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Abstract
Background Childhood asthma is one of the most common causes of hospitalization in children, causing
huge economic losses worldwide. The immune system was closely linked to the occurrence and
development of childhood asthma. The main purpose of this research is to explore the role of immune-
related genes in the occurrence and treatment of childhood asthma.

Methods GSE40732 dataset and GSE40888 dataset were respectively regarded as training dataset and
texting dataset in this article. We performed weighted gene co-expression network analysis (WGCNA) to
select immune-related genes associated with the occurrence of childhood asthma based on the training
dataset. Random forest (RF) model was established to screen the optimal variables to predict the
occurrence of childhood asthma among these signi�cant immune-related genes. Childhood asthma
patients were grouped by the consensus clustering method based on the optimal variables. The grouping
results were validated in the texting dataset.

Results 69 signi�cant immune-related genes associated with the occurrence of childhood asthma were
screened through WGCNA. RF model indicated that 10 optimal variables among these signi�cant
immune-related genes can reasonably distinguish normal children and childhood asthma. Childhood
asthma patients were classi�ed into two molecular subtypes (Sub1 and Sub2) based on the 10 optimal
variables using consensus clustering analysis. More interestingly, childhood asthma patients in Sub1
have higher in�ammatory response than Sub2.

Conclusions Our research selected 10 signi�cant immune-related genes related to the occurrence of
childhood asthma. We classi�ed childhood asthma patients into two molecular subtypes with different
immune cell in�ltration based on the 10 signi�cant immune-related genes, which may provide the basis
for individualized treatment.

Background
Bronchial asthma is the most common chronic respiratory disease in children. The recent increase in the
incidence of childhood asthma not only threatens child health but also poses a signi�cant public health
issue in industrialized countries 1. According to the international study of asthma and allergies in
childhood (ISAAC), the prevalence of childhood asthma in some countries exceeds 10% 2. Childhood
asthma seriously undermines the quality of life and increases the medical burden on society 3. Therefore,
investigating the pathogenesis of childhood asthma and exploring precise treatment strategies for this
disease have been deemed important.

Certain factors are known to play an important role in the pathogenesis of childhood asthma. Continuing
exploration of immune mechanisms underlying childhood asthma as well as the role played by allergic
factors in its pathogenesis has led to immunotherapy being developed as a new treatment line for
childhood asthma. Immunotherapy is divided into non-speci�c immunotherapy and speci�c
immunotherapy (SIT). Non-speci�c immunotherapy is associated with immune avoidance or using anti-
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allergic drugs. Speci�c immunotherapy refers to the process of identifying a patient's allergens via
pathogenic detection, applying the corresponding allergen extracts to induce immune stimulation, and
gradually increasing the stimulation dosage until immune tolerance is achieved 4–6. In recent years,
several randomized, controlled trials have demonstrated the e�cacy of SIT in treating asthma. Although
randomized controlled trials have con�rmed the clinical bene�ts of SIT, the risk of developing severe
allergic reactions due to SIT persists 7. Therefore, investigating immune mechanisms underlying
childhood asthma and adopting speci�c, individualized immunotherapies have been considered vital.

The current study utilized weighted gene co-expression network analysis (WGCNA) to select immune-
related genes associated with childhood asthma. The Random Forest (RF) model was then used to
screen 10 signi�cant immune-related genes that could be potentially used to predict the occurrence of
childhood asthma. In addition, consensus clustering analysis was performed to classify childhood
asthma patients into two molecular subtypes based on these 10 signi�cant immune-related genes, with
the expectation that these subtypes may provide a basis for individualized treatment.

Materials And Methods

Data acquisition
The training and testing datasets, GSE40732 8 and GSE40888 9, were obtained from the Gene Expression
Omnibus database (http://www.ncbi.nlm.nih.gov/geo/, RRID:SCR_007303). GSE40732 contained 97 non-
asthmatic and 97 asthmatic patients, while GSE40888 dataset contained 40 non-asthmatic and 65
asthmatic patients. Moreover, 2499 immune-related genes were downloaded from the ImmPort database
(https://immport.niaid.nih.gov, RRID:SCR_012804) 10.

Construction of the co-expression network
The ‘WGCNA’ package in R software https://labs.genetics.ucla.edu/horvath/CoexpressionNetwork/,
RRID:SCR_003302 was used to establish the co-expression network. The �rst step was to construct the
matrix, which consisted of three matrices (similarity, adjacency, and topological matrices) and two matrix
transformations (similarity matrix converted into the adjacency matrix and adjacency matrix converted
into the topological matrix). The similarity matrix was used to construct a network according to the
degree of correlation between genes. The adjacency matrix de�nes the adjacency function of the WGCNA
network. The topological matrix refers to the degree of difference between nodes. The similarity matrix
was converted into the adjacency matrix according to the formula, amn = cmn b, where amn and cmn
refer to the correlation and connection coe�cients between genes m and gene n, respectively, and b
represents soft threshold. The adjacency matrix was converted into the topological matrix using an
appropriate soft threshold. The second step obtained the co-expression module through the dynamic
shear tree. A co-expression module is interpreted as a collection of genes with high topological overlap
similarities. A dynamic shear tree is an algorithm consisting of two parts, mapping and dynamic shear

about:blank
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gene trees. Gene tree mapping calculates the co-expression correlation coe�cient of each gene according
to its expression level, clusters the genes, and maps the gene tree. Dynamic cutting refers to pruning the
gene tree and fusing the pruned gene tree into multiple gene modules 11-13. In the present study, we
selected a gene module highly correlated with childhood asthma as the ‘hub’ module for further research.
Next, we applied gene ontology (GO) analysis based on the genes in the ‘hub’ module using
‘clusterPro�ler’ package in R software to explore the potential mechanisms underlying the function of
these genes.

Random forest model construction
Random forest (RF) is a constituent supervised learning method, which can be considered an extension
of a decision tree. Random forest builds prediction models by sampling objects and variables, generates
multiple decision trees, and classi�es objects in turn. Finally, the classi�cation results of each decision
tree are summarized. The mode category of all prediction categories is selected as the target category
predicted by the random forest. Our study used the ‘RandomForest’ package in R software to establish a
random forest model that enabled the selection of optimal variables that predict childhood asthma 11.

Nomogram model construction
The nomogram model integrates multiple prediction indicators according to a certain proportion
allocation and visualizes prediction results. To predict the prevalence of childhood asthma patients, we
constructed a nomogram model based on selected signi�cant genes using the ‘rms’ package in R
software. We estimated morbidity by adding the points of each variable to obtain total points. The
calibration curve was used to evaluate the consistency of our predicted values against actual reality.
Decision curve analysis (DCA) was performed, and a clinical impact curve was plotted to assess whether
decisions based on the model were bene�cial to the patient.

Identi�cation of molecular subtype
Childhood asthma patients were grouped using the consensus clustering method based on the optimal
variables. ‘ConsensusClusterPlus’ package in R software was used to perform consensus clustering.
Consensus clustering is an algorithm that is used to identify each member and its subgroup number and
verify clustering rationality based on resampling 14.

Estimation of the abundance of immune cells
Single sample gene set enrichment analysis (ssGSEA) was used to evaluate the abundance of immune
cells in non-asthmatic and asthmatic samples. First, ssGSEA was used to sequence the gene expression
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levels in the samples in order to obtain their rank. Next, we searched for these genes in the input data set,
following which the expression levels of these genes were summed. Based on the above evaluation, we
obtained the abundance of immune cells in each sample.

Statistical analysis
One-way ANOVA and Kruskal-Wallis tests were used to compare differences between groups. All
parametric analyses were based on two-tailed tests, the statistical signi�cance of which was set at p <
0.05. All statistical analyses were performed using R 4.0.0.

Results

Identi�cation of signi�cant immune-related genes
associated with childhood asthma
Sample quality was detected using the training set GSE40732 by the ‘�ash cluster’ package in R software.
The results indicated that there were no outlier samples in the data set (Fig. 1 A). Immune-related gene
expression pro�le data in the training set were used to establish the co-expression network. First, we used
the degree of correlation between immune-related genes to obtain the similarity matrix. Next, we
converted the similarity matrix into an adjacency matrix, according to the formula, amn = cmn b. Finally,
we converted the adjacency matrix into a topological matrix using an appropriate soft threshold (b=4;
R2= 0.98; Figs. 1 B-E). Five gene modules were obtained via the dynamic shear tree (Fig. 2 A). Module-
trait relationships indicated that the yellow module showed the highest correlation with childhood asthma
(Fig. 2 B; p=0.01). All 69 genes in the yellow module were selected as signi�cant immune-related genes
suitable for further research (Fig. 2 C). To explore the potential mechanisms underlying the role of
signi�cant immune-related genes in childhood asthma, GO analysis was performed using the
‘clusterPro�ler’ package in R software. The results revealed that signi�cant immune-related genes may
participate in childhood asthma by inducing immune activation (Fig. 3).

Random forest model construction
The 69 signi�cant immune-related genes were screened to determine the optimal variables capable of
predicting the occurrence of childhood asthma, using the generalized linear (GLM), RF, and support vector
machine (SVM) models, all of which were established separately using the ‘DALEX’ package. The RF
model, which showed the least residual distribution, was selected as the best model to predict childhood
asthma (Figs. 4 A, B). We evaluated the importance of signi�cant immune-related genes in predicting the
occurrence of childhood asthma based on the established RF model. We visualized the top 30 genes after
ranking these genes according to their importance (Fig. 4 C), where ‘%IncMSE’ represents an increase in
mean squared error. The more important a predictor gene is, the greater the prediction error will be, when
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its value is randomly replaced. ‘IncNodePurity’ represents the increase in node purity, which indicates the
effect of each gene on the heterogeneity of observations at each node of the classi�cation tree. A 10-fold
cross validation was performed to select genes. These results indicated that the predicted results were
more stable and exhibited lower cross validation errors when the number of genes was in the top 10.
Selection of the top 10 genes was based on the ‘IncNodePurity’ values corresponding to these genes, and
the 10 genes selected were CD244, DDX58, CMTM2, NRG1, HLA-DPA1, TNFSF13B, TNFSF13, CMKLR1,
PSME2, and SEMA6B.

Nomogram model construction
A nomogram model based on the selected top 10 genes was constructed, using the ‘rms’ package in R, to
predict the prevalence of childhood asthma patients (Fig. 5 A). Calibration curves revealed that the
predictivity of the nomogram model was accurate (Fig. 5 B). The ‘rmda’ package was used to plot the
DCA curve. The red line remained above the grey and black lines from 0.2 to 0.8, indicating that decisions
based on the nomogram model may bene�t childhood asthma patients (Fig. 5 C). We further plotted the
clinical impact curve to more intuitively assess the clinical impact of the nomogram model. The predicted
number of high-risk patients was greater than that of high-risk patients per event, indicating that the
predictive power of the nomogram model was remarkable. (Fig. 5 D).

Identi�cation of two molecular subtypes of childhood
asthma
Consensus clustering enables childhood asthma patients to be divided into two molecular subtypes
based on the expression pro�les of the top 10 genes selected from the training dataset. Matrix heat maps
were clearly separated at k = 2 (Fig. 6 A). The rows and columns of the matrix heat map represent
samples. The values of the consistency matrix are colored white to dark blue from 0 (impossible to
cluster together) to 1 (always clustered together). The cumulative distribution function (CDF) curve
indicated that the CDF reaches a value that approximates the maximum value at k=2 (Fig. 6 B). The item
cluster membership across different k numbers that tracks cluster history is presented (Fig. 6 C).
Classi�cation stability based on the selected top 10 genes was successfully veri�ed using the testing
dataset (Supplementary Fig. 1).

Landscape of immune in�ltration in childhood asthma
ssGSEA was used to evaluate the abundance of 28 in�ltrating immune cells in childhood asthma
patients. Myeloid-derived suppressor cells (MDSCs) exhibited the highest in�ltration abundance among
these 28 immune cell types (Fig. 7 A; Supplementary Fig. 2 A). Differential analysis of the training dataset
indicated that activated CD8 T, gamma delta T, T follicular helper, CD56bright natural killer, immature
dendritic, and natural killer T cells displayed higher levels of in�ltration abundance in asthma patients
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compared to those in non-asthma patients (Fig. 7 B). However, the abundance of activated CD8 T cell
in�ltration in asthma patients in the testing dataset was lower than that in non-asthma patients
(Supplementary Fig. 2 A). The imbalance between the numbers of non-asthma and asthma patients in
the testing dataset may lead to immune in�ltration results that are different from those in the training
dataset. Moreover, we explored relative immune cell in�ltration levels in the following two molecular
subtypes: Sub1 and Sub2. Childhood asthma patients in Sub1 displayed higher immune cell in�ltration
levels than those in Sub2 (Figs. 8 A & B). The major histocompatibility class 1 (MHC1) complex is
necessary to provide endogenous cellular antigens to circulating T cells. In the training dataset, the
expression levels of HLA-DMB, HLA-DOA, and HLA-DOB in Sub1 were higher than those in Sub2 (Fig. 8 C).
In the testing dataset, the expression levels of HLA-DRA, HLA-J, HLA-DPB1, HLA-DQB2, HLA-C, HLA-DMA,
HLA-DPA1, HLA-DMB, HLA-DPA2, and HLA-DRB1 in Sub1 were higher than those in Sub2 (Fig. 8 D).

Discussion
Asthma, which is the most common chronic respiratory disease in children, causes serious harm to the
physical and mental health of children 15, 16. Asthma causes chronic in�ammation of the airways through
various cellular components and cytokines. Its pathogenesis is extremely complex. The genes encoding
these cytokines determine the occurrence and development of asthma 17. Therefore, exploring
immunological mechanisms underlying childhood asthma as well as identifying biological markers that
predict asthma progression is vital for reducing the incidence of childhood asthma and implementing bi-
level preventive measures.

‘WGCNA’ was used to screen 69 immune-related genes associated with childhood asthma to explore
immunological mechanisms underlying this disease. GO analysis revealed that the potential mechanism
underlying the function of these 69 genes may be associated with immune activation. RF model screened
the top 10 genes, namely, CD244, DDX58, CMTM2, NRG1, HLA-DPA1, TNFSF13B, TNFSF13, CMKLR1,
PSME2, and SEMA6B, and used these 10 genes to establish a nomogram model that predicts the
prevalence of childhood asthma. The DCA curve indicated that decisions based on the nomogram model
could bene�t childhood asthma patients. Thus, we contend that these 10 genes are highly correlated with
the occurrence and development of childhood asthma.

CD244 is a member of the signaling lymphocyte activation molecule (SLAM) family, which plays an
important role in regulating the activity of NK cells, monocytes, T cells, and eosinophils 18. Gangwar et al.
reported that CD244 mediates the activation of eosinophils and participates in the development of
human asthma 19. DExD/H-Box Helicase 58 (DDX58), also known as reticonic acid induced gene I (RIG-I),
activates and regulates the expression of various in�ammatory factors, thereby initiating innate and
speci�c immune responses 20. Many studies have shown that RIG-I plays an important role in the
in�ammatory response of asthma induced by viruses 21–23. Human leukocyte antigen (HLA) is a gene
complex closely related to human immune function. The results of a study conducted by Shi et al.,
indicating that HLA-DPA1 may participate in the in�ammatory response of childhood asthma, were
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consistent with those of the current study 24. TNFSF13B and TNFSF13, members of the tumor necrosis
factor (TNF) family, are important B cell stimulators 25. Kumar et al. revealed that the genetic variations in
the TNF family were associated with the aggravation rate of asthma 26. Chemokine like receptor 1
(CMKLR1), which is a G protein-coupled receptor, plays an important role in in�ammatory and immune
responses 27. CMKLR1 reportedly relieved allergic airway in�ammation of asthma patients 28. CMTM2,
which belongs to the CMTM family, is highly expressed in peripheral blood mononuclear cells and is
associated with numerous autoimmune diseases 29. Neureg-ulin-1 (NRG-1), which is a member of the
NRG gene family, acts as a paracrine factor in dendritic cells and is involved in tumor immunity 30.
SEMA6B is associated with macrophages 31. Proteasome activator complex subunit 2 (PSME2)
functions in antigen presentation and lymphocyte activation 32. To the best of our knowledge, to date, no
studies have described the relationship between CMTM2, NRG-1, SEMA6B, and PSME2 and asthma.

Consensus clustering analysis classi�ed childhood asthma patients into two molecular subtypes based
on the top 10 genes. Childhood asthma patients in Sub1 displayed a higher in�ammatory response than
those in Sub2. We propose that patients in Sub1 may be more sensitive to a speci�c type of
immunotherapy. Currently we are unable to verify our premise by data analysis due to a lack of speci�c
immunotherapy-related datasets in the database. We believe that our classi�cation of childhood asthma
patients may enable individualized immunotherapy to be successfully implemented against childhood
asthma patients.

Conclusions
In conclusion, the current study selected 10 immune-related genes associated with childhood asthma and
established a nomogram model that predicts the prevalence of childhood asthma. Based on the top 10
genes, we further identi�ed molecular subtypes that display differential in�ammatory responses, which
may enable the development of individualized immunotherapy for childhood asthma patients.

Abbreviations
WGCNA: weighted gene co-expression network analysis; RF: random forest; ISAAC: international study of
asthma and allergies in childhood; SIT: speci�c immunotherapy; GO: gene ontology; DCA: decision curve
analysis; ssGSEA: single sample gene set enrichment analysis; GLM: generalized linear; SVM: support
vector machine
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Figure 1

Clustering dendrogram of 97 non-asthma and 97 asthma patients from the GSE40732 dataset. (A)
Screening for an appropriate β in co-expression network. (B) Scale-free topology model �t index analysis
based on various βs. (C) Mean connectivity analysis based on various βs. (D) Histogram of connectivity
distribution for β=4. (E) Scale-free topology for β=4.
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Figure 2

Identi�cation of yellow modules related to the occurrence of childhood asthma. (A) Identi�cation of �ve
gene modules based on the dynamic shear tree. (B) The yellow module was closely correlated with the
occurrence of childhood asthma, according to the module-trait relationships. (C) Gene scatter diagram in
the yellow module.
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Figure 3

Gene ontology (GO) analysis that explores the potential mechanism underlying the effect of signi�cant
immune-related genes on the occurrence and development of childhood asthma, using ‘clusterPro�ler’
package in R software.
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Figure 4

Random forest model construction. (A) Cumulative residual distribution map of the RF, GLM, and SVM
models. (B) Histogram of the residual distribution of the RF, GLM, and SVM models. (C) The importance
of the top 30 immune-related genes based on the RF model.
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Figure 5

Construction of the nomogram model. (A) Construction of the nomogram model based on the top 10
immune-related genes. (B) Predictivity of the nomogram model as revealed by the calibration curve. (C)
Decisions based on the nomogram model may bene�t childhood asthma patients. (D) The clinical impact
of the nomogram model as assessed by the clinical impact curve.
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Figure 6

Identi�cation of two molecular subtypes of childhood asthma from the training dataset. (A) The matrix
heat map was clearly separated when k = 2. (B) The CDF reaches an approximate maximum value and
the results of clustering analysis were the most reliable when k = 2. (C) Tracking plot from k = 2 to 9. The
black stripe at the bottom represents the sample, showing the classi�cation of the sample when different
values of k are considered; the blocks of different colors represent different classi�cations.
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Figure 7

Single sample gene set enrichment analysis. (A) The abundance of 28 in�ltrating immune cell types in
childhood asthma patients from the training dataset. (B) Differential immune cell in�ltration between
non-asthma and asthma patients in the training dataset.
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Figure 8

Biological function analysis of the two molecular subtypes. (A) Differential immune cell in�ltration
between the two molecular subtypes in the training dataset. (B) Differential immune cell in�ltration
between the two molecular subtypes in the testing dataset. (C) Comparison of the expression of human
leucocyte antigen (HLA) genes between the two molecular subtypes in the training dataset. (D)
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Comparison of the expression levels of the HLA genes between the two molecular subtypes in the testing
dataset.
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