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Background: Childhood asthma (CA), a chronic inflammatory disorder of the airways, and childhood
obesity (CO), characterized by low-grade systemic inflammation, frequently coexist. This study seeks to
elucidate shared biological mechanisms underlying CA and CO and to identify potential biomarkers via
comprehensive bioinformatics analyses of public datasets.

Methods: CA and CO gene expression datasets were retrieved from the Gene Expression Omnibus (GEO).
Differentially expressed genes (DEGs) common to both conditions were identified, with hub genes (HGs)
screened via four machine learning (ML) algorithms. The diagnostic performance of candidate HGs was
evaluated utilizing receiver operating characteristic (ROC) curve analysis. Functional characterization was
conducted utilizing Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
analysis, and single-gene gene set enrichment analysis (GSEA). In addition, competitive endogenous RINA
(ceRNA) networks were constructed to further explore regulatory relationships and shared pathogenic
mechanisms.

Results: There were 25 key genes closely linked to CA and CO identified. Enrichment analyses indicated
the main involvement of these genes in immune and inflammatory responses, as well as extracellular matrix
organization and tissue remodeling. ML analyses ultimately identified NTRK2 and RGSI as HGs, which
demonstrated favorable diagnostic performance in ROC analyses. Furthermore, a ceRNA regulatory
network comprising 104 long noncoding RNAs (IncRNAs), 80 microRNAs (miRNAs), and the two HGs was
constructed.

Conclusions: This study identified NTRK2 and RGST as key HGs shared between CA and CO, presenting
fresh insights into their common pathogenic mechanisms. These findings possibly contribute to developing

improved diagnostic biomarkers and targeted therapeutic strategies for CA comorbid with obesity.
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Introduction

Obesity and asthma constitute two major global health
challenges in the pediatric population, with their steadily
increasing prevalence imposing substantial economic and
societal burdens worldwide (1). Accumulating evidence
indicates that children with obesity are at a significantly
elevated asthma risk. Moreover, among children with
established asthma, coexisting obesity is linked to greater
disease severity, poorer symptom control, increased
frequency of exacerbations, and an overall reduction in
asthma-related quality of life (2).

Extensive epidemiological data have demonstrated a
strong relation of obesity, or excessive early-life weight gain,
to childhood asthma (CA) development (3-5). Multiple
longitudinal studies have consistently shown that obesity
often precedes the onset of asthma. For instance, a large-
scale cohort analysis from the Taiwan Children Health
Study identified obesity as the strongest risk factor for
incident asthma, with a hazard ratio (HR) of 1.28 [95%
confidence interval (CI): 1.05-1.56] (6). These findings are
further supported by a meta-analysis of prospective studies
revealing a clear dose-response relationship, whereby
children with obesity exhibited nearly a twofold increased
risk of developing asthma [odds ratio (OR) =1.9] (7). Notably,
the interaction between asthma and obesity possibly
originates even before birth. Maternal obesity and excessive
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gestational weight gain are independently linked to a
15-30% elevated asthma risk in offspring (8,9). Intriguingly,
emerging evidence suggests that this relation is possibly
bidirectional. A recent longitudinal study demonstrated that
children with asthma displayed a notably greater likelihood
of obesity during a 10-year follow-up, indicating that asthma
itself possibly predisposes individuals to subsequent weight
gain (10).

The relation of asthma to obesity extends beyond simple
coexistence. Although bidirectional pathophysiological
interactions have been proposed, the underlying causal
mechanisms remain incompletely understood (1). Proposed
mechanisms involve common genetic predisposition, factors
linked to diet and nutrition, changes in the gut microbiota,
persistent body-wide inflammation, impaired metabolic
processes, and structural as well as functional modifications
in the lungs related to obesity (1,2). Therefore, elucidating
the shared molecular and genetic mechanisms underlying
the comorbidity of CA and childhood obesity (CO) is of
substantial clinical importance, with the potential to identify
novel therapeutic targets and improve disease management.

As bioinformatics advances, large public genomic datasets
have become increasingly accessible, enabling the systematic
exploration of disease pathogenesis and inter-disease
relationships. Machine learning (ML), a key component
of artificial intelligence widely utilized in bioinformatics
research, is an emerging, powerful biomarker discovery
and disease classification tool. This study aims to identify
common hub genes (HGs) and pathways linking CA and
CO through integrated bioinformatics analyses, thereby
elucidating shared molecular mechanisms and offering novel
insights into their comorbidity. We present this article in
accordance with the TRIPOD reporting checklist (available
at https://tp.amegroups.com/article/view/10.21037/tp-
2026-1-0108/rc).

Methods
Data collection and processing

Gene expression profiling datasets came from the
GEO (http://www.ncbi.nlm.nih.gov/geo). Specifically,
GSE152004 (441 asthmatic and 254 healthy samples)
and GSE65204 (36 asthmatic and 33 healthy samples)
were used for CA, while GSE205668 (26 obese and 35
healthy samples) and GSE88837 (15 obese and 15 healthy
samples) were used for CO. Among these, GSE152004 and
GSE205668 were designated as training datasets to identify
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Figure 1 Study flowchart. CA, childhood asthma; CO, childhood obesity; DEGs, differendally expressed genes; GO, Gene Ontology; GSE,
gene expression omnibus series; GSEA, gene set enrichment analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes; LASSO, least

absolute shrinkage and selection operator; LR, logistic regression; IncRNAs, long noncoding RNAs; mRNA, messenger RNA; miRNAs,

microRNAs; RE, random forest; ROC, receiver operating characteristic; SVM-RFE, support vector machine recursive feature elimination.

genes commonly related to CA and CO. GSE65204 and
GSE88837 served as independent external validation
datasets to confirm gene expression patterns and evaluate
the diagnostic performance of candidate genes. Differential
expression analysis (DEA) was conducted on the training
datasets to identify differentially expressed genes (DEGs)
in CA and CO, respectively. Subsequently, ML algorithms,
including least absolute shrinkage and selection operator
(LASSO) regression, support vector machine-recursive
feature elimination (SVM-RFE), logistic regression (LR),
and random forest (RF), were applied to screen shared HG
from the intersecting DEGs. The diagnostic performance
of the identified HGs was further validated using external
validation datasets. Subsequent analyses comprised single-
gene gene set enrichment analysis (GSEA) and competitive
endogenous RNA (ceRNA) network analysis. The overall
study design is illustrated in Figure 1. The study was
conducted in accordance with the Declaration of Helsinki

© AME Publishing Company.

and its subsequent amendments.

DEG identification

DEGs across disease and control cohorts in the CA
dataset (GSE152004) and the CO dataset (GSE205668)
were identified utilizing limma in R. Adjusted P<0.05
and lfold changel >1.2 suggested statistically significant
DEGs. DEG distributions and expression patterns were
visualized via volcano plots and hierarchical clustering
heatmaps generated through ggplot2 and pheatmap. The
ggvenn package was applied to identify and illustrate genes
exhibiting consistent expression trends across CA and CO
datasets.

Functional enrichment analysis

Functional annotation of DEGs was carried out utilizing
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Gene Ontology (GO) enrichment analysis, involving
biological process (BP), cellular component (CC), and
molecular function (MF), and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway analysis via clusterProfiler
in R. P<0.05 denotes significance. Enrichment results were
visualized via ggplot2 and enrichplot.

ML-based HGs

LASSO regression, SVM-RFE, RE, and LR were leveraged
to identify possible biomarkers. The penalty parameter A
for LASSO was determined using 5-fold cross-validation.
SVM-RFE employed a radial basis function (RBF) kernel
and conducted RFE with 5-fold cross-validation, iteratively
removing the feature with the smallest contribution to
classification and ultimately selecting the feature subset that
minimized the cross-validation error. The RF model was
constructed with 1,000 decision trees. The number of candidate
variables at each node was set to the default value (the floor
of the square root of the total number of variables). Feature
importance was evaluated based on the mean decrease in the
Gini index, and features with an importance score greater
than 0.5 were retained. LR analysis was conducted through
univariate LR models, in which each gene was individually
evaluated utilizing a binomial family to estimate ORs and 95%
CI; genes with P<0.05 were considered statistically significant.
Genes identified by all four algorithms were defined as
candidate biomarkers, and those shared between CA and CO
were designated as HGs.

HG validation and assessment

The identified candidate HGs were validated in the training
and external validation datasets for CO and CA. Differences
in gene expression across disease and control groups were
examined, and P<0.05 suggested significantly DEGs.
Candidate genes exhibiting consistent and statistically
significant expression differences across datasets were
ultimately defined as HGs. Boxplots were generated
to visualize expression distributions. Subsequently, the
diagnostic performance of HGs in the training and
validation cohorts was examined through receiver operating
characteristic (ROC) curves via pROC in R. The predictive
accuracy of every HG was quantified using the area under
the curve (AUC).

© AME Publishing Company.
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Single-gene GSEA

Single-gene GSEA was carried out utilizing a correlation-
based approach. Pearson correlation coefficients were
calculated across expression levels of every gene and those
of the HG to generate a ranked gene list. The GSEA
algorithm was then applied to the Kyoto Encyclopedia
of KEGG pathway database and GO functional gene sets
to identify biological pathways and functional modules
significantly linked to HG expression patterns.

IncRNA-miRNA-messenger RNA (inRNA) network

ceRNAs act as molecular sponges that competitively bind
shared microRNAs (miRNAs), thereby regulating gene
expression. A ceRNA regulatory network encompasses
interactions among mRNAs, miRNAs, and long
noncoding RNAs (IncRNAs). To construct the ceRNA
network, miRNAs targeting the HGs were predicted
utilizing miRTarBase (https://miRTarBase.cuhk.edu.
cn/), miRWalk (http://mirwalk.umm.uni-heidelberg.de/),
and TargetScan (https://www.targetscan.org/vert_80/).
Subsequently, IncRNAs potentially interacting with these
miRNAs were identified using StarBase (https://starbase.
sysu.edu.cn/). All predicted interactions were integrated
and visualized via Cytoscape 3.10.4 for IncRNA-miRINA-
mRNA regulatory network construction.

Statistical analysis

R software version 4.5.0 was used to perform statistical
analyses. Differences between the two groups were
compared by the Wilcoxon rank-sum test. P<0.05 was
regarded as statistically significant.

Results
DEG identification
DEA of the CA cohort (GSE152004) identified 251 DEGs

with significant transcriptional alterations, including 81
upregulated and 170 downregulated genes (Figure 2A).
In GSE205668, 8,576 DEGs were found. 8,353 were
upregulated, and 223 were downregulated (Figure 2B). Venn
diagram analysis revealed 25 DEGs shared between CA and
CO (Figure 2C,2D), of which 24 were upregulated, and one

was downregulated in conditions.
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Figure 2 DEG identification in CA (GSE152004) and CO (GSE205668). (A,B) Volcano plots of all DEGs in GSE152004 and GSE205668.
(C,D) Venn diagram identifying co-upregulated and co-downregulated DEGs. (E,F) The enrichment analysis results of the GO and KEGG
pathways. BP, biological process; CA, childhood asthma; CC, cellular component; CO, childhood obesity; FC, fold change; GO, Gene

Ontology; GSE, gene expression omnibus series; KEGG, Kyoto Encyclopedia of Genes and Genomes; MF, molecular function.

Envichment analysis

To elucidate shared biological mechanisms between
CA and CO, GO BP, and KEGG pathway enrichment
analyses were performed on the common DEGs. GO
enrichment analysis demonstrated that these genes
were predominantly involved in extracellular matrix
organization, glial cell development, and platelet
activation within the BP category; collagen-containing
extracellular matrix, basement membrane, and axon
terminus within the CC category; protease binding,
serine-type endopeptidase activity, and serine-type
peptidase activity in the MF category (Figure 2E).
KEGG pathway enrichment analysis revealed the main
enrichment of shared DEGs in the PI3K-Akt signaling
pathway, extracellular matrix-receptor interaction,
protein digestion and absorption, the renin-angiotensin
system, as well as neutrophil extracellular trap (NET)
formation (Figure 2F).

© AME Publishing Company.

HGs identified via ML

In GSE152004, 24 genes were selected via SVM-RFE
(Figure 34). LASSO regression identified six genes
corresponding to the minimum binomial deviance (Figure 3B).
After RF and LR analyses, 25 genes were ultimately
selected (Figure 3C-3E). Intersection of the results derived
from these four ML algorithms yielded six overlapping
genes, RGSI1, NTRK2, CPXM2, TPSABI, CHAD, and
SNORA105A, which were considered candidate biomarkers
for CA (Figure 3F). In the CO dataset (GSE205668), SVM-
RFE and RF analyses identified 487 genes (Figure 3G-31).
LASSO regression further screened eight genes (Figure
37), while LR analysis selected 484 genes (Figure 3K).
The intersection of these four methods resulted in six
overlapping genes, RGS1, TPSD1, CSTA, NTRK2, SLCY9A43,
and PXDN, as candidate biomarkers for CO (Figure 3L). By
overlapping the candidate genes identified across CA and
CO datasets, two common diagnostic markers, RGS1 and
NTRK?2, were ultimately identified as shared HGs.
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Figure 3 ML in screening HGs. (A-E) Results of SVM-RFE, LASSO, RF, and LR for CA. (F) Venn diagram presenting the six genes
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HG validation and predictive accuracy assessment

Expression validation demonstrated that RGSI and
NTRK?2 were significantly upregulated in disease groups
compared with control groups in training and validation
datasets (P<0.05; Figure 4). These findings supported the
robustness of the identified HGs. ROC curve analyses
were subsequently performed to evaluate the diagnostic
performance of RGSI and NTRK2. In GSE152004, the
AUCs for RGS1 and NTRK2 were 0.616 and 0.621. In
GSE205668, the corresponding AUCs were 0.780 and 0.763
(Figure 5A-5D). In the CA validation dataset (GSE65204),
the AUCs for RGSI and NTRK2 were 0.657 and 0.777,
while in the CO validation dataset (GSE88837), the
AUGC:s reached 0.867 and 0.729 (Figure SE-5H), indicating
favorable diagnostic performance across independent
cohorts.

Single-gene GSEA of HGs

Single-gene GSEA was performed to explore the functional
roles of RGS1 and NTRK2 (Figure S1). GO enrichment
analysis revealed the significant link of RGSI to ciliary
structure and immune response-related processes, whereas
NTRK?2 was predominantly linked to RNA splicing and
ribosome biogenesis in the CA cohort (Figure S1A,S1B). In

© AME Publishing Company.

the CO group, RGS1 was mainly enriched in mitochondrial
respiratory chain and ribosomal structure-related processes,
while NTRK2 was linked to membrane trafficking and
vesicular transport (Figure S1E,S1F). KEGG pathway
analysis further demonstrated that, in the CA group, RGS1
was significantly enriched in immune and inflammatory
signaling pathways, including TNF signaling and NF-xB
signaling pathways, as well as cytokine-cytokine receptor
interaction, whereas NTRK2 was primarily linked to the
spliceosome, proteasome, and T cell differentiation-related
pathways (Figure SIC,S1D). In the CO group, RGSI was
enriched in immune-related pathways like B cell receptor
signaling and lysosomal pathways, while NTRK2 was mainly
linked to proteasome, autophagy, and endocytosis pathways
(Figure S1G,S1H).

Construction of the IncRNA-miRNA-mRNA

Target miRNAs of NTRK2 and RGSI were predicted
utilizing TargetScan, miRTarBase, and miRWalk, yielding
80 miRNAs after integration. Subsequently, IncRNAs
potentially interacting with these miRNAs were predicted
utilizing StarBase. After removal of duplicate entries and
application of stringent filtering criteria, 104 high-confidence
IncRINAs were retained. A ceRNA network was constructed
utilizing Cytoscape, comprising 104 IncRNAs, 80 miRNAs,
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Figure 5 The ROC curves of the HG in the training (A-D) and validation (E-H) sets. AUC, area under the curve; CI, confidence interval;

GSE, gene expression omnibus series; HGs, hub genes; ROC, receiver operating characteristic.

and the two HGs (NTRK2 and RGS1) (Figure 6A4). To
identify key regulatory components within the network,
degree-based topological analysis was performed. As
illustrated in Figure 6B, the top 30 ceRINAs were identified,
among which hsa-miR-23a-3p, hsa-miR-760, and hsa-miR-
149-5p interacted with NTRK?2 and RGS1, suggesting their
potential central roles in the regulatory network.

Discussion

CA and CO are highly prevalent conditions that exert
profound and lasting effects on patient health and quality of
life. Although the association between these two disorders
has been well established (11), the underlying genetic and
molecular interactions remain unclear. The present study
represents the first integrative analysis of gene expression
datasets from CA and CO aimed at identifying shared
biological mechanisms and key biomarkers implicated in the
disease development.

This study initially identified 25 overlapping DEGs
shared between CA and CO. Functional enrichment
analyses utilizing GO and KEGG databases provided
insights into the potential biological mechanisms
underlying their comorbidity. GO enrichment analysis
revealed significant involvement in BPs like extracellular
matrix and structural organization, regulation of blood

© AME Publishing Company.

pressure and angiotensin signaling, peripheral nervous
system myelination, and platelet activation. Enriched CCs
included collagen-containing extracellular matrix, basement
membrane, axon terminus, neuron projection terminus,
early endosome membrane, and distal axon. With respect
to ME, the identified genes were primarily linked to serine-
type endopeptidase, serine-type peptidase and hydrolase,
metallocarboxypeptidase activities, and growth factor
binding. KEGG pathway analysis further demonstrated
significant enrichment in the PI3K/Akt signaling
pathway, extracellular matrix-receptor interaction, renin-
angiotensin system, NET formation, and focal adhesion
pathways. Among these, the PI3K/Akt signaling pathway
emerged as a particularly relevant shared mechanism. This
pathway is central in regulating vital cellular processes
like proliferation, differentiation, and apoptosis (12,13). In
metabolic disorders such as obesity and diabetes, insulin
activates multiple downstream signaling cascades to regulate
lipid and glucose metabolism, with PI3K/Akt serving as the
principal insulin-mediated pathway. Under physiological
conditions, insulin-induced activation of PI3K/Akt
maintains metabolic homeostasis; however, chronic
energy excess and elevated free fatty acid levels disrupt
this pathway, leading to insulin resistance and promoting
obesity and type 2 diabetes (14,15). Notably, the PI3K/Akt
pathway has also been identified as a critical therapeutic
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target in asthma, where its inhibition alleviates airway
inflammation and subsequently reduces airway remodeling
and hyperresponsiveness (16). These findings suggest that
modulation of the PI3K/Akt signaling pathway possibly
represents a promising therapeutic strategy for obesity-
associated asthma. Subsequently, four ML algorithms were
applied to identify shared HGs, ultimately revealing NTRK?2
and RGS]I as key biomarkers significantly linked to CA and
CO. genes were consistently upregulated in disease groups
across training and validation datasets and demonstrated
favorable diagnostic performance, underscoring their
potential clinical relevance.

NTRK2, also known as TrkB, is the high-affinity
receptor for brain-derived neurotrophic factor (BDNF)
and is critical in activity-dependent neuronal plasticity (17).
Human genetic studies have linked mutations in NTRK? to
hyperphagia and severe obesity. For example, individuals
carrying a heterozygous missense mutation (Y722C) in
NTRK?2 exhibit marked hyperphagia and early-onset
obesity (18). Consistently, TrkB hypomorphic mice expressing
approximately 25% of normal TrkB levels display pronounced
obesity, hyperphagia, and hyperdipsia (19). Furthermore,
peripheral administration of N'T-4, a TrkB agonist, has
been shown to suppress appetite and reduce body weight in
a dose-dependent manner across multiple murine obesity
models (20). These findings appear to contrast with our
observation of significantly elevated NTRK2 expression
in disease cohorts. Several plausible explanations possibly
account for this discrepancy. First, it was proposed that the
elevated NTRK?2 expression observed in the present study
may reflect a compensatory upregulation in peripheral blood
under chronic inflammatory conditions associated with the
comorbidity of asthma and obesity. BDNF and its receptor
TrkB are well-established mediators of nervous system
development, neuroplasticity, and cognitive function (21).
Emerging evidence further indicates that the BDN-TrkB
signaling pathway is closely involved in inflammation and
oxidative stress (22), exerting protective effects through
activation of downstream survival pathways such as PI3K/Akt,
thereby enhancing cellular resistance to oxidative stress (23).
Accordingly, under chronic inflammatory conditions,
upregulation of NTRK2 may represent an adaptive
mechanism aimed at augmenting the anti-inflammatory
and reparative functions of BDNF signaling in response to
sustained inflammatory insults. However, this compensatory
response may be insufficient to fully reverse the established
inflammatory state, reflecting a “compensatory yet
inadequate” adaptive process. Second, tissue-specific

© AME Publishing Company.
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differences likely contribute to these divergent findings.
The present analysis was based on peripheral blood samples,
whereas prior studies implicating NTRK2 in obesity have
predominantly focused on adipose tissue or hypothalamic
regulation of appetite. Third, experimental models such as
gene knockouts often represent congenital loss-of-function
states, whereas our data reflect chronic, established disease
conditions in humans. Importantly, NTRK2 has also been
implicated in asthma pathophysiology. Increased cholinergic
innervation has been observed in asthmatic airway biopsies,
accompanied by elevated NTRK2 expression in human
lung tissue, suggesting that TrkB-mediated cholinergic
neuroplasticity may contribute to developing airway
hyperresponsiveness and inflammation (24). Therefore, the
BDNF-TrkB signaling axis is a promising therapeutic target
in asthma.

RGS1, a prominent member of the RGS family, is
predominantly expressed in hematopoietic cells, including
T and B lymphocytes, natural killer and dendritic cells,
as well as monocytes (25-27). Recent research on RGS1
has primarily focused on its role in tumor progression
and renal interstitial fibrosis (28-30). Notably, previous
studies have demonstrated consistent upregulation of RGS1
in high-fat diet-induced obesity models (31) and insulin
resistance-associated atherosclerosis models (32), although
its precise mechanistic role remains to be fully elucidated.
These findings are concordant with our results. In a
lipopolysaccharide (LPS)-induced mouse model of spinal
cord injury, RGS1 was markedly upregulated and promoted
the expression of inflammatory mediators via activation of
the NF-kB and p38 MAPK signaling pathways (33). In a rat
model of arthritis, silencing RGST inhibited the TLR signaling
pathway and reduced the levels of TNF-a, IL-1B, and IL-
17, thereby attenuating the inflammatory response (34).
These findings suggest that RGSI, as an immune regulatory
molecule, modulates immune function through the
regulation of key immune-related signaling pathways.
Accordingly, increased expression of RGSI in peripheral
blood may reflect a negative feedback regulatory response
to aberrant immune activation in the context of asthma-
obesity comorbidity. With respect to metabolic pathways,
downregulation of RGS2 has been shown to enhance insulin
signaling and promote glucose and fatty acid oxidation (35).
Moreover, elevated baseline RGS1 expression has been
linked to a dual super-response to mepolizumab therapy
in patients with severe asthma and chronic rhinosinusitis
with nasal polyps (36), further supporting its relevance in
immune-mediated airway disease.
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miRNAs mainly regulate gene expression at the post-
transcriptional level, whereas IncRNAs exert broader
regulatory effects across epigenetic, transcriptional, and
post-transcriptional layers, collectively playing critical
roles in disease pathogenesis. An IncRINA-miRNA-mRNA
ceRNA regulatory network was developed on the two
identified HGs. Within this network, hsa-miR-23a-3p, hsa-
miR-760, and hsa-miR-149-5p were identified as common
regulators of NTRK2 and RGSI. Notably, hsa-miR-23a-
3p has been proposed as a potential molecular marker for
identifying obese children and individuals at increased risk
of metabolic syndrome (37). Hsa-miR-760 is downregulated
in multiple malignancies and is a possible prognostic
biomarker in cancer (38); for instance, miR-760 suppresses
colorectal cancer progression by targeting the BATF3/AP-1/
cyclin D1 signaling axis, and reduced miR-760 expression is
linked to poor clinical outcomes (39). Additionally, miR-149-
5p has been shown to inhibit prostate cancer progression
by targeting RGS17 (40). To date, however, no studies
have directly linked hsa-miR-760 or hsa-miR-149-5p to
the pathogenesis of CA or CO, highlighting the need for
further experimental validation.

As detectable gene markers in peripheral blood, RGSI
and NTRK?2 offer the advantages of minimal invasiveness
and ease of acquisition, demonstrating considerable potential
for clinical application. In terms of diagnosis, rather than
relying on a single biomarker, RGSI and NTRK2 may be
incorporated into a multi-gene diagnostic panel alongside
body mass index (BMI), lung function parameters, and
inflammatory markers (such as IgE, eosinophil counts, IL-
6, and TNF-0) to construct a composite diagnostic model.
Such an approach may facilitate the early identification
of children at high risk for asthma-obesity comorbidity,
thereby enabling precise stratification and individualized
intervention. From a therapeutic perspective, RGSI
participates in inflammatory responses through regulation
of the NF-«kB, MAPK, and TLR signaling pathways, while
the BDNF-TrkB signaling pathway also plays a pivotal
role in inflammation and oxidative stress. Targeting these
pathways with small-molecule inhibitors or agonists may
therefore represent a promising strategy for the treatment
of this comorbidity.

Future research should prioritize several key directions.
First, the expression levels of RGSI and NTRK2, as well
as their associations with disease severity and treatment
response, should be validated in larger, multicenter clinical
cohorts. Second, integration of gene expression data with
multidimensional phenotypic parameters, including BMI,

© AME Publishing Company.
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lung function, and inflammatory markers, is warranted to
better delineate the clinical utility of these genes in disease
subtyping. Finally, both in vitro and in vive studies are
required to elucidate the precise molecular mechanisms
by which RGSI and NTRK2 regulate inflammation and
metabolism, thereby providing a theoretical foundation for
targeted interventions and promoting the translation of
these biomarkers into clinical practice.

Limitations

However, our study had limitations. First, the sample
sizes of the training datasets, particularly for obesity,
were relatively small, and dataset heterogeneity may have
introduced potential biases. Second, although the diagnostic
performance of the HGs reached statistical significance, the
AUC values were only moderate, especially in the asthma
validation dataset (GSE65204), thus warranting further
validation in larger and more diverse cohorts. Third,
the findings were primarily derived from bioinformatics
analyses and lack experimental validation.

Conclusions

This study identified two shared HGs, NTRK2 and
RGS1, linked to CA and CO. Elucidation of the common
molecular mechanisms linking these conditions deepens our
understanding of their comorbidity and lays a theoretical
groundwork for developing cross-disease precision
diagnostic tools and targeted therapeutic strategies, with
the ultimate goal of improving clinical outcomes in affected
pediatric populations.

Acknowledgments

None.

Footnote

Reporting Checklist: The authors have completed the
TRIPOD reporting checklist. Available at https://
tp.amegroups.com/article/view/10.21037/tp-2026-1-0108/rc

Peer Review File: Available at https://tp.amegroups.com/
article/view/10.21037/tp-2026-1-0108/prf

Funding: This study was supported by National Key R&D
Program of China (2024YFC3505900, and 2024YFC3505901).

Transl Pediatr 2026;15(5):182 | https://dx.doi.org/10.21037/tp-2026-1-0108


https://tp.amegroups.com/article/view/10.21037/tp-2026-1-0108/rc
https://tp.amegroups.com/article/view/10.21037/tp-2026-1-0108/rc
https://tp.amegroups.com/article/view/10.21037/tp-2026-1-0108/prf
https://tp.amegroups.com/article/view/10.21037/tp-2026-1-0108/prf

Page 12 of 13

Conflicts of Interest: All authors have completed the ICMJE
uniform disclosure form (available at https://tp.amegroups.
com/article/view/10.21037/tp-2026-1-0108/coif). The
authors have no conflicts of interest to declare.

Ethical Statement: The authors are accountable for all

aspects of the work in ensuring that questions related

to the accuracy or integrity of any part of the work are

appropriately investigated and resolved. The study was

conducted in accordance with the Declaration of Helsinki

and its subsequent amendments.

Open Access Statement: This is an Open Access article

distributed in accordance with the Creative Commons

Attribution-NonCommercial-NoDerivs 4.0 International
License (CC BY-NC-ND 4.0), which permits the non-

commercial replication and distribution of the article with

the strict proviso that no changes or edits are made and the

original work is properly cited (including links to both the
formal publication through the relevant DOI and the license).
See: https://creativecommons.org/licenses/by-nc-nd/4.0/.

References

1.

Mazzotta C, Barkai L. Obesity and Asthma in Children-
Coexistence or Pathophysiological Connections?
Biomedicines 2025;13:1114.

Reyes-Angel J, Kaviany P, Rastogi D, et al. Obesity-related
asthma in children and adolescents. Lancet Child Adolesc
Health 2022;6:713-24.

Ho CH, Gau CC, Lee WE et al. Early-life weight gain

is associated with non-atopic asthma in childhood. World
Allergy Organ ] 2022;15:100672.

Sonnenschein-van der Voort AM, Howe LD, Granell

R, et al. Influence of childhood growth on asthma and
lung function in adolescence. ] Allergy Clin Immunol
2015;135:1435-43.¢7.

Lang JE, Bunnell HT, Hossain MJ, et al. Being
Overweight or Obese and the Development of Asthma.
Pediatrics 2018;142:¢20182119.

Chen YC, Su MW, Brumpton BM, et al. Investigating
obesity-related risk factors for childhood asthma. Pediatr
Allergy Immunol 2022;33:e13710.

Beuther DA, Sutherland ER. Overweight, obesity,

and incident asthma: a meta-analysis of prospective
epidemiologic studies. Am J Respir Crit Care Med
2007;175:661-6.

Forno E, Young OM, Kumar R, et al. Maternal obesity in

© AME Publishing Company.

9.

10.

16.

17.

18.

20.

21.

22.

23.

Gou et al. Shared pathways in pediatric asthma and obesity

pregnancy, gestational weight gain, and risk of childhood
asthma. Pediatrics 2014;134:e535-46.

Dumas O, Varraso R, Gillman MW, et al. Longitudinal
study of maternal body mass index, gestational weight
gain, and offspring asthma. Allergy 2016;71:1295-304.
Chen Z, Salam MT, Alderete TL, et al. Effects of
Childhood Asthma on the Development of Obesity
among School-aged Children. Am J Respir Crit Care Med
2017;195:1181-8.

. Shan LS, Zhou QL, Shang YX. Bidirectional Association

Between Asthma and Obesity During Childhood and
Adolescence: A Systematic Review and Meta-Analysis.
Front Pediatr 2020;8:576858.

. Xu]J, LiY, Kang M, et al. Multiple forms of cell death:

A focus on the PI3K/AKT pathway. J Cell Physiol
2023;238:2026-38.

. Abeyrathna P, Su Y. The critical role of Akt in

cardiovascular function. Vascul Pharmacol 2015;74:38-48.

. Huang X, Liu G, Guo J, et al. The PI3K/AKT pathway in

obesity and type 2 diabetes. Int J Biol Sci 2018;14:1483-96.

. Savova M, Mihaylova LV, Tews D, et al. Targeting PI3K/

AKT signaling pathway in obesity. Biomed Pharmacother
2023;159:114244.

Athari SS. Targeting cell signaling in allergic asthma.
Signal Transduct Target Ther 2019;4:45.

Enkavi G, Girych M, Moliner R, et al. TrkB
transmembrane domain: bridging structural understanding
with therapeutic strategy. Trends Biochem Sci
2024;49:445-56.

Yeo GS, Connie Hung CC, Rochford J, et al. A de

novo mutation affecting human TrkB associated with
severe obesity and developmental delay. Nat Neurosci
2004;7:1187-9.

. Xu B, Goulding EH, Zang K, et al. Brain-derived

neurotrophic factor regulates energy balance downstream
of melanocortin-4 receptor. Nat Neurosci 2003;6:736-42.
Tsao D, Thomsen HK, Chou J, et al. TrkB agonists
ameliorate obesity and associated metabolic conditions in
mice. Endocrinology 2008;149:1038-48.

Amidfar M, de Oliveira J, Kucharska E, et al. The role

of CREB and BDNF in neurobiology and treatment of
Alzheimer's disease. Life Sci 2020;257:118020.

Zhu XQ, Gao D. Naringenin alleviates cognitive
dysfunction in rats with cerebral ischemia/reperfusion
injury through up-regulating hippocampal BDNF-TrkB
signaling: involving suppression in neuroinflammation and
oxidative stress. Neuroreport 2024;35:216-24.

Xiang X, Xia S, Li S, et al. Study on the role and

Transl Pediatr 2026;15(5):182 | https://dx.doi.org/10.21037/tp-2026-1-0108


https://tp.amegroups.com/article/view/10.21037/tp-2026-1-0108/coif
https://tp.amegroups.com/article/view/10.21037/tp-2026-1-0108/coif
https://creativecommons.org/licenses/by-nc-nd/4.0/

Translational Pediatrics, Vol 15, No 5 May 2026

24.

25.

26.

27.

28.

29.

30.

31.

mechanism of Tan ITA in Alzheimer's disease based

on CREB-BDNF-TrkB pathway. Neurosci Lett
2024;830:137769.

Dragunas G, Woest ME, Nijboer S, et al. Cholinergic
neuroplasticity in asthma driven by TrkB signaling. FASEB
J2020;34:7703-17.

Yang C, Zhang X, Yang X, et al. Function and regulation
of RGS family members in solid tumours: a comprehensive
review. Cell Commun Signal 2023;21:316.

Bansal G, Druey KM, Xie Z. R4 RGS proteins: regulation
of G-protein signaling and beyond. Pharmacol Ther
2007;116:473-95.

Moratz C, Kang VH, Druey KM, et al. Regulator of

G protein signaling 1 (RGS1) markedly impairs Gi

alpha signaling responses of B lymphocytes. ] Immunol
2000;164:1829-38.

Zhang S, Wang H, Liu J, et al. RGS1 and related genes

as potential targets for immunotherapy in cervical cancer:
computational biology and experimental validation. J
Transl Med 2022;20:334.

Lu T, Chen S, XuJ. RGS1 mediates renal interstitial
fibrosis through activation of the inflammatory response.
Arch Biochem Biophys 2023;750:109744.

Zhang Y, Jia Z, Cao D, et al. RGS1 can serve as a long-
term prognostic marker in gastric cancer by promoting
the infiltration and polarization of macrophages. Biochim
Biophys Acta Mol Basis Dis 2025;1871:167711.

Choi MS, Kim Y], Kwon EY, et al. High-fat diet decreases
energy expenditure and expression of genes controlling lipid
metabolism, mitochondrial function and skeletal system
development in the adipose tissue, along with increased

Cite this article as: Gou H, Zhou H, Zhao M, Zhang X,

Zhao Q. Combining bioinformatics and machine learning to

identify common mechanisms and biomarkers of childhood
asthma and obesity. Transl Pediatr 2026;15(5):182. doi: 10.21037/
tp-2026-1-0108

© AME Publishing Company.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Page 13 of 13

expression of extracellular matrix remodelling- and
inflammation-related genes. Br ] Nutr 2015;113:867-77.
Moreno-Viedma V, Amor M, Sarabi A, et al. Common
dysregulated pathways in obese adipose tissue and
atherosclerosis. Cardiovasc Diabetol 2016;15:120.

Feng D, Yu ], Bao L, et al. Inhibiting RGS1 attenuates
secondary inflammation response and tissue degradation
via the TLR/TRIF/NF-kB pathway in macrophage post
spinal cord injury. Neurosci Lett 2022;768:136374.

Hu X, Tang J, Zeng G, et al. RGSI silencing inhibits the
inflammatory response and angiogenesis in rheumatoid
arthritis rats through the inactivation of Toll-like receptor
signaling pathway. ] Cell Physiol 2019;234:20432-42.
Song Y, Altarejos J, Goodarzi MO, et al. CRTC3 links
catecholamine signalling to energy balance. Nature
2010;468:933-9.

Estravis M, Carreiras-Quintas D, Trivifio JC, et al.
Identification of Dual Super-Response in Patients With
Asthma and CRSwNP Treated With Mepolizumab. J
Investig Allergol Clin Immunol 2026;36:47-60.

Ma F, Cao D, Liu Z, et al. Identification of novel
circulating miRINAs biomarkers for healthy obese and lean
children. BMC Endocr Disord 2023;23:238.

Manvati MKS, Khan J, Verma N, et al. Association of miR-
760 with cancer: An overview. Gene 2020;747:144648.
Cao L, Liu Y, Wang D, et al. MiR-760 suppresses human
colorectal cancer growth by targeting BATF3/AP-1/
cyclinD1 signaling. ] Exp Clin Cancer Res 2018;37:83.
Ma J, Wei H, Li X, et al. Hsa-miR-149-5p Suppresses
Prostate Carcinoma Malignancy by Suppressing RGS17.
Cancer Manag Res 2021;13:2773-83.

Transl Pediatr 2026;15(5):182 | https://dx.doi.org/10.21037/tp-2026-1-0108



