individuals. The datasets used in this study consisted of the
following: GSE75011, which included 15 healthy control (HC) samples
and 25 samples from individuals with AR, and GSE50223, which
included 21 HC samples and 21 AR samples. GSE75011 was chosen as
the test set, while GSE50223 was selected as the validation set. The data
obtained from these GEO datasets underwent preprocessing and
normalization using the “affy” R package.

Identifying differentially expressed genes in
patients with AR

Using the limma package, we performed a differential
expression analysis on the GSE75011 dataset, comparing the HC
and AR groups. The DEGs were determined based on the criteria of
a p-value < 0.05 and a [log-fold change (FC)| > 0.5.
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Identifying differentially expressed
inflammatory response-related genes and
performing functional enrichment analysis
on them

To determine the most significant pathways between the HCand AR
groups, we utilized the ClusterProfiler package to perform Gene Set
Enrichment Analysis (GSEA). We obtained the “h.all.v7.4.symbols.gmt”
subset from the Molecular Signatures Database to assess pertinent
pathways. Statistical significance was defined as a p value below 0.05.
Subsequently, the gene set variation (GSVA) method was employed to
assess the inflammatory score. To accomplish this, we employed the
GSVA package to calculate the inflammatory response score for each
sample within the inflammatory response gene set. The resulting
inflammatory response score was then visually represented using a
boxplot. We obtained a total of 200 inflammatory response-related genes
(IRGGs) from the MSigDB (inflammatory response gene set). To obtain
the gene expression profile of DIRGGs, we intersected these IRGGs with
the DEGs identified from the GSE75011 dataset. By utilizing the
“pheatmap” R package, we generated a heat map that illustrates the
expression patterns of DIRGGs. We used the ClusterProfiler package to
perform functional enrichment analyses on DIRRGs. Our analysis
involved the use of the Kyoto Encyclopedia of Genes and Genomes
(KEGG) and Gene Ontology (GO). GO function annotation includes
three categories: biological process (BP), cell component (CC), and
molecular function (MF). The statistical significance was determined by
enrichment, with a significance level set at p < 0.05. Ultimately, the results
were visually represented using the ggplot2 package.

Construction of protein-protein
interaction network

The STRING database (https://string-db.org/) is a valuable
resource that allows users to investigate protein interactions (22).
We rely on the STRING database to construct PPI networks, with a
confidence score of 0.4 serving as the threshold for determining the
reliability of these interactions. CytoHubba offers 11 different
topological analysis techniques, encompassing Maximal Clique
Centrality Degree (MCC), Density of Maximum Neighborhood
Component, Maximum Neighborhood Component, Edge
Percolated Component, and six centralities (Stress, Betweenness,
Radiality, Closeness, EcCentricity, and Bottleneck). Out of these
eleven methods, the recently introduced MCC method demonstrates
superior precision in predicting essential proteins from the PPI
network, setting it apart from the rest (23). We utilized the
cytoHubba plugin within the Cytoscape software to identify hub
genes using the MCC method. The top 10 genes with the highest
MCC scores were chosen as hub genes, and these selected genes were
further investigated in subsequent analyses (24).

Random forest and LASSO algorithms are
utilized to screen signature genes

To identify potential candidate genes for diagnosing AR, two
machine learning algorithms were used. The randomForest package
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in R was used to construct a model and calculate the average error
rate for all DIRRGs. Another random forest (RF) model was created
to determine importance values by reducing accuracy. Genes with
an importance value > 1 were identified as hub genes for future
model development (25). The top 8 genes were chosen as promising
candidates. The glmnet package was used for LASSO analysis, with
penalty parameters for 10-fold cross-validation. This approach
surpasses traditional regression analysis for high-dimensional data
assessment (26). Subsequently, we obtained diagnostic genes by
identifying the genes based on their scores in MCC, RF, and LASSO,
and then intersecting the resulting gene lists.

Construction and evaluation of
nomogram model

The construction of a nomogram is extremely advantageous for
the diagnosis of clinical AR. To create the nomogram, we employed the
rms R package and considered the candidate genes (27). Each
candidate gene was given a score known as “points”, while the “Total
Points” represents the total score of all the genes. The diagnostic
efficacy of both the candidate genes in AR diagnosis was evaluated by
establishing a ROC curve. Additionally, the model’s accuracy was
assessed using decision curve analysis (DCA) and calibration curves.

Single gene GSEA

To conduct single gene GSEA analysis, we utilized the GSEA software
to classify the samples into high and low expression groups, using the
median values of diagnostic gene expression levels as the criteria. In order
to explore the underlying molecular mechanisms associated with gene
phenotypes, we obtained the “c2.cp.kegg.v7.4.symbols.gmt” subset from
the Molecular Signatures Database. The minimum gene set was set to 5,
while the maximum gene set was set to 5000. Additionally, one thousand
resamplings were performed. A p value lower than 0.05 was considered to
be statistically significant.

Analysis of the immune microenvironment

The ssGSEA algorithm utilized immune gene sets that incorporated
genes associated with various immune cell checkpoints, pathways,
functions, and types. To comprehensively evaluate the immunological
attributes of each sample, we applied the ssGSEA algorithm using R
packages such as limma, GSEABase and GSVA (28). Furthermore, the
ggplot2 package was utilized to investigate the association between the
expression of diagnostic genes and the infiltration of immune cells. The
findings were visually presented in a lollipop chart.

Identification of different AR subtypes
using unsupervised clustering

The ConsensusClusterPlu package was employed in the study to
conduct unsupervised cluster analysis using the expression profile
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of 22 DIRGGs. This facilitated the categorization of AR patients
into distinct subgroups and the identification of the most suitable
number of clusters.

Identification of small-molecule drugs

The Connectivity Map (CMap) is a database of expression
profiles that harnesses cellular responses to disturbances in order
to uncover potential functional connections between treatments,
genes, and diseases (29). In this study, we performed CMap analysis
to anticipate small-molecule compounds that target subtypes
associated with inflammatory response. We extracted drug
signatures from the Connectivity Map database (CMap, https://
clue.io/). Our input data consisted of the top 100 up-regulated and
100 down-regulated genes in the two subtypes. The final analysis
result is assigned a score ranging from -100 to 100. In the case of
small-molecule drugs, a negative score suggests the ability to reverse
gene expression, which signifies their potential therapeutic
significance. We chose the top five small-molecule compounds
based on their lowest CMap score.

Molecular docking analysis

The binding affinity between signature gene proteins and small-
molecule drugs was investigated by molecular docking technique
(30). The protein structure of signature genes was obtained from the
PDB database, while the molecular structures of small-molecule
drugs were acquired from PubChem. Ligands and receptors were
then processed using AutoDockTools, primarily through the
addition of hydrogen atoms and identification of active pockets.
The binding modes between the candidate protein and small-
molecule drugs were subsequently analyzed using AutoDock
Vina software.

Quantitative real-time PCR analysis

A total of 16 individuals participated in the study, with an equal
distribution of 8 HC and 8 patients diagnosed with AR. The blood
samples were collected from the Affiliated Huai’an Hospital of
Xuzhou Medical University. Prior to the collection, all
participants provided written informed consent, and the study
protocol received approval from the Ethics Committee of the
Affiliated Huai’an Hospital of Xuzhou Medical University (ethical
approval number: 2022029). We collected peripheral blood in tubes
containing citrate, which were then stored at 4°C until ready for use.

RNA was extracted from blood samples using the TRIzol
reagent (Invitrogen, CA, USA) following the manufacturer’s
instructions. Then, the RNA underwent spectrophotometric
quantification at a wavelength of 260 nm, and its purity was
assessed by determining the absorbance ratio at 260/280 nm. The
absorbance ratios (260/280 nm) of the RNA samples are fall within
the range of 1.8 to 2.1. 2 ug of RNA was then subjected to reverse
transcription using the First Strand ¢cDNA Synthesis Kit
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(Invitrogen, CA, USA). qRT-PCR analysis was performed using
the SYBR qPCR Master Mix (Sigma, MO, USA). The parameter
settings during amplification are as follows: initial denaturation at
95°C for 10 minutes, followed by 40 cycles consisting of
denaturation at 95°C for 10 seconds, annealing at 60°C for 30
seconds, extension at 72°C for 1 second, and final cooling at 40°C
for 30 seconds. The expression levels of the diagnostic signature
genes were measured using the Roche LC480 Real-Time PCR
System (Roche). The internal control for mRNA was B-actin. The
primers were presented in Supplementary Table S1.

Results
Expression profile of DIRRGs in AR

The flowchart illustrating the analysis process for this study is
presented in Figure 1. A comparative analysis was conducted
between samples from HC and AR, resulting in the identification
of 1323 DEGs. Among these DEGs, 307 were upregulated, whereas
1016 were found to be downregulated (Figure 2A). The heat map
displayed the level of DEGs in the top 50 between the two groups.
The majority of these genes exhibit a downward trend (Figure 2B).
The GSEA analysis revealed a significant enrichment of the
inflammatory response gene set in the HC group (Figure 2C).
Moreover, the GSVA algorithm was utilized to calculate the
inflammatory response score, highlighting a significantly lower
score in the AR group compared to the HC group (Figure 2D).
Based on our findings, it becomes evident that the development of
AR is closely associated with the inflammatory response. Therefore,
our study aims to delve deeper into the role of IRGGs in AR,
shedding light on their significance in this process.

Functional enrichment analysis

Enrichment analysis was performed on the overlapping genes
between DEGs and IRRGs. In this study, we identified a total of 22

GSE75011 dataset Calculation of inflammatory

response score by GSVA
limma —>l

1323 DEGs 200 IRRGs
\—Y—} Differentially
expressed analysis
22 DIRRGs —>{NE
clustering
‘L Enrichment analysis
Machine learning

(RF and LSAAO)

J' Single-gene GSEA
Four diagnostic genes AE Molecular docking

Immune cell correlation analysis
Validation of gene
expression by collection
of clinical samples

FIGURE 1
The workflow diagram of our study.
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DIRRGsS, as shown in Figure 3A. Our findings demonstrated that
the majority of these DIRRGs, such as PLAUR, NFKBIA, RGS16,
GPR132, PTGIR, HIF1A, CXCR6, CDKN1A, LIF, CD55, PDE4B,
GNA15, PTGER4, NAMPT, NLRP3, CCRL2, ICOSLG, and CCL20,
exhibited a significant decrease in samples from AR patients
compared to those from HC, as illustrated in Supplementary
Figure S1. According to the data presented in Figures 3B, C, the
results of the GO analysis revealed that these genes were
significantly associated with BP, including response to
lipopolysaccharide, cellular response to chemokine, and
chemokine-mediated signaling pathway. Additionally, in terms of
CC ontology, these genes were found to be involved in the
inflammasome complex. Moreover, the MF analysis identified C-
C chemokine binding, C-C chemokine receptor activity, and
icosanoid receptor activity as significant terms for these genes.
Furthermore, the KEGG analysis demonstrated that these genes
were associated with pathways such as NOD-like receptor signaling
pathway, chemokine signaling pathway, TNF signaling pathway,
etc. We have also identified key players involved in the development
of chronic myeloid leukaemia - CDKN1A, MYC and NFKBIA.
These genes also intersect with key signaling pathways that control
inflammatory responses and cell communication. In particular, the
genes MEFV, NAMPT, NFKBIA and NLRP3 were involved in the
NOD-like receptor signaling pathway, which orchestrates the
body’s innate immunity. Meanwhile, CCL20, LIF and NFKBIA
emerged as components of the TNF signalling pathway, a key
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mediator of inflammation and apoptosis. Similarly, the JAK-
STAT pathway, a conduit for a variety of cytokines and growth
factors, was influenced by the activities of CDKN1A, LIF and MYC.
Finally, the chemokine signaling pathway, a key player in directing
immune cell traffic, involves CCL20, CXCR6 and NFKBIA. Each of
these pathways, shown in Figure 3C, reveals a complex tapestry of
genetic interactions that are critical to our understanding of the
mechanisms of AR.

Employing machine learning algorithms to
detect the potential biomarkers

A PPI network was established, illustrating the interaction
between 19 different genes (Figure 4A). The ranking of these genes
based on their MCC score can be observed in Figure 4B. To identify
signature genes in patients with AR, two machine algorithms were
employed. The random forest analysis successfully identified 9
signature genes with a relative importance exceeding 1, as
demonstrated in Figure 4C. Additionally, the LASSO analysis
specifically selected 8 signature genes, as illustrated in Figure 4D.
Figure 4E displayed a Venn diagram depicting the overlap between the
top 10 genes identified using MCC, the 8 significant genes identified
using RF, and the 8 potential candidate genes identified using LASSO.
For analysis and validation purposes, four signature genes (NFKBIA,
HIF1A, MYC, CCRL2) were identified from this intersection.
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Identification of DEGs in AR. (A) Diagrams of the DEGs between the HC and AR groups are represented by volcano plots. (B) Heatmap plots are used
to visualize the top 50 DEGs between the HC and AR groups. (C) GSEA showed inflammatory response plays a vital role in the development of AR.
(D) Boxplots demonstrated variations in the inflammatory response score between the AR and HC groups. **p < 0.01. These results showed that the

development of AR is closely linked to the inflammatory response
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Development of the nomogram and
evaluation of its diagnostic value

In the AR group, the levels of NFKBIA, HIF1A, and CCRL2
expression were lower compared to the HC group. Conversely, the
mRNA expression of MYC was higher in the AR group than in the
HC group (Figure 5A). In order to improve the accuracy of
predicting the development of AR patients, a nomogram has been
created which incorporates the analysis of four specific genes

Frontiers in Immunology

06

(Figure 5B). By analyzing the receiver operating characteristic
(ROC) curve, it was observed that the model performed
exceptionally well, with a significant area under the curve (AUC)
value of 0.931 (Figure 5C). The results from the calibration curve
(Figure 5D) further validated the remarkable precision of the
nomogram model in predicting outcomes for patients with AR.
Moreover, the decision curve analysis demonstrated the potential
advantages of employing the nomogram model in patients with AR,
as shown in Figure 5E. Moreover, the model’s reliability was
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Utilizing machine learning algorithms for the identification of markers. (A) The interaction of 19 genes can be observed in the PPI network. (B) The
top 10 genes with highest MCC scores were selected as hub genes for further investigation. (C) In the random forest model, genes exhibit a level of
importance that exceeds zero. (D) The LASSO model has successfully identified key genes, with a total of 8 genes that are highly suitable for
diagnostic purposes. (E) The Venn diagram showed 4 diagnostic genes identified using the mentioned machine learning techniques and MCC. The
machine learning algorithms could pinpoint crucial genes implicated in inflammatory response, laying the groundwork for potential biomarker

identification and targeted therapeutic strategies.

assessed by using an external validation dataset (GSE50223)
(Supplementary Figure S2). The results demonstrated that the
nomogram achieved a remarkable diagnostic accuracy for AR,
highlighting its efficacy.

To further validate the diagnostic value of the four markers in
diagnosing AR, we gathered clinical blood samples. With these
samples, we aimed to confirm the effectiveness of these markers in
accurately identifying AR cases. In Figures 6A-D, the AR group had
lower expression of NFKBIA, HIF1A, and CCRL2 compared to HC,
while the AR group had higher expression of MYC (p < 0.05 or p <
0.01 or p < 0.001). Based on our research, we discovered that the
above-mentioned genes associated with the inflammatory response
exhibit a strong diagnostic capability, making them potential
biomarkers for diagnosing AR.
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Exploring possible biological roles of
diagnostic DIRRGs

We conducted a detailed examination of potential signaling
pathways linked to signature genes using GSEA. The results
obtained from single gene GSEA indicated that the NFKBIA
high-expressed phenotype was enriched with MAPK signaling
pathway, NOD like receptor signaling pathway, B cell receptor
signaling pathway, chemokine signaling pathway, endocytosis, and
apoptosis (Figure 7A); the HIF1A high-expressed phenotype was
enriched with T cell receptor signaling pathway, B receptor
signaling pathway, chemokine signaling pathway, chronic myeloid
leukemia, TGF beta signaling pathway (Figure 7B); the MYC low-
expressed phenotype was enriched with chemokine signaling
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Development and validation of the nomogram. (A) The expression of four diagnostic genes in the GSE75011 dataset. (B) Nomogram used to assess
AR development potential. (C) Nomogram’'s ROC curve for diagnosing AR. (D) Nomogram's calibration curve. (E) Decision curve analysis with
nomogram model. These findings showed the potential utility of the selected genes as biomarkers for AR and underscore the efficacy of the

proposed predictive model in clinical diagnosis. **p < 0.01, ***p < 0.001.

pathway, toll like receptor signaling pathway, and MAPK signaling
pathway (Figure 7C); the CCRL2 low-expressed phenotype was
enriched with alpha linolenic acid metabolism, primary bile acid
biosynthesis, linoleic acid metabolism, and sulfur metabolism
(Figure 7D). These findings provided additional evidence that the
NFKBIA, HIF1A, and MYC genes are all intricately connected to
the immune system and the body’s response to inflammation.

The outcomes of the infiltration of
immune cells

In addition, we employed the ssGSEA algorithm to quantify the
enrichment scores of immune cells in the blood of AR. The results
showed a notable disparity in immune cell infiltration between the
HC and AR groups, with the HC group exhibiting significantly
higher levels of Treg and TFH cells (Figure 8A). By analyzing the
correlation between immune cells, we have identified certain genes
that may be involved in the progression of AR. These genes exert
their influence by regulating immune cells like CD8 T cells, mast
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cells, neutrophils, B cells, and THF (Figures 8B-E). In conclusion,
our study provided valuable insights into the underlying
mechanisms of AR and the role of immune cell infiltration in its
progression. The identification of signature genes associated with
specific immune cells not only enhances our understanding of the
AR but also opens up new avenues for targeted therapeutic
interventions. Further research is needed to validate these
findings and explore the potential clinical applications in the
management of AR.

Identifying subtypes of inflammation with
different molecular mechanisms

We also classified AR patients into different inflammatory
phenotypes using unsupervised cluster analysis. This allows us to
better understand the variation and characteristics within the
patient population. Based on the expression profiling of 22
DIRGGs, a consensus clustering approach was used to cluster AR
patients. The results revealed that the optimal number of subtypes
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FIGURE 6
Validation of NFKBIA (A), HIF1A (B), MYC (C), and CCRL2 (D) by collected clinical samples. *p < 0.05, **p < 0.01, ***p < 0.001.
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GSEA revealed the potential pathways linked to the diagnostic genes. Single gene GSEA of NFKBIA (A), HIF1A (B), MYC (C), CCRL2 (D) in AR. These
findings provided insights into the biological processes and pathways that may be modulated by the expression of these key genes, potentially
unveiling their mechanistic roles in AR pathogenesis or progression.
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was determined to be 2 (Figure 9A). Notably, significant
heterogeneity in gene expression was observed between these two
subtypes. A comparative analysis of samples from subgroups C1
and C2 found a total of 1463 differentially expressed genes. Among
these, 463 genes were observed to be upregulated, while 1000 genes
were observed to be downregulated (Figures 9B, C). Furthermore,
the results of KEGG and GO analysis indicated that these
differentially expressed genes were predominantly enriched in
pathways related to immune and inflammatory processes. These
pathways encompassed autophagy, infection by human T cell
leukemia virus 1, chronic myeloid leukemia, proteolysis, cytokine
production involved in immune response, myeloid cell
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development, T helper 2 cell differentiation, and other related
pathways (Figures 9D, E).

We also performed GSEA analysis on the entire set of genes linked
to two distinct inflammatory patterns. Our results demonstrated
notable variations in certain pathways, particularly in the TGF beta
signaling, TNFA signaling via NFKB, P53 pathway, etc (Figure 10A). In
addition, GSVA results revealed that growth hormone receptor
signaling via JAK-STAT, negative regulation of autophagy, acute
myeloid leukemia, cell growth, TGF beta signaling, positive
regulation of inflammatory response to antigenic stimulus and P53
pathway were activated in the C2 subgroup, which were consistent with
the results of KEGG and GSEA (Figures 10B, C). Collectively, our

Neutrophils
NK CD56bright cells
TFH A

pDC A

CD8 T cells
TReg

Mast cells 4
Tgd 4

Th17 cells -
Macrophages 4
Cytotoxic cells
NK CD56dim cells -
Eosinophils
NK cells -

Th1 cells -

C

Tem o

iDC A

T cells

Th2 cells -

Tem 4

B cells 4

T helper cells
aDC

T
-0.2 0.0 0.2

Mty

Correlation
HIF1A
CD8 T cells D) rR=0471
Thi cells ——® [r=0354
Cytotoxic cells 4 —e R =0.242"
NK CD56bright cells —=e R =0.226"
Tgd 4 — R=04173"
T cells —e R=0.170"
Mast cells —e R=0.153"
T helper cells —e R=0.137"
NK CD56dim cells 4 —e R=0.111"
Neutrophils - o R=0.073" pyalue
TFH o e R =0.047"
TReg e R =0.044" 0.6
Th cells I R=0042" I o,
pDC 4 — R=-0.071"
Th17 cells - - R=-0083" | 02
NK cells *— R =-0.159™
Eosinophils - *— R =-0.162" |Cor|
DC 4 *— =-0.164"
Tem - O— R=-0217" © 0.2
Macrophages | O— 0.240" O 0.3
iDC{  @—] R=-0.262" & o3
aDC 4 | SEmmm— R =-0.299™
Tem4  O——— R=-0.319'
B cells {(i——— R=-0.394
T T T
-0.25 0.00 0.25 0.50
Correlation
CCRL2
Mast cells -
TFH - ——@
Macrophages —_
NK cells —
CD8 T cells —e
NK CD56dim cells 4 e
aDC —e
Th2 cells —e
B cells 4 —e
NK CD56bright cells - —e
Th17 cells e
T helper cells 4 3
Cytotoxic cells I
Tgd 4
iDC A
Neutrophils -
Reg *
Tem L
T cells L
Tem A -
Th1 cells 1
pDC - - —
DCq &—
il PS
L s
T T
-0.25 0.00 0.25
Correlation
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Identify and analyze subtypes of diseases related to inflammation. (A) Unsupervised cluster analysis. (B) The Volcano diagram and (C) Heatmap
diagram represent the DEGs between the C1 and C2 subgroups. The results of KEGG (D) and GO (E) analysis between the two subtypes. These
analyses enabled the visualization of distinct molecular characteristics and biological processes associated with the defined subgroups, providing

insights into the mechanistic differences underlying these classifications.

findings from both GSEA and GSVA analysis, along with the
functional enrichment analysis, provide comprehensive evidence
supporting the activation of specific pathways in the C2 subgroup.
These findings shed light on the molecular mechanisms underlying the
inflammatory patterns observed in this subgroup and may pave the
way for the development of targeted therapeutic approaches for AR
associated with these activated pathways.

Therapeutic target prediction

Through the utilization of CMap analysis, we aim to uncover
potential therapeutic drugs that target AR inflammation-related
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subtypes. A small molecule compound with a lower CMap score is
more likely to possess the capability to treat the AR. As shown in
Supplementary Table S2, Levetiracetam, oxybutynin, metyrapone,
idebenone, and LM-1685 emerged as the five small-molecule drugs
with the most favorable CMap score for the C1 subtype
(Figure 11A). Conversely, triptolide, daunorubicin, dactinomycin,
tipifarnib, and atorvastatin ranked as the top five small-molecule
drugs with the lowest CMap score for the C2 subtype (Figure 12A).

For the molecular docking, we selected five drug candidates and
identified the signature genes as NFKBIA, HIF1A, MYC, and
CCRL2. The molecular docking results were presented in
Figures 11B, 12B. Among these small molecules, LM-1685 and
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dactinomycin exhibited the strongest binding affinity to the target
proteins. Subsequently, we utilized PyMOL software to visualize the
molecular docking results, as shown in Figures 11C-F, 12C-F.

Discussion

AR is a prevalent and persistent respiratory condition that
afflicts individuals worldwide. Extensive research conducted by
the Global Burden of Disease study has revealed its substantial
impact on the well-being of millions, leading to a decline in their
quality of life over the past century (31). However, despite
significant efforts, the exact causes of AR remain largely unknown

Frontiers in Immunology

and require further investigation. Recently, high-throughput
microarray tech and bioinformatics have transformed the study of
complex diseases, like allergies. Microarrays have identified many
genes in immunotherapy for AR, providing treatment targets (32).
The role of the inflammatory response in the development of AR
has been suggested (13). To our understanding, this study is the first
to investigate and analyze the role of inflammation in the
development of AR by identifying and examining IRRGs.

In this research, four primary DIRRGs strongly linked to AR,
namely NFKBIA, HIF1A, MYC, and CCRL2, were discovered by
machine learning. All these genes are responsible for encoding
proteins. NF-kB inhibitor-o. (NFKBIA) inhibits the activation of
NF-xB and subsequently, signaling in both the NF-xB and EGFR

12 frontiersin.org
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LM-1685-CCRL2

Screening of potential drugs for patients with C1 subtype. (A) The chemical structure of the potential small molecule compounds. (B) Heat map
presenting the lowest binding energy for molecular docking. Molecular docking results of LM-1685 with NFKBIA (C), HIF1A (D), MYC (E), CCRL2

(F) targets.

pathways (33). The identification of NFKBIA gene mutations,
combined with studies showing an increased occurrence of
certain single-nucleotide polymorphisms and haplotypes in
different types of cancers, strongly suggests that NFKBIA acts as a
tumor suppressor gene (34). At present, there is a lack of reports on
the role of NFKBIA in rhinitis. However, the findings from our
study are groundbreaking as they demonstrate for the first time a

Frontiers in Immunology

13

substantial decrease in NFKBIA expression in blood samples from
patients with AR. Tumor microenvironments in various types of
cancers often experience hypoxia, which leads to the impairment of
cytotoxic T cells and facilitates the recruitment of regulatory T cells.
Research indicates that hypoxia-inducible factor 1 alpha (HIF1A) is
involved in the evasion of the immune system by tumors (35). At
the transcriptional level, hypoxia and stabilization of HIF1A are

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1348391
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Dai et al.

10.3389/fimmu.2024.1348391

A
,Q;:-)‘.,D o iﬁ:&, X ) ”Arrf’{&w
uz:ywb-\ S é -
Triptolide Daunorubicin Dactinomycin Tipifarnib Atorvastatin
B
--6.0
triptolide - -6.5 -6.4 -82 =19 - 65
-7.0
daunorubicin - -74 -7.8 9.1 -7.8
--15
dactinomycin - -79 -89 9.7 -8 --8.0
--8.5
tipifarnib - =19 7.1 -8.5 -1.7
--9.0
atorvastatin- =75 -1.7 -8 7.1 9.5
) ) [ & --10.0
< < g 9
2 = &
] = = o
B o}
C D
) Y277
E76 \
© .~ G78 V81 ~- B 238
\ e _ o Na3s
\ - E66 “P79 - 4 5
E71 ’ R85 W59
- w231
N\ K70.Q67 S632 , —oWa73 «
/ N [ e “,
‘ Es_ | NY I ~ 0y
[N E89 ,p265_ E266 Seol’ 4-°" Wrs2 -
< ) K753 149
> S s AN !
S : s,
1 \“
.
V134 A
AN - L307
£107
T136 .
E dactinomycin-NFKBIA F

dactinomycin-MYC

FIGURE 12

Va1

Y447436
/ \
dactinomycin-CCRL2
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(B) Heat map presenting the lowest binding energy for molecular docking. Molecular docking results of dactinomycin with NFKBIA (C), HIF1A (D),
MYC (E), CCRL2 (F) targets. These docking studies provided structural insights into the potential inhibitory mechanisms of the candidate compounds
against essential proteins involved in AR, and suggest possible therapeutic candidates for further investigation.

linked to the activation of multiple pathways that regulate
inflammation, cell survival, angiogenesis, and metabolism (36).
Elevated expression of HIF1A is typically associated with
increased patient mortality in various cancer types (37). Previous
findings provided evidence that HIF-1a plays a direct role in the
onset of allergic airway inflammation (38). In addition, the role of
HIF-1o in AR and chronic sinusitis will be crucial, making it a
pivotal target for therapeutic interventions in these conditions (39).
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According to our research findings, the levels of HIF1A in AR blood
samples were notably reduced. This indicates a potential crucial role
of HIF1A in the development of AR. The MYC gene is a major
player in human cancer, making it a key driver in disease
development. With its widespread deregulation and significant
contribution to cancer initiation, perpetuation, and advancement,
targeting MYC is a compelling approach to combat this ailment
(40). Currently, there are few reports on MYC’s role in rhinitis. Yet,
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our study’s findings are groundbreaking, showing a significant
increase in MYC expression in AR patients’ blood samples for the
first time. Chemokine receptor-like 2 (CCRL2), belonging to the C-
C motif chemokine receptor family, is a transmembrane receptor
composed of seven domains. It exhibits significant similarity to
other chemokine receptors such as CCR1, CCR2, CCR3, and CCR5
(41). The use of Ccrl2-deficient mice in inflammatory disease
models highlights the importance of CCRL2 in those conditions
(42). In an experiment involving OVA-induced airways
hypersensitivity, the removal of CCRL2 gene resulted in impaired
transportation of dendritic cells loaded with antigens from the lungs
to the mediastinal lymph nodes (43). Currently, few reports discuss
CCRL2’s role in rhinitis. Nevertheless, our study’s findings are
groundbreaking, revealing a significant decrease in CCRL2
expression in blood samples of AR patients. One of our
achievements is the development of a nomogram that combines
the four diagnostic markers mentioned above. This nomogram has
demonstrated high AUC values and excellent calibration, indicating
its accuracy and reliability in diagnosing AR. We anticipate that this
tool will be widely used in clinical settings, playing a crucial role in
the early detection of AR.

According to reports, there is a strong connection between
immune regulation and the occurrence and progression of AR (44,
45). In the present study, the infiltration of immune cells and the
results of single gene GSEA indicated that NFKBIA and HIF1A
were associated with immune cell infiltration and immune-related
pathways in the progression of AR. The development of AR is
influenced by an imbalance in the ratio of Tth2 and regulatory B
cells (45). The imbalance of Th1 and Th2 cells has been identified as
a critical pathological mechanism in the development of AR (46).
The disease pathogenesis of AR may involve the interaction
between T and B cells, which is facilitated by the expression of
CD23, particularly on switched memory B cells (47). By priming T
cells and attracting eosinophils, activated neutrophils can
potentially play a role in the development of allergic
inflammation observed in AR (48). In our study, we observed a
correlation between the expression of NFKBIA and HIFIA and
various immune cell types (CD8 T cells, Thl cells, T helper cells,
neutrophils, B cells, and Tcm). The GSEA analysis revealed that the
high expression phenotype of NFKBIA and HIF1A was significantly
enriched in the B cell receptor signaling pathway. This suggested
that NFKBIA and HIFIA may play a role in the regulation of
immune processes in AR.

Furthermore, our findings suggested that the identification and
characterization of these inflammatory subtypes could have
significant implications for the development of personalized
therapies for patients with AR. In the present study, the C2
subgroup, which exhibits active TGF beta signaling pathway and
P53 pathway, has been shown to play a crucial role in mediating
excessive inflammation (49-51). This finding is particularly relevant
as both pathways have been implicated in various inflammatory
diseases, including rhinitis (52, 53). The activation of these
pathways in the C2 subgroup suggested that they may be key
players in the development and progression of AR. These findings
provided valuable insights into the molecular mechanisms driving
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inflammation in AR and may have significant implications for the
development of personalized therapies. By targeting specific
inflammatory subgroups and understanding their unique
molecular profiles, we may be able to improve early detection and
treatment strategies, ultimately improving the overall management
and outcomes of patients with AR.

Conclusion

Our study underscored the noteworthy influence of the
inflammatory response on the progression of AR. We have
discovered four DIRRGs that hold promise as biomarkers and
therapeutic targets for individuals with AR. Furthermore, based
on these DIRRGs, we have identified two molecular subtypes of AR.
These findings provide valuable insights into the underlying
mechanisms of AR and have the potential to facilitate the
development of targeted drug screening and personalized
treatment approaches for AR patients.

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 authors.

Ethics statement

The studies involving humans were approved by the Affiliated
Huai’an Hospital of Xuzhou Medical University. The studies were
conducted in accordance with the local legislation and institutional
requirements. The participants provided their written informed
consent to participate in this study.

Author contributions

JD: Conceptualization, Writing - original draft. KX: Data
curation, Formal Analysis, Writing - original draft. DH:
Investigation, Methodology, Visualization, Writing - review &
editing. SL: Investigation, Methodology, Software, Writing -
review & editing. LZ: Formal Analysis, Visualization, Writing -
review & editing. SW: Funding acquisition, Project administration,
Supervision, Validation, Writing - review & editing. LC:
Supervision, Validation, Writing - review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This work
was supported by the Huai’an Science and Technology Plan
Project (HAB202030).

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1348391
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Dai et al.

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

References

1. Beard S. Rhinitis. Primary Care: Clinics Office Pract. (2014) 41:33-46.
doi: 10.1016/j.pop.2013.10.005.

2. Lieberman P, Pattanaik D. Nonallergic rhinitis. Curr Allergy Asthma Rep. (2014)
14:439. doi: 10.1007/s11882-014-0439-3.

3. Mullol J, Del Cuvillo A, Lockey RF. Rhinitis Phenotypes. The journal of allergy
and clinical immunology. practice. (2020) 8:1492-503. doi: 10.1016/j.jaip.2020.02.004.

4. Rondon C, Campo P, Togias A, Fokkens W], Durham SR, Powe DG, et al. Local
allergic rhinitis: Concept, pathophysiology, and management. ] Allergy Clin Immunol.
(2012) 129:1460-7. doi: 10.1016/j.jaci.2012.02.032.

5. Greiner AN, Hellings PW, Rotiroti G, Scadding GK. Allergic rhinitis. Lancet.
(2011) 378:2112-22. doi: 10.1016/S0140-6736(11)60130-X.

6. Jaruvongvanich V, Mongkolpathumrat P, Chantaphakul H, Klaewsongkram J.
Extranasal symptoms of allergic rhinitis are difficult to treat and affect quality of life.
Allergol Int Off J Japanese Soc Allergol. (2016) 65:199-203. doi: 10.1016/
j.alit.2015.11.006.

7. Wang XD, Zheng M, Lou HF, Wang CS, Zhang Y, Bo MY, et al. An increased
prevalence of self-reported allergic rhinitis in major Chinese cities from 2005 to 2011.
Allergy. (2016) 71:1170-80. doi: 10.1111/all.12874.

8. Nappi E, Paoletti G, Malvezzi L, Ferri S, Racca F, Messina MR, et al. Comorbid
allergic rhinitis and asthma: important clinical considerations. Expert Rev Clin
Immunol. (2022) 18:747-58. doi: 10.1080/1744666X.2022.2089654.

9. Iordache A, Boruga M, Musat O, Jipa DA, Tataru CP, Musat GC. Relationship
between allergic rhinitis and allergic conjunctivitis (allergic rhinoconjunctivitis) -
review. Romanian ] Ophthalmol. (2022) 66:8-12. doi: 10.22336/1j0.2022.3

10. Wilson DR, Lima MT, Durham SR. Sublingual immunotherapy for allergic
rhinitis: systematic review and meta-analysis. Allergy. (2005) 60:4-12. doi: 10.1111/
j.1398-9995.2005.00699.x.

11. Huang H, Wang Y, Zhang L, Zhang Q, Wu X, He H. Psychological disorders of
patients with allergic rhinitis in Chengdu, China: exploratory research. JMIR Formative
Res. (2022) 6:37101. doi: 10.2196/37101.

12. Liu J, Zhang X, Zhao Y, Wang Y. The association between allergic rhinitis and
sleep: A systematic review and meta-analysis of observational studies. PloS One. (2020)
15:¢0228533. doi: 10.1371/journal.pone.0228533.

13. Eifan AO, Durham SR. Pathogenesis of rhinitis. Clin Exp Allergy: ] Br Soc Allergy
Clin Immunol. (2016) 46:1139-51. doi: 10.1111/cea.12780.

14. Poole JA, Rosenwasser L]. The role of immunoglobulin E and immune
inflammation: implications in allergic rhinitis. Curr Allergy Asthma Rep. (2005)
5:252-8. doi: 10.1007/s11882-005-0045-5.

15. Li P, Tsang MS, Kan LL, Hou T, Hon SS, Chan BC, et al. The immuno-
modulatory activities of pentaherbs formula on ovalbumin-induced allergic rhinitis
mice via the Activation of Thl and Treg Cells and Inhibition of Th2 and Th17 Cells.
Molecules (Basel Switzerland). (2021) 2727(1):239. doi: 10.3390/molecules27010239.

16. Li Z, Yu S, Jiang Y, Fu Y. Chemokines and chemokine receptors in allergic
rhinitis: from mediators to potential therapeutic targets. Eur Arch Oto-rhino-
laryngology: Off ] Eur Fed Oto-Rhino-Laryngological Societies (EUFOS) Affiliated
German Soc Oto-Rhino-Laryngology Head Neck Surg. (2022) 279:5089-95.
doi: 10.1007/s00405-022-07485-6.

17. Qin X, Liu M, Zhang S, Wang C, Zhang T. The role of IL-367 and its regulation
in eosinophilic inflammation in allergic rhinitis. Cytokine. (2019) 117:84-90.
doi: 10.1016/j.cyt0.2019.02.008.

18. Zhou H, Zhang W, Qin D, Liu P, Fan W, Lv H, et al. Activation of NLRP3
inflammasome contributes to the inflammatory response to allergic rhinitis. Via
Macrophage Pyroptosis Int Immunopharmacol. (2022) 110:109012. doi: 10.1016/
j.intimp.2022.109012.

Frontiers in Immunology

16

10.3389/fimmu.2024.1348391

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/fimmu.2024.1348391/
full#supplementary-material

19. Jiang S, Zhang W, Lu Y. Development and validation of novel inflammatory
response-related gene signature for sepsis prognosis. ] Zhejiang University Sci B. (2022)
23:1028-41. doi: 10.1631/jzus.B2200285.

20. Zhong M, Zhu E, Li N, Gong L, Xu H, Zhong Y, et al. Identification of diagnostic
markers related to oxidative stress and inflammatory response in diabetic kidney
disease by machine learning algorithms: Evidence from human transcriptomic data and
mouse experiments. Front Endocrinol. (2023) 14:1134325. doi: 10.3389/
fendo.2023.1134325.

21. Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, Tomashevsky M, et al.
archive for functional genomics data sets—update. Nucleic Acids Res. (2013) 41:D991-5.
doi: 10.1093/nar/gks1193

22. Szklarczyk D, Kirsch R, Koutrouli M, Nastou K, Mehryary F, Hachilif R, et al.
The STRING database in 2023: protein-protein association networks and functional
enrichment analyses for any sequenced genome of interest. Nucleic Acids Res. (2023)
51:D638-d646. doi: 10.1093/nar/gkac1000.

23. Chin CH, Chen SH, Wu HH, Ho CW, Ko MT, Lin CY. cytoHubba: identifying
hub objects and sub-networks from complex interactome. BMC Syst Biol. (2014) 8
Suppl 4:S11. doi: 10.1186/1752-0509-8-S4-S11.

24. Xia Y, Zhang H, Wang H, Wang Q, Zhu P, Gu Y, et al. Identification and
validation of ferroptosis key genes in bone mesenchymal stromal cells of primary
osteoporosis based on bioinformatics analysis. Front Endocrinol. (2022) 13:980867.
doi: 10.3389/fendo.2022.980867.

25. Diao C, Xi Y, Xiao T. Identification and analysis of key genes in osteosarcoma
using bioinformatics. Oncol Lett. (2018) 15:2789-94. doi: 10.3892/0l.

26. Tibshirani R. The lasso method for variable selection in the Cox model. Stat Med.
(1997) 16:385-95. doi: 10.1002/(ISSN)1097-0258.

27. Zhou Y, Shi W, Zhao D, Xiao S, Wang K, Wang J. Identification of immune-
associated genes in diagnosing aortic valve calcification with metabolic syndrome by
integrated bioinformatics analysis and machine learning. Front Immunol. (2022)
13:937886. doi: 10.3389/fimmu.2022.937886.

28. Hanzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis
for microarray and RNA-seq data. BMC Bioinf. (2013) 14:7. doi: 10.1186/1471-2105-
14-7.

29. Subramanian A, Narayan R, Corsello SM, Peck DD, Natoli TE, Lu X, et al. A next
generation connectivity map: L1000 platform and the first 1,000,000 profiles. Cell.
(2017) 171:1437-1452.e17. doi: 10.1016/j.cell.2017.10.049

30. Nguyen NT, Nguyen TH, Pham TNH, Huy NT, Bay MV, Pham MQ, et al.
Autodock vina adopts more accurate binding poses but autodock4 forms better binding
affinity. J Chem Inf Modeling. (2020) 60:204-11. doi: 10.1021/acs.jcim.9b00778.

31. Tran NP, Vickery J, Blaiss MS. Management of rhinitis: allergic and non-allergic.
Allergy Asthma Immunol Res. (2011) 3:148-56. doi: 10.4168/aair.2011.3.3.148.

32. King HC, Sinha AA. Gene expression profile analysis by DNA microarrays:
promise and pitfalls. Jama. (2001) 286:2280-8. doi: 10.1001/jama.286.18.2280.

33. Habib AA, Chatterjee S, Park SK, Ratan RR, Lefebvre S, Vartanian T. The
epidermal growth factor receptor engages receptor interacting protein and nuclear
factor-kappa B (NF-kappa B)-inducing kinase to activate NF-kappa B. Identification of
a novel receptor-tyrosine kinase signalosome. ] Biol Chem. (2001) 276:8865-74.
doi: 10.1074/jbc.M008458200.

34. Bredel M, Scholtens DM, Yadav AK, Alvarez AA, Renfrow JJ, Chandler JP, et al.
t., NFKBIA deletion in glioblastomas. New Engl ] Med. (2011) 364:627-37.
doi: 10.1056/NEJMoal006312.

35. Wu Q, You L, Nepovimova E, Heger Z, Wu W, Kuca K, et al. Hypoxia-inducible
factors: master regulators of hypoxic tumor immune escape. ] Hematol Oncol. (2022)
15:77. doi: 10.1186/s13045-022-01292-6.

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2024.1348391/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1348391/full#supplementary-material
https://doi.org/10.1016/j.pop.2013.10.005
https://doi.org/10.1007/s11882-014-0439-3
https://doi.org/10.1016/j.jaip.2020.02.004
https://doi.org/10.1016/j.jaci.2012.02.032
https://doi.org/10.1016/S0140-6736(11)60130-X
https://doi.org/10.1016/j.alit.2015.11.006
https://doi.org/10.1016/j.alit.2015.11.006
https://doi.org/10.1111/all.12874
https://doi.org/10.1080/1744666X.2022.2089654
https://doi.org/10.22336/rjo.2022.3
https://doi.org/10.1111/j.1398-9995.2005.00699.x
https://doi.org/10.1111/j.1398-9995.2005.00699.x
https://doi.org/10.2196/37101
https://doi.org/10.1371/journal.pone.0228533
https://doi.org/10.1111/cea.12780
https://doi.org/10.1007/s11882-005-0045-5
https://doi.org/10.3390/molecules27010239
https://doi.org/10.1007/s00405-022-07485-6
https://doi.org/10.1016/j.cyto.2019.02.008
https://doi.org/10.1016/j.intimp.2022.109012
https://doi.org/10.1016/j.intimp.2022.109012
https://doi.org/10.1631/jzus.B2200285
https://doi.org/10.3389/fendo.2023.1134325
https://doi.org/10.3389/fendo.2023.1134325
https://doi.org/10.1093/nar/gks1193
https://doi.org/10.1093/nar/gkac1000
https://doi.org/10.1186/1752-0509-8-S4-S11
https://doi.org/10.3389/fendo.2022.980867
https://doi.org/10.3892/ol
https://doi.org/10.1002/(ISSN)1097-0258
https://doi.org/10.3389/fimmu.2022.937886
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1016/j.cell.2017.10.049
https://doi.org/10.1021/acs.jcim.9b00778
https://doi.org/10.4168/aair.2011.3.3.148
https://doi.org/10.1001/jama.286.18.2280
https://doi.org/10.1074/jbc.M008458200
https://doi.org/10.1056/NEJMoa1006312
https://doi.org/10.1186/s13045-022-01292-6
https://doi.org/10.3389/fimmu.2024.1348391
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Dai et al.

36. Kaelin WGJr,, Ratcliffe PJ. Oxygen sensing by metazoans: the central role of the
HIF hydroxylase pathway. Mol Cell. (2008) 30:393-402. doi: 10.1016/
j.molcel.2008.04.009.

37. Tiwari A, Tashiro K, Dixit A, Soni A, Vogel K, Hall B, et al. Loss of HIF1A from
pancreatic cancer cells increases expression of PPP1RIB and degradation of p53 to
promote invasion and metastasis. Gastroenterology. (2020) 159:1882-97. doi: 10.1053/
j.gastro.2020.07.046.

38. Huerta-Yepez S, Baay-Guzman GJ, Bebenek IG, Hernandez-Pando R, Vega MI,
Chi L, et al. Hypoxia inducible factor promotes murine allergic airway inflammation
and is increased in asthma and rhinitis. Allergy. (2011) 66:909-18. doi: 10.1111/
all.2011.66.issue-7.

39. Cheng KJ, Bao YY, Zhou SH. The role of hypoxia inducible factor in nasal
inflammations. Eur Rev Med Pharmacol Sci. (2016) 20:5067-76.

40. Duffy MJ, O'Grady S, Tang M, Crown J. MYC as a target for cancer treatment.
Cancer Treat Rev. (2021) 94:102154. doi: 10.1016/j.ctrv.2021.102154.

41. De Henau O, Degroot GN, Imbault V, Robert V, De Poorter C, McHeik S, et al.
Signaling properties of chemerin receptors CMKLR1, GPRI1 and CCRL2. PloS One.
(2016) 11:e0164179. doi: 10.1371/journal.pone.0164179.

42. Schioppa T, Sozio F, Barbazza I, Scutera S, Bosisio D, Sozzani S, et al. Molecular
basis for CCRL2 regulation of leukocyte migration. Front Cell Dev Biol. (2020)
8:615031. doi: 10.3389/fcell.2020.615031.

43. Otero K, Vecchi A, Hirsch E, Kearley J, Vermi W, Del Prete A, et al.
Nonredundant role of CCRL2 in lung dendritic cell trafficking. Blood. (2010)
116:2942-9. doi: 10.1182/blood-2009-12-259903.

44. Shamji MH, Sharif H, Layhadi JA, Zhu R, Kishore U, Renz H. Diverse immune
mechanisms of allergen immunotherapy for allergic rhinitis with and without asthma. J
Allergy Clin Immunol. (2022) 149:791-801. doi: 10.1016/j.jaci.2022.01.016.

Frontiers in Immunology

17

10.3389/fimmu.2024.1348391

45. Kamekura R, Yamashita K, Jitsukawa S, Nagaya T, Ito F, Ichimiya S, et al. Role of
crosstalk between epithelial and immune cells, the epimmunome, in allergic rhinitis
pathogenesis. Adv Oto-rhino-laryngology. (2016) 77:75-82. doi: 10.1159/000441878

46. Randolph DA, Stephens R, Carruthers CJ, Chaplin DD. Cooperation between
Th1 and Th2 cells in a murine model of eosinophilic airway inflammation. J Clin Invest.
(1999) 104:1021-9. doi: 10.1172/JCI7631.

47. Yao Y, Wang N, Chen CL, Pan L, Wang ZC, Yunis J, et al. CD23 expression on
switched memory B cells bridges T-B cell interaction in allergic rhinitis. Allergy. (2020)
75:2599-612. doi: 10.1111/all.14288.

48. Arebro J, Ekstedt S, Hjalmarsson E, Wingvist O, Kumlien Georén S, Cardell LO.
A possible role for neutrophils in allergic rhinitis revealed after cellular
subclassification. Sci Rep. (2017) 7:43568. doi: 10.1038/srep43568.

49. Shi D, Jiang P. A different facet of p53 function: regulation of immunity and
inflammation during tumor development. Front Cell Dev Biol. (2021) 9:762651.
doi: 10.3389/fcell.2021.762651.

50. Zhang T, Li H, Shi J, Li S, Li M, Zhang L, et al. p53 predominantly regulates IL-6
production and suppresses synovial inflaimmation in fibroblast-like synoviocytes and
adjuvant-induced arthritis. Arthritis Res Ther. (2016) 18:271. doi: 10.1186/s13075-016-1161-4.

51. Gauthier T, Yao C, Dowdy T, Jin W, Lim YJ, Patifio LC, et al. TGF-f uncouples
glycolysis and inflammation in macrophages and controls survival during sepsis. Sci
Signaling. (2023) 16:eade0385. doi: 10.1126/scisignal.ade0385.

52. Kiipper DS, Valera FC, Malinsky R, Milanezi CM, Silva ]S, Tamashiro E, et al.
Expression of apoptosis mediators p53 and caspase 3, 7,and 9 in chronic rhinosinusitis with
nasal polyposis. Am ] Rhinol Allergy. (2014) 28:187-91. doi: 10.2500/ajra.2014.28.4022.

53. Van Bruaene N, Derycke L, Perez-Novo CA, Gevaert P, Holtappels G, De Ruyck
N, et al. TGF-beta signaling and collagen deposition in chronic rhinosinusitis. ] Allergy
Clin Immunol. (2009) 124:253-9, 259.e1-2. doi: 10.1016/j.jaci.2009.04.013

frontiersin.org


https://doi.org/10.1016/j.molcel.2008.04.009
https://doi.org/10.1016/j.molcel.2008.04.009
https://doi.org/10.1053/j.gastro.2020.07.046
https://doi.org/10.1053/j.gastro.2020.07.046
https://doi.org/10.1111/all.2011.66.issue-7
https://doi.org/10.1111/all.2011.66.issue-7
https://doi.org/10.1016/j.ctrv.2021.102154
https://doi.org/10.1371/journal.pone.0164179
https://doi.org/10.3389/fcell.2020.615031
https://doi.org/10.1182/blood-2009-12-259903
https://doi.org/10.1016/j.jaci.2022.01.016
https://doi.org/10.1159/000441878
https://doi.org/10.1172/JCI7631
https://doi.org/10.1111/all.14288
https://doi.org/10.1038/srep43568
https://doi.org/10.3389/fcell.2021.762651
https://doi.org/10.1186/s13075-016-1161-4
https://doi.org/10.1126/scisignal.ade0385
https://doi.org/10.2500/ajra.2014.28.4022
https://doi.org/10.1016/j.jaci.2009.04.013
https://doi.org/10.3389/fimmu.2024.1348391
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Identification of diagnostic signature, molecular subtypes, and potential drugs in allergic rhinitis based on an inflammatory response gene set
	Introduction
	Methods
	Acquisition and pre-processing of raw data
	Identifying differentially expressed genes in patients with AR
	Identifying differentially expressed inflammatory response-related genes and performing functional enrichment analysis on them
	Construction of protein-protein interaction network
	Random forest and LASSO algorithms are utilized to screen signature genes
	Construction and evaluation of nomogram model
	Single gene GSEA
	Analysis of the immune microenvironment
	Identification of different AR subtypes using unsupervised clustering
	Identification of small-molecule drugs
	Molecular docking analysis
	Quantitative real-time PCR analysis

	Results
	Expression profile of DIRRGs in AR
	Functional enrichment analysis
	Employing machine learning algorithms to detect the potential biomarkers
	Development of the nomogram and evaluation of its diagnostic value
	Exploring possible biological roles of diagnostic DIRRGs
	The outcomes of the infiltration of immune cells
	Identifying subtypes of inflammation with different molecular mechanisms
	Therapeutic target prediction

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


