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Atopic dermatitis (AD) is a common chronic skin inflammation. It was to screen differentially expressed genes
(DEGs) and related biological functional pathways in atopic dermatitis (AD) by bioinformatics methods, and
to understand the pathogenesis of AD. gene chip datasets GSE120721 and GSE32924 in the public database
NCBI Gene Expression Omnibus (GEO) were adopted. Differential expression analysis between the patient
group and controls was performed by applying the zero-code differential expression analysis tool GEO2R, and
a few DEGs were screened. Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway analyses were carried out. In addition, the STRING online database was employed to predict the
potential relationship among DEGs, the protein-protein interaction network (PPI) was drawn, and the module
analysis of PPI was performed using the Cytoscape plugin MCODE. 233 DEGs were screened out, including
134 up-regulated genes and 99 down-regulated genes. GO analysis suggested that these DEGs were mainly
involved in biological processes (BP), cellular components (CC), and molecular function (MF). KEGG ana-
lysis displayed that these DEGs were mainly involved in NF-kappa B signaling, cell cycle, T cell receptor
signaling, and other pathways. PPI analysis indicated that there were complex interactions among DEGs, and
module analysis further revealed the important roles of DEGs in regulating immune response, inflammatory
response, and skin barrier function. The above findings provide a valuable reference for the development of

new treatment options.
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Introduction

Definition, epidemiology, and clinical manifestations of
AD

AD characterized by itchy, red, dry, and broken skin is a
disease that is widely distributed throughout the world, es-
pecially in developed countries and urban areas (1-3). The
global prevalence of AD is estimated at 10-20% in child-
ren and 1-3% in adults and is increasing in many regions.
As a result, AD has become a public health problem. The
etiology and pathogenesis of AD are very complex, inclu-
ding genetic, immune, and environmental factors. Many
studies suggested that the pathogenesis of AD is correlated
with the abnormal activation of varieties of immune cells,
cytokines, and signaling pathways (4-6). In addition, envi-
ronmental factors such as allergens, microbial infection,
irritant substances, and climate change may also contribute
to the pathogenesis of AD. Traditional treatments for AD
include topical agents on the skin and oral antihistamines,
but these have limited effectiveness and may lead to side
effects and drug resistance (7,8). Therefore, understanding
AD pathogenesis and exploring new therapeutic targets
have great significance for the treatment and prevention
of AD.

Application of bioinformatics in DEGs screening

The development and application of bioinformatics
technology have provided a new way for the study of AD.
Bioinformatics is a high-throughput technology based on

big data, which can help researchers mine related DEGs
from many gene expression data (9-11). Specifically, the
adoption of bioinformatics in DEGs screening included
the following steps.

(i) Data cleaning and preprocessing: The acquired
transcriptome data were pretreated, including data denoi-
sing, normalization, standardization, and batch effect eli-
mination, etc., to ensure the accuracy and reliability of the
data.

(i1) Differential expression analysis: the transcriptome
data of the screened disease and the normal groups were
analyzed, and the DEGs related to the disease were scree-
ned by comparing the two groups of data.

(ii1) Functional annotation: bioinformatics analysis and
annotation were carried out on the selected DEGs to deter-
mine their biological functions and metabolic and signa-
ling pathways.

(iv) Pathway analysis: DEGs were input into bioinfor-
matics software, and pathway analysis was performed to
explore the functions and roles of these genes in metabolic
and signaling pathways, and BP.

The application of bioinformatics in DEGs screening
helps to identify DEGs and metabolic pathways related to
the pathogenesis of AD, reveals the pathogenesis and pa-
thophysiological process of AD, and provides new targets
and strategies for the treatment and prevention of AD (12).
For example, in the study of AD, bioinformatics has found
multiple genes and metabolic pathways related to the
pathogenesis of AD, such as immunomodulatory genes,

* Corresponding author. Email: taipo5385747@163.com
Cellular and Molecular Biology, 2023, 69(15): 73-78

73



Pengfei Yang et al. / Atopic dermatitis using bioinformatics, 2023, 69(15): 73-78

inflammatory pathways, and keratinization pathways (13-
15). These results provide new directions and strategies
for the treatment and prevention of AD and help to im-
prove the quality of life and health of AD patients.

Purpose and significance

The main objective was to screen out DEGs related
to the pathogenesis of AD and explore their possible pa-
thogenesis using bioinformatics technology. Specifically,
through large-scale transcriptome data in public databases,
gene expression data in different disease states were dif-
ferentially analyzed by bioinformatics analysis methods,
and functional annotation and pathway analysis were
performed. Finally, a batch of DEGs and related BP and
pathways related to the pathogenesis of AD were obtained.

Firstly, AD transcriptome data in public databases were
screened and pre-processed, including data cleaning, nor-
malization, quality control, and other steps. Next, bioin-
formatics software was adopted for DEGs screening and
functional annotation to identify DEGs related to the pa-
thogenesis of AD and to explore the BP and pathways in
which these genes may be involved. Finally, the selected
DEGs were verified by experimental verification. Through
these analyses, we can further understand the pathological
mechanism of AD and provide new directions and strate-
gies.

In conclusion, bioinformatics technology was adopted
to analyze large-scale transcriptome data and explore the
possible pathogenesis. It aimed to present new perspec-
tives and ideas for AD research.

Materials and Methods

Data sources

Data source mainly comes from the public database
NCBI GEO (https://www.ncbi.nlm.nih.gov/geo/). These
databases contain a large amount of bioinformatics data,
including gene expression data, genomic data, and clinical
data. According to the inclusion criteria in Table 1, two
eligible gene microarray data sets were found, and the AD-
related gene chip data set GSE120721 was downloaded.
The data set contained 52 samples, having 22 normal
samples and 30 AD patients. The microarray platform was
GPL570 [HG-U133_Plus_2] Affymetrix Human Genome
U133 Plus 2.0 Array. GPL570 [HG-U133_Plus_2] Affy-
metrix Human Genome U133 Plus 2.0 Array was adopted
for GSE32924, which consisted of 33 samples, with 8 nor-
mal subjects and 25 AD patients.

DEGs screening

Differential expression tools GEO2R (https://www.
ncbi.nlm.nih.gov/geo) with zero code was employed for
GSE28146 DEGs of microarray data analysis. GEO2R is
an application in the GEO2 online database that identifies
DEGs in 2 or more samples and ranks gene importance to
compare the gene in AD patients and controls by GEO2R,

Table 1. Inclusion criteria for gene microarray datasets.

Adjust P<0.05 and [log2 fold-times change (|log,FC|) >
1, the log,FC > 1 were defined as up-regulated genes and
logFC < -1 as the down-regulated.

GO and KEGG pathway enrichment analysis of DEGs

After the DEGs were screened, GO and KEGG pathway
analyses were further performed. GO analysis mainly in-
cluded BP, CC, and MF. Screened DEGs were uploaded to
Metascape gene annotation and resource analysis (https://
metascape.org/gp/index.html#/main/step1). Fisher’s exact
probability method was adopted to calculate P values, and
the screening conditions were all P<0.05. The P values
were ranked from small to large, and the first 20 GO func-
tional families and KEGG signaling pathways were sorted
out. Finally, the network diagram was drawn according to
Cytoscape visual analysis.

PPI network of DEGs and screening of key genes

The potential relationships among DEGs were predic-
ted by STRING (hops://www.string-db.org). High confi-
dence > 0.7 was applied as the threshold to obtain the PPI
map, and the data into Cytoscape (version 3.7.1). The
module analysis of PPl was performed through the plugin
MCODE to screen the PPI modules with a strong correla-
tion.

Results

Analysis of screening results

GEO2R was employed to analyze the DEGs between
AD patients and controls (Normal) in the GSE120721
dataset. Compared with controls, AD patients presented
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Figure 1. Volcano plot of DEGs. (A: AD VS normal in GSE120721;
B: L VS N in GSE120721; C: AD VS Normal in GSE32924; D: L VS
N in GSE32924) (upregulated in red, downregulated in blue).
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991 up-regulation and 1,064 down-regulation genes. The
DEGs between diseased (L) and non-diseased (N) AD
patients were analyzed, with 567 up-regulation and 288
down-regulation genes in non-diseased AD patients in
contrast with diseased patients. GSE32924 dataset had
799 up-regulation and 971 down-regulation genes in AD
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patients in contrast with controls. AD patients presented

11 up-regulation and 23 down-regulation genes in non-di- 240 2

seased in contrast with diseased patients (Figure 1).
The statistical results of DEGs in different lesion condi- _ 42809

tions in AD patients are illustrated in Figure 2. 78 DEGs in A ®)

the GSE120721 dataset, and 9 DEGs in three groups in the Figure 2. The number of DEGs in AD patients. (A: GSE120721; B:

GSE32924 dataset. GSE32924).

After the integration of DEGs, the statistical results
of DEGs common to the two AD microarray expression
datasets are illustrated in Figure 3. 80 co-expressed up-re-
gulated DEGs and 75 co-expressed down-regulated were
obtained, respectively. ol

NvsL LvsN 44613
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GO and KEGG pathway enrichment analysis of co-ex- GSE120721 GSE32924  GSEI120721
pressed DEGs A ®)
GO analysis (Table 2 and Figure 4) suggested that the
main enrichment function of DEGs was the regulation of
response to biological stimulation, cell division, cellular
macromolecular catabolic process, and the response of
cells to stress. KEGG analysis revealed that DEGs were
enriched in 8 pathways, containing the signal transduction
of Rho GTPases, Miro GTPases, and RHOBTB3, cyto-
kine signaling in the immune system, and receptor tyro-
sine kinase signaling. The Q value and RHOBTB3 were
the smallest, and the number of DEGs enriched was the
largest in Rho GTPases, and Miro GTPases, with a total
of 106 genes.

GSE32924

Figure 3. The number of DEGs in different lesions of AD patients.
(A: co-expressed up-regulated DEGs; B: co-expressed down-regula-
ted DEGs).
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Figure 4. Enrichment analysis of co-expressed DEGs.

Table 2. Enrichment analysis.

GO Category Description Count %  Logl0(P) Logl0(q)
R-HSA-9716542 Reactome Gene Sets iﬁ‘ggﬁ%gy Rho GTPases, Miro GTPases and 56 ¢ 15 1850 -14.40
R-HSA-1280215 Reactome Gene Sets Cytokine Signaling in Immune system 106 6.18 -18.28 -14.40
G0:0002831 GO BP regulation of response to biotic stimulus 78 4.55 -17.26 -13.51
R-HSA-9679506 Reactome Gene Sets SARS-CoV Infections 71 4.14 -16.18 -12.53
GO:0051301 GO BP cell division 77 449 -14.38 -10.88
G0:0044265 GO BP cellular macromolecule catabolic process 101 5.89 -14.10 -10.71
G0:0080135 GO BP regulation of cellular response to stress 96 5.59 -13.96 -10.69
G0:0045087 GO BP innate immune response 97 5.65 -13.68 -10.50
R-HSA-1640170 Reactome Gene Sets Cell Cycle 92 536 -13.54 -10.40
R-HSA-5653656 Reactome Gene Sets Vesicle-mediated transport 89 5.19 -12.98 -9.89
G0:0022407 GO BP regulation of cell-cell adhesion 72 4.20 -12.80 -9.73
WP3888 WikiPathways VEGFA-VEGFR?2 signaling pathway 66 3.85 -12.62 -9.59
GO:0051640 GO BP organelle localization 74 431 -12.51 -9.52
GO:0010564 GO BP regulation of cell cycle process 93 542 -11.99 -9.06
R-HSA-9006934 Reactome Gene Sets Signaling by Receptor Tyrosine Kinases 73 425 -11.85 -8.95
R-HSA-2262752 Reactome Gene Sets Cellular responses to stress 96 5.59 -11.77 -8.90
G0:0006892 GO BP post-Golgi vesicle-mediated transport 26 1.52 -11.05 -8.27
G0:0006886 GO BP intracellular protein transport 86 5.01 -10.96 -8.22
R-HSA-109582 Reactome Gene Sets Hemostasis 79 4.60 -10.74 -8.03
GO:0051345 GO BP positive regulation of hydrolase activity 74 431 -10.55 -7.87
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obtain PPI, and the generated files were imported into Cy-
toscape to generate a PPI map (27 free targets). Each node
of PPI represented a different DEG. The results of Cytos-
cape and MCODE clustering were compared and confir-
med with each other, and their intersection genes were
adopted as hub DEGs. 16 hub DEGs were obtained, which
were potential key genes leading to the pathogenesis of
AD. They were: FGD2, SYNE2, CC2D1A, PCDHBI14,
SCFDI1, EIF3M, TAMM41, CSTF3, SPOP, ZNF623,
CITED2, KPNB1, VPS37C, WRNIP1, YARS, and AGL
(Figures 5 and 6).

Discussion

Bioinformatics-based screening methods were investi-
gated to analyze the DEGs of AD and the pathogenesis.
By analyzing two public microarray datasets, DEGs were
obtained between AD patients and controls, as well as
between diseased and non-diseased patients. In addition,
the DEGs shared by the two datasets were integrated toge-
ther for GO and KEGG pathway enrichment analysis, as
well as the construction of PPI, and 16 hub DEGs were
found as potential key genes.

DEGs between AD patients and controls and between
diseased patients and non-diseased patients

GEOZ2R analysis suggested that there were many DEGs
between AD patients and controls, as well as between di-
seased patients and non-diseased patients, indicating that
abnormal expression regulation of genes is an important
influencing factor in the pathogenesis of AD. It is worth
noting that the number of DEGs between diseased and
non-diseased patients in the GSE120721 dataset was clear-
ly less than that between AD patients and controls, which
may be because the gene expression difference between
diseased and non-diseased patients in AD patients is not
obvious enough, resulting in a small number of DEGs.

Another related study adopted gene chip technology to
detect DEGs between AD patients and healthy controls in
the Chinese population (16). 1,337 DEGs were identified,
and 754 genes were up-regulated and 583 were down-re-
gulated. GO and KEGG analysis showed that these DEGs
were mainly involved in BP in immune response, inflam-
mation regulation, and cell cycle. Similar to the results,
they also found that the dysregulation of many immune
system-related pathways and key genes has a major role in
the pathogenesis of AD (17).

GO and KEGG pathway enrichment analysis

GO and KEGG analysis of the co-expressed DEGs in-
dicated that these genes were mainly involved in the regu-
lation of response to biological stimulation, cell division,
cellular macromolecular catabolic process, and regulating
cellular response to stress. In addition, KEGG analysis
revealed that DEGs were mainly enriched in 8 pathways,
including Rho GTPases, Miro GTPases, and RHOBTB3
signaling, cytokine signaling in the immune system, and
receptor tyrosine kinase signaling. These pathways are
important cues in the pathogenesis of AD.

KEGG analysis displayed that DEGs were clearly
enriched in Rho GTPases, Miro GTPases, RHOBTB3,
immune system cytokine, receptor tyrosine kinase, and
other signaling pathways. Among them, Rho GTPases,
Miro GTPases, and RHOBTB3 had the smallest ¢ values

Figure 5. PPI visualization analysis of DEGs.

W Signaling by Rho GTPases, Miro GTPases and RHO
M Cytokine Signaling in Immune system
M regulation of response 10 biolic stimulus
H SARS-CoV Infections
M cell division
cellular macromolecule catabolic process
Mregulation of cellular response 1o stress
innate immune response
M Cell Cycle
Vesicle-mediated transport
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morganelle localization
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Figure 6. Cytoscape visualization analysis of co-expressed genes in
two microarray datasets. (A colored by enrichment ID, nodes that
share the same enrichment ID are usually close to each other, B is
colored by p-value, terms with more genes have more obvious p-va-

lues generally).

and the most significant enrichment of DEGs, with 106
genes. These pathways have been implicated in the pa-
thogenesis of AD in previous reports. It has been found
that Rho GTPase signaling plays a key role in regulating
actin cytoskeleton organization and cell adhesion, both of
which are involved in skin barrier function and immune
responses in AD (18,19). Similarly, the Miro GTPases
pathway is involved in mitochondrial transport and dy-
namics, which are essential for cellular metabolism and
have been shown to be impaired in AD (20). Other studies
have analyzed gene differences between AD patients and
controls through GEO data sets and found genes consistent
with this result (21). They found an enrichment of the Rho
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GTPases signaling pathway, which is also an enriched pa-
thway in the present finding. In addition, they also found
that many genes were enriched in cytokine signaling in the
immune system, which is also consistent with the present
results (22).

PPI analysis and key gene screening

To further explore potential interactions among DEGs,
a PPI was constructed using the STRING database and
then visualization was carried out adopting Cytoscape.
The resulting PPI consisted of 27 target genes, which
were further analyzed by adopting the MCODE cluste-
ring algorithm to identify hub genes. 16 hub genes having
FGD2, SYNE2, CC2D1A, PCDHB14, SCFDI1, EIF3M,
TAMM41, CSTF3, SPOP, ZNF623, CITED2, KPNBI,
VPS37C, WRNIP1, YARS, and AGL were identified.
These genes take part in several BP, likely immune res-
ponse, cell proliferation, differentiation, and DNA repair.
Importantly, several of these genes are consistent with
previous studies mentioning AD pathogenesis, including
FGD2, SYNE2, CC2DI1A, and SPOP. In addition, the
molecular mechanism of AD pathogenesis was explored
and many genes were found to be identical to the pres-
ent results (23). For example, they also found some genes
enriched in signaling in response to biological stimuli and
in the immune system. These studies also mentioned some
genes such as SYNE2, CITED2, KPNBI1, and YARS,
which are also hub DEGs in this work (24).

In summary, several enriched pathways potentially in-
volved in AD pathogenesis were identified, having genes
involved in immune response, cell proliferation and dif-
ferentiation, and DNA repair. Identification of hub genes
using PPI analysis further provides potential therapeutic
targets for AD treatment. However, there is a need to fur-
ther validate the role of these genes and pathways in AD
pathogenesis and explore their potential as therapeutic tar-
gets. In conclusion, DEGs, screening and enrichment ana-
lysis based on bioinformatics can reveal the key BP and
molecular mechanism in the pathogenesis of AD, which
provides an important basis for future research. Howe-
ver, it should be noted that due to the influence of factors
such as individual differences, sample size, and source, the
enrichment results of different DEGs and pathways may
differ, so it is necessary to confirm each other and further
verify and improve these results by multiple independent
studies.

By analyzing the two AD chip expression datasets in
the GEO database, 80 co-expressed up-regulated DEGs
and 75 co-expressed down-regulated DEGs were screened.
GO and KEGG analysis revealed that these DEGs were
mainly involved in biological stimulation response, cell
division, cell metabolism, and other functions, and were
enriched in multiple signaling pathways. For example,
Rho GTPases, Miro GTPases, and RHOBTB3 signal
transduction, cytokine signaling in the immune system,
and receptor tyrosine kinase signaling. By importing the
candidate genes into the STRING 11.0 database and gene-
rating PPI, 16 hub DEGs were screened out, which were
potential key genes leading to the pathogenesis of AD,
such as FGD2, SYNE2, CC2D1A, PCDHB14. Therefore,
it reveals the potential mechanism of AD and provides an
important reference for AD.
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