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ABSTRACT
Background: Pediatric cough-variant asthma is characterized by chronic airway infammation and epithelial dysfunction driven
by complex cellular interactions and molecular regulatory networks. Understanding the cellular heterogeneity and molecular
mechanisms underlying pediatric asthma pathogenesis remains challenging. Single-cell RNA sequencing (scRNA-seq) provides
unprecedented resolution to dissect the molecular landscape of asthmatic airways at the individual cell level.
Methods: We performed a comprehensive single-cell transcriptomic analysis of airway epithelial tissues from pediatric asthma
patients using the 10x Genomics platform. Following stringent quality control, dimensionality reduction analysis, and cell
clustering, we identifed distinct cell populations and characterized their molecular signatures. Developmental trajectory analysis
was performed using the Monocle algorithm, and functional enrichment analysis was conducted to elucidate biological pathways.
Additionally, network pharmacology was employed to explore the multitarget mechanisms of the traditional Chinese medicine
formula Xiao Qing Long Tang (XQLT) in treating asthma.
Results: We successfully constructed a single-cell atlas of pediatric asthma airway epithelium, identifying seven major cell
subtypes: eosinophil cells, basal cells, ciliated cells, goblet cells, club cells, ionocyte cells, and deuterosomal cells. High-resolution
analysis revealed 23 distinct macrophage subpopulations (M1–M23) with unique transcriptional profles. Key genes including
KRT16, CXCL5, MMP10, ADAM12, and MALAT1 showed cell type–specifc expression patterns. Pseudotime trajectory analysis
revealed aberrant diferentiation pathways from basal cells to specialized epithelial cells. Functional enrichment analysis
highlighted infammatory responses, immune system processes, and tissue remodeling as predominant biological processes in
asthmatic airways. The network pharmacology analysis further identifed 124 common targets, revealing that XQLT exerts
multicomponent, synergistic therapeutic efects through core hubs such as NFE2L2 and NOS2.
Conclusions: This comprehensive single-cell transcriptomic atlas provides novel insights into the cellular heterogeneity and
molecular mechanisms of pediatric asthma. The identifcation of cell type–specifc gene expression patterns and developmental
trajectories ofers potential targets for precision therapeutic interventions.
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1 | Introduction

Asthma afects approximately 300 million people worldwide and
represents one of the most common chronic diseases in children,
with prevalence rates continuing to rise globally. Pediatric
asthma is characterized by airway infammation, bronchial
hyperresponsiveness, and airway remodeling, leading to re-
current episodes of wheezing, breathlessness, chest tightness,
and coughing [1–3]. Despite signifcant advances in un-
derstanding asthma pathophysiology, the heterogeneous nature
of this disease and the complex interplay between genetic, en-
vironmental, and immunological factors continue to challenge
our ability to develop personalized therapeutic strategies.

The airway epithelium serves as the frst line of defense against
inhaled pathogens, allergens, and environmental irritants,
playing crucial roles in barrier function, mucociliary clearance,
and immune regulation [4–6]. In asthmatic patients, the airway
epithelium undergoes signifcant structural and functional al-
terations, including epithelial barrier dysfunction, enhanced
mucus production, impaired ciliary function, and aberrant repair
responses. These changes contribute to the characteristic features
of asthma, including airway infammation, bronchial hyper-
responsiveness, and progressive airway remodeling.

Traditional bulk RNA sequencing approaches have provided
valuable insights into the transcriptional changes associated
with asthma, but they fail to capture the cellular heterogeneity
and cell type–specifc responses that characterize this complex
disease. The emergence of single-cell RNA sequencing (scRNA-
seq) technology has revolutionized our ability to dissect the
molecular landscape of disease at unprecedented resolution,
enabling the identifcation of rare cell populations, charac-
terization of cellular states, and reconstruction of de-
velopmental trajectories [7–9].

Recent single-cell studies in asthma have begun to unveil the
remarkable cellular diversity within asthmatic airways, revealing
distinct epithelial cell populations with specialized functions and
unique molecular signatures. However, comprehensive single-
cell atlases of pediatric asthma airway epithelium remain limited,
and the molecular mechanisms underlying disease-specifc cel-
lular heterogeneity are not fully understood.

In this study, we present a comprehensive single-cell tran-
scriptomic analysis of airway epithelial tissues from pediatric
asthma patients, aiming to (1) construct a detailed cellular atlas
of the asthmatic airway epithelium, (2) characterize the mo-
lecular signatures of distinct cell populations, (3) elucidate de-
velopmental trajectories and cellular diferentiation patterns, (4)
identify disease-relevant gene expression networks and signaling
pathways, and (5) provide molecular insights for potential
therapeutic targets.

2 | Methods

2.1 | Study Design and Data Sources

This study employed scRNA-seq analysis to investigate the
transcriptomic landscape of airway epithelial tissues in asthma.
Publicly available scRNA-seq datasets were obtained from the
NCBI Gene Expression Omnibus (GEO), including GSE164015
and GSE193816, which comprise airway epithelial single-cell

transcriptomes derived from asthma patients under diferent
experimental conditions. After data integration and quality
control, the combined dataset included approximately 29 sam-
ples from 12 donors, yielding ∼75,000 cells for downstream
analyses [10–12]. Cell Ranger software (Version 6.1.2) was used
for processing raw sequencing data, including sequence align-
ment, gene counting, and cell barcode identifcation. Strict
quality control was performed on single-cell data, with assess-
ment metrics including the number of genes detected per cell,
total RNA counts, and mitochondrial gene expression ratios.
Scatter plot analysis was used to examine the correlation between
gene detection numbers and total RNA counts across cells,
evaluating data quality and batch efects. Specifcally, cells were
fltered based on the number of detected genes per cell, total UMI
counts, and the proportion of mitochondrial gene expression.
Cells with very low gene counts (< 200 genes), excessively high
transcript counts, or mitochondrial gene proportions exceeding
approximately 15% were excluded. The relationship between the
detected gene numbers and total RNA counts across cells was
examined to assess overall data quality and technical consistency.
Highly biologically variable genes were identifed through the
relationship between average expression levels and standardized
variance. The average expression level and expression coefcient
of variation for each gene across all cells were calculated,
screening genes with both high expression and high variability as
feature genes for subsequent analyses. These highly variable
genes included epithelial cell diferentiation-related genes
KRT16 (keratin 16), KRT17 (keratin 17), and KRT14 (keratin 14),
as well as infammation-related genes SPRR3 (small proline-rich
protein 3) and MSMB (beta-microseminoprotein), providing
a molecular basis for understanding cellular heterogeneity in
asthma pathological processes.

2.2 | Dimensionality Reduction Analysis and Cell
Clustering

Principal component analysis (PCA) was performed on the
highly variable gene expression matrix for dimensionality re-
duction. The frst 50 principal components were calculated,
with the optimal number of principal components determined
using the elbow method and variance contribution rates. The
number of PCs retained for downstream analysis was de-
termined based on a combination of elbow plot inspection and
variance-explained patterns, which indicated that the frst
approximately 15 PCs captured the majority of biologically
relevant variation in the dataset. These selected PCs were
subsequently used to construct a cell–cell shared nearest
neighbor (SNN) graph, providing the basis for graph-based
clustering. Based on PCA results, a cell-to-cell adjacency
graph was constructed, providing an optimized data structure
for subsequent cell clustering and visualization analysis.
Uniform Manifold Approximation and Projection (UMAP) was
used for nonlinear dimensionality reduction visualization,
projecting high-dimensional gene expression data into two-
dimensional space. The Leiden algorithm was employed for
graph clustering, with optimal clustering results obtained by
adjusting resolution parameters. UMAP analysis successfully
separated cell populations with diferent transcriptional
characteristics into relatively independent distribution regions,
establishing a foundation for cell type identifcation and
functional annotation.
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2.3 | Cell Type Identifcation and Annotation

Cell type annotation was performed based on cluster-specifc
marker genes identifed by diferential expression analysis.
Marker genes were cross-referenced with the published airway
cell marker databases and relevant literature to ensure annota-
tion accuracy. At the global level, cells were frst classifed into
major airway microenvironment compartments, including
epithelial-related populations and immune or stromal cell types,
consistent with the overall clustering structure. For fner char-
acterization, epithelial-associated clusters were subsequently
extracted and reanalyzed at higher resolution, enabling the
identifcation of epithelial subtypes such as basal cells, ciliated
cells, goblet cells, club cells, ionocyte cells, and deuterosomal
cells, as well as eosinophil-enriched populations. The relative
proportions of annotated cell types were calculated as a de-
scriptive measure to support downstream analyses.

2.4 | Developmental Trajectory Reconstruction
and Dynamic Analysis

The Monocle algorithm was used to reconstruct cellular de-
velopmental trajectories, analyzing the diferentiation process
of airway epithelial cells. Using basal cells as the trajectory
starting point, cell state transitions and diferentiation path-
ways were traced. Pseudotime series were constructed to
quantify the relative positions of cells along the developmental
trajectory. Trajectory analysis revealed the continuous difer-
entiation process from multipotent stem cells to specialized
cells, which may be aberrant under asthmatic pathological
conditions. Dynamic changes in gene expression along the
developmental trajectory were analyzed, identifying gene
modules that exhibited signifcant expression level changes
during cell diferentiation. Hierarchical clustering analysis was
used to classify coexpressed genes into diferent expression
modules, with each module representing specifc biological
functions or regulatory networks. These gene modules refected
key molecular events during cell diferentiation, providing
molecular mechanistic explanations for understanding asthma-
related cell state transitions.

2.5 | In-Depth Analysis of Macrophage
Subpopulations

Macrophage-associated cells were extracted from the global
dataset and subjected to higher-resolution clustering to char-
acterize intrapopulation heterogeneity. Clustering resolution
parameters were increased to enable fner stratifcation, resulting
in the identifcation of 23 macrophage-associated transcriptional
clusters (M1–M23). Diferential gene expression analysis was
performed to identify marker genes for each macrophage cluster.
To visualize cluster-specifc gene expression patterns, repre-
sentative marker genes were summarized using violin plots.
Macrophage clusters were further examined with reference to
established macrophage polarization marker genes to describe
activation-related features. This analytical framework was used
to characterize macrophage heterogeneity at the transcriptional
level without presupposing fxed functional categories, sup-
porting downstream interpretation of macrophage-related pro-
grams in asthma.

2.6 | Functional Enrichment Analysis and
Pathway Resolution

Systematic GO functional enrichment analysis was performed on
diferentially expressed genes, encompassing three levels: bi-
ological processes, cellular components, and molecular func-
tions. Enrichment signifcance was evaluated using the
hypergeometric test, and multiple-testing correction was applied
using the Benjamini–Hochberg method, with an adjusted p value
of < 0.05 considered statistically signifcant. Only GO terms
containing at least fve genes were retained for downstream
interpretation to reduce the infuence of sparsely annotated
categories. The KEGG pathway database was used for signal
pathway enrichment analysis, identifying classical signaling
pathways closely related to asthma pathogenesis, and pathways
with an adjusted p value of < 0.05 were considered signifcant
[13–15]. Association networks between functional modules were
constructed, analyzing interactions between diferent biological
processes and molecular functions. Circular network diagrams
were used to visualize complex functional associations, with
connecting lines of diferent colors representing the strength of
interfunctional relationships. This systematic pathway analysis
provided a comprehensive molecular atlas for understanding
asthma molecular mechanisms and searching for potential
therapeutic targets.

2.7 | Network Pharmacology Analysis and Target
Identifcation

This study employed network pharmacology methods to sys-
tematically analyze the potential molecular mechanism of “Xiao
Qing Long Tang” (XQLT) in treating asthma. First, active
compounds and their predicted targets for each constituent herb
of XQLT were retrieved from the BATMAN-TCM database.
Compound–target associations were screened according to
BATMAN-TCM–recommended criteria, with a target prediction
score of ≥ 20 and an adjusted p value of < 0.05 retained for
subsequent analysis. When pharmacokinetic information was
available, basic ADME-related properties, including oral bio-
availability and drug-likeness indices, were used as reference
parameters to exclude compounds with low predicted
bioavailability.

All predicted targets were standardized to ofcial gene symbols
using the UniProt database. At the same time, using multiple
disease databases (GeneCards and OMIM), disease targets re-
lated to “asthma” were collected. For GeneCards, targets with
a relevance score of≥ 10 were retained to reduce nonspecifc
associations. Drug-related targets and disease-related targets
were intersected to identify common targets, which were con-
sidered candidate targets for downstream network analysis. The
overlap between drug and disease target sets was visualized using
the VennDiagram package in R (Version 4.0).

Subsequently, construct an interaction network of
“herb–compound–common target,” and visualize it using the
Cytoscape software (Version 3.8.0). The nodes in the network
represent herbs, compounds, or targets, and the edges represent
the interaction relationships between them. Perform topological
analysis on the network and calculate the degree of nodes to
identify the key hub targets.
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To further analyze the contributions of each component, we
conducted multilevel data analysis and visualization. We used
the ggplot2 package to create bar charts, which respectively
showed the top 15 common targets associated with the most
compounds, the number of common targets each herb acted
upon, and the top 15 compounds that acted on the most common
targets. We used the pheatmap package to draw cluster heat-
maps, which demonstrated the strength of the association be-
tween the main herbs and the key common targets. Finally, we
used the UpSetR package to draw UpSet diagrams, which pre-
cisely displayed the complex intersection of shared targets among
diferent herb combinations.

2.8 | Statistical Analysis

All statistical analyses were performed in R software (Version
4.0). scRNA-seq data analysis used the Seurat package, di-
mensionality reduction visualization employed UMAP and t-
SNE algorithms [16, 17], and cell clustering used the Leiden
algorithm. Developmental trajectory analysis employed the
Monocle package, and functional enrichment analysis used the
clusterProfler package. Diferential gene expression analysis
employed the Wilcoxon rank-sum test or negative binomial
distribution test, with p-values less than 0.05 considered statis-
tically signifcant. All analysis results were presented through
various visualization methods, including scatter plots, violin
plots, heatmaps, and network diagrams, ensuring result intuition
and interpretability.

3 | Results

3.1 | Single-Cell Transcriptomic Data Quality
Control and Dimensionality Reduction Analysis in
Pediatric Asthma

Quality control analysis of scRNA-seq data demonstrated ex-
cellent data quality characteristics. Figure 1(a) shows the dis-
tribution patterns of RNA count features, with the left scatter plot
displaying a negative correlation between the number of detected
genes per cell and total RNA counts (correlation coefcient
�0.31), while the right plot shows high consistency between the
two datasets (correlation coefcient 0.96), indicating efective
control of batch efects. This distribution pattern conforms to
typical single-cell data characteristics, establishing a reliable data
foundation for subsequent analyses. Figure 1(b) identifes key
genes with high biological variability through the relationship
between average expression and standardized variance. In the
region of high expression and high variability, multiple impor-
tant genes related to epithelial cell diferentiation and in-
fammatory responses were detected, including keratin family
genes KRT16, KRT17, KRT14, and infammation-related genes
SPRR3, MSMB, among others. The identifcation of these highly
variable genes provides a molecular basis for understanding
cellular heterogeneity and functional diferences in asthma
pathological processes.

The hierarchical clustering heatmap (Figure 1(c)) reveals gene
expression diference patterns among diferent cell populations.
The heatmap displays distinct clustering structures, with dif-
ferent cell types exhibiting specifc gene expression profles,
where green represents high expression and purple represents
low expression. This clustering pattern refects the functional

specialization of diferent cell types in asthmatic airways, pro-
viding important evidence for cell type annotation and functional
analysis. PCA results (Figure 1(d)) show that the frst 15 principal
components efectively capture the main variational information
in the data. The number of PCs retained was determined using
elbow plot inspection and variance-explained patterns, and the
variance contribution of the top PCs is shown in Figure 1(d). All
principal components demonstrate signifcant statistical signif-
icance (all p-values < 0.001), with the frst three principal
components contributing most prominently. This dimensionality
reduction result provides an optimized data structure for sub-
sequent cell clustering analysis and trajectory inference, facili-
tating the identifcation of asthma-related cell state transitions
and developmental trajectories.

3.2 | Single-Cell Atlas Construction and Cell Type
Identifcation of Pediatric Asthma Airway Epithelial
Cells

Through UMAP and t-SNE dimensionality reduction, we con-
structed a two-dimensional map of airway tissue-derived single
cells from pediatric cough-variant asthma samples (Figures 2(a)
and 2(b)). Clustering based on transcriptomic similarity sepa-
rated the cells into eight major compartments, indicating a stable
global structure of the dataset rather than difuse, overlapping
signals. Based on canonical marker genes, these clusters were
annotated as endothelial cells, fbroblasts, smooth muscle cells,
macrophages, and four epithelial-related populations (airway
epithelial cells, basal cells, goblet cells, and proliferating epi-
thelial cells) (Figures 2(c) and 2(d)). Marker genes used for
annotation were identifed by diferential expression testing
(Wilcoxon rank-sum test with Benjamini–Hochberg correction),
and markers with adjusted p < 0.05 were considered statistically
signifcant. Notably, this atlas captures both epithelial and
nonepithelial components of the airway microenvironment,
allowing epithelial dysfunction to be interpreted alongside im-
mune and stromal programs that are tightly linked to asthma-
related infammation and remodeling. Within the epithelial
compartment, the concurrent presence of basal, goblet, and
proliferating epithelial states supports an active epithelial
turnover/repair context and mucus-related specialization, which
is consistent with chronic infammatory perturbation at the
tissue level. Meanwhile, the colocalization of macrophages with
smooth muscle and fbroblast compartments in the same dataset
provides a framework for discussing infammatory–remodeling
coupling, rather than treating epithelial changes in isolation.

3.3 | Key Gene Expression Characteristics Analysis
in Pediatric Asthma Airway Epithelial Cells

Through single-cell gene expression analysis, multiple key genes
with important functions in pediatric asthma airway epithelial
cells were identifed. Among these, MALAT1, as a long non-
coding RNA, is expressed in almost all cell types, demonstrating
its ubiquity as a housekeeping gene (Figure 3(a)). KRT16 shows
a preferential distribution across epithelial-associated compart-
ments, with enriched signal in basal lineage–related areas on the
embedding, refecting the epithelial activation/repair context of
the airway mucosa. CXCL5 (C-X-Cmotif chemokine ligand 5), as
a chemokine, exhibits a localized expression pattern in restricted
cell compartments rather than a difuse background, suggesting
cell type-dependent infammatory recruitment signaling within
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the tissue microenvironment. Infammation and tissue remod-
eling–related genes display diferential expression patterns
across diferent cell subpopulations. MMP10 (Matrix Metal-
loproteinase 10) is expressed in specifc cell populations, par-
ticipating in extracellular matrix degradation and airway
remodeling processes. ADAM12, as a disintegrin and metal-
loproteinase, shows expression in certain cells, suggesting its role
in cell adhesion and signal transduction. The specifc expression
pattern of IGFBP7 indicates its potential involvement in cell
proliferation and diferentiation regulation, which is signifcant
in asthmatic airway epithelial repair processes.

The expression of genes such as HMGCS2, MSMB, SPRR1B, and
ECRG4 in specifc cell subpopulations refects the metabolic
characteristics and functional specialization of diferent cell types.
HMGCS2 participates in cholesterol synthesis pathways, and its
expression in certain cells may be related to cell membrane
composition and signal transduction. To summarize localization at
the cell type level, DotPlot visualization was used to jointly display
average expression and the proportion of expressing cells
(Figure 3(b)), allowing the above genes to be interpreted as three

broad functional signatures, including homeostasis/barrier de-
fense, chemokine-linked infammatory recruitment, and
repair–remodeling programs. The diferential expression patterns
of these genes provide a molecular basis for understanding the
functional heterogeneity and pathophysiological processes of
asthmatic airway epithelial cells, helping to identify potential
therapeutic targets and biomarkers (Figure 3). The genes shown in
Figure 3 were selected as representative markers based on cluster-
level diferential expression results, using an adjusted p value
of < 0.05 (multiple-testing corrected) threshold.

3.4 | Developmental Trajectory and Functional
Diferentiation Analysis of Pediatric Asthma Airway
Epithelial Cells

Through diferential gene expression analysis (Figure 4(a)),
characteristic marker genes for each cell subtype were suc-
cessfully identifed. The dot plot displays the expression per-
centage and average expression intensity of diferent genes across
various cell types, where the dot size represents the proportion of
cells expressing the gene and color intensity refects the average
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FIGURE 1 | Quality control and dimensionality reduction analysis of single-cell RNA sequencing data in pediatric asthma. (a) RNA count feature
distribution and dataset correlation analysis, showing data quality and batch consistency; correlation coefcients are reported as Pearson’s r. (b) Highly
variable gene identifcation, annotating key epithelial and infammation-related genes. (c) Gene expression hierarchical clustering heatmap, displaying
expression pattern diferences among diferent cell populations. (d) Principal component analysis results, showing the contribution and statistical
signifcance of the frst 15 principal components.
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expression level. Marker genes were defned using diferential
expression testing (Wilcoxon rank-sum test) with Benjami-
ni–Hochberg correction, and adjusted p < 0.05 was considered
statistically signifcant. Microvascular endothelial cells, ciliated
cells, basal cells, goblet cells, and others each exhibit unique gene
expression characteristics, providing reliable molecular evidence
for cell type identifcation and functional annotation. Pseudotime
trajectory analysis (Figure 4(b)) revealed the developmental
diferentiation process of airway epithelial cells. The cell de-
velopmental trajectory reconstructed using the Monocle algo-
rithm shows that basal cells, as the stem cell population, are
located at the starting point of the trajectory and subsequently
diferentiate into various terminally diferentiated cell types. The
colored bands below the trajectory plot represent the distribution

of diferent cell types along the developmental trajectory, dem-
onstrating the continuous diferentiation process from multi-
potent stem cells to specialized cells, which may be aberrant
under asthmatic pathological conditions. Heatmap analyses
(Figures 4(c) and 4(d)) display the dynamic changes in gene
expression along the developmental trajectory. Figure 4(c) shows
the expression changes of diferent gene modules along the
pseudotime axis, with purple indicating high expression and
white indicating low expression. These gene modules refect key
molecular events during cell diferentiation. Figure 4(d) further
displays the correlation of gene expression between diferent cell
types, with dot size and color intensity representing the strength
of expression correlation, providing important information for
understanding functional relationships between cells. Trajectory
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FIGURE 2 | Single-cell atlas and functional annotation of airway epithelial cells in pediatric cough-variant asthma. (a–b) UMAP plots of cell
clustering based on gene expression similarity, with diferent colors representing distinct cell populations. (c–d) Cell type annotation based on marker
gene expression, identifying seven major airway epithelial cell subtypes including eosinophil cells, basal cells, ciliated cells, goblet cells, club cells,
ionocyte cells, and deuterosomal cells.
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analysis results (Figure 4(e)) show the distribution of cells in two-
dimensional space and their state changes along the de-
velopmental trajectory. Diferent colored dots represent cells at
diferent diferentiation stages, and trajectory lines show possible
pathways of cell state transitions. This analysis helps identify key
nodes of abnormal airway epithelial cell diferentiation under
asthmatic conditions. Functional enrichment analysis
(Figure 4(f)) further reveals gene modules related to cell dif-
ferentiation, infammatory responses, and airway remodeling,
providing systematic molecular insights into asthma pathogen-
esis. Only enriched terms/pathways meeting FDR< 0.05 after
multiple-testing correction were considered statistically signif-
cant and reported.

3.5 | Macrophage Subpopulation Heterogeneity
and Functional Program Stratifcation in Pediatric
Asthma Airways

High-resolution analysis of the macrophage compartment resolved
23 distinct macrophage-associated transcriptional programs
(M1–M23), summarized as gene coexpressionmodules (Figures 5(a)

and 5(b)). In Figure 5(a), each module is characterized by a set of
highly connected hub genes ranked by kME (module membership),
indicating that the macrophage signal is organized into multiple
internally coherent gene programs rather than a single uniform
activation state. Notably, several modules are dominated by
housekeeping or ribosome-related hubs, whereas others are
enriched for stress response, antigen-presentation, or signaling-
related hubs, suggesting heterogeneous functional bias across
macrophage states. Figure 5(b) further maps the module-level ac-
tivity (eigengene/module score) onto the macrophage embedding,
showing that diferent modules peak in distinct but partially con-
tinuous regions, consistent with a mixture of discrete states and
intermediate transitions within the airway immune niche. Taken
together, this module-based stratifcation provides a function-
oriented framework to interpret macrophage heterogeneity in pe-
diatric asthma and supports prioritization of specifc macrophage
programs for downstream validation, instead of relying on an
oversimplifed M1/M2 dichotomy.

Through systematic functional enrichment analysis, the mo-
lecular functional characteristics of pediatric asthma airway cells
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FIGURE 3 | Single-cell expression analysis of key genes in pediatric asthma airway epithelial cells. (a) UMAP feature plots showing the spatial
expression distribution of representative genes across the airway single-cell embedding, where purple/blue dots indicate cells with higher expression
and gray dots represent cells with low or undetectable expression. (b) DotPlot summarizing cell type–level localization of key genes, with dot size
representing the percentage of expressing cells and color indicating scaled average expression. Genes were organized into threemechanistically relevant
signatures, including homeostasis/barrier defense, CXCL5-linked infammatory recruitment, and repair–remodeling (KRT16–MMP10/ADAM12 axis),
enabling interpretation of gene expression patterns within epithelial–immune remodeling contexts. Genes shown were selected from cluster-level
diferential expression analysis using an adjusted p value < 0.05 threshold after multiple-testing correction.
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were comprehensively analyzed. Biological process enrichment
analysis (Figure 6(a)) shows that diferentially expressed genes
are mainly enriched in key biological processes such as in-
fammatory responses, immune system processes, cell pro-
liferation, and diferentiation. Among these, immune
response–related processes showed the highest enrichment
signifcance, refecting the essential characteristics of asthma as
an immune-mediated disease. Cellular component analysis
(Figure 6(b)) revealed that these genes are mainly localized to
important cellular structures such as cell membranes, cytoplasm,

and mitochondria, suggesting the important roles of cell mem-
brane receptor signaling and mitochondrial metabolism in
asthma pathogenesis. Molecular function enrichment analysis
(Figure 6(c)) identifed key molecular functional categories,
including protein binding, enzyme activity regulation, and
transcription factor activity. The enrichment of these molecular
functions indicates that complex molecular regulatory networks
exist in asthmatic airway cells, involving multiple levels such as
protein interactions, enzymatic reaction regulation, and gene
transcriptional control. GO enrichment results (Figure 6(d))
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FIGURE 4 | Developmental trajectory and gene expression dynamics analysis of pediatric asthma airway epithelial cells. (a) Dot plot of cell
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tribution and state transition patterns in trajectory space. (f) Expression heatmap analysis of functionally related gene modules.

8 of 15 International Journal of Genomics, 2026



–

+

Macrophages—M1

–

+

Macrophages—M2

–

+

Macrophages—M3

–

+

Macrophages—M4

–

+

Macrophages—M5

–

+

Macrophages—M6

–

+

Macrophages—M7

–

+

Macrophages—M8

–

+

Macrophages—M9

–

+

Macrophages—M10

–

+

Macrophages—M11

–

+

Macrophages—M12

–

+

Macrophages—M13

–

+

Macrophages—M14

–

+

Macrophages—M15

–

+

Macrophages—M16

–

+

Macrophages—M17

–

+

Macrophages—M18

–

+

Macrophages—M19

–

+

Macrophages—M20

–

+

Macrophages—M21

–

+

Macrophages—M22

–

+

Macrophages—M23

(a)

0.0
0.1
0.2
0.3

Macrophages—M1
TBCA
ATP5ME
MPC2
RPL31
FIS1
RPS7 0.0

0.1
0.2
0.3
0.4
0.5

Macrophages—M2
B2M
CES1
WFDC2
ALDH3A1
ITM2B
CD74 0.0

0.1
0.2
0.3
0.4
0.5

Macrophages—M3
CAPSL
C1orf194
CRIP1
C9orf24
AL357093.2
ATP5IF1 0.0

0.1
0.2
0.3

Macrophages—M4
NOL7
RPP38
NDUFB3
MRPL20
TRIR
CDC42 0.0

0.1
0.2
0.3
0.4

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

kM
E

Macrophages—M5
LSM6
ATP5PD
ARF4
ANKRD65
RCN2
MB

0.0

0.1

0.2

0.3
Macrophages—M6

BLVRB
SNX2
COX7A2L
PFDN2
PSMA2
POLR2G 0.0

0.1

0.2

0.3

Macrophages—M7
ATP6V0C
RPL14
JAK1
SLC25A3
DAD1
YWHAQ 0.0

0.1

0.2

0.3

Macrophages—M8
HSPA5
SOX2
RSPH4A
CTSS
CTNND1
MAP9 0.0

0.1
0.2
0.3
0.4

Macrophages—M9
C19orf53
NDUFA1
GON7
NRAV
PPP1R42
BAG1 0.0

0.1
0.2
0.3
0.4

Macrophages—M10
SPAG17
HSPA8
DRC3
TTC26
IFT80
CFAP161

0.0
0.1
0.2
0.3
0.4

Macrophages—M11
RPS26
RPS27A
RPL18
RPL13
RPL35A
RPS14 0.0

0.1
0.2
0.3

Macrophages—M12
KIF21A
LMO7
AKAP9
PIGR
B3GNT5
SAMHD1 0.0

0.1

0.2

0.3

Macrophages—M13
EEF1G
DDX17
RALBP1
HSPB1
VGLL4
CCND1 0.0

0.1

0.2

0.3

Macrophages—M14
ZKSCAN1
RUNX1
NORAD
SMAD4
TACSTD2
ZNF24 0.0

0.1
0.2
0.3

Macrophages—M15
MORF4L1
TAGLN2
CD164
SARNP
DNAJC3
RPS21

0.0
0.1
0.2
0.3
0.4
Macrophages—M16

KRT8
HS3ST6
NKAP
GHITM
CCT2
CARS 0.0

0.1
0.2
0.3

Macrophages—M17
TP53TG1
ARPC1A
CSNK2B
FAM161A
UBAC1
NDUFB11 0.0

0.1
0.2
0.3

Macrophages—M18
EPCAM
BASP1
PERP
CES2
CYP4B1
SPINT2 0.0

0.1

0.2

0.3

Macrophages—M19
SYF2
RAB2A
TMED7
ANXA5
RABAC1
EIF4A2 0.0

0.1
0.2
0.3

Macrophages—M20
HSPD1
SPATA6
C11orf58
UXT
THOC7
SNRPD1

0.0
0.1
0.2
0.3
0.4

Macrophages—M21
PPIA
RPS15A
UBA52
RPL26
FKBP1A
SEC11A 0.0

0.1
0.2
0.3

Macrophages—M22
KIFAP3
BCAS2
STK33
GLT8D1
IDNK
TCEA1 0.0

0.1

0.2

0.3

Macrophages—M23
RPS12
RPLP1
RPL37A
RPS28
RPL30
MT–ND2

(b)

FIGURE 5 | Module-based stratifcation of macrophage transcriptional programs in pediatric cough-variant asthma airways. (a) Identifcation of
23 macrophage-associated gene coexpression modules (M1–M23). For each module, representative hub genes are shown and ranked by kME (module
membership), refecting the internal connectivity and coherence of the module-level program. (b) Spatial mapping of module activity across the
macrophage embedding. Each panel displays the distribution of the corresponding module score/eigengene signal, highlighting regions with higher
module activity and suggesting heterogeneous macrophage programs with partially continuous transitions rather than a single uniform activation state.
Collectively, these results support a function-oriented interpretation of macrophage heterogeneity and provide a rational basis for prioritizing
macrophage programs for downstream validation. Functional enrichment analysis and pathway network resolution of pediatric asthma airway cells.
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further quantifed the enrichment degree of each functional
category, with infammation-related functions and cellular sig-
naling functions showing the most signifcant enrichment,
confrming the central position of these processes in asthma
pathological mechanisms. The circular network diagram
(Figure 6(e)) displays the complex associations between diferent
functional modules, with connecting lines of diferent colors
representing the strength of interfunctional relationships. This
network structure reveals the systemic characteristics of asthma-
related gene functions, showing close functional coordination
relationships among multiple signaling pathways and biological
processes. Pathway enrichment analysis (Figure 6(f)) identifed
multiple classical signaling pathways closely related to asthma
pathogenesis, including infammatory signaling pathways, im-
mune response pathways, and apoptosis pathways, providing
a systematic molecular atlas for understanding asthmamolecular
mechanisms and searching for potential therapeutic targets. GO
and KEGG enrichment signifcance was evaluated withmultiple-
testing correction, and only terms/pathways meeting an FDR-
adjusted p value of < 0.05 were considered statistically signifcant
and presented.

3.6 | Network Pharmacology Analysis of XQLT in
Asthma

Network pharmacology analysis was conducted to characterize the
multitarget regulatory features of XQLT decoction in asthma. A
total of 1266 putative drug targets and 1596 asthma-related disease
targets were retrieved, with 124 overlapping targets identifed as
potential therapeutic nodes (Figure 7(b)). The top-ranked common
targets by compound count (Figure 7(a)), including NFE2L2,
NOS2, NFKBIA, CCND1, and CAT, were mainly enriched in
infammatory signaling, oxidative stress response, and stress-
related transcriptional regulation. Herb-level analysis showed
that Ma Huang and Ban Xia contributed the largest number of
common targets (Figure 7(c)). The herb–compound–target net-
work (Figure 7(d)) further illustrated the multicomponent and
multitarget structure of the formula, highlighting highly connected
hubs such as NFE2L2, HSP90AA1, and FOS. Rather than in-
dicating cell-specifc efects, these hub targets converge on in-
fammation and stress response programs, which align with the
dominant immune- and remodeling-related processes identifed in
the single-cell analysis.
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FIGURE 6 | Functional enrichment analysis and pathway network resolution of pediatric asthma airway cells. (a–c) GO functional enrichment
analysis results, showing enrichment of biological processes, cellular components, and molecular functions, respectively, with dot size representing the
number of enriched genes and color intensity representing signifcance level; enrichment terms were considered signifcant at FDR< 0.05 after
multiple-testing correction. (d) Quantitative results of GO enrichment analysis, with bar charts showing enrichment scores for each functional category.
(e) Interfunctional module association network diagram, displaying interactions between diferent biological processes and molecular functions.
(f) Signal pathway enrichment analysis results, identifying key regulatory pathways related to asthma; only pathways meeting FDR-adjusted
p value < 0.05 are reported.
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3.7 | Analysis of Key Components and Target
Interaction Patterns of XQLT

To further delineate the cooperative features of XQLT, target
interaction patterns among individual herbs were analyzed. The
clustered heatmap (Figure 8(a)) revealed that multiple herbs,
particularly Ban Xia, Gan Jiang, and Ma Huang, shared strong
associations with infammation- and oxidative stress–related
targets such as NFE2L2, NOS2, and NFKBIA, whereas Bai Shao
exhibited a distinct interaction profle. Analysis of active com-
pounds (Figure 8(b)) identifed several highly connected mole-
cules, including quercetin, luteolin, and β-sitosterol, suggesting
their central roles in mediating multitarget efects. The UpSet
analysis (Figure 8(c)) further demonstrated extensive target
overlap among diferent herbs, supporting a synergistic,
program-oriented mode of action. Collectively, these results
indicate that XQLT preferentially modulates infammation- and
stress-associated regulatory axes, providing a mechanistic com-
plement to the immune and epithelial remodeling programs
highlighted by the single-cell transcriptomic analysis.

4 | Discussion

Our comprehensive single-cell analysis reveals the remarkable
cellular diversity within pediatric asthmatic airways, identifying
seven major epithelial cell subtypes with distinct molecular
signatures and functional specializations. The identifcation of

rare cell populations such as ionocytes and deuterosomal cells
signifcantly expands our understanding of airway epithelial
complexity and suggests previously unrecognized roles for these
cells in asthma pathogenesis [18]. The predominance of basal
cells in our dataset refects their crucial role as epithelial stem
cells responsible for airway repair and regeneration [19]. In our
single-cell atlas, basal cells occupy transcriptional states enriched
for stress- and proliferation-associated programs, and in asth-
matic conditions, basal cells may undergo aberrant activation
and diferentiation, contributing to pathological airway remod-
eling. The coexistence of ciliated cells and goblet cells in varying
proportions highlights the functional imbalance characteristic of
asthmatic airways, where impaired mucociliary clearance co-
incides with excessive mucus production.

Beyond cell type annotation, the single-cell atlas adds functional
insight into airway pathology in pediatric cough-variant asthma.
The spatial arrangement of basal, goblet, and ciliated epithelial
populations integrates epithelial regeneration, mucus-related
activity, and barrier-associated functions within a unifed tis-
sue context, and this organization is supported by compartment-
specifc enrichment of infammation- and remodeling-related
pathways in our data, implying that chronic infammatory ex-
posure may alter epithelial homeostasis and favor remodeling-
associated diferentiation patterns [20]. In parallel, pathway
enrichment signals related to infammation and tissue remod-
eling consistently localize to specifc epithelial compartments,
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supporting the biological relevance of these cell subsets and
indicating that the observed heterogeneity refects disease-
associated functional programs rather than purely descriptive
classifcation [21].

The diferential expression of keratin family genes, particularly
KRT16, KRT17, and KRT14, provides crucial insights into the
structural alterations occurring in asthmatic airway epithelium.
In our dataset, KRT16 shows preferential expression in basal and
proliferative epithelial states, representing an important marker
of epithelial activation and proliferation. In the context of
asthma, elevated KRT16 expression may indicate enhanced
epithelial turnover and repair responses following infammatory
injury. KRT17 has been implicated in epithelial barrier function
and infammatory signaling [22, 23], while KRT14 serves as
a classical basal cell marker essential for maintaining epithelial
integrity [24–26].

The coordinated expression of these keratin genes in specifc cell
populations suggests their roles in maintaining cytoskeletal ar-
chitecture during the dynamic processes of epithelial repair and
remodeling that characterize asthmatic airways. Importantly, the
restriction of KRT16/17 expression to defned epithelial states in
our analysis supports a repair-biased, stress-responsive epithelial
program rather than uniform epithelial activation, and these cell
type–specifc expression patterns may serve as valuable bio-
markers for disease monitoring. Notably, this keratin-restricted
pattern also argues against a nonspecifc “whole-epithelium
activation” interpretation and instead points to discrete basal/

proliferative compartments that may disproportionately con-
tribute to remodeling-prone repair.

CXCL5 emerges as a critical mediator of infammatory cell re-
cruitment in asthmatic airways. As a potent neutrophil che-
moattractant, CXCL5 plays essential roles in orchestrating innate
immune responses and perpetuating airway infammation
[27–29]. Its specifc expression in certain epithelial cell pop-
ulations suggests that these cells serve as important sources of
proinfammatory signals, contributing to the recruitment and
activation of immune cells within the asthmatic microenviron-
ment. Consistent with this observation, elevated CXCL5 ex-
pression has been linked to increased neutrophilic infammation
in more severe asthma phenotypes, indicating that epithelial
CXCL5-associated programs may contribute to sustained airway
immune activation and represent potential targets for anti-
infammatory intervention. Importantly, the nonuniform local-
ization of CXCL5 in our dataset supports a compartmentalized
epithelial–immune signaling model, in which only specifc ep-
ithelial states function as chemokine “sources” driving in-
fammatory recruitment, rather than CXCL5 being a difuse
marker of global infammation.

The expression of MMP10 and ADAM12 in specifc cell pop-
ulations highlights the active tissue remodeling processes oc-
curring in asthmatic airways. In our analysis, MMP10 and
ADAM12 are enriched in defned epithelial subsets rather than
uniformly expressed, indicating ongoing extracellular matrix
turnover linked to specifc cellular states. MMP10, also known as
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FIGURE 8 | Analysis of key components and target interactions of XQLT (analysis of key components and target interactions of XQLT). (a) Heatmap
showing the relationship between the main herbs and the key common targets, with purple indicating strong correlation and white indicating weak
correlation or no correlation. (b) Bar chart ranking the top 15 compounds (represented by PubChem CID) by the number of common targets they act
upon. (c) UpSet diagram of common targets among the herbs. The left bar chart shows the total number of targets afected by each herb, the upper bar
chart shows the number of unique or shared targets among diferent herb combinations, and the dotmatrix below represents the herb combinations that
are involved in the intersection.
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stromelysin-2, participates in extracellular matrix degradation
and has been implicated in airway remodeling processes in-
cluding subepithelial fbrosis and smooth muscle hyperplasia.
ADAM12, a member of the ADAM (a disintegrin and metal-
loproteinase) family, functions in cell adhesion, migration, and
signaling. Its expression in asthmatic airway epithelium suggests
roles in epithelial–mesenchymal interactions and cellular com-
munication during airway remodeling [30, 31]. Together, the cell
state–specifc expression of MMP10 and ADAM12 supports the
presence of persistent, program-driven remodeling activity in
pediatric asthma rather than transient injury responses.

The 23 macrophage subpopulations observed in this study
indicate a multistate organization of airway macrophages in
pediatric asthma, encompassing infammatory, repair-
associated, and intermediate transcriptional programs within
the same tissue environment. Rather than representing discrete
cell types, these macrophage programs coexist along a contin-
uum and are spatially and transcriptionally aligned with epi-
thelial remodeling and infammatory niches identifed in our
atlas. Importantly, this program-level framework also helps
contextualize the potential action of XQLT, a classical formula
widely used for asthma-related cough and wheezing, which has
been reported to modulate airway infammation and oxidative
stress–related responses. In line with this, our network phar-
macology provides a complementary, program-level perspec-
tive, as its core targets are mainly linked to infammation,
oxidative stress, and stress-responsive regulation, which par-
allel the immune activation and remodeling processes identi-
fed by single-cell analysis. Integrating these fndings at the
level of shared biological processes allows predicted molecular
targets to be interpreted within macrophage-associated and
epithelial remodeling contexts, thereby reinforcing a program-
oriented, rather than cell type–restricted, mechanistic frame-
work for pediatric asthma.

5 | Limitations

Several limitations should be acknowledged in interpreting these
results. The cross-sectional nature of the study limits our ability
to assess temporal changes in cellular states. Additionally, the
focus on epithelial tissues may not capture the full complexity of
immune-epithelial interactions that characterize asthmatic
airways.

6 | Conclusion

This comprehensive single-cell transcriptomic analysis of pedi-
atric asthma airway epithelium reveals unprecedented cellular
heterogeneity and provides novel insights into disease patho-
genesis. We successfully constructed a detailed cellular atlas
identifying seven major epithelial cell subtypes and 23 distinct
macrophage subpopulations, each with unique molecular sig-
natures and functional specializations.
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