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Purpose: Asthma is one of the most common chronic respiratory diseases affecting children, and there is currently no clear remedy.
Immune cells play a key role in childhood asthma. Therefore, a deeper investigation of the correlation between immune cells and
childhood asthma could lead to a better understanding of asthma’s origin, the identification of potential treatment targets, and the
development of personalized treatment strategies.

Patients and Methods: We used a two-sample Mendelian randomization (MR) analysis to investigate the possible causal relation-
ship between childhood asthma and a total of 731 immune cells, including B cell (190), Maturation stages of T cell (79), Monocyte
(43), Myeloid cell (64), TBNK (124), Treg (167), and CDC (64). LASSO logistic regression and SVM algorithms were used to
identify key genes associated with childhood asthma. Specific signaling pathways associated with these key genes were further
explored through gene set variation analysis (GSVA) and gene set enrichment analysis (GSEA). Subsequently, the four key genes
FCGR3A, TCTN3, ALOXS, and IL4R were verified in an established asthma mouse model using quantitative real-time PCR and
Western blotting.

Results: MR analysis showed that 60 immune cells were associated with childhood asthma, of which 32 were associated with high
risk and 28 were associated with low risk. LASSO logistic regression and SVM algorithm identified six key genes that affect childhood
asthma as ATF4, FCGR3A, GASS, MGAT3, TABI, and TCTN3. In addition, four genes, FCGR3A, TCTN3, ALOXS, and IL4R, were
verified through animal experiments.

Conclusion: Our findings confirmed that immune cells contribute to childhood asthma, highlighting the importance of key genes in
the role of the immune microenvironment in this disease. These insights provide a new path for the exploration of the biological
underpinnings of childhood asthma and the development of early intervention therapies.
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Introduction

Asthma ranks among the most prevalent chronic respiratory diseases affecting children.! It is induced by chronic
inflammation and airway cell hyperreaction and is clinically characterized by cough, shortness of breath, and chest
tightness.” The global incidence of asthma is increasing, especially in low- and middle-income nations.> Additionally,
asthma during infancy frequently remains undiagnosed and, consequently, untreated. According to the Global Burden of
Disease (GBD) estimates, in 2021 there were approximately 95,721,185.84 cases of asthma among children aged 0-14
years globally, with a death rate of 0.41%.* Asthma significantly diminishes the quality of life and imposes a substantial
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economic burden, increasing the prevalence of asthma as a pressing global public health issue. To date, a definitive cure
for asthma remains elusive.® Current therapeutic approaches, which are primarily focused on inhaled corticosteroids and
bronchodilators, aim to alleviate symptoms without altering the disease trajectory.” Hence, elucidating the pathophysio-
logical mechanisms underlying asthma is crucial for the development of new therapeutic strategies.

Recent investigations have elucidated the intricate relationship between asthma and factors such as immune regula-
tion, genetic predisposition, viral infections, and allergen exposure, which collectively contribute to immune dysregula-
tion, culminating in asthma.®’ Immune cells, notably dendritic cells (DCs) and regulatory T lymphocytes (Tregs) play
pivotal roles in the onset of childhood asthma. For example, asthmatic children exhibit a marked reduction in the
T regulatory cell population in their sputum, highlighting the compromised immune tolerance function of these patients.”
Furthermore, individuals with asthma present elevated levels of peripheral blood dendritic cell subsets, underscoring the
critical functions of DCs in antigen presentation, T-cell activation, and the genesis of asthma and allergic responses.” The
Th2 cytokine pathway (mainly IL-4, IL-5, and IL-13) plays a central role in the pathogenesis of asthma. It severely
affects the clinical manifestations and progress of asthma by driving airway inflammation, promoting eosinophil
infiltration, and promoting airway remodeling.'®'" However, the underlying mechanisms of asthma are unknown, casting
doubts on the robustness of the inferred connection between immune cells and childhood asthma.

MR is a genetic epidemiological approach to investigating the causal effects of exposure factors on disease
outcomes, free from the biases of confounding factors or reverse causality.'*'* This study used dual-sample MR to
investigate the possible causal relationship between childhood asthma and a total of 731 immune cells. Moreover, by
leveraging machine learning techniques, we aspire to unravel potential molecular mechanisms and predict immune-
centric therapeutic targets. Research has shown that using feature importance statistics can accurately predict asthma
attacks through machine learning.'"* The application of machine learning technology in asthma research is steadily
developing, especially in prediction, diagnosis, and treatment management.'>'® Machine learning has become crucial
for identifying biomarkers, improving the accuracy of clinical diagnosis, and determining optimal therapies in the
biomedical field.'” "

Materials and Methods

Study Design

This study utilized MR analysis to assess the associations between a total of 731 immune cells that were categorized into
7 groups and childhood asthma through two-sample analysis. MR uses instrumental variables (IVs) to infer causality,
adhering to three assumptions, including genetic variants that are associated with the exposures; not related to any
confounders of the exposure-outcome relationship; and influencing the results solely through the exposure.*’

The key genes that affect the onset of childhood asthma were identified via LASSO logistic regression and SVM
algorithms. GSVA in combination with GSEA was subsequently used to further investigate genes involved in key
signaling pathways to explore the molecular mechanisms through which key genes influence the progression of child-
hood asthma.

Data Sources for Childhood Asthma Genome-Wide Association Studies (GWAS:s)
Childhood asthma outcome data were sourced primarily from individuals of European descent, utilizing summary data
from the EBI database (EBI-A-GCST90018895), which includes publications, top associations, and comprehensive
abstract statistics from the GWAS Catalog. Overall, 27,712 patients with childhood asthma and 411,131 control
individuals were included.

Immunity-Wide GWAS Data Sources

This study utilized 731 immune cell profiles from the GWAS Catalog database, maintained by EBI, covering different
types of immune cells, including B cells (190), T cells (79), monocytes (43), myeloid cells (64), TBNKs (124), Tregs
(167), and CDCs (64).
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Gene Expression Data Sources
Gene expression data were sourced from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/

geo/), specifically the Series Matrix File of GSE65204, which includes 69 patients divided into control (33) and disease
(36) groups.

Mendelian Randomization Analysis
R program version 4.3.1 (http://www.Rproject.org) was used for data analysis. This study first used summary statistical

data from hundreds of genome-wide association studies (GWAS) in the European Institute of Bioinformatics (EBI)
database to extract causal relationships associated with 731 immune cells in the GWAS Catalog by screening outcome
IDs. SNPs associated with a significance threshold for each immune cell across loci (P<5x107%) were selected as
potential instrumental variables (IVs). This strict P-value threshold is designed to ensure a strong correlation between the
selected SNPs and exposure factors (immune cell characteristics), thereby reducing false positive results. Subsequently,
the linkage disequilibrium (LD) between these SNPs was calculated, and the clustering method (clustering window size=
10,000 kb, R?<0.001) was used to eliminate highly related SNPs to ensure the independence of each I'Vs and reduce bias
caused by LD. To assess the causal impact of all cis and some cross-regional gene expression in whole blood on
childhood asthma, this study used four Mendelian Randomization (MR) analysis methods: Inverse Variation Weighted
(IVW),?! MR Egger regression,”” the weighted median method,” and the weighted mode method. The IVW method
estimates the overall causal effect by weighted averaging the Wald ratio for each SNP, which is applicable if all Vs meet
the null instrumental variable hypothesis; MR Egger allows for gene pleiotropy and detects and adjusts for potential
directional pleiotropy by estimating the intercept term based on the assumption that instrument strength is independent of
direct effects (InSIDE); The Weighted median method estimates causal effects by calculating a weighted median,
allowing up to 50% of IVs to be invalid instrumental variables, ensuring that it can still provide robust estimates even
when some IVs are invalid or pleiotropic; the Weighted mode method enhances the ability to detect causal effects and
reduces bias and type I error rates by identifying and estimating the most common causal effect patterns. If there is only
one SNP in a causal relationship as IVs, only the Wald ratio estimation method is used for causality assessment. To
ensure the reliability of the screened causal relationships, this study performed a heterogeneity test (Cochran’s IVWQ
test) and a genetic diversity test to assess the heterogeneity among different IVs and the diversity of IVs selection and
enhance the robustness of causal inference. There was no heterogeneity at P>0.05. In addition, sensitivity analysis was
performed based on the results of multiple MR methods to assess the consistency and robustness of the causal relation-
ship and eliminate potential confounding factors and pleiotropic effects. Through the above method steps, an overall
causal effect estimate of the impact of all cis and some cross-regional gene expressions in whole blood on childhood

asthma was finally obtained.

LASSO Regression and SVM Algorithms for the Feature Selection Process

In this study, we used Lasso logistic regression and the support vector machine recursive feature elimination (SVM-RFE)
algorithm to select features for SNP genes, improving the accuracy of disease diagnosis. Lasso logistic regression is
implemented through the “glmnet” software package, and the regularization parameter (1) is selected through cross-
validation to optimize model performance and control overfitting. In addition, SVM-RFE, as a machine learning method
based on support vector machines, identifies the best variables by iteratively deleting the least important features
determined by SVM weights. It uses the “e1071” software package to build a support vector machine model, adopts
a radial basis function kernel, and optimizes cost and gamma parameters through grid search. The Lasso and SVM-RFE
methods were selected based on their complementary advantages in processing high-dimensional genetic data and
enhancing the robustness of feature selection, thereby improving the transparency and reliability of identified SNP
genes in disease diagnosis.
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GSVA and GSEA

Gene Set Variation Analysis (GSVA) is a non-parametric and unsupervised method to evaluate the enrichment of gene

sets in the transcriptome. By comprehensively scoring predefined gene sets, expression changes at the gene level are
transformed into changes at the pathway level, thereby judging differences in biological functions between samples. This
study downloaded multiple functionally related gene sets from the Molecular Signatures Database (MSigDB) and used
the GSVA algorithm to comprehensively score each gene set. A Z-score standardized method of gene expression is used
during the scoring process to eliminate technical deviations between samples. In addition, the GSVA used an unsuper-
vised approach with the significance level set to the adjusted p-value (FDR<0.05). The selection of these parameters
ensures the robustness and reliability of the analysis results. The GSVA method was chosen based on its advantages in
processing high-dimensional transcriptome data, eliminating the need to pre-specify sample categories, and being able to
capture subtle changes in pathway activity, thereby improving the transparency and accuracy of the assessment of
potential biological function changes in different samples.

GSEA was used to further analyze the differences in signaling pathways between high and low-expression groups.
This study used the GSEA method, and the version 7.0 annotated gene set downloaded from the MsigDB database was
used as the annotated gene set of subtype pathways. The significance threshold was set to an adjusted p-value (FDR) of
less than 0.05 to control the false positive rate caused by multiple tests. During the analysis, the normalized enrichment
score (NES) was used to rank significantly enriched gene sets, and signaling pathways that differed significantly between
high and low-expression groups were identified based on the consistency score. The reason why the GSEA method was
chosen is that it does not need to define a list of differentially expressed genes in advance, can comprehensively capture
potential biological pathway changes in gene expression data, and has high sensitivity and specificity when processing
complex transcriptome data, thereby effectively combining disease typing and biological significance to improve the
transparency and reliability of analysis results.

Establishment of a Mouse Asthma Model

The Laboratory Animal Ethics Committee of Gansu University of Traditional Chinese Medicine approved all procedures
involving animals in this study. Twelve pathogen-free 3-week-old male BALB/c mice were provided by Changzhou
Cavins Laboratory Animal Co., Ltd. (Changzhou, China) and randomly allocated into ova and vehicle groups.
Ovalbumin (OVA) injection sensitization and nebulization stimulation were used to establish a young mouse model of
asthma. The Vehicle group was given an identical amount of normal saline injection plus nebulization. At 28 days after
model induction, all the mice were euthanized, and lung tissue samples were collected.

RT-PCR

Total RNA was isolated from mouse lung tissue samples, and RNA concentrations were assessed using RNA purification
kits. Next, the RNA samples were reverse transcribed into cDNA using a transcription kit. A real-time fluorescence
quantification (PCR) protocol was subsequently applied to evaluate the results via the 2" method. Table 1 lists the
sequences of primers used in this study (Table 1 See the end of the manuscript).

Table | Sequences of the Primers Used in This Study

Gene Forward Primer Reverse Primer

GAPDH | CCCTTAAGAGGGATGCTGCC | TACGGCCAAATCCGTTCACA

ALOX5 CAAAATCTGGGTGCGTTCCA | TTGAAAAGGGGATGCACAGC

FCGR3A | AGGGAAAGCCTGAGGTCTTC | CTAAGCACGGAAAGGATCGC

IL4R TGGCTGCTGACCTGGAATAA | TCAGCCTGGGTTCCTTGTAG

TCTN3 | CTGGGACGTATCTGGAGACC | GCGGTCTCAGAAAGCATCAG
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Western Blotting

A sample of approximately 60 mg of mouse lung tissue was taken, thawed at room temperature, sterilized by high
pressure with scissors, and cut into pieces. One milliliter of RIPA (Solarbio, R0010, China) lysis solution (containing
PMSEF, the final concentration of 1 mm) was added for lysis, the mixture was centrifuged, and the supernatant was
collected. Protein quantification was carried out via the BCA method according to the manufacturer’s instructions. Next,
separation and concentration gels were prepared and assembled for SDS—PAGE. After electrophoresis, the proteins were
transferred from the gel to a PVDF membrane. After blocking with 5% skim milk, primary antibodies against FCGR3A
(dilution 1:1000, Bioss, China), TCTN3 (dilution 1:1000, Bioss, China), ALOXS5 (dilution 1:1000, Bioss, China), IL4R
(dilution 1:1000, Bioss, China), and GAPDH (dilution 1:1000, Bioss, China) were added dropwise and incubated
overnight at 4°C. After the membrane was washed with TBST, it was incubated with a secondary antibody (1:4000)
at 37°C for 90 min. Ultimately, it was developed with an enhanced chemiluminescence (ECL) luminescent solution, and
the gray values of the protein bands were analyzed via ImageJ software to calculate the relative protein expression levels.

Statistics

Statistical analysis was carried out via SPSS 21.0 software. Comparisons between two groups were performed with a ¢
test, while multiple group comparisons were performed using analysis of variance (ANOVA), followed by an LSD test
for pairwise group comparisons. When the variances were uneven, Dunnett’s method was used for analysis. The data
were drawn via Origin Pro 8.5 drawing software. P<0.05 indicated statistical significance.

Results

Examination of the Causal Link Between Childhood Asthma and Immune Cells

This investigation identified a correlation between features of 731 immune cells and childhood asthma through
Mendelian randomization analysis, utilizing aggregated statistical data from 438,843 participants (comprising 27,712
asthma patients and 411,131 control individuals), as indicated by the outcome ID ebi-a-GCST90018895. Specifically, 60
immune cells were significantly associated with childhood asthma. For example, an elevated risk of developing asthma
was linked to specific immune cells, including HLA DR on CD33— HLA DR+ (OR 1.114; 95% CI 1.057-1.174;
P <0.001) and CD4+ T regulatory cells (%CD4+ T cells) (OR 1.100; 95% CI 1.009-1.201; P = 0.031). Conversely,
a decreased risk was noted for others, such as IgD+CD38-B-cell% lymphocytes® (OR 0.788; 95% CI 0.678-0.915; P =
0.002) and CD28+CD28+CD45RA+CD8+ T cells (OR 0.858; 95% CI 0.744—0.990; P = 0.036), illuminating the nuanced
role of immune cell features in asthma (Figure 1A and B, Supplementary Files 1 and 2).

Rigorous Evaluation of Causal Relationship Heterogeneity and Genetic Diversity

The integrity and reliability of these causal associations were further assessed through comprehensive heterogeneity and
genetic diversity analyses, which demonstrated a lack of significant heterogeneity (P > 0.05), thereby strengthening the
confidence in these findings (Supplementary Files 3 and 4). Sensitivity analyses conducted via the leave-one-out

approach revealed a negligible impact on the overall results from the removal of any single SNP, underscoring the
robustness of the identified causal relationships (Supplementary File 5). Finally, SNP-related genes in the GEO

expression profiles (Supplementary File 6) were extracted via the get variants function of the Gwasrapidd package,

further enriching the study’s foundational data.

Identification and Screening of Asthma-Related Key Genes

To identify critical genes influencing childhood asthma, this study employed a combination of LASSO regression and
SVM feature selection algorithms to meticulously screen 60 genes that exhibited causal relationships with positive
outcomes in immune cells, leading to the identification of 20 feature genes. The utilization of the SVM-RFE algorithm
allowed for the further refinement of six highly accurate feature genes, with a subsequent intersection revealing six
pivotal genes: ATF4, FCGR3A, GASS5, MGAT3, TAB1, and TCTN3. These genes were earmarked for in-depth analysis
in subsequent phases of the study (Figure 2A-D).
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Figure | (A and B) Forest plots of Mendelian randomization (MR) estimates between immune cells and childhood asthma according to P value correction. MR revealed that
60 immune cells were associated with childhood asthma; OR, odds ratio. (A) Displays immune cells associated with a higher risk of childhood asthma. (B) Displays immune
cells associated with a lower risk of childhood asthma. Results with an Inverse-Variance Weighted (IVW) P-value<0.05 are considered statistically significant.
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Figure 2 (A-D) Screening of Diagnostic Markers and Identification of Key Genes. This study combined LASSO regression and an SVM feature selection algorithm to screen
60 genes with causal relationships to positive immune cell outcomes, identifying a total of 20 feature genes based on LASSO coefficients. (A) Distribution of LASSO
coefficients for key genes. (B) Tenfold cross-validation of tuning parameter selection in LASSO models. (C) Accuracy curve based on 5-fold cross-validation via the SVM-RFE
algorithm. (D) Six characteristic genes in childhood asthma patients were evaluated via the SVM-RFE algorithm and intersected with those screened via the LASSO
regression algorithm, and a total of 6 intersecting genes were screened, diagram of six crossover genes as feature genes obtained via LASSO regression and the SYM-REF
algorithm for feature selection.

Exploration of the Associations Between Immune Factors and Significant Genes
Subsequent analyses delved into the relationships between these significant genes and various immune-related factors,
including chemokines and cytokines, utilizing data from the TISIDB database. The results of this analysis reinforced the
pivotal roles these key genes play within the immune microenvironment, revealing strong correlations with immune cell
infiltration levels (Figure 3A-E).

Enrichment of Key Genes in Specific Signaling Pathways
In this study, specific signaling pathways enriched with these key genes were profiled via GSVA and GSEA to identify
possible molecular mechanisms through which these genes influence asthma progression in children. The analysis
revealed that high expression of these genes was linked to important biological pathways.

GSVA revealed that high expression of ATF4 was connected to the IL2/STATS and PI3K/AKT/mTOR signaling
pathways. High expression of FCGR3A was connected to the IL6/JAK/STAT3, PI3K/AKT/mTOR, and oxidative stress
pathways. High expression of GAS5 was connected to fatty acid metabolism, myc target (v1), and allograft rejection.
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High MGAT3 expression is associated with TGF-beta, KRAS (DN), etc. High TAB1 expression is associated with
mTOR signaling and other signaling pathways. High expression of TCTN3 was associated with bile acid metabolism,
heme metabolism, the cell cycle, etc. (Figure 4A-F).

GSEA revealed that ATF4 was enriched in the chemokine signaling pathway, cytokine IL—17 signaling pathway, TNF
alpha pathway, and other pathways. FCGR3A was enriched in pathways related to asthma, the MAPK pathway, the NF
—kappa B pathway, and other pathways. GAS5 was enriched in asthma-related pathways, Thl and Th2 cell differentiation
pathways, and Th17 cell differentiation pathways (Figure 5A—F). MGAT3 was enriched in the B-cell receptor signaling
pathway, the ECM—receptor interaction pathway, the JAK—STAT signaling pathway, and other pathways. TAB1 was
enriched in the chemokine signaling pathway, propanoate metabolism pathway, retinol metabolism pathway, and other
pathways. TCTN3 was enriched in lipoic acid metabolism, the PI3K—Akt signaling pathway, and other pathways
(Figure 6A-F). These findings indicate that key genes might affect childhood asthma progression through these
pathways.

Disease Regulation Genes in Children with Asthma
This study used the GeneCards database (https:/www.genecards.org/) to analyze childhood asthma disease gene

regulation. The leading 20 genes according to the relevance rating were analyzed, and the expression levels of the 6
key genes were markedly associated with the disease regulatory genes. Among these key genes, FCGR3A and ALOXS
were significantly positively correlated (r=0.626), and TCTN3 was significantly negatively associated with IL4R (r=
—0.463) (Figure 7).

Validation of Gene and Protein Expression in Asthma Mouse Lung Tissue
In ovalbumin-sensitized/activated mouse lung tissue, FCGR3A, ALOXS5, and IL4R mRNA levels were significantly
increased, whereas TCTN3 mRNA levels were considerably decreased (Figure 8A—D).

At the protein level, FCGR3A, ALOXS5, and IL4R are upregulated, whereas TCTN3 is downregulated. These findings
suggest that these genes may play a practical role in the pathogenesis of asthma and that their expression is correlated
with the disease state (Figure 9A-E).

Discussion

Given that there is no cure for asthma and that treatment is limited to symptomatic improvement, the development of
treatment methods for asthma is essential. Bioinformatics approaches to investigate disease-causing genes that are
druggable have drawn the attention of scientists worldwide. An increasing number of investigations have suggested
that immune mechanisms may play crucial roles in childhood asthma.

In recent years, MR has gained global recognition as a valuable resource for assessing potential causal connections
between various diseases and risk factors, leveraging the wealth of publicly available genetic datasets. This study
embarked on an exploratory journey to uncover causal associations between a group of 731 immune cell traits and
childhood asthma, marking the first MR analysis to delve into the causal relationships between various immunopheno-
types and childhood asthma. Among these immune cell types, 60 were recognized as significantly associated with
childhood asthma. Notably, the presence of HLA DR on CD33- HLA DR+ and the percentage of CD4 regulatory T cells
among CD4+ T cells were linked to an increased risk of developing childhood asthma. This investigation builds on the
foundation laid by prior observational studies that have scrutinized the interplay between immune cells and childhood
asthma. Allergic asthma, the most prevalent form of asthma in children, is characterized by a type 2 shift in the immune
response, alongside diminished expression of innate immune genes.”* The orchestration of the type 2 immune response
involves both the innate and adaptive immune systems, engaging a myriad of immune cells, including T-helper (Th) 2
cells, group 2 innate lymphoid cells (ILCs), B cells, natural killer (NK) cells, NK T cells, basophils, eosinophils, and
mast cells, alongside their principal cytokines.”> The reduced expression of HLA-DR in monocytes during chronic
inflammation suggests an anti-inflammatory function for these molecules.”**” The MHC class II cell surface receptor
HLA-DR plays a pivotal role in lymphocyte activation and has been implicated in asthma pathogenesis.”® Conversely,
CD4+ T-cell subsets, distinguished by their cytokine secretion profiles, encompass various groups, such as Thl, Th2,
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Th17, follicular helper T (Tfh), and regulatory T cells, each of which plays distinct roles in asthma onset and
progression.””>? Increased levels of Th2-associated cytokines (IL-4, IL-5, and IL-13) have been documented in the
bronchoalveolar lavage (BAL) fluid and blood of patients with allergic asthma.’'*? In animal models, the attenuation of
asthma hallmark features following the depletion of OVA-specific Th2 cells further underscores the critical role of these
cells in the disease.*® Furthermore, interventions such as Ma Huang Tang have been shown to ameliorate asthma by
modulating Th1/Th2 cytokines and inhibiting Th17 cells in sensitized mice.>* Tregs, known for their role in suppressing
inflammatory responses and maintaining immune tolerance, exhibit altered abundance in asthma, with a shift away from
Tregs toward an increased presence of Th17 cells. The balance of Tregs in childhood asthma has been linked to clinical
measures such as FEVI and the levels of specific microRNAs (miR-146a-5p and miR-210-3p).*> Additionally,
B regulatory cells (Bregs), a subset of IL-10-secreting B cells, have been identified as key players in modulating allergic
asthma in both murine models and human studies, controlling airway hyperresponsiveness and remodeling.*®*” The
above studies demonstrated a causal relationship between immune cells and childhood asthma.

In addition, we utilize both LASSO regression and SVM feature selection algorithms to pinpoint six principal genes
that significantly influence childhood asthma: ATF4, FCGR3A, GASS5, MGAT3, TAB1, and TCTN3. Our comprehensive
analysis revealed a strong association between genes and immune-related factors, highlighting their pivotal roles within
the immune microenvironment. We delved deeper into the signaling pathways characterized by these enriched genes via
GSVA and GSEA methodologies. Our findings indicate their involvement in critical pathways, such as the IL-2/STATS
pathway, the PI3K/Akt/mTOR pathway, and the TNF pathway. Analysis of the expression levels of disease-related genes
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Figure 8 (A-D) Gene expression of FCGR3A, TCTN3, ALOXS5, and IL4R in ovalbumin-sensitized/activated mouse lung tissue (**p<0.01).

in childhood asthma patients revealed that the expression levels of six key genes were significantly correlated with the
expression levels of disease-related genes. Notably, FCGR3A and ALOXS5 were significantly positively correlated
(=0.626), whereas TCTN3 and IL4R were significantly negatively correlated (+=—0.463). These correlations revealed
the molecular mechanisms through which these key genes may influence the progression of childhood asthma. We
validated the gene and protein expression levels of FCGR3A, TCTN3, ALOXS, and IL4R in a juvenile asthma mouse
model, and the results were consistent with our bioinformatics analysis, which revealed significant predictive effects.
The Fc fragment of IgG receptor I1la (FCGR3A, also known as CD16a), a cell membrane Fc receptor from the Fcy
receptor family that is primarily found on the surfaces of immune cells such as NK cells and macrophages, is essential for
the immune response and antibody-mediated immune effects.*® In our recent research, we discovered that FCGR3A has
a crucial effect on the progression of childhood asthma by influencing various signaling pathways. These include not only
direct asthma-related pathways but also the MAPK signaling pathway, the NF-kappa B, the IL6/JAK/STAT3, and the
PI3BK/AKT/mTOR signaling pathway, among other pathways, such as the reactive oxygen species pathway. In a distinct
study, Theodorou et al* highlighted the importance of the MAPK pathway and its inhibitor, dual-specificity phosphatase-
B 1 (DUSP 1), in the onset of childhood asthma and the protective effects mediated by the environment. Furthermore,
research by Kim et al*” revealed that essential oils from Mentha species could mitigate asthma symptoms when exposed
to PM10 through the IL-6/JAK2/STAT3 signaling pathway. These findings highlight the multifaceted mechanisms
through which various signaling pathways and genetic factors contribute to the complex pathogenesis of asthma,
suggesting new targets for therapeutic intervention and research directions. Additionally, we examined TCTN3,
a protein within the TCTN family found in the transition zone of cilia, located on human chromosome 10.*' While
previous studies on TCTN3 have concentrated on its involvement in ciliopathies, its connection to asthma has not been
investigated.*? Our research suggests that TCTN3 may regulate biological processes related to childhood asthma through
pathways such as lipoic acid metabolism, the PI3K—Akt signaling pathway, and the Rapl signaling pathway. For
example, the PI3K-Akt pathway is involved in immune cell function and inflammation,* whereas the Rapl pathway
is related to cell adhesion and migration.** Abnormalities in these pathways may promote inflammation and allergic
reactions in asthma, thereby affecting disease progression. This opens a new avenue for future research, highlighting the
potential significance of TCTN3 in understanding and treating asthma. Therefore, the findings of this study provide new
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Figure 9 (A-E) Protein expression of FCGR3A, TCTN3, ALOXS, and IL4R in ovalbumin-sensitized/activated mouse lung tissue (’#‘p<0‘0|)‘

guidance for our future research. ALOXS and IL4R are disease-regulating genes associated with childhood asthma.
ALOXS5 (arachidonate 5-lipoxygenase) plays a crucial role in the synthesis of inflammatory mediators, such as
leukotrienes, which are produced by leukocytes and are closely related to asthma inflammation and allergic reactions.
Studies suggest that the expression levels or genetic variations of ALOX5 may impact the risk and severity of asthma.*
IL4R (Interleukin-4 Receptor) is closely associated with childhood asthma. Research has shown that genetic variations in
IL4R are linked to the susceptibility to and severity of asthma. For example, some studies have shown that specific single
nucleotide polymorphisms (SNPs) in IL4R are related to an increased risk of asthma in children.*® Our research revealed
a notable positive association between FCGR3A and ALOXS and a significant negative correlation between TCTN3 and
IL4R. However, a review of the literature revealed that there are no reports on the correlations between FCGR3A and
ALOXS5, TCTN3, or IL4R in childhood asthma, which opens a new direction for future research.
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Certain limitations of this study must be recognized. This study only verified the gene and protein expression levels of
two key genes and disease regulatory genes in asthma disease models through animal experiments. In the future, we need
to conduct larger-scale clinical cohort studies and experiments to confirm the relationship between the expression levels
of two key genes and the expression levels of disease-regulatory genes and clarify their regulatory role in biological
processes related to childhood asthma.

Conclusion

In our research, we successfully established a causal relationship between immune mechanisms and the development of
pediatric asthma via MR analysis. This method significantly reduces the impact of unavoidable confounding factors.
Additionally, we used machine learning techniques to identify six key genes associated with pediatric asthma. Through
enrichment analysis, we were able to identify specific signaling pathways through which these key genes may influence
disease progression. Moreover, by validating the protein and gene expression levels of key genes through animal
experiments, we revealed their roles in the development or regulation of asthma. These findings help in understanding
disease mechanisms and identifying potential therapeutic targets. This study not only deepens our understanding of the
molecular basis of asthma but also paves the way for more effective prevention and treatment of this common childhood
disease.
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