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Abstract
Background  Infection by the SARS-CoV-2 virus can cause coronavirus disease 2019 (COVID-19) and can also 
exacerbate the symptoms of Kawasaki disease (KD), an acute vasculitis that mostly affects children. This study used 
bioinformatics and machine learning to examine similarities in the molecular pathogenesis of COVID-19 and KD.

Methods  We first identified disease-associated modules in KD using weighted gene co-expression network analysis. 
Then, we determined shared differentially expressed genes (DEGs) in training datasets for KD (GSE100154) and COVID-
19 (GSE225220), performed functional annotation of these shared DEGs, and used Cytoscape plug-ins (MCODE and 
Cytohubba) to characterize the protein-protein interaction (PPI) network and identify the hub genes. We performed 
Least Absolute Shrinkage and Selection Operator(LASSO) regression and receiver operating characteristic (ROC) curve 
analysis to identify the most robust markers, validated these results by analysis of two other datasets (GSE73461 and 
GSE18606), and then calculated the correlations of these key genes with immune cells.

Results  This analysis identified 26 shared DEGs in COVID-19 and KD. The results from functional annotation showed 
that the shared DEGs primarily functioned in immune responses, the formation of neutrophil extracellular traps, and 
NOD-like receptor signaling pathways. There were three key genes (PGLYRP1, DEFA4, RETN), and they had positive 
correlations with monocytes, M0 macrophages, and dendritic cells, which function as immune infiltrating cells in KD.

Conclusion  The potential immune-associated biomarkers (PGLYRP1, DEFA4, RETN) along with their shared pathways, 
hold promise for advancing investigations into the underlying pathogenesis of KD and COVID-19.
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Similarity of immune-associated markers 
in COVID-19 and Kawasaki disease: analyses 
from bioinformatics and machine learning
Wang Li1, Wenjie Zhu1, Xiangting Tang1, Zhiting Peng1, Jiaqi Ye1 and Shuping Nie1*

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12887-025-05752-z&domain=pdf&date_stamp=2025-5-16


Page 2 of 15Li et al. BMC Pediatrics          (2025) 25:400 

Introduction
Kawasaki disease (KD) is a self-limited systemic vascular 
disease that typically has a sudden onset and primarily 
affects children under 5 years of age. KD can lead to cor-
onary artery lesions (CALs) if diagnosis and intervention 
are not prompt [1]. The diagnosis of KD is based on the 
presence of a combination of symptoms, and there is no 
single biomarker. The main symptoms are fever (above 
39  °C to 40  °C), rash, inflammation of the extremities 
and mouth, conjunctivitis, and cervical lymphadenopa-
thy. The American Heart Association (AHA) formu-
lated diagnostic criteria for KD in 2004 and revised these 
criteria in 2017 [2, 3]. These criteria have widespread 
acceptance in Japan (where KD was first reported) and 
elsewhere.

Previous studies have reported the presence of KD 
throughout the world and in children from diverse eth-
nic backgrounds, and that the highest incidence is in 
young males from Asia [4–8]. A recent study [9] of KD 
in children who were younger than 5 years-old reported 
an annual incidence rate of 371 cases per 100,000 imme-
diately prior to the COVID-19 pandemic (2019) and a 
substantially lower rate during the pandemic (2020). This 
reduction may have been due to the implementation of 
measures designed to prevent the transmission of SARS-
CoV-2. Recent studies in China reported the annual inci-
dence rate in children under 4-years-old was more than 
100 cases per 100,000 [10, 11]. Other research identified 
KD as the predominant etiology of acquired heart dis-
ease in pediatric patients, exceeding that of rheumatic 
fever [12]. KD also has important consequences for the 
development of coronary artery damage in adults [13]. 
Although much remains unknown about the patho-
genesis of KD, some research suggests that one or more 
specific infectious agents triggers an excessive immune 
response that manifests as KD in individuals who are 
genetically susceptible [14].

KD is associated with respiratory virus infection, 
but no specific pathogen has been found [15].COVID-
19 is a contagious respiratory disease caused by the 
SARS-CoV-2 virus [16, 17]that rapidly escalated into a 
global pandemic. Some studies reported an association 
between COVID-19 and vasculitis, which may occur as 
a manifestation of a post-viral immunological response 
[18]. Since the outbreak of the COVID-19 epidemic, the 
number of reported patients with KD has increased by 
30-fold [19], although some of these diagnoses were later 
reclassified as complications of COVID-19 [20, 21]. Sub-
sequent research also demonstrated a significant associa-
tion between COVID-19 and KD, in that children with 
a genetic predisposition may experience a recurrence 
of KD following infection by SARS-CoV-2 [22]. Impor-
tantly, the co-infection of a patient with KD by SARS-
CoV-2 and another pathogen could impact the choice of 

the initial pharmacotherapy to be used for treatment of 
KD [23]. However, available evidence is currently insuf-
ficient to establish a causal relationship between COVID-
19 and KD, and no genetic studies to date support this 
relationship.

The purpose of the present study was to use a combi-
nation of bioinformatics strategies and machine learning 
techniques to identify genes that function in immuno-
modulation and potentially affect the pathogenesis of 
both COVID-19 and KD. Base on it, we aimed to dis-
cover some immune-related markers that could provide 
aid in the identification and treatment of patients with 
KD. The workflow of our study is depicted in Fig. 1.

Materials and methods
Datasets
“Kawasaki disease” and “COVID-19” were used as search 
terms respectively to screen the relevant data sets in the 
Gene Expression Omnibus (GEO) (​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​l​​m​
.​n​i​​h​.​​g​o​v​/​g​e​o​/) database. The organism was set as ‘Homo 
sapiens’. Case and healthy whole blood samples from chil-
dren were required. After reading the original design, 
we selected the datasets that conforms to the principle 
of randomized control and does not violate the ethi-
cal standards. Four gene expression datasets were ulti-
mately analyzed (Table 1). GSE100154 (44 samples) had 
data from 21 patients with KD and 23 healthy controls. 
GSE73461 (459 samples) had data from 78 patients with 
KD and 55 healthy controls, in addition to other patients 
with various infectious diseases. GSE225220 (217 sam-
ples) had data from 37 patients with acute COVID-19 
and 26 healthy controls, in addition to other patients 
with multisystem inflammatory syndrome. GSE18606 (48 
samples) had data from 20 patients with KD (8 who were 
not responsive to intravenous immunoglobulin [IVIG] 
and 12 who were responsive to IVIG) and nine healthy 
controls; the analysis only included data from 11 of the 
12 responsive patients because post-treatment data were 
missing for one patient.

Weighted gene co-expression network analysis
Weighted gene co-expression network analysis 
(WGCNA) was used to explore the relationship between 
gene co-expression network and clinical phenotype by 
searching for co-expression gene modules. Modules 
with similar expression patterns were established using 
the R(version 4.3.1)package ‘WGCNA’ version 1.72.1 
[24]. First, the top 5000 statistically significant genes 
were selected for subsequent analysis by calculating the 
median absolute deviation after refining the datasets. Sec-
ond, the outlier samples significantly deviated from the 
majority in dataset were eliminated through the ‘hclust’ 
function after executing cluster analysis. Third, the ‘pick-
SoftThreshold’ function was employed to determine the 
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best soft powers (β = 18) based on a balance of ‘Scale 
independence’ and ‘Mean connectivity’. The optimal soft 
threshold was applied so that the constructed network 
was infinitely close to the scale-free network character-
istics. Last, an adjacency matrix was generated and trans-
formed into a topological overlap matrix (TOM). Then, 
the nodes of the matrix were methodically arranged into 
a cluster tree using hierarchical clustering. The gene 
modules were generated using the R package ‘dynamic-
TreeCut’ and differentiated by color based on the optimal 
value of β. The selection criterion for classification was 
established as ‘minModuleSize’ of 30.

Identification of shared differentially expressed genes
Differentially expressed genes (DEGs) were identified in 
the GSE100154 dataset using the R package ‘limma’ ver-
sion 3.56.2 [25]. DEGs were defined by standard criteria 
(adjusted P < 0.05 and|log2(fold change)|>1). The R pack-
age ‘DESeq2’ version 1.40.2 [26] was utilized to identify 
DEGs in GSE225220 using the same standard criteria. 
Module-DEGs were identified by determining the over-
lap of core module genes and DEGs in GSE100154 using 
the R package ‘VennDiagram’ version 1.7.3 [27]. Finally, 
the shared module-DEGs in GSE100154 and DEGs in 
GSE225220 were selected as the COVID-19-related KD 
hub genes for subsequent analysis. GEO2R (an online 
interactive tool at the GEO website) was employed for 
data normalization, preprocessing, and identification of 
DEGs in the patient and control groups of GSE18606.

Functional enrichment analysis
After identification of hub genes, the R package ‘cluster-
Profiler’ version 4.8.3 [28] was used to conduct a func-
tional enrichment analysis. The Gene Ontology (GO) 
analysis focuses on the terms of biological process, cel-
lular composition, and molecular function, and the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) analy-
sis identifies related biological pathways and functions. 
Only highly enriched terms and pathways (P < 0.05) were 
retained.

Table 1  RNA expression datasets used in this study
Dataset Platform Study Type Sample 

Type
N (Con-
trols/
Cases)*

GSE100154 GPL6884 Expression 
profiling by array 
whole blood

44 (23/21)

GSE73461 GPL10558 Expression 
profiling by array 
whole blood

133 (55/78)

GSE18606 GPL6480 Expression 
profiling by array 
whole blood

22 (11/11)

GSE225220 GPL24676 Expression 
profiling by high 
whole blood

63 (26/37)

throughput 
sequencing

* N (Control/Cases): number of subjects used in the current analysis. Three 
datasets (GSE73461, GSE18606, GSE225220) also included data from additional 
patients who had other diseases

Fig. 1  Flow chart
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Protein-protein interaction network analysis and selection 
of hub genes
Studies of protein-protein interaction (PPI) networks 
are crucial for analyses of functional molecular biology. 
In this analysis, publicly available databases are used to 
map inputs to PPI data and identify pathways [29]. The 
STRING tool, a database for customization of PPI net-
works and functional characterization of gene sets [30], 
was used to analyze the networks of the hub genes of 
COVID-19 that were related to KD, and the minimum 
required interaction score was set as 0.4. These results 
were displayed using Cytoscape version 3.9.1 [31]. The 
core functional modules were analyzed using the Cyto-
scape Molecular Complex Detection (MCODE) plug-
in to detect sub-networks of PPI using standard default 
parameters (Degree Cutoff: 2, Node Score Cutoff: 0.2, 
K-Core: 2, Max Depth: 100). The CytoHubba plug-in was 
employed to achieve a more reliable identification of hub 
genes in the PPI network. This analysis utilized four algo-
rithms for topological analysis: EPC, MNC, MCC, and 
Degree. The resulting shared genes were then visualized 
using the R package ‘VennDiagram’.

Combining LASSO regression analysis with ROC curve 
analyses for identification of key genes
Least Absolute Shrinkage and Selection Operator 
(LASSO) regression is a widely used machine learn-
ing method for the classification or feature selection of 
high dimensional data [32]. LASSO compresses the esti-
mated coefficient of redundant predictors to zero by con-
structing the penalty function, so as to screen variables. 
It was employed to screen for key genes and improve 
the diagnosis of KD using the R package ‘glmnet’ ver-
sion 4.1.8 [33]. Considering the accuracy and simplic-
ity of the model, a lambda within one standard error of 
the minimum criteria (lambda.1se) was chosen as the 
optimal lambda by a 10-fold cross-validation. The diag-
nostic accuracy of key genes was assessed by receiver 
operating characteristic (ROC) curve analysis with the 
R package ‘pROC’ version 1.18.4 [34], and the GSE73461 
dataset was utilized for validation. The expression of piv-
otal genes in the validation dataset (GSE18606), which 
has samples from patients with KD before and after IVIG 
treatment, was also examined. GraphPad Prism 8.0.2 was 
used to visualize these results.

Immune infiltration analysis
The immune infiltration status of 22 specific immune 
cells was analyzed in the GSE100154 and GSE225220 
datasets with the R package ‘CIBERSORT’ version 0.1.0 
[35]. To identify the correlation of immune cells with the 
key genes, Spearman correlation coefficients were calcu-
lated with the R package ‘corrplot’ version 0.92 [36].

Results
Identification of disease-related modules by WGCNA
We performed the WGCNA with the KD data-
set GSE100154 after exclusion of an out-
lier sample(cutHeight = 150) from a patient with 
KD(GSM2672295) to improve the reliability of the analy-
sis (Supplementary Fig. 1). We then determined the opti-
mal soft threshold, β (Fig. 2a), and identified 13 modules 
that had similar co-expression characteristics using the 
dynamicTreeCut algorithm (Fig.  2b). Next, we deter-
mined the relationships of these modules with the KD 
phenotype by calculation of Pearson’s correlation coeffi-
cient (Fig. 2c). In the figure, the pink and purple modules 
had positive correlations with KD, and the green-yellow 
and turquoise modules had negative correlations with 
KD. We then identified 1047 genes within these four 
modules as disease-related genes for the subsequent 
analysis (Supplementary Table 1).

Recognition of shared DEGs
We normalized the GSE100154 dataset (Fig. 3a) and the 
GSE225220 dataset (Fig.  3c), and then identified 117 
significant DEGs in GSE100154 (Fig.  3b) and 2711 sig-
nificant DEGs in GSE225220 (Fig.  3d). Analysis of the 
WGCNA module (WGCNA_genes) and DEGs in the 
GSE100154 dataset (GSE100154_degs) showed there 
were 56 shared genes, (Fig. 3e). Further analysis of these 
56 genes (GSE100154_deg_WGCNA) and the significant 
DEGs in the GSE225220 dataset (GSE225220_deg) iden-
tified 26 shared genes (Fig.  3f, Supplementary Table 2). 
We considered these 26 genes to be COVID-19-related 
KD hub genes.

Functional annotation of hub genes
We then used the “clusterProfiler " package to perform 
GO analysis (Fig. 4a) and KEGG analysis (Fig. 4b) of the 
COVID-19-related KD hub genes. These hub genes had 
significant enrichment in terms for antimicrobial and 
immune responses, including “defense response to bac-
terium”, “innate immune response in mucosa”, “mucosal 
immune response”, and “neutrophil extracellular trap 
(NET) formation”.

PPI network analysis
We performed PPI network analysis to examine the 
interactions among proteins by using the STRING tool, 
with a focus on COVID-19-related KD hub genes. The 
resulting network consisted of 26 nodes and 129 edges 
(Fig.  5a). Then, analysis with the ‘MCODE’ plug-in of 
Cytoscape led to the identification of 15 central genes 
in the most robust module (Fig.  5b). These genes were 
highly correlated and played a role in a variety of biologi-
cal processes, including Innate immune response, inflam-
matory response, neutrophil extracellular trap formation 
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pathway and others. We then implemented four algo-
rithms in cytoHubba (MCC, EPC, Degree, and MNC) 
for further analysis and identified 9 common hub genes: 
MPO, LTF, CTSG, PGLYRP1, DEFA4, RETN, CEACAM8, 
CAMP, and AZU1 (Fig. 5c and d).

Screening of key genes
We performed LASSO regression to further investigate 
the most reliable marker genes. Based on a Lambda.1se 
value of 0.1563205, there were three key genes: DEFA4, 
PGLYRP1, and RETN (Fig. 6a and b). We also calculated 
the diagnostic value of these three genes by performing 
ROC curve analysis in the training dataset GSE100154 
(Fig.  6c) and the validation dataset GSE73461 (Fig.  6d). 

Fig. 2  WGCNA analysis of the GSE100154 dataset (KD vs. control). (a) Network topology for different values of the soft-threshold power, and selection of 
a β value of 18. (b) Gene clustering dendrogram, with different colors indicating distinct clusters. Thirteen modules had similar co-expression characteris-
tics. (c) Heatmap for the correlation of different modules with disease phenotype. The pink and purple modules had positive correlations with KD, while 
the green-yellow and turquoise were negatively correlated
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Fig. 3  Identification of DEGs and in the GSE100154 dataset and the GSE22520 dataset. (a, b) Data normalization and volcano plot of DEGs in GSE100154(KD 
vs. control). (c, d) Data normalization and volcano plot of DEGs in GSE225220(COVID-19 vs. control). (adj. P < 0.05,|logFC|>1). (e) Shared genes in com-
parison of the WGCNA modules (n = 1047) and the DEGs in GSE100154 (n = 117). (f) Shared genes in comparison of the WGCNA modules and DEGs in 
GSE100154 (n = 56) and the DEGs in GSE225220 (n = 2711). logFC: log2(fold-change)
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For the training dataset, DEFA4 had an area under the 
curve (AUC) of 0.885 (P = 4.82 × 10− 18), PGLYRP1 had an 
AUC 0.870 (P = 5.39 × 10− 6), and RETN had an AUC of 
0.872 (P = 4.67 × 10− 6). For the validation dataset DEFA4 
had an AUC of 0.748 (P = 6.04 × 10− 7), PGLYRP1 had an 
AUC of 0.938 (P = 4.82 × 10− 18), and RETN had an AUC of 
0.961 (P = 7.87 × 10− 20).

Our subsequent analysis of the GSE100154 data-
set clearly demonstrated that the levels of these three 
mRNAs were expressed at significantly greater levels 
in patients with KD than in healthy controls (Fig.  7a, 
Supplementary Fig.  2). In agreement, the expression of 
PGLYRP1 and RETN were significantly lower after IVIG 
treatment of patients with acute KD from the GSE18606 
dataset (Fig. 7b, Supplementary Table 3). Taken together, 
these results indicated that DEFA4, PGLYRP1, and RETN 
were potential key hub genes of KD that were also associ-
ated with COVID-19.

Immune infiltration analysis
As described above, the COVID-19-related KD hub 
genes were mostly enriched in inflammation and immu-
nity (“defense response to bacterium”, “innate immune 
response in mucosa”, and “mucosal immune response” 
and “NET formation”). We therefore analyzed the infil-
tration of 22 types of immune cells in the GSE100154 
dataset, which compares patients with KD and healthy 
controls (Fig.  8a) and the GSE225220 dataset, which 
compares patients with COVID-19 to healthy controls 
(Fig. 8b). Relative to the controls, patients with KD had 

significantly greater infiltration of activated dendritic 
cells (DCs), M0 macrophages, and monocytes but less 
infiltration of CD8 T cells, T regulatory cells (Tregs), 
resting mast cells, and resting natural killer (NK) cells 
(Fig.  8c). Relative to the controls, COVID-19 patients 
had significantly greater infiltration of naive B cells and 
M0 macrophages, but less infiltration of resting NK cells, 
plasma cells, resting T cells, CD4 memory cells, and 
naive CD4 T cells (Fig. 8d).

We then performed Spearman correlation analysis to 
determine the relationships of DEFA4, PGLYRP1, and 
RETN with immune cell infiltration in patients with 
COVID-19 (Fig. 8e) and patients with KD (Fig. 8f ). The 
comparison of patients with KD to controls showed that 
all three of these key genes had strong positive correla-
tions with M0 macrophages, activated DCs, and Tregs, 
and significant negative correlations with CD8 T cells. 
In addition, a comparison of patients with COVID-19 
to controls showed that all three of these genes also had 
very strong negative correlations with resting CD4 mem-
ory T cells.

Discussion
KD is an acute vasculitis that predominantly affects 
children and has no clearly defined cause1. Some earlier 
research indicated that KD might be caused by a novel 
RNA virus [37, 38], possibly the HCoV NL63 virus [39], 
but subsequent evidence proved otherwise [40]. The 
COVID-19 pandemic led to renewed interest in study-
ing viral agents as possible causes of KD. Patientsmwith 

Fig. 4  Functional enrichment analysis of COVID-19-related KD hub genes. (a) The top 5 GO terms related to three categories of hub genes (BP, biologi-
cal process; CC, cellular component; MF, molecular function). (b) KEGG pathways related to the hub genes. Only highly enriched terms and pathways 
(P < 0.05) were retained
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COVID-19 and with KD often exhibit some of the same 
clinical symptoms, including fever, rash, and conjunctivi-
tis [41, 42]. Pediatric inpatients who are diagnosed with 
COVID-19 most often present with mild clinical fea-
tures [43, 44]. Nevertheless, several weeks after infection 
with SARS-CoV-2, certain children experience a disor-
der with symptoms that resemble KD [45, 46], although 
the molecular basis of this condition remains uncertain. 
Therefore, our aim was to examine possible similarities 
in the molecular pathogenesis and pathways of these two 
diseases.

We initially identified four significant modules associ-
ated with the KD phenotype (Fig. 2c), which consisted of 
two positive modules (purple and pink) and two negative 
modules (green-yellow and turquoise). To achieve more 
reliable results from bioinformatics studies, many recent 
studies screen biomarkers by integrating WGCNA and 
DEG analyses [47, 48]. We therefore cross-analyzed the 
genes of the four modules with 117 DEGs in KD from 
the GSE100154 dataset, and obtained 56 candidate genes 

(Fig. 3e). We then identified 26 shared genes in COVID-
19 and KD (Fig. 3f ). These genes have potential as molec-
ular targets for novel therapies for KD and COVID-19.

Our functional annotation analyses showed that these 
candidate genes were associated with defense responses 
to bacteria, innate immune responses in mucosal tis-
sues, and mucosal immune responses, and that these 
genes may exert their functions through pathways such 
as NETs, Staphylococcus aureus infection, and the NOD-
like receptor signaling pathway. Of the 26 shared genes, 
six were enriched on the biological process of innate 
immune response, including DEFA3, DEFA4, CAMP, 
RNASE2, RNASE3, LTF. Recent research suggested that 
pathogen-associated molecular patterns associated with 
innate immunity could cause vasculitis, which may be 
related to the pathogenesis of KD [49]. Patients with 
COVID-19 have increased levels of neutrophils, C-reac-
tive protein (CRP), and other inflammatory markers [45, 
50, 51], and also have abnormal immune responses, par-
ticularly alterations in T lymphocytes [52]. Inflammation 

Fig. 5  PPI network analysis of COVID-19-related KD hub genes. (a) PPI network of 26 hub genes. (b) Fifteen genes in the most representative module 
screened by the ‘MCODE’ plug-in. (c) Common hub genes identified from four algorithms of cytoHubba(MCC, EPC, Degree and MNC). (d) Network of the 
nine common hub genes. MCC: Maximal Clique Centrality, EPC: Edge Percolated Component, MNC: Maximum Neighborhood Component
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Fig. 6  Identification of the key COVID-19-related KD hub genes. (a, b) Screening of DEFA4, PGLYRP1, and RETN by LASSO regression analysis.The optimal 
lambda (lambda.1se) was 0.1563205 based on a 10-fold cross-validation. (c) ROC curves of DEFA4, PGLYRP1, RETN in the training dataset (GSE100154, KD 
vs. control). (d) ROC curves of DEFA4, PGLYRP1, and RETN in the validation dataset (GSE73461, KD vs. control). AUC: area under the curve
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and an excessive immune response also occur in KD [53, 
54]. Moreover, the activation of NETs triggers vascu-
lar endothelial growth factor A and hypoxia-inducible 
factor-1α, which are involved in the pathogenesis of KD, 
and other evidence demonstrated that targeting of NETs 
can lead to a notable rise in the activation of PI3K and 
Akt [55]. These previous findings underscore the impor-
tance of our study of the regulation of inflammatory 
immune responses and the genes potentially associated 
with both COVID-19 and KD.

Our PPI analysis showed that there were nine central 
genes among the potential COVID-19-related KD hub 
genes (Fig.  5d): MPO, LTF, CTSG, PGLYRP1, DEFA4, 
RETN, CEACAM8, CAMP, and AZU1. Our subsequent 
LASSO regression analysis showed that three of these 
nine hub genes had enhanced predictive and diagnostic 
value for both COVID-19 and KD: DEFA4, PGLYRP1, 
and RETN. LASSO is a regression analysis method that 
compresses the estimated variables by adding pen-
alty parameters to the least squares regression, thereby 
improving the prediction accuracy of the model [56]. We 
therefore used this method to select the best predictive 
variables. Currently, LASSO has been widely used for 
model construction, such as the early diagnosis of KD, 
and for a bronchial dysplasia prediction model, which 
have shown good prediction effect and stability [57, 58]. 
ROC curve analysis of the training data and the valida-
tion data confirmed the diagnostic significance of these 
three genes. Moreover, these three genes had increased 
expression in patients with KD relative to healthy con-
trols, and PGLYRP1 and RETN were down-regulated 
after IVIG treatment of patients with KD, indicating their 
potential as biomarkers for COVID-19-related KD.

Defensin alpha 4 (DEFA4) is in the alpha defensin fam-
ily and is an antimicrobial peptide and component of the 
innate immune system. Neutrophils express DEFA4, and 
this peptide can combat infections by Gram-negative 
bacteria and viruses [59–61]. There is evidence that the 
levels of DEFA4 and other genes are positively correlated 
with the severity of symptoms in patients infected by 
viruses [62], including in patients with COVID-19 [63] 
and with certain autoimmune disorders [64, 65], although 
the present study is the first to report it may also have a 
role in the pathogenesis of KD.

Peptidoglycan recognition protein 1 (PGLYRP1) is an 
innate immune activator that has antibacterial activity 
[66], and its expression is closely associated with inflam-
matory responses. Notably, PGLYRP1 appears to have 
different effects in different diseases. At the molecular 
level, tumor necrosis factor receptor 1 (TNFR1) func-
tions in the regulation of proinflammatory cytokines, 
and PGLYRP1 binds to TNFR1 and thereby obstructs 
the TNF-α-induced death in tumor cells [67, 68]. Other 
investigations revealed that two short peptides derived 
from PGLYRP1 (17.1 and N1) suppressed the inflam-
matory response in a mouse model of acute lung injury, 
suggesting they may have potential as treatments for 
inflammatory lung diseases, including COVID-19 [69]. 
The level of PGLYRP1 is also elevated in patients with 
rheumatoid arthritis, indicating its potential as a diag-
nostic marker for the severity of this autoimmune dis-
ease [70]. Ruxolitinib is a Janus kinase inhibitor that 
has demonstrated effectiveness in treating severe 
and critical cases of COVID-19, and this drug also 
decreases PGLYRP1 levels [71]. Importantly, our results 

Fig. 7  Validation of the expression of the key COVID-19-related KD hub genes. (a) Expression of DEFA4, PGLYRP1, and RETN in the GSE100154 dataset 
(KD vs. control). (b) Expression of DEFA4, PGLYRP1, and RETN in KD patients before and after IVIG treatment in the GSE18606 dataset. *p < 0.05; **p < 0.01; 
***p < 0.001; ****p < 0.0001. logFC: log2(fold-change)
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Fig. 8  Relationship of immune cell infiltration and key COVID-19-related KD hub genes. (a) Proportions of 22 types of immune cells in each sample of 
the GSE100154 dataset (KD vs. control). (b) Proportions of 22 types of immune cells in each sample of the GSE225220 dataset (COVID-19 vs. control). (c) 
Infiltration status of immune cells in the two groups of the GSE100154 dataset. (d) Infiltration status of immune cells in the two groups of the GSE225220 
dataset. (e) Correlation of DEFA4, PGLYRP1, and RETN with infiltration of different immune cells in the GSE100154 dataset. (f) Correlation of DEFA4, PGLYRP1, 
and RETN with infiltration of different immune cells in the GSE225220 dataset. *p < 0.05; **p < 0.01; ***p < 0.001

 



Page 12 of 15Li et al. BMC Pediatrics          (2025) 25:400 

demonstrated higher levels of PGLYRP1 in COVID-19 
and KD samples compared to the healthy control groups.

Resistin (RETN) is a type of adipocytokine that occurs 
in fat cells, and it acquired its name because initial studies 
showed that intravenous RETN can lead to insulin resis-
tance in mice [72]. An elevated level of RETN may also 
be linked to immune system activation in patients with 
acute KD [73]. Furthermore, studies of patients with dia-
betes showed that the level of RETN had a positive cor-
relation with the level of CRP [74, 75]. Although changes 
in the level of RETN occur during SARS-CoV infection, 
further investigation of this topic is warranted [76].

Inflammatory responses and excessive immune 
responses occur during the pathological processes of 
both COVID-19 and KD, and excessive inflammation 
with potentially fatal consequences can occur due to 
the dysregulation of immune function [77]. The levels 
of T cells and NK cells are decreased in patients with 
COVID-19 with more severe symptoms [51, 52], and 
macrophages are also a pivotal factor related to the sever-
ity of COVID-19 [78]. Similarly, patients with acute KD 
have decreased activation of T cells in the peripheral 
blood [79], and some research suggested that the abnor-
mal stimulation of monocytes and macrophages may be 
linked to the formation of vascular lesions in KD [80]. 
Our results showed that patients with KD had increased 
levels of monocytes, M0 macrophages, and DCs, which 
had been confirmed in some previous studies, and may 
explain the role of innate immune response in KD [81, 
82]. In addition, we found that the level of CD8 T cells 
decreased in the KD group, which was consistent with 
previous studies [83, 84]. CD8 T cells can inhibit the 
immune response of CD4 cells. Inhibition of CD8 cells 
promotes the excessive activation of cellular immunity 
and promote inflammatory damage of the vascular wall. 
In addition, we also found that patients with COVID-19 
had higher levels of M0 macrophages and a lower level 
of CD4 T cells relative to healthy controls (Fig. 8). CD4 
T cells can be used to assess the severity of COVID-19 
in patients. Patients with KD also had significant cor-
relations in the levels of the three key genes (DEFA4, 
PGLYRP1, and RETN) with these different types of 
immune cells. Consequently, these three key genes may 
function as immunomodulation nodes for COVID-19-re-
lated KD. Currently, there are two clinical obstacles are 
to be concerned about: early diagnosis and unresponsive-
ness to IVIG treatment in KD [85, 86]. Our finding may 
provide a new perspective of molecular immune mecha-
nisms to the diagnosis and therapy in KD. However, we 
need to stress that our bioinformatics approach was lim-
ited, and LASSO may randomly select one and ignore 
others if there are highly correlated variables, leading to 
selection bias. Or when the number of features is much 
larger than the sample size, Lasso regression would not 

be the first choice. These problems may be corrected by 
combination with other methods, such as Random For-
est.The sample size of the KD and COVID-19 group was 
not completely balanced, and different microarray plat-
forms may produce potential bias. For example, because 
of the different preprocessing methods of GEO data sets 
on different platforms, there may be potential bias on the 
results due to statistical methods. Moreover, the infor-
mation provided by different platforms varies greatly, 
and the basic clinical characteristics of patients may not 
match, reducing the interpretability of the results. In 
addition, we only provided a theoretical verification of 
these screened biomarkers. Therefore, in future studies, 
in addition to verify the expression of these key markers 
in vitro, we will also construct a diagnostic model of KD 
based on these hubs and immune-related indicators, such 
as T cells, and verify it in a large cohort.

Conclusions
In summary, we identified three novel genes that func-
tion in the immunomodulatory responses of patients 
with COVID-19 and KD patients: DEFA4, PGLYRP1, and 
RETN. Future studies of these genes may further eluci-
date the pathogenic mechanisms of these diseases and 
lead to targeted treatments.
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