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Purpose: Parthanatos, a Poly polymerase 1 mediated programmed cell death pathway, remains poorly characterized in asthma
pathogenesis. This study integrated transcriptomic data from public asthma datasets and parthanatos-related genes (PRGs) to identify
the key molecular players.

Patients and Methods: Asthma-related datasets GSE69683 (411 asthma and 87 control samples) and GSE134544 (10 asthma and 21
control samples) were obtained from public databases. Through differential expression analysis, weighted gene co-expression network
analysis (WGCNA), and machine learning, three genes (ANXA3, CEACAMG6, and 8d) were prioritized. Functional enrichment linked these
genes to inflammatory and metabolic pathways, including complement/coagulation cascades, spliceosomes, and citrate cycle.

Results: Immune infiltration analysis revealed significant disparities in naive B cells, eosinophils, neutrophils, resting mast cells, and
CDS8 + T cells between asthmatic and control groups. These genes are correlated with lung injury, neoplasms, and broader respiratory
diseases, highlighting their clinical relevance. Predictive analysis identified environmental compounds (eg benzo(a)pyrene, and
estradiol) interacting with all three genes, suggesting therapeutic targets. Preliminary experimental validation via RT-qPCR suggested
the upregulation of CEACAMG6 and CRISP3 expression in asthmatic blood samples.

Conclusion: In conclusion, we identified and preliminarily validated ANXA3, CEACAMS6, and CRISP3 as parthanatos-related key
genes in asthma, providing a foundational gene signature for subsequent research into asthma diagnostics and mechanisms.
Keywords: asthma, parthanatos, key genes, enrichment analysis, immune infiltration

Introduction

Asthma is a widespread long-term inflammatory condition that affects bronchial passages and is defined by sustained
bronchial hyperreactivity and persistent inflammatory activity, manifesting clinically through recurrent wheezing epi-
sodes, dyspnea, and thoracic constriction.'> Global epidemiological data from 2019 indicate that asthma affects
approximately 262 million individuals worldwide, 5-10% of asthmatics developing severe phenotypes. Notably, one
subset demonstrates refractory symptomatology that is unresponsive to optimized inhaled corticosteroid (ICS) regimens
combined with adjunctive controller therapies.” Patients with severe asthma face numerous formidable challenges: they
are at an increased risk of exacerbations, hospitalization, and mortality, leading to poor quality of life and imposing
a significant socioeconomic burden.* Emerging evidence implicates multifactorial determinants of asthma exacerbation
severity, including hypovitaminosis D, dysbiosis of enteric and bronchial microbiota, inhalation exposure to cigarette
smoke, ambient particulate matter, hereditary predisposition loci, and diverse environmental cofactors.” Emerging
research has proposed a precision medicine framework employing phenotypic profiling of modifiable biomarkers with
demonstrated translational capacity for refining diagnostic specificity and implementing dynamic therapeutic algorithms.
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However, the etiopathogenetic mechanisms underlying asthmatic disease progression remain incompletely delineated.®
These pathophysiological uncertainties underscore the necessity of implementing advanced diagnostic protocols with
temporal precision, concurrent with pioneering translational research pipelines targeting novel molecular phenotyping
and pharmacotherapeutic discovery, to optimize therapeutic stratification of asthmatic disorders.

Parthanatos is a specialized cell death modality characterized by PARP-1 hyperactivation-mediated chromatinolysis,
exhibiting pathophysiological signatures distinct from canonical programmed cell death mechanisms.” PARP1-mediated
cell death is triggered by excessive activation of poly ADP-ribose polymerase-1 following exposure to pathological
conditions, including oxidative damage and inflammatory responses.® PARP-1 is a pivotal stress-responsive enzyme that
consists of 1014 amino acids, has a total molecular weight of approximately 113 kDa, and contributes to the maintenance
of genomic stability and DNA repair.”'° Pathological stimuli induce excessive PARP-1 activation, resulting in abnormal
accumulation of poly(ADP-ribose) polymers. The synthesized PAR polymers subsequently translocate from the nuclear
compartment to the cytoplasmic space via membrane transport mechanisms. Within the cytoplasmic milieu, mobilized
PAR species specifically interact with apoptosis-inducing factor (AIF), forming molecular complexes that facilitate AIF’s
retrograde trafficking of AIF to the nuclear region. This subcellular redistribution culminates in the activation of
parthanatos, a distinct caspase-independent programmed cell death pathway.'®'! As a non-apoptotic form of regulated
necrosis, parthanatos induce cell death through chromatin destabilization and plasma membrane permeabilization. This
molecular pathway contributes to the pathogenesis of multiple disorders by mediating genomic instability and inflam-
matory signaling activation through damage-associated molecular pattern (DAMP) release.® Bronchial epithelium
obtained from chronic smokers demonstrated upregulated parthanato signaling, as evidenced by PAR polymer accumula-
tion and nuclear-to-cytoplasmic AIF translocation. Pharmacological PARP-1 suppression through talazoparib (BMN673)
administration significantly attenuated cigarette smoke extract-induced parthanato activation, as quantified by reduced
PARylation and mitochondrial-nuclear AIF redistribution in primary HBE cultures.'” The overexpression of PARP1
activates the expression of inflammatory cytokines and signalling pathways in macrophages.'® In intestinal epithelial
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models, oxidative stress-mediated genomic instability triggers sequential molecular events. PARP-1 hyperactivation leads
to excessive poly, mitochondrial-nuclear shuttling of apoptosis-inducing factors, collectively activating the parthanato
cascade. This programmed necrosis pathway subsequently amplifies inflammatory signaling.'* Parthanatoss-mediated
inflammation plays a crucial role in disease progression. While apoptosis and necroptosis have been studied in asthma,
the specific role of PARP1-dependent parthanatos remains largely unexplored. A systematic analysis to identify key
drivers of this pathway in the asthmatic airway is lacking.

We hypothesized that parthanatos contributes to asthma pathology, and that key genes driving this process could be
identified through a comprehensive bioinformatic approach. Therefore, this study was based on transcriptomic data from
public databases and employed bioinformatic methods to identify key genes related to parthanatos in asthma. A deep
learning architecture was engineered using the identified genetic biomarkers, implementing a feedforward neural network
for diagnostic prediction modeling. Subsequently, the immune microenvironment, enriched pathways, and regulatory
networks were analyzed to determine their potential roles. Finally, drug predictions were made based on key genes.
Furthermore, the validation of key genes in clinical samples is essential. In summary, this study is based on publicly
available transcriptomic data of asthma and aims to screen key genes associated with parthanatos in asthma using
bioinformatics and machine learning methods, reveal their potential mechanisms of action, and evaluate their potential as
diagnostic biomarkers.

Materials and Methods

Data Collection

Asthma-related datasets (GSE69683 and GSE134544) were downloaded from Gene Expression Omnibus (GEO; http:/www.
ncbi.nlm.nih.gov/geo) database. GSE69683 (GPL13158), comprising 411 asthma and 87 control peripheral blood samples, was
used as the training set. The GSE134544 repository (GPL10558) included 10 asthma and 21 control blood samples, and served as
the validation set. The parthanatos-related genes (PRGs) used in this study were obtained by integrating gene sets from published

literature. Specifically, we included nine genes reported by Li et al (Journal of Molecular Neuroscience, 2024)"° and twenty-three
genes reported by Li et al (Medicine, 2024)."° After removing duplicates, a total of twenty-nine unique PRGs were acquired for
subsequent analyses.

Differential Expression Analysis

The linear modeling framework (version 3. 54. 0)'” was utilized to conduct differential expression analysis to detect
differentially expressed genes (DEGs) between the asthmatic and non-asthmatic groups in the training set. DEGs were
identified using a significance threshold of p < 0. 05 and |[log2Fold Change (FC)| > 0. 5. Subsequently, ggplot2 (v3. 4. 4)'®
was implemented to construct a volcano map of DEGs, whereas the pheatmap library (v1. 0. 12)'° was used to generate heat
maps depicting the top ten upregulated and downregulated DEGs.

Weighted Gene Co-Expression Network Analysis (WGCNA)

Initially, single-sample gene set enrichment analysis (ssGSEA) scores of PRGs expressed in the training set were calculated
across all samples using GSVA package (version 1. 46. 0).° The Wilcoxon test (p < 0. 05) was used to analyze the
differences in ssGSEA scores between patients with asthma and controls. WGCNA was conducted on the training set to
identify module genes highly correlated with ssGSEA scores, using the WGCNA package (version 1. 71).?' Hierarchical
clustering based on Euclidean distances of expression levels was performed to detect potential outliers among samples.
Subsequently, optimal soft thresholding () was implemented for co-expression network construction, with a threshold set
with R2 at an appropriate value and mean connectivity near 0 to achieve a scale-free topology. This approach ensures that
the network accurately reflects the underlying biological relationships. Gene modules were identified using the following
specific parameters: minModuleSize = 100, deepSplit = 4, and mergeCutHeight = 0.2. These settings helped to delineate
distinct gene modules from the co-expression network. To identify key modules, correlation analysis was conducted
between the ssGSEA scores (as traits) and gene modules. Key modules defined by strong correlations (jcor| > 0.3, p <0.05)

Journal of Inflammation Research 2026:19 hetps: 3


http://www.ncbi.nlm.nih.gov/geo
http://www.ncbi.nlm.nih.gov/geo

Zhao et al

were selected. Genes within these key modules were designated as key module genes that were potentially implicated in the
biological processes under investigation.

|dentification and Enrichment Analysis of Candidate Genes

Candidate genes were identified by intersecting DEGs with key module genes. To explore their biological functions and
related signaling pathways, GO and KEGG enrichment analyses were performed using the clusterProfiler package
(version 4. 7. 1. 003)** with the significance set at p < 0. 05. GO terms encompassed biological processes (BP), cellular
components (CC), and molecular functions (MF). Further investigation into functionally related candidate genes and their
associated functions was performed using GeneMANIA (http://www.genemania.org/).

Screening of Key Genes

Candidate signature genes were initially identified and screened using machine learning algorithms, specifically LASSO
and Boruta, which were performed using glmnet (version 4. 1-4)* and Boruta package (version 8. 0. 0).>* Feature genes
identified by both algorithms were then intersected to derive candidate key genes. Following this analytical phase, we
performed a comparative analysis of the transcriptional profiles of the candidate key genes in the asthmatic and non-
asthmatic groups in the training and validation sets (p < 0. 05). Genes showing significant differences between the asthma
and control groups, with consistent trends across both sets, were designated as the key genes.

Functional Analysis of Key Genes

After identifying the key genes, an artificial neural network (ANN) was developed to assess their diagnostic utility using
the neuralnet package (version 1. 44. 2),%° receiver operating characteristic (ROC) curves were employed to quantify the
discriminative capacity in the training and validation sets. Intergene relationships were assessed using Spearman
correlation coefficient and the corrplot package (version 0. 92)*° was employed to visualize significant correlations (|
cor| > 0. 3, p <0. 05) in a heatmap. Protein-level classification of the key genes was performed using the PANTHER
classification system (http://www.pantherdb.org). Gene Set Enrichment Analysis (GSEA) was conducted to explore the

potential functional pathways associated with key genes using the clusterProfiler package (p < 0.05). First, the Spearman
correlation coefficients of the key genes and all genes were calculated using the psych package (version 2.2.9)*7 in the
training set. All genes were ranked by correlation coefficients from large to small, and the corresponding lists of key
genes were obtained. The “c2.cp.kegg.v7.4. symbols. gmt” was used as the reference genome repository from MSigDB.
Upstream pathways influencing key genes were inferred using the SPEED2 database (https://speed2.sys-bio.net/), and

chi-square analysis was used to detect grade changes in enriched pathways ranked accordingly based on these changes.

Immune Infiltration Analysis

Immunocyte infiltration is a critical determinant of disease defense mechanisms. Thus, the CIBERSORT algorithm was
employed to analyze the infiltration of immunocytes across all samples in the training set (p < 0. 05), revealing distinct
immunocyte compositional disparities between asthmatic and non-asthmatic groups. (p <0.05). Spearman correlation analysis
was then applied to delineate the interactions between key genes and phenotype-specific immune cells (Jcor| > 0.3, p < 0.05).

RNA Modification Analysis of Key Genes

moOA methylation is a chemical modification that occurs on an RNA molecule, serving as a key regulatory mechanism
that governs mRNA processing, and has been demonstrated to exert significant functional impacts across multiple
physiological pathways. Nucleotide sequence data of the key genes were acquired from the National Center for
Biotechnology Information (NCBI, https://www.ncbi.nlm.nih.gov/), and the m6A site of each key gene was predicted
using SRAMP (http://www.cuilab.cn/sramp/).

Regulatory Network Analysis
To explore the molecular regulatory mechanisms of key genes, microRNAs (miRNAs) targeting key genes were
predicted using ENCORI (https://starbase.sysu.edu.cn/) and miRWalk (http://mirwalk.umm.uni-heidelberg.de/) databases.
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Key miRNAs were identified through an intersection analysis of the two databases. After that, upstream transcription
factors (TFs) were predicted using JASPAR database (https://jaspar.elixir.no/). Finally, Cytoscape software (version

3.9.1)*® was used to visualize the TF-miRNA-key gene regulatory network.

Disease Association Analysis and Compound Prediction
We used a comparative toxicogenomics database (CTD, http://ctdbase.org/) to explore the involvement of key genes in

other respiratory tract diseases. This database was used to investigate the relationships between respiratory tract diseases
and key genes and to quantify their interaction scores. Bar diagrams were generated to highlight diseases that were
significantly associated with each key gene. Additionally, the CTD was used to predict potential compounds or molecular
compounds linked to these key genes. The resulting interactions were visualized using the Cytoscape software,
illustrating an interaction network between genes and their associated compounds.

Expression Analysis of Key Genes

To preliminarily explore and verify the expression of key genes in clinical samples, we collected 10 blood samples (5
from clinically confirmed asthma cases and 5 from demographically matched healthy donors) for reverse transcription
quantitative polymerase chain reaction (RT-qPCR) experiments after reviewing similar studies.?**° Asthma diagnostic
criteria reference the 2025 GINA Global Strategy for Asthma Management and Prevention: The diagnosis is established
by the presence of typical variable respiratory symptoms (such as wheeze, shortness of breath, chest tightness, and
cough) together with the objective confirmation of variable expiratory airflow limitation. Key evidence includes
a positive bronchodilator test (an increase in FEV| of >12% and >200 mL), an average daily diurnal peak expiratory
flow (PEF) variability of >13%, or a significant improvement in lung function after 4 weeks of anti-inflammatory
treatment. Furthermore, a FeNO level greater than 35 ppb or an elevated blood eosinophil count provides definitive
supportive evidence for a Type 2 asthma phenotype.®’ As shown in Table 1, the demographic information for all donors
is summarized. This research protocol has been approved by the Ethics Committee of Baoshan People’s Hospital,
No. 2024LL12-024-001.

RT-qPCR was performed using an S1000™ Thermal Cycler ordinary PCR instrument (Bio-Rad) and a CFX Connect
real-time quantitative fluorescence PCR instrument (Bio-Rad). Total RNA was isolated from whole blood specimens
using TRIzol reagent (Ambion) RNA was subjected to reverse transcription using a SweScript First Strand cDNA
synthesis kit. cDNA was generated by reverse transcription using the SweScript First Strand cDNA synthesis kit. Each
RT-gPCR reaction system contained 3uL. cDNA, 5uL 2x Universal Blue SYBR Green qPCR Master Mix, 1uL forward
primer and 1pL reverse primer. The primers used are listed in Table 2. Differences in gene expression between the
asthma and control groups were analyzed using #-tests. P < 0. 05 was considered statistically significant. There were two
groups (asthma and normal control), and each group had five biological replicates.

Statistical Analysis

Analyses were performed using R programming language (version 4.2.2). The Wilcoxon rank-sum test was used to
compare differences between the two groups. Statistical significance was set at P < 0.05. All the analytical processes of
this study are shown in Figure 1.

Table | Baseline Demographics of All Donors

Patient ID | Gender | Age (Year) | Nationality
| Male 9 Han
2 Female 7 Han
3 Male 5 Han
4 Male 4 Lisu
5 Female 6 Han
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Table 2 Primers of Key Genes (ANXA3, CEACAMS6, CRISP3,
Internal Reference GAPDH)

Primer Sequence

ANXA3 F AATTGTGTGAGGAACACGCC
ANXA3 R CTGTTGGGAAAGCCCATCGT
CEACAMS F GACAGCAGAGACCATGGGAC
CEACAMS6 R TAGTGAGCTTGGCAGTGGTG
CRISP3 F TTCATACCTCGTTGGATGTGGA
CRISP3 R TCGTCACAGTTATCTGGGCAA
Internal reference GAPDH F | CGAAGGTGGAGTCAACGGATTT
Internal reference GAPDH R | ATGGGTGGAATCATATTGGAAC

Results
Identification of DEGs and Key Module Genes in Asthma

From the training set, 50 genes showed differential expression, identifying DEGs, with 38 upregulated and 12 down-
regulated genes in asthma (Figure 2a and b). Among the 29 PRGs, 25 genes were expressed in the training set and their
PRGs ssGSEA scores were significantly lower in the asthma group (Figure 2c). No outliers were found in the training
set; therefore, all the samples were retained for further analysis (Figure S1). The optimal soft thresholding (B) (R2 = 0.
85, mean connectivity approaching 0) chosen for constructing a scale-free network was 7, resulting in 12 co-expression
modules (Figure 2d and e¢). Among these modules, the tan (cor = 0. 55, p < 0. 05), and magenta (cor = —0. 54, p < 0. 05)
modules displayed the highest positive and negative correlations with ssGSEA score, identifying them as key modules
(Figure 2f). A total of 1065 genes within these modules were designated as key module genes.

GSE69683 (training set) WGCNA
asthma and controls samples GSE69683 (training set)

Key module genes I

llntersection

[ GO and KEGG ](—[ Candidate genes ]—)[ GeneMANIA ]
Machine learning

[ Candidate key genes ]

Figure | The analysis flowchart of this study.
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Corresponding Pathways Associated with Candidate Genes

The intersection of 50 DEGs and 1065 key module genes yielded 6 candidate genes (Figure 3a). Through enrichment
analyses, 191 GO terms and 6 KEGG pathways of the 6 candidate genes were enriched. These GO terms included
neutrophil-mediated immunity, specific granules, and phospholipase inhibitor activity (Figure 3b).
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KEGG pathway enrichment analysis revealed associations between arginine biosynthesis and its interconversion with
proline, essential amino acid anabolic pathways, amoebiasis-related signaling cascades, the C-type lectin receptor
signaling pathway, and efferocytosis (Figure 3c).

These signaling networks exert pivotal regulatory functions in the immune response, cell signal transduction, and
metabolism in patients with asthma. Genes functionally related to candidate genes were identified from the GeneMANIA
database, such as S100A8, S100A12, and CEACAMS, which are associated with functions such as secretory granule
lumen, specific granules, and tertiary granules (Figure 3d).

ANXA3, CEACAM6 and CRISP3 Were ldentified as Key Genes

We utilized machine-learning algorithms to select feature genes. The LASSO method identified four feature genesl
(ANXA3, CRISP3, CEACAMG, and INSC) that were not penalized to zero when lambda-min = 0.008089253 and
log (lambda) = —4.817219 (Figure 4a). Subsequently, ANXA3, CLEC4D, ARG1, CRISP3, CEACAMS6, and INSC
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were selected as feature genes2 using Boruta (Figure 4b). Feature genesl and feature genes2 were intersected and
yielded four candidate key genes: ANXA3, CRISP3, CEACAMS6, and INSC (Figure 4c). Among these candidate
key genes, ANXA3, CEACAMS6, and CRISP3 exhibited notably higher expression in the asthma group in both
datasets, thus identifying them as key genes associated with asthma (Figure 4d and e).

Key Genes Had Excellent Diagnostic Performance

An ANN model was constructed based on the identified key genes to assess the diagnostic performance
(Figure 5a). The confusion matrix diagram demonstrated a predictive accuracy of 100% for both the datasets
(Figure 5b). Furthermore, area under curve (AUC) value exceeded 0.7 in each of the two datasets, indicating
excellent diagnostic performance of ANN model (Figure 5c). These results collectively illustrate the robustness of
the ANN model constructed using key genes for diagnosing asthma. Subsequently, an analysis of the interconnec-
tions between key genes was conducted, demonstrating statistically positive associations (cor > 0.3, p < 0.05)
(Figure 5d). At the protein level, ANXA3 is classified as a calcium-binding protein, CEACAMG6 as an immuno-
globulin superfamily cell adhesion molecule, and CRISP3 as a defense/immune protein (Table 3).

Corresponding Pathways of Key Genes Were Screened

GSEA was performed to identify potential biological pathways associated with key genes in asthma, which revealed significant
findings. Specifically, ANXA3, CEACAMSG6, and CRISP3 were enriched in 54, 55, and 42 pathways, respectively. Notably,
these pathways encompassed crucial biological processes, such as complement and coagulation cascades, spliceosome, Toll-
like receptor(TLR) signal transduction cascade, and citrate cycle TCA cycle (Figure 6a—c). Moreover, upstream analysis
highlighted that the Hippo and MAPK+PI 3 K signaling pathways had the highest activity (Figure 6d). These pathways are
pivotal in asthma and influence the inflammatory responses, metabolic regulation, and signal transduction mechanisms.
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Figure 5 Diagnostic performance and intergene correlations of key genes. (a) Schematic representation of the artificial neural network (ANN) model for asthma diagnosis.
Input nodes include key genes (ANXA3, CEACAMS6, CRISP3), with hidden layers (H1, H2) and output nodes (Asthma/control). (b) Confusion matrices for training (left) and
validation (right) sets. Both achieved 100% accuracy in distinguishing asthma from controls. (c) Receiver operating characteristic (ROC) curves for the ANN model. Training
set AUC = 0.749 (left); validation set AUC = 0.800 (right), indicating robust diagnostic capability. (d) Spearman correlation matrix among key genes. All pairwise correlations
were statistically significant (CRISP3-CEACAMS: r = 0.78; ANXA3-CEACAMS: r = 0.56; ANXA3-CRISP3: r = 0.58; p < 0.05).
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Table 3 Protein Classification of Key Genes (ANXA3, CEACAMS6, CRISP3) Identified in Asthma

Gene ID Mapped PANTHER Family/Subfamily PANTHER Protein Class Species

IDs
HUMAN|HGNC=541| ANXA3 ANNEXIN A3 (PTHR10502:SF25) Calcium-binding protein Homo sapiens
UniProtKB=P 12429
HUMAN|HGNC=1818| CEACAM6 | CARCINOEMBRYONIC ANTIGEN-RELATED CELL ADHESION | Immunoglobulin superfamily cell Homo sapiens
UniProtKB=P40199 MOLECULE 6 (PTHR44337:SF24) adhesion molecule
HUMAN[HGNC=16904| CRISP3 CYSTEINE-RICH SECRETORY PROTEIN 3 (PTHR10334:SF588) Defense/immunity protein Homo sapiens

UniProtKB=P54108

Diverse Immune Infiltration Between Asthma and Control Groups

The quantitative distribution of the 22 immunocyte subsets in the training set is depicted in Figure 7a, highlighting
the significant differences in immunocyte subsets (naive B cells, eosinophils, neutrophils, resting mast cells, and
CD8 T cells) between the asthma and control groups (p < 0.05) (Figure 7b). Correlation analysis further indicated
a statistically positive association between ANXA3 expression and neutrophils (OR = 0.31, p < 0.05) (Figure 7c¢).
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Potential Regulatory Mechanism Was Found of Key Genes in Asthma

ANXA3 exhibited a higher propensity for m6A methylation around the 800 bp region, CEACAM6 showed increased
m6A methylation at positions between 1000 and 1500 bp, and CRISP3 displayed a tendency for m6A methylation around
the 2000 bp position. These methylation patterns can significantly influence gene expression and potentially affect asthma
pathogenesis. (Figure 8a—c). In addition, 45 and 4238 miRNAs were predicted using the ENCORI and miRWalk
databases, respectively. By intersecting miRNA-key gene interaction pairs derived from the two databases, 17
miRNAs were identified. Additionally, ANXA3, CEACAMS6, and CRISP3 were predicted to be regulated by 5, 6, and
8 TFs, respectively. Notably, SRF and NFYA were identified as common regulators of both CEACAM6 and CRISP3;
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Figure 8 m6A methylation patterns and regulatory networks of key genes in asthma. (a) Predicted mé6A methylation sites in ANXAS3. Peaks indicate methylation propensity,
with the highest density near 800 bp (SRAMP prediction). (b) m6A methylation profile of CEACAMS, showing enriched sites between 1000—1500 bp. Color gradients reflect
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FOXL1 regulated CEACAM6 and ANXA3, whereas YY1 regulated ANXA3 and CRISP3, underscoring potential
synchronized regulatory mechanisms involving these genes in the context of asthma (Figure 8d).

Exploring Interaction of Key Genes with Compounds and Respiratory Tract Diseases
The analysis of key genes related to respiratory tract diseases revealed significant associations with lung disease, lung injury,
and lung neoplasms (Figure 9a—c). These findings underscore the pivotal role of these genes in respiratory conditions and
suggest their potential utility as diagnostic markers for asthma. Predictive analysis identified 196, 63, and 22 compounds that
interacted with ANXA3, CEACAMBS6, and CRISP3, respectively. Notably, substances such as benzo(a)pyrene, bisphenol A,
estradiol, and tetrachlorodibenzodioxin were predicted to interact with all three key genes among the top 20 compounds with
the strongest correlation. Further investigation of these compounds could reveal their critical roles in asthma (Figure 9d).
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Figure 9 Association of Key Genes with Respiratory Tract Diseases and Interacting Compounds (a) ANXA3 exhibits associations with lung injury, lung neoplasms,
pneumonia, and pulmonary edema, as quantified by interaction scores from the Comparative Toxicogenomics Database (CTD). (b) CEACAMé6 demonstrates links to lung
diseases, lung injury, lung neoplasms, pulmonary fibrosis, and asthma. (c) CRISP3 interacts with acute lung injury, respiratory hypersensitivity, and lung neoplasms, as
reflected by its interactive scores in CTD analysis. (d) Interaction network of key genes and top 20 correlated compounds.
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Figure 10 Expression of Key Genes in Asthma Patients and Healthy Controls (a) CEACAMS6 expression is upregulated in asthma patients (p < 0.05). (b) CRISP3 expression
is increased in asthma patients (p < 0.05). (c) ANXA3 shows no significant expression difference between groups. ns represents p > 0.05, and * represents p < 0.05.

Expression of Key Genes

To preliminarily explore and verify the expression of key genes in clinical samples, we performed RT-qPCR experiments
on 10 clinical samples. RT-qPCR showed that the expression of CEACAM6 and CRISP3 in asthmatic patients was
significantly upregulated compared with that in healthy control blood samples (p < 0. 05) (Figure 10a and b), which is
consistent with our findings in the training set (GSE69683). However, no statistical differences were observed for
ANXA3 expression (Figure 10c).

Discussion

Asthma manifests as a persistent immunopathological disorder of the airway, characterized by an orchestrated interplay
between heterogeneous immune effector cells and stromal molecular mediators. In recent years, its prevalence has
progressively escalated and current therapeutic methods have shown inadequate control, leading to a significant eco-
nomic burden on affected families and society.'***

This underscores the critical importance of identifying new key genes and exploring underlying etiological pathways
to implement effective interventions for disease management. Parthanatos, a recently identified PARP-1-mediated cell
death pathway, is biochemically distinct from apoptosis.” Emerging evidence implicates parthanatos as a contributing
factor to the development of diverse diseases; however, research on its biological role in asthma remains limited. This
study integrates bioinformatics and machine learning techniques to elucidate the role of parthanatos in asthma. We
identified three key genes: ANXA3, CEACAMS6, and CRISP3. Notably, the upregulation of CRISP3 constitutes a novel
finding, whereas ANXA3 and CEACAMS6 were further validated as being associated with asthma and were investigated
within the context of parthanatos for the first time.

The involvement of ANXA3 (Annexin A3) in inflammation and cell death has been documented,** yet its relationship
with asthma, particularly concerning parthanatos, remains ambiguous. Research conducted by Zen et al indicated an

upregulation of ANXA3 in asthma,

aligning with our bioinformatics analysis. Mechanistically, ANXA3 has been
demonstrated to influence macrophage polarization and intensify inflammation via signaling pathways such as AKT/
GSK3p/B-catenin.***> Notably, evidence indicates that ANXA3 may directly modulate cellular oxidative stress responses
and apoptosis,’® processes that share upstream activation signals with parthanatos. Consequently, we propose that
ANXA3 could function as a mediator between inflammatory signals and parthanatos, potentially enhancing PARP-1
activation by amplifying oxidative stress signals. However, it is important to note that our validation using clinical
samples did not reveal a statistically significant upregulation of ANXA3. This inconsistency may be attributed to several
factors. First, the small sample size may have limited the statistical power to detect subtle expression differences. Second,
and more biologically significant, is the possibility that ANXA3 expression may vary depending on sample type or
asthma phenotype. Our study found a positive correlation between ANXA3 and neutrophil infiltration, strongly
suggesting that it may play a more critical role in neutrophilic asthma or non-Th2 inflammatory phenotypes. Future
research should further validate the expression and function of ANXA3 in larger, finely phenotyped asthma cohorts (eg,
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distinguishing eosinophilic from neutrophilic phenotypes, or steroid-sensitive from steroid-resistant types) and in more
disease-specific samples (such as induced sputum, bronchoalveolar lavage fluid, or airway biopsy tissues). Elucidating
the role of ANXA3 in specific asthma subtypes will contribute to more precise asthma phenotyping and treatment.
CEACAMS, a cell adhesion molecule known for its high expression in severe asthma,® was not only reaffirmed in our study
but also provided new mechanistic insights. Its established functions include promoting neutrophil recruitment and disrupting the

1,12’13 and

epithelial barrier.®® Studies have indicated that chronic inflammation and oxidative stress can activate PARP-
CEACAMBG itself can serve as a response molecule to cellular stress. Therefore, we hypothesize that in the persistent
inflammatory milieu of asthma, factors such as oxidative stress may trigger parthanatos. The increased expression of
CEACAMBS could potentially exacerbate the tissue damage induced by this process, fostering a detrimental cycle of “inflamma-
tion-oxidative stress-parthanatos-barrier damage”. This cycle compromises epithelial barrier integrity, thereby heightening the
airways’ susceptibility to external stimuli. A core finding of this study is the upregulation of CRISP3 in asthma, marking the first
established association of this kind. CRISP3 is a member of the cysteine-rich secretory protein family, with known functions that
include binding to Alpha-1-B-glycoprotein (A1BG) and involvement in prostate cancer and inflammatory responses.>’* Recent
research suggests that CRISP3 can promote leukocyte migration and neutrophil degranulation.®® Substances released during
neutrophil degranulation, such as elastase, can directly induce DNA damage, a critical upstream event that activates PARP-1 and
leads to parthanatos.®'? Consequently, we propose a hypothetical mechanism: in asthma, particularly neutrophilic asthma, the
upregulation of CRISP3 may enhance the inflammatory activity of neutrophils, resulting in significant tissue and DNA damage.
This damage, in turn, excessively activates PARP-1, inducing parthanatos in airway epithelial cells. This mode of cell death
further exacerbates inflammation through the release of Damage-Associated Molecular Patterns (DAMPs),® thereby establishing
a positive feedback loop.

GSEA was performed to identify potential biological pathways associated with key genes in asthma, which revealed
significant findings. ANXA3, CEACAMG6, and CRISP3 collectively enriched the complement and coagulation cascades, TLR
signaling pathway, citrate cycle, etc., up to a total of 27 pathways. They play critical roles in the inflammatory responses and
metabolic regulation in asthma. Studies have demonstrated that differentially expressed proteins identified during acute
asthma exacerbations participate in the pathophysiological regulation of complement and coagulation cascades.*® Recent
research has revealed substantial activation of multiple TLR-associated mechanisms in asthmatic conditions, including
coordinated activation of TLR2/3/4 signaling axes, concurrent engagement of both MyD88-adaptor mediated and alternative
signaling branches, enhanced regulatory activity within the TLR4 cascade, and distinct molecular interaction profiles at TLR
ligand-binding domains.*' TLR4 is a key factor in the aggravation of asthma induced by aluminum oxide nanoparticles
through regulation of nuclear transcription factor-kappa B phosphorylation.** Investigations have shown that neutrophilic
adhesive interactions and transendothelial migration dynamics observed in asthmatic individuals are mediated by interactions
between LFA-1 and ICAM-1.* Primary immunodeficiency, as a coexisting state in adult-onset asthma populations, sig-
nificantly elevates the relative risk coefficient for acute exacerbation events, potentially predisposing patients to accelerated
disease progression toward refractory asthma phenotypes.** Emerging evidence indicates that compromised immunological
homeostasis serves as a predisposing factor for repetitive respiratory infections, establishing a causal pathway for asthma
pathogenesis.** These genes primarily influence asthma by modulating immune pathways.

This study conducted an immune infiltration analysis between the asthma and non-asthmatic groups, and the results
revealed statistically significant differences in five types of immunocyte subsets (naive B cells, eosinophils, resting mast
cells, neutrophils, and CD8 T cells) between the two groups. Studies have shown that children with allergic asthma have
reduced naive B cells compared with healthy children.*® Another study indicated that naive B cells were significantly
increased in patients.*’

These studies suggest that comprehensive immunophenotyping of B lymphocyte subsets provides critical insights into
the pathophysiological heterogeneity and prognostic stratification of asthma endotypes. Following their initial immuno-
logical characterization, eosinophils have been implicated in asthma pathogenesis, with contemporary clinical stratifica-
tion identifying a Th2-high asthma variant defined by sustained eosinophil infiltration. Studies have shown that
terminally differentiated eosinophils exhibit functional plasticity and phenotypic heterogeneity, with distinct subpopula-
tions emerging through further development, immunophenotype, sensitivity to growth factors, localization, role, and fate
in tissues, contributing to the pathogenesis of various diseases, including asthma. Local adaptations of eosinophil
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function through interactions with lung tissue niches. Therefore, a better understanding of eosinophils would lead to
a more precise diagnosis and classification of asthma subtypes, which could further improve the treatment outcomes.*®*
However, emerging studies have demonstrated the critical involvement of neutrophils in asthma pathogenesis.
Neutrophils demonstrate airway-predominant infiltration via chemotaxis amplification and apoptosis suppression pre-
ceding eosinophil recruitment, thereby instigating neutrophil-dominated airway inflammation. Neutrophils release elas-
tase, myeloperoxidase, extracellular traps, and inflammatory mediators, which drive asthma pathogenesis.’® Non-Th2
/type 2 asthma endotypes demonstrate corticosteroid refractoriness.

Currently, “NETosis”, a neutrophil death modality, is a pathogenic driver of asthma that exacerbates inflammatory
cascades while impeding epithelial restitution, linking this process to corticosteroid-refractory asthma phenotypes.*
Individuals with asthma are susceptible to recurrent viral pathogens and exhibit compromised viral clearance. Studies
have shown that pulmonary tissue-resident memory CD8+ T lymphocytes mediate accelerated antiviral defence during
secondary pathogen challenges. Allergen-primed pulmonary niches affect the establishment of antiviral resident memory
CDS8 + T cells and viral clearance.”’ Human Rhinovirus (HRV) is the primary etiological driver of acute episodes of
chronic respiratory pathologiesincluding asthma. Recent studies have suggested that HRV-targeted CD8 T cell epitopes
induce broad-spectrum immunoreactivity (87% population coverage), positioning these epitopes as prime candidates for
HRV vaccine design to mitigate HRV-induced asthma exacerbations.>

This study has several limitations. First, the sample size employed for the initial validation of key gene expression
through RT-qPCR was relatively small, potentially limiting statistical power. Second, the public datasets utilized lacked
comprehensive clinical phenotypes, such as asthma control levels and exacerbation history, which hinders further
exploration of the relationship between key genes and specific disease endotypes. Additionally, functional experiments
have not yet been performed; therefore, critical questions regarding the influence of these key genes on parthanatos and
asthma, as well as alterations in their protein levels and subcellular localization, remain to be investigated in future studies.

Given these limitations, our future research will concentrate on several key areas. First, we will increase the clinical sample
size and systematically document detailed phenotypes, including asthma control status and exacerbation frequency. This
approach aims to validate the expression profiles of key genes in relation to specific clinical endotypes and assess their
potential as stratified biomarkers. Second, we intend to conduct functional validation in vitro by either overexpressing or
knocking down the key genes in cell models. This will be complemented by parthanatos-specific assays, such as PAR polymer
detection and AIF nuclear translocation analysis, to directly confirm their regulatory roles in this cell death pathway.
Additionally, we will utilize techniques such as Western blotting and immunohistochemistry/immunofluorescence to further
explore the dynamics of protein expression and changes in the subcellular localization of these genes in asthma. This
comprehensive approach will enhance our functional and mechanistic understanding of their roles in the disease.

Conclusion

This study employed transcriptomics and machine learning to identify ANXA3, CEACAMS6, and CRISP3 as key genes
closely linked to the parthanatos process in asthma. The notable upregulation of CEACAMG6 and CRISP3 in clinical
samples, along with their robust associations with specific immune cell infiltration and inflammatory pathways, under-
scores their potential as diagnostic biomarkers for asthma. While bioinformatic analyses indicated a possible role for
ANXA3, its expression did not achieve statistical significance in an independent clinical cohort. Consequently, the role of
ANXA3 in asthma necessitates further validation in future studies that utilize diverse sample types or concentrate on
specific asthma phenotypes.

In summary, our study delineates the molecular landscape of parthanatos in asthma, emphasizing the significant roles
of CEACAMS6 and CRISP3. These findings establish a robust foundation for elucidating asthma-related signaling
networks and aim to facilitate the development of innovative treatments and personalized therapies for asthma.
However, it is crucial to underscore that validating these genes as authentic therapeutic targets will necessitate
comprehensive functional experiments to clarify their causal roles in asthma pathology. Future research will expand
upon these discoveries to investigate the specific molecular mechanisms through which these genes regulate parthanatos
and assess their potential for clinical application.
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