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ARTICLE INFO ABSTRACT

Keywords: Rosacea is a common skin disease that predominantly affects individuals aged between 30 and 50
Ro:acea years. While the exact cause of the disease remains unclear, various factors have been shown to
Sm : trigger or exacerbate its symptoms. N6-methyladenosine (m®A) modification is one of the most
v\lfthcyI\I;ZS abundant epigenetic methylation modification in messenger RNA (mRNA) and non-coding RNA

(ncRNA), plays a crucial role in RNA splicing, export, stability, and translation. In this study, we
aimed to characterize m®A genes in rosacea, identify molecular subtypes based on m°A gene
expression, characterize the immune features among subtypes, explore key molecules based on
co-expression analysis, and identify potential targets and drugs. To achieve our objectives, we
first compared the expression pattern and immune regulation of m®A genes between healthy and
diseased groups. Then, we performed clustering to stratify disease samples into different subtypes
and analyzed immune regulation and functional enrichment among the subtypes. Then, we
conducted differential analysis between subtypes and applied weighted gene co-expression
network analysis (WGCNA) in three subtypes. We found hub differential expression analysis
(DEG) genes and their potential drug based on the WGCNA results and the drug-gene interaction
database (DGIdb). Finally, in vivo and in vitro studies showed significant differences in m°A
methyltransferase METTL3 levels in rosacea mice and control mice, as well as in the skin of ro-
sacea patients and healthy people, while reducing METTL3 significantly inhibited the inflam-
matory response of human fibroblasts (HDFs) stimulated by LL37, suggesting that METTL3 may
be associated with changes in overall m®A levels in rosacea. Taken together, our findings provide
valuable insights into therapeutic targets and drug predictions for rosacea.

1. Introduction

Rosacea is a skin disease that causes redness, flushing, and inflammatory papules on the central face [1-3]. It primarily affects
individuals with fair skin of Northern European descent and is estimated to impact up to 10 % of adults globally [4-8]. The physical
discomfort and emotional distress caused by rosacea can be significant, as it can lead to disfigurement and mental unhealth [9,10].

The pathogeny of rosacea remains unclear, although several factors have been implicated, including genetics, immune dysregu-
lation, neurovascular dysregulation, and environmental triggers such as sunlight, heat, and spicy foods [11-14]. Despite known
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Fig. 1. The m®A gene landscape. (A) The chromosome location map of m°A genes expression. (B) The protein-protein interaction (PPI) among m°A
genes. (C) The correlation of m®A gene expression levels in disease samples and all samples, with the upper right corner showing the relevance point
map of m°A genes expression levels in all samples, and the lower left corner showing the relavance point map of m°®A genes expression levels in
disease samples. (D ) The box plot of m®A genes expressed differentially. (E) The heat map of m®A genes expressed differentially.

associations, the molecular mechanisms underlying rosacea are poorly understood, and there is currently no cure for the disease.
Current treatment for rosacea are limited and main purpose on managing symptoms rather than addressing underlying biological
mechanisms [15-17]. Topical and oral antibiotics, topical retinoids, and other anti-inflammatory agents are commonly used to treat
rosacea, but their effectiveness varies depending on the subtype and severity of the disease [18-20]. Personalized treatment options
that account for the heterogeneity of the disease and address its underlying molecular mechanisms are urgently needed.

In recent years, advances in genomics and transcriptomics have allowed for the identification of molecular subtypes of various
diseases, including cancer, autoimmune disorders, and neurological disorders [21-23]. These molecular subtypes have been shown to
have distinct biological mechanisms and clinical features, which have important implications for diagnosis, prognosis, and treatment
[24-26]. Therefore, the study aims to characterize the m®A genes in rosacea [27-31]. These genes play essential roles in RNA splicing,
export, stability, and translation. Additionally, the study aims to recognize molecular subtypes of m®A genes and characterize immune
features among subtypes [32-34]. Using co-expression analysis, the study seeks to identify key molecules and potential drugs for
treating rosacea [35-371].

In this study, we will explore the identification and characterization of molecular subtypes of rosacea through m®A gene expression,
with the aim of providing underlying biological mechanisms of rosacea disease and developexing personalized treatment options for
rosacea patients.

2. Materials and methods
2.1. Data preprocessing

To obtain data for the research, the R package GEO query was utilized to download the GSE65914 dataset of the GEO database on
the GPL570 platform as the training set (https://www.ncbi.nlm.nih.gov/geo/) [38]. The training set involved 29 samples, consisting of
10 healthy samples and 19 disease samples. During GEO data processing, empty probes were removed, probes were transformed to
gene symbols by the probe correspondence of the platform, probes meet with multiple genes were removed, and express levels were
averaged for probes corresponding to the same gene symbol. The m®A gene was obtained from GSE15459 dataset and Table S2, which
included a total of 21 genes [39].

2.2. mPA gene landscape

The R package R circos was utilized to depict the position of m®A genes on chromosomes. Using the string plugin in sytoscape
software illustrated the protein-protein interaction network (PPI) of m®A genes. The correlation scatter plot of m®A genes in disease
samples and all samples was drawn using the R packages stats and corplot. Additionally, differential analysis of all genes in the training
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Fig. 2. (A) The analysis of immune infiltration scores differences between disease and healthy groups. (B) The relevance between m°A gene
expression levels and immune infiltration scores.

set was managed by the R package limma. The box plot and the heat map of the differential expression levels of m®A genes were

generated.

2.3. mPA gene and disease immune regulation

We obtained genes that mark 28 immune infiltrating cell types from Charoentong’s research and calculated the immune cell
infiltration score using SSGSEA, XCELL and CIBERSORT [40]. Analysis and examination of immune cells infiltration scores differences
the relevance between health and disease samples base on m®A gene levels. Additionally, seventeen immune response gene sets ob-
tained by the ImmPort database (http://www.immport.org) and calculated the immune response score using CIBERSORT, XCELL, and
SSGSEA. We then analyzed the difference in immune response scores between disease and health patterns and evaluated the relevance
between m®A gene expression levels with the immune response scores. Finally, we obtained 16 HLA genes from GSE16134 dataset and
Table S3 and analyzed HLA genes expression differences from normal and disease samples [41].

2.4. mPA gene expression divides diseases into biologically different subtypes

Using hierarchical clustering as the clustering method. Using consensus clustering conducted the maximum number of clusters set
to 5, 1000 repeated samplings, and 80 % of samples and 100 % of genes sampled. The Pearson correlation coefficient was selected as
the sample distance for the similarity matrix. The best clustering number was determined by selecting the class with the gentlest drop
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Fig. 3. (A) The analysis of HLA gene expression differences between disease and healthy groups. (B) The relevance between m°A gene expression
levels and HLA gene expression.

in amplitude, and the sample subtype classification result was obtained from the consistency cumulative distribution function (CDF)
curve. The analysis was performed on the samples using R packages stats and generated expression heatmaps and boxplots of m®A
genes between different sample subtypes.
2.5. Functional differences between different subtypes

Pathway enrichment scores were evaluated by estimating sample scores in each pathway using KEGG gene sets and hallmark gene
sets (v7.4) from the msigdb database as input data. The ssGSEA method in the R package GSVA was utilized based on the training set

expression data and generated enrichment score distributions of different KEGG and hallmark pathways.

2.6. Different immune characteristics between different subtypes

Immune cell infiltration scores and immune reaction scores obtained in section 2.3. Boxplots of score differences between different
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Fig. 4. (A) The analysis of immune response score differences in healthy and disease groups. (B) The relevance between m°A gene expression levels

and immune response score.

sample subtypes and expression differences of HLA genes were generated.

2.7. Key molecules were identified based on the co-expression network approach

Using the limma package obtained differential genes between subtypes with criteria of adjust log2|FC| > 1 and p value < 0.05.
Appling weighted gene co-expression network analysis (WGCNA) to all genes in the training set expression profile and cluster
phenotype, and modules significantly related to each subtype were identified based on GS > 0.5 and MM > 0.6. Hub genes for each
module and subtype were selected, and the intersection of hub genes and corresponding differential genes for each subtype was taken

as the final hub DEG gene set.

2.8. Animal model

C57BL/6 mice with 6 weeks old were purchased from Slac Laboratory animal Co. Ltd (Shanghai, China) were random divided into
two groups, then the mice back skin injected with LL37 peptide (320uM) for 4 times, the mice euthanized and their skins were rapidly
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Fig. 6. The heatmap of KEGG pathway enrichment differences among subtypes.

collected. Evaluate skin inflammation of mouse model by erythema severity [42]. The animal experiments were approved by the
Animal Ethics Committee of the Xiangya School of Medicine, Central South University.

2.9. Human samples

From 2020 to 2023, all skin biopsies were obtained from the central face of female healthy volunteers or patients with rosacea aged
18-60 years in the dermatology department of the Third Xiangya Hospital, Central South University. The clinical diagnosis of the
rosacea subtype is made according to the classification criteria of the American Rosacea Association. The written informed consent was
acquired from all participants and usage of all human tissue samples was approved by the ethical committee of The Third Xiangya

Hospital of Central South University [43].

2.10. Immunohistochemistry

Fix human skin samples in formalin and embedded in paraffin, then cut into 5 pm skin sections and use. Incubate skin sections with
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antibodies for METTL3 (1:200, Abcam). And take pictures from three typical areas from each skin sample and use scale of 0-4 to
evaluation the intensity of staining.

2.11. Statistical analysis

When conducting differential significance analysis throughout the study, Kruskal-Wallis test was used for comparison among more
than two groups. Wilcoxon test was used for pairwise comparison between two groups. In figures, "ns" equals p > 0.05, "*" equals p <
0.05, "**" equals p < 0.01, "***" equals p < 0.001, and "****" equals p < 0.0001.

3. Results
3.1. m°A gene landscape

We analyze the situation of m®A genes in the training set, as shown that there was no obvious clustering of 21 m®A genes in the
chromosome (Fig. 1A). It was found that the PPI degree of all other 20 m®A genes except for the LRPPRC gene was relatively large,
indicating that these genes were closely related (Fig. 1B). It was found that the correlation of m®A gene expression levels between all
samples and disease samples was significant differences. For example, the relevance between gene ZC3H13 and KIAA1429 expression
levels in all samples was 0.8, and the relevance between gene ZC3H13 and KIAA1429 expression levels in disease samples was 0.38
(Fig. 1C). It was found that the expression of 10 genes, including KIAA1429, ZC3H13, METTL14, FMR1, ELAVL1, YTHDC1, YTHDF2,
CBLL1, ALKBHS5, and RBM15B, was downregulated significantly, while the expression of HNRNPA2B1 and YTHDC2 was upregulated
significantly (Fig. 1D and E).

3.2. mPA genes involved in disease immune regulation

It demonstrates immune infiltration scores differences between disease and healthy groups using the ssGSEA method (Fig. 2A). It
was found that infiltration scores of immune cells in the disease group were higher than the healthy group. Only CD56 positive natural
killer cell infiltration scores showed lower in the disease group than in the healthy group. The differences in HLA gene expression
between disease and healthy groups were shown (Fig. 3A), and it was found that all 15 HLA genes in the expression profile were higher
in the disease group significantly. The immune response scores between disease and healthy groups were also compared using the
ssGSEA method (Fig. 4A), and it was found that the activity levels of 15 immune responses were significantly higher in the disease
group (such as Antimicrobials, BCR Signaling Pathway, etc.), while TGF-p family member and its receptor were significantly more
active in the healthy group. Overall, the immune activity was stronger in the disease group. The relevance between m°A gene
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Fig. 8. The different immune characteristics between three subtypes. (A) Immune infiltration scores differences between three subtypes. (B) HLA
gene different expression between three subtypes. (C) Immune response scores differences between three subtypes.
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Fig. 9. The results of differential analysis and WGCNA between subtypes. (A) Venn diagram of the differential analysis results between each pair of
subtypes. (B) KEGG pathway enrichment map of 423 genes obtained from the differential analysis results intersection of the three combinations of
subtypes. (C) KEGG pathway enrichment map of 7 genes obtained from the intersection of the differential analysis results for the three combinations
of subtypes. (D) The training set samples in WGCNA displayed hierarchical clustering tree. (E) Corresponding scale free fit indices and Various soft
thresholds, y-axis representing the scale free fit index corresponding to different soft thresholds and x-axis representing different soft thresholds. (F)
WGCNA constructed the gene hierarchical clustering tree and modules (gray indicating genes that did not cluster into modules and other colors
representing the modules constructed). (G) Module-phenotype correlations, with each color block representing a module, and the numbers inside
the module representing the *module-phenotype’ relevance coefficient and the consequence p-value of the module in different subgroups of a
phenotype. The colors are arranged from blue-white-red according to the direction of correlation values from —1 to 1.

expression levels and immune infiltration scores (except for CD56 positive natural killer cell), HLA expression, and immune response
scores were also demonstrated (Figs. 2B, 3B and 4B). It was found that CBLL1, ELAVL1, FMR1, KIAA1429, METTL14, YTHDC1, and
ZC3H13 were significantly negatively correlated with immune infiltration scores, HLA expression, and immune response scores
(except for TGF-§ family member and its receptor), while HNRNPA2B1 and YTHDC2 were significantly positively correlated with
immune infiltration scores, HLA expression, and immune response scores (except for TGF-f family member and its receptor).

3.3. Using m®A genes categorize disease samples into biologically different subtypes

Analyze the different expression levels between subtypes by consensus clustering (Fig. 5A). The three classes with the most gradual
decrease in the CDF were selected as the best clustering result (Fig. 5B and C). The differential expression of m®A genes in each subtype
is shown in Fig. 5D and E, and it was found that 15 m®A genes showed differences significantly among the three subtypes.

KEGG and hallmark pathway differences between subtypes are also shown that significantly differentially enriched KEGG pathways
included KEGG NOTCH SIGNALING PATHWAY and KEGG GLUTATHIONE METABOLISM, while significantly differentially enriched
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Fig. 10.
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Fig. 11. The potential drug exploration of key genes. (A) PPI network of 92 hub DEG genes. (B) The top 3 genes by degree and their potential drugs.
(C) Gene-drug chord diagram.

hallmark pathways included REACTIVE OXYGEN SPECIES PATHWAY and GLYCOLYSIS (Figs. 6 and 7).

3.4. Different immune characteristics among subtypes

This results show the differences in ssGSEA immune infiltration scores, HLA expression levels, and ssGSEA immune response scores
between subtypes. It shows that among the 27 types of immune cells except for activated B cells, the infiltration scores were Subtype-2
is greater than Subtype-3 which is greater than Subtype-1 (Fig. 8A). And it shows that among the 12 types of HLA cells except for HLA-
DOB, the expression were Subtype-2 is greater than Subtype-3 which is greater than Subtype-1 (Fig. 8B). It shows that among the 15
types of immune response scores, all immune response scores except for the BCR Signaling Pathway were Subtype-2 is greater than
Subtype-3 which is greater than Subtype-1 (Fig. 8C). Therefore, it can be concluded that the sample classification is reliable, and the
immune activity were Subtype-2 is greater than Subtype-3 which is greater than Subtype-1.

3.5. Recognition of key genes though Co-expression network

We performed differential analysis to identify differential genes between each subtype, and plotted a Venn diagram (Fig. 9A).
Differential analysis results for the three combinations of Subtype-1, Subtype-2 and Subtype-3 were merged, resulting in 423 genes.
Then we performed KEGG pathway enrichment analysis on these genes, and enriched pathways included Viral protein interaction and
Cytokine-cytokine receptor interaction with cytokine and its receptor (Fig. 9B). The intersection of the differential analysis results for
the three combinations resulted in seven genes and enriched pathways revealed by KEGG pathway enrichment analysis were
Leukocyte trans-endothelial migration and Cell adhesion molecules (Fig. 9C). WGCNA was performed on all genes and cluster phe-
notypes, with a soft threshold of 5 used for network construction (Fig. 9D-G). Combined with the module-phenotypic correlation
coefficient of Fig. 9G, pink and yellow modules are selected for Subtype-1, blue and magenta modules are selected for Subtype-2, and
black and brown modules are selected for Subtype-3. Select the hub genes of the six selected modules according to the threshold GS >
0.5 and MM > 0.6 (Fig. 10A-F).
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Fig. 12. The incidence of mPA genes in rosacea mice. (A) The pictures of mice back skins injected by LL37 or control vehicle (n = 6). Pictures were
taken on 2 days post first LL37 injection to display the representative results (n = 6). (B) HE staining from LL37 or control mice lesional skin. (n = 6).
(C) Immunofluorescence showed METTL3 positive cells in control and LL37 groups. (D) The mRNA levels of m®A genes (METTL3, METTL4,
METTL14, ALKBHS5, YTHDF1, YTHDF2, YTHDF3, FTO, WTAP) in mice skin lesions with LL37 or PBS control (n = 6). (E) IL-6, VEGF, IL-1B, TNF-«
mRNA levels in mice skin lesions with LL37 or PBS control (n = 6).

3.6. Potential drug mining

The module hub genes mined by each phenotype were intersected with the corresponding subtype differential genes, and 92 genes
were obtained by combining the three intersection results as the final hub DEG genes. The 92 hub DEG genes were made into PPI
(Fig. 11A), and the genes of degree top3 were used to mine the potential drugs of these genes (Fig. 11B and C) by using the gene-drug
interaction function of DGIdb database.

3.7. Potential m°A gene mining in rosacea mice skins

We used LL37 induced rosacea-like inflammation mouse model to further sustain above discovery, and found that the mice
appeared obvious rosacea-like erythema after LL37 injection (Fig. 12A). Histological analysis showed that inflammatory cells were
increased in rosacea mice compared with control mice significantly (Fig. 12B). We further mining potential m®A gene of rosacea, like
METTLS3 positive cells increased in rosacea mice post LL37 injection (Fig. 12C). Remarkedly, LL37 induced rosacea mice promoted the
production of methylase METTL3, METTL14 and cytokines (IL-6, VEGF, IL-1p, TNF-a) in a much higher level than in control mice
(Fig. 12D and E). Collectively, the levels of METTL3 between rosacea and control mice skin was significant differences, suggesting that
METTL3 might be related to the alteration of global m®A levels in rosacea mice skin.

3.8. Expression of mCA genes in rosacea skins

We first detected the expression of METTL3 at mRNA level in rosacea and healthy individuals to investigate m®A modification in
rosacea. Obviously, increased METTL3 expression can been seen during rosacea skin (Fig. 13A). Then, we examined METTL3
expression in specimens from rosacea and healthy individuals. IHC showed that METTL3 levels increased in the rosacea patients skins
(Fig. 13B). Human dermal fibroblasts (HDFs) participate the skin immune program via secreting pro inflammatory factors and
recruiting immune cells post stimulation participate in the pathogenesis of rosacea. We thus treated the HDFs with LL37 and compared
the levels of m®A modification factors. Significantly, HDFs treated by LL37 shown higher levels of METTL3 and METTL14 compared
with PBS control (Fig. 13C). To further study the increased m°A methyltransferases METTL3 levels in rosacea, we pre-treated HDFs
with METTL3 siRNA and treated cells with LL37 (Fig. 13D). RT-qPCR analysis revealed that IL-6, VEGF, IL-1p, and TNF-o mRNA levels
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Fig. 13. The potential m°A genes exploration of rosacea human samples. (A) qPCR analysis of METTL3 on skin sections from normal and rosacea
patients samples. (B) IHC staining of METTL3 from control or rosacea patients skins. (C) The mRNA of m°®A levels of Human dermal fibroblasts
(HDFs) treated with LL37 for 24h. (D) Immunofluorescence (IF) and qPCR analysis of METTL3 from HDFs treated with METLL3 siRNAs after LL37
treated. (E) The mRNA of cytokines and chemokines from HDFs treated with METLL3 siRNAs after LL37 treated.

were inhibited by knockdown of METTL3 (Fig. 13D and E). Consequently, reduction of METTL3 significantly suppressed inflammatory
response in HDFs with LL37 stimulation. To sum up, these results demonstrated that m®A methyltransferases METTL3 aggravated
rosacea symptoms development.

4. Discussion

The study was to investigate the m®A gene landscape and immune regulation differences between disease and healthy samples. A
consensus clustering analysis was conducted to classify sample subtypes based on m®A gene expression and pathway enrichment [44].
The results showed significant differences in m®A genes and KEGG & hallmark pathways among subtypes. Furthermore, the study
demonstrated that Subtype-2 exhibited the highest degree of immune activity, followed by Subtype-3 and then Subtype-1 [45].

The study also analyzed genes differential expression between three subtypes and identified 92 hub DEG genes related to WGCNA
modules. PPI analysis was conducted on these 92 hub DEG genes, and the top 5 genes with high degree were identified. The study then
explored potential drugs for these genes through the gene-drug interaction function in the DGIdb database.

Overall, this study provides valuable insights into the m®A gene landscape, immune regulation differences among subtypes, and
potential drugs for hub DEG genes related to WGCNA modules. The molecular subtypes based on m°A gene expression could help
reveal rosacea underlying mechanisms and lead to more personalized treatments potentially. Characterizing immune features among
subtypes could provide insights into the immune response involved in rosacea development, and identifying key molecules through co-
expression analysis could offer new targets for drug therapy. The study’s outcomes could contribute to understanding the pathogenesis
of rosacea and facilitate the development of effective treatment strategies. However, further research and validation are necessary
before applying these findings clinically. These findings have significant implications for developing new therapies and treatments for
diseases associated with m®A gene dysregulation.

Examining the impact of LL37-induced m®A modifications on gene expression in human rosacea skin and a rosacea mice model
revealed an increase in mRNA expressions of m®A methylation genes. This suggests a positive correlation between m®A abundance and
mRNA levels in LL37-treated fibroblasts. Moreover, our findings indicate that m®A modification of mRNAs regulates gene expression
by influencing translation efficiency and stability. Notably, METTL3 exhibited significant differential modification levels in LL37-
treated HDFs, leading us to speculate that this distinct methylase may contribute to the observed alterations in mRNA expression
induced by LL37 and play a role in rosacea potentially.

In summary, our research indicates a substantial elevation in the overall m®A modification level in LL37-treated dermal fibroblasts
and in rosacea skin. Utilizing genome-wide profiling of m®A-tagged mRNAs and subsequent bioinformatics analysis, we uncovered
potential functions of transcripts with modified m®A in rosacea skin. These findings offer novel insights into LL37-induced rosacea and
suggest potential targets for treating rosacea in human skin.
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