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(m6A) is closely associated with the pathogenesis of autoimmune diseases.

Methods: Microarray gene expression matrix for GSE46239, GSE128314, and GSE142807 were downloaded
from the GEO database. Random forest (RF), support vector machine (SVM), and nomogram models were
developed, with their performance subsequently compared. The identification of m6A subtypes, based on

Iéi);‘:lzrtis&yosms differentially expressed m6A regulatory genes, was followed by the classification of gene subtypes ac-
N6-methyladenosine cording to the differently expressed genes between the m6A subtypes. Both classification systems were
m6A regulatory genes subjected to m6A scoring analysis and visualized via a Sankey diagram.

machine learning Results: We retrieved 99 dermatomyositis samples and 14 healthy samples. Using an RF model, we iden-

tified five core genes—IGFBP3, ZCCHC4, HNRNPC, WTAP, and RBM15—and constructed a predictive nomo-
gram model. Two m6A clusters were developed. Cluster A exhibited a significant increase of CD56-bright
natural killer cells, immature B cells, plasmacytoid dendritic cells, regulatory T cells, and type 1T helper
cells distinct from cluster B (p < 0.05). Based on 32 significantly distinctly expressed genes between m6A
subtypes (p < 0.05), we further reproduced two m6A gene subtypes. The Sankey diagram showed sig-
nificant concordance among m6A scores, m6A subtypes, and m6A gene subtypes.

Conclusion: m6A regulatory genes significantly influence the pathogenesis of dermatomyositis. In this work,
we built a predictive nomogram model, comprehensively evaluated two classification methods, and pro-
vided new insights for patient classification.

© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is
an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Introduction
Abbreviations: RF, random forest; SVM, support vector machine; M6A, N6-me- Dermatomyositis (DM) is an uncommon idiopathic connective
thyladenosine; DM, dermatomyositis; TIF1 v, anti-transcription intermediary factor 1 tissue disease with multiple autoantibodies [1]. The condition is
y; NXP2, anti-nuclear matrix protein 2; SAE, anti-small ubiquitin-like modifier acti- primarily characterized by marked skin lesions and myopathy, but

vating enzyme; MDAS5, anti-melanoma differentiation antigen 5; DEGs, differentially
expressed genes; ROC, receiver operating characteristic; DCA, decision curve analysis;
CDF, cumulative distribution function; SsGSEA, Single-Sample Gene Set Enrichment

also extends to other clinical features [2], including Arthritic pain,
calcium deposits, pulmonary interstitial changes, malignant tumors,

Analysis; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes and gastrointestinal discomfort [3]. The etiology and pathogenesis of
Peer review under responsibility of Editorial Board of Global Medical Genetics. dermatomyositis are broadly involved and may consist primarily of
Correspondence to: Department of Anesthesiology, The Fourth Affiliated Hospital environmental, genetic susceptibility, and immunologic factors [4].
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Expressway, Meishan Tianfu New District, Meishan, Sichuan, PR China. and macrophages, among others) have been reported to be abnormal
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including anti-transcription intermediary factor 1 y (TIF1 y), anti-
nuclear matrix protein 2 (NXP2), anti-small ubiquitin-like modifier
activating enzyme (SAE), and anti-melanoma differentiation antigen
5 (MDA5) antibodies [8]. These abnormally activated immune cells
and autoantibodies may ultimately cause organ system damage;
however, the exact mechanism is not yet known.

Epigenetics encompasses heritable regulation of gene expression
through chemical modifications to DNA and histones, and noncoding
RNA activity, without altering the DNA sequence itself [9]. As one of
the most prevalent modifications in eukaryotic RNAs [10,11], N6-
methyladenosine (m6A) regulates diverse cellular processes by
modulating the transcription, maturation, localization, function, and
metabolism of RNA species [12]. This modification closely governs
immune cell development, activation, and differentiation [13]. As a
reversible biological process, m6A dynamically modulated through
m6A "writers," "readers,” and "erasers" [14]. Notably, the m6A
writer, methyltransferase-like 3(METTL3), is essential for the gen-
eration of hematopoietic and immune cell lineages [15]. Further-
more, delayed mRNA decay of the arterial endothelial gene Notch
Receptor 1 (Notchla), mediated by m6A, its reader YTHDF2, ex-
acerbates the impaired emergence of hematopoietic stem and pro-
genitor cells [16,17].

m6A modifications are implicated in the pathogenesis of auto-
immune diseases, including rheumatoid arthritis (RA) [18,19], sys-
temic lupus erythematosus (SLE) [20], type 1 diabetes mellitus [21],
and multiple sclerosis [22]. However, the role of m6A modification in
the DM pathogenesis remains incompletely clear. In this research,
we thoroughly explored the biological functions and immune
properties of m6A modification in DM samples.

We identified five core m6A regulatory genes (IGFBP3, ZCCHC4,
HNRNPC, WTAP, and RBM15) and developed a nomogram model for
predicting DM incidence. Our work comprehensively analyses the
role of m6A in DM for the first time, revealing consistent results
between two distinct typing approaches. These findings may provide
a new horizons for the therapy and diagnosis of DM.

Materials and methods
Data download and processing

Microarray gene expression data for GSE46239, GSE128314, and
GSE142807 were downloaded from the GEO database (https://www.
ncbi.nlm.nih.gov/geo/), which contains 99 DM samples in the DM
group and 14 healthy samples in the control group. Information
about the above GEO dataset is presented in Supplementary Table 1.
We preprocessed all datasets via the R language “impute” and
“limma”. Gene symbols were annotated with gene probes. To ensure
data comparability and stabilize variance, Gene expression levels
were log2-transformed before analysis, and all figures depicting
expression values display these log2-transformed data. And we
performed quantile normalization using the normalize between ar-
rays function from the “limma” package. Subsequently, we merged
the three datasets and applied the “ComBat” algorithm from the
“sva” package to remove batch effects. After batch correction, sam-
ples were annotated as “Control” or “DM” according to their original
group information. The complete flowchart of bioinformatic analysis
and research design is shown in Fig. 1.

Screening for differentially expressed genes

Through a systematic review of the paper and the m6A2Target
database [23] (http://m6A2target.canceromics.org), we identified 27
m6A RNA methylation regulatory genes [24]. Only 24 of these genes
were detected in the merged dataset. Differentially expressed genes
(DEGs) between DM samples and healthy samples were collected by
the R language “dplyr”, and DEGs were visualized via drawing a
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volcano plot and a heatmap. Threshold values (log2 fold change (FC))
> 0.585, and we defined an adjusted P value of less than 0.05 as
statistically significant.

Correlation analysis of DM-associated m6A regulatory genes

m6A regulatory genes were mapped to DEGs. The overlapping
genes—differentially expressed m6A regulatory genes—were defined
as DM-associated regulatory genes. We visualized the expression
levels of these group-specific m6A regulatory genes through heat-
maps and box plots. To investigate the functional interactions among
these expressed m6A regulatory genes, we performed correlation
analysis using their expression profiles in all DM samples with the R
package “corrplot”, and subsequently identified co-expressed genes
for these regulatory genes.

Construction of Random Forests (RF), Support Vector Machines (SVM),
and nomogram models

To address the sample imbalance in the training set, the “ROSE”
package was employed for correction. We adopted random forest
(RF) and support vector machine (SVM) models to identify core
genes among differentially expressed m6A-regulated genes. These
models were trained with the balanced training set and validated
with 5-fold cross-validation repeated three times. The evaluation of
model accuracy was performed by employing three methods: re-
sidual boxplots, reverse cumulative distribution plots of residuals,
and receiver operating characteristic (ROC) curves. The RF model
was implemented via the R package “randomForest”, and assessed
five alternative mtry values with tuneLength =5, automatically. The
importance of the core genes was assessed based on the optimal
ntree configuration. Generating a nomogram model for predicting
the occurrence of DM using the R package “rms”. Calibration charts
are used to make comparisons between predicted and observed
outcomes. To evaluate the model’s potential for improving patient
benefit, we performed a decision curve analysis (DCA) and generated
a clinical impact curve.

Immune correlation and consensus clustering analysis

Utilizing the various expression levels of m6A regulatory genes,
we applied the "ConsensusClusterPlus" R package to stratify DM
patients via unsupervised consensus clustering. Optimal subtype
classification was guided by consensus cumulative distribution
function (CDF) curves. Principal component analysis (PCA) was
subsequently conducted to verify differences in expression among
the identified subtypes.

Furthermore, we calculated the infiltration landscape of immune
cells for different subtypes using Single-Sample Gene Set
Enrichment Analysis (ssGSEA) and further conducted immune cor-
relation analyses to generate heatmaps and boxplots for visualiza-
tion. Based on the resulting immune profiles, we analyzed
associations between immune cell features and the expression levels
of the m6A regulatory genes Heterogeneous Nuclear
Ribonucleoprotein A2/B1 (HNRNPA2B1) and RNA Binding Motif
Protein 15B (RBM15B), with differential expression patterns illu-
strated in boxplots.

Enrichment analysis

To reveal the m6A modification patterns and pathways, differ-
entially expressed genes between subtypes were discovered and
subjected to Gene Ontology (GO) enrichment analysis and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment analysis,
using the R package “clusterProfiler”.
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Fig. 1. Flowchart of bioinformatic analysis and research design.

Gene subtypes and m6A score calculation

We then performed unsupervised consensus clustering to cate-
gorize the DM samples into distinct gene subtypes based on the
previously identified differentially expressed genes and plotted
heatmaps accordingly. DM-associated m6A regulatory genes and
immune properties were comparatively evaluated between gene
subtypes, with differences visualized via boxplots. The m6A pattern
was characterized by principal component analysis (PCA).
Subsequently, we obtained the m6A score. Differential m6A scores
between subtypes and gene subtypes were compared. Sankey dia-
grams visualizing the distribution patterns and consistency of m6A
scores across subtypes and gene subtypes were generated via the R
packages “ggalluvial”, “ggplot2”, and “dplyr”.

Analysis of DM-specific genes across subtypes and gene subtypes

Additionally, the differential expression of the GBP1, IFIH1, IFIT3,
and BST2 genes between subtypes and gene subtypes was analyzed,
with comparative boxplots generated to illustrate the findings.

Statistical analysis

Statistical analyses were performed using R software (version
4.x). For comparisons between two groups, the Wilcoxon rank-sum
test was applied. For comparisons involving more than two groups,
the Kruskal-Wallis test was first used to assess overall differences,
followed by pairwise Wilcoxon rank-sum tests with Benjamini-
Hochberg adjustment for multiple testing to control the false dis-
covery rate. All statistical tests were two-sided, and a p-value < 0.05
was considered statistically significant. The significance levels were
indicated as follows: *p < 0.05, **p < 0.01, ***p < 0.001.

Results
DM-associated m6A regulatory genes

In this research, the dataset was merged and normalized for PCA,
as shown in Fig. 2A, B. We compared the DEGs between the DM and
healthy samples, as presented in the volcano plot (Fig. 2E). Among
the 27 m6A RNA methylation regulatory genes, 24 were exhibited in

skin cells, and 11were expressed differently between the control
group and the DM group (Fig. 2C). Moreover, we observed that genes
Methyltransferase 3, N6-Adenosine-Methyltransferase Complex
Catalytic Subunit (METTL3), Methyltransferase 14, N6-Adenosine-
Methyltransferase Non-Catalytic Subunit (METTL14), WT1 Asso-
ciated Protein (WTAP), RNA Binding Motif Protein 15 (RBM15), YTH
N6-Methyladenosine RNA Binding Protein C2 (YTHDC2), Hetero-
geneous Nuclear Ribonucleoprotein C (HNRNPC), Fragile X Mes-
senger Ribonucleoprotein 1 (FMR1), and Heterogeneous Nuclear
Ribonucleoprotein A2/B1 (HNRNPA2B1) were significantly increased
in the DM samples, whereas RBM15B, zinc finger CCHC-type con-
taining 4 (ZCCHC4), and insulin like growth factor binding protein 3
(IGFBP3) were significantly increased in the healthy samples
(P < 0.05) (Fig. 2D). Using the R package “corrplot”, the correlation
analysis results of expression profiles across all dermatomyositis
samples are shown in Fig. 2F.

The RF, SVM, and nomogram models

We constructed RF and SVM models and identified 5 core genes
to predict the incidence of DM. The R package “DALEX” was used to
measure the RF and SVM models. The residual box plots (Fig. 3A), the
inverse cumulative distribution of the residuals (Fig. 3B), and the
ROC curves (Fig. 3C) indicate that the RF model results in lower re-
siduals than the SVM model does. Consequently, the RF model was
adopted. The importance of m6A genes was prioritized by RF model,
with the top five considered core genes (Fig. 3D, E).

Using these genes, we developed a predictive nomogram model
for forecasting the prevalence of DM (Fig. 4A). As illustrated in Fig. 4
B, the calibration curve revealed concordance between the observed
data and the ideal prediction line. The decision curve analysis reveals
a deviation in the red line, which represents m6A regulatory genes,
from both the gray and black lines. (Fig. 4D) The clinical impact
curve shows that the curve for high-risk patients is positioned
higher than that for DM patients (Fig. 4C).

Subtype analysis after consensus clustering

The R package “ConsensusClusterPlus” was utilized to analyze
m6A subtypes based on 11 differentially expressed m6A-regulated
genes. According to the CDF curves and PCA results (Fig. 5 B, C), K=2
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Fig. 2. m6A regulatory genes in dermatomyositis groups and healthy groups. (A) PCA of the three datasets before batch effect correction using “ComBat”. (B) PCA of the
integrated dataset after batch effect removal with “ComBat”. The dataset contains 99 DM samples and 14 healthy samples. (C) Heatmap of M6a DEGs. (D)A boxplot illustrates the
expression profile across the 24 m6A regulatory genes (“DM vs. CON"). (E) A volcano plot identifying differentially expressed genes in DM samples compared to healthy controls.
Threshold values (log2 fold change (FC)) > 0.585, and we defined an adjusted P value of less than 0.05 as statistically significant. (F)Correlation analysis of the m6A regulatory

genes in DM samples. *p < 0.05, **p < 0.01, and ***p < 0.001.

exhibited the optimal clustering performance (Fig. 5 A). Conse-
quently, the DM samples were categorized into two subtypes, A and
B. Heatmap and boxplot revealed that METTL3, METTL14, WTAP,
YTHDC2, HNRNPC, FMR1, and HNRNPA2B1 exhibited significantly

higher expression levels in subtype A than B, while RBM15B had the
opposite pattern (Fig. 5D, E).

We compared the diversity in immune cell abundance between
subtypes A and B. The divergences among CD56 bright natural killer
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cluster, and the black curve represents all samples. (E) The Importance scores of 11 m6A regulatory genes.

cells, CD56 dim natural killer cells, immature B cells, plasmacytoid
dendritic cells, regulatory T and type 1T helper cells were statistically
significant between subtypes A and B (Fig. 6A). Excluding CD56 dim
natural killer cells, the remaining observed immune cells presented
significantly higher infiltration levels in subtype A than in subtype B.
In addition, we investigated the correlation of 11 DM-associated
m6A regulatory genes with immune cell infiltration. These conclu-
sions indicated that HNRNPA2B1, WTAP, and RBM15 were positively
correlated with most observed immune cells, whereas RBM15B was
negatively correlated (Fig. 6B). Similar results were found in the
immune cell infiltration analysis for HNRNPA2B1 and RBM15B. The
overwhelming majority of immune cells in samples with high
HNRNPA2B1 expression were noted to have a high degree of in-
filtration (Fig. 6D), whereas samples with high RBM15B expression
showed low infiltration levels of most immune cells (Fig. 6C).

Differential analysis between subtypes and gene subtypes

We screened for genes that were differentially expressed be-
tween the two subtypes. These differentially expressed genes were
subjected to Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) enrichment analyses. It was discovered that 32
genes were significantly differentially expressed between the two
subtypes, and they were mainly enriched in the following processes:

In the biological processes (BP), differentially expressed genes
were mainly associated with the viral response and the defense re-
sponse to viruses. In cellular components (CC), differentially ex-
pressed genes were mainly located in keratin filaments,
intermediate filaments, intermediate filament cytoskeletons, etc. In
molecular function (MF), they are primarily involved in cytokine
activity and cytokine receptor binding, etc (Fig. 7A). KEGG analysis
indicated that the differentially expressed genes were significantly
enriched for influenza A (Fig. 7B).

Based on the differentially expressed genes identified between
the two m6A subtypes, DM patients were stratified into gene sub-
type A and gene subtype B (Fig. 8A). Heatmap visualizations revealed
elevated expression levels of these genes in gene subtype A contrast
to those in gene subtype B (Fig. 8B). We constructed boxplots based
on m6A regulatory genes associated with dermatomyositis (Fig. 9A).
The results revealed conspicuous diversity in the expression levels of
METTL14, WTAP, RBM15B, YTHDC2, FMR1, and HNRNPA2B1 between
the two gene subtypes, except for RBM15 B. All of these genes were
markedly upregulated in subtype A. Furthermore, ssGSEA analysis
showed significantly greater enrichment of most immune cells in
gene subtype A compared to gene subtype B (Fig. 9B).

We further compared the m6A scores between the two m6A
subtypes and the two gene subtypes. There were significant differ-
ences in the m6A scores between the two subtype classifications
(Fig. 10A, B). The Sankey diagram shows the consistency of m6A
subtypes, gene subtypes, and m6A scores (Fig. 10D).

Relationships between specific genes and different subtypes

Previous studies identified GBP1, IFIH1, IFIT3, and BST2 [25]as
genes closely associated with nasopharyngeal carcinoma in derma-
tomyositis patients. We further analyzed the expression of these
genes across both m6A subtypes and gene subtypes. The conclusion
illustrated a marked increase in the expression of all four genes in
subgroup A relative to subgroup B, which was consistently observed
under both classifications (Fig. 11A, B).

Discussion
Dermatomyositis is an idiopathic inflammatory disease that is

mainly notorious for varying degrees of skin manifestations [26,27].
It impacts 1.2-17 individuals per 100,000 people [28], peaking in
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children aged 5-15 years [29] and in adults at aged 45-65 years
[30,31].However, owing to the complex and heterogeneous patho-
genesis of dermatomyositis, there is a lack of universally effective
treatments and reliable biomarkers. Recent research has focused on
epigenetics, which regulates gene expression without affecting the
DNA sequence [32]. m6A is the most universal epigenetic mod-
ification. This invertible process mainly relies on three m6A reg-
ulatory proteins, including “write proteins” (methyltransferases),
“erase proteins” (demethylases), and “read proteins” (m6A binding
proteins) [14]. Accumulating evidence indicates that m6A mod-
ifications play vital roles in disease inflammatory responses and the
pathogenesis of certain autoimmune disorders [33,34]. However,
there is no study that has reported m6A in dermatomyositis. In this
study, we innovatively investigated the role of m6A regulatory genes
in DM. We constructed a nomogram model to predict the incidence
of dermatomyositis and categorized patients with dermatomyositis
according to m6A regulatory genes, which will contribute to DM
treatment and evaluation.

We screened 11 m6A regulatory genes among a total of 27 genes
that were variously expressed between DM patients and healthy
controls, including METTL14, FMR1, WTAP, YTHDC2, HNRNPC,
METTL3, HNRNPA2B1, RBM15B, RBM15, ZCCHC4, and IGFBP3. Based
on their differential expression, we hypothesized that these 11 genes
may be involved in the pathogenesis of dermatomyositis. ZCCHC4,
RBM15B, and IGFBP3 expression is downregulated in DM samples.
Some studies suggest that these genes may be involved in the im-
mune and inflammatory processes. METTL14 exhibits abnormal ex-
pression in multiple autoimmune diseases, including rheumatoid
arthritis (RA), systemic lupus erythematosus (SLE), ulcerative colitis
(UCQ), and Crohn’s disease (CD) [35-38]. In peripheral blood and sy-
novial tissue of RA patients, elevated METTL14 expression correlates

with levels of CRP, RF, and other markers, promoting pro-in-
flammatory polarization of macrophages. Our findings show a si-
milar trend to rheumatoid arthritis. In PBMCs from SLE patients, this
is manifested as downregulation[37]. Research has found that WTAP
is upregulated in airway epithelial cells from asthma patients, en-
hancing Wnt/p-catenin signaling and promoting the proliferation of
airway smooth muscle cells [39]. RBM15 and RBM15B are homo-
logues that interact with METTL3 in a WTAP-dependent manner, and
their deletion impairs site-specific gene silencing [40]|. METTL3 si-
lencing inhibits the NF-xB pathway and further suppresses fibroblast
proliferation, migration, invasion, and IL-6 expression [41]. This
process may play a similar role in DM. It has been reported that
IGFBP3 is connected to various autoimmune diseases. In rheumatoid
arthritis synovium, IGFBP3 is produced by macrophages, whose ex-
pression in synovial fluid correlates with systemic levels of C-re-
active protein (CRP), possibly suggesting inflammatory involvement
[42]. In this study, its expression was downregulated. Significant
differences were observed in the expression patterns and functional
effects of these genes among different diseases. HNRNPA2B1 over-
expression is associated with poor breast cancer prognosis and im-
mune cell subsets [43].In non-small cell lung cancer, HNRNPC
knockdown enhances immune cell infiltration, particularly that of
CD8 +and CD4 +T cells [44].

Through machine learning, we identified the core genes among
these 11 genes and constructed a nomogram model. In this study, we
employed the random forest model because of its smaller residuals.
The nomogram model built with core genes provides a convenient
method for predicting dermatomyositis risk at the gene expression
level. To our knowledge, this is the first predictive model con-
structed, although experimental validation with a large number of
samples remains necessary.
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In recent years, immune cell infiltration, autoantibodies, com-
plement system disorders, and interferon signaling have been shown
to collectively contribute to the pathogenesis of dermatomyositis
[45]. Muscle biopsies in DM show that the microenvironment is
enriched with myeloid and plasmacytoid antigen-presenting cells,
alongside the overexpression of immune mediators such as Toll-like
receptors. These factors and cells may lead to nuclear factor xB (NF-
kB) aggregation, resulting in the overexpression of IFN-1 in derma-
tomyositis and further inflammatory damage [46]. Research by
Radke et al. has also shown that IFN-1-related gene expression levels
correlate with B-cell content in dermatomyositis tissue [47]. We
categorized dermatomyositis samples into 2 subtypes based on 11
differentially expressed m6A genes. Significant differences in the
level of infiltration among CD56 bright natural killer cells, CD56 dim
natural killer cells, immature B cells, plasmacytoid dendritic cells,
and type 1T helper cells were also revealed between different m6A
subtypes. In diseases such as SLE and pSS, an elevated ratio of
CD56bright/CD56dim cells in peripheral blood indicates a more
pronounced inflammatory response [48,49]. In neurological auto-
immune disorders like MS, both subsets participate in regulating T/B

lymphocyte activity [50]. However, direct evidence supporting the
stratification of dermatomyositis (DM) subtypes based on CD56dim
NK cells remains limited. We hypothesize that the observed differ-
ences in CD56dim NK cell abundance across DM subtypes may re-
flect variations in the tissue microenvironment, chemokine
expression profiles, and associated signaling pathways. Previous
studies have suggested that upregulation of chemokines such as CLA,
CCR5, and CXCR6 may promote the migration of specific NK cell
subsets to the skin, potentially contributing to distinct infiltration
patterns across different DM subtypes [51]. Further large-scale,
multicenter basic and translational studies focusing on diverse
clinical phenotypes of DM are warranted to validate these specula-
tions. This integration of m6A modification patterns with immune
characteristics highlights a potential interplay between epigenetic
regulation and the immune response, offering new insights for pa-
tient stratification. Further analysis of two genes, RBM15B and
HNRNPA2B1, which were prominent in the immune cell correlation
heatmap, revealed that most immune cell infiltration was sig-
nificantly elevated in the group with low RBM15B expression, while
HNRNPA2B1 expression showed consistency with immune cell
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infiltration. This correlation pattern, which aligns with the ob-
servations in Fig. 2, further supports a potential association between
m6A modification and the immune infiltration characteristics in
dermatomyositis.

Similar to other autoimmune diseases, the development of der-
matomyositis typically arises from the combined effects of exo-
genous triggering factors such as viral infections and susceptible
genes [52]. Cases of dermatomyositis occurring after COVID-19 in-
fection have been documented [53]. Additionally, Coxsackie virus,
parvovirus, and HIV have all been identified as potential triggering
factors [54,55]. Natasha holds the view that the autoantibodies in
patients are the vestiges left by past infections [56]. Pathogens
trigger an immune response in muscle tissue, and this response
persists even after the microbes have been eradicated. In this study,
enrichment analysis of genes differentially expressed between the
two m6A subtypes was conducted. Gene ontology (GO) results
showed enrichment primarily in processes such as defense

responses to viruses, the cytoskeleton, cytokines, and receptor re-
sponses. The Kyoto Encyclopedia of Genes and Genomes (KEGG)
analysis indicated that the pathways related to the influenza A virus
were significantly enriched. These findings raise the possibility that
m6A modifications may play a role in modulating the virus-asso-
ciated immune response, which could be a contributing factor in the
pathogenesis of dermatomyositis. These results are consistent with
previous findings. Although direct evidence linking the influenza A
virus to dermatomyositis remains scarce, our study provides novel
insights into the pathogenesis of dermatomyositis.

Based on the differential genes between m6A subtypes, we per-
formed secondary genotyping and successfully reproduced the
binary classification. We speculate that m6A genes may regulate
downstream differentially expressed genes. Significant differences in
m6A scores between different m6A subtypes corresponded to their
mO6A expression variations. Significant m6A score variations were
observed across gene subtypes, collectively suggesting the



X. Long, Y. Hu, R. Tu et al.

geneCluster E9 A E9 B
L]
10 .
c
K]
A
Po) L]
s 8
x
@ L ]
2 s
[ .
(O]
6
4
N N < v
Q & £
& (52\ < &

Global Medical Genetics 13 (2026) 100097

m6Acluster E5 A E9 B
104
c
k<]
g
5 87 E
x
[}
% o
o .
°
64 ]
° $
H s
s
41
N N S U
< NS & A
& € < &

Fig. 11. Box plots of the expression of genes specific to different subtypes. (A) Expression levels of GBP1, IFIH1, IFIT3, and BST2 between gene subtypes. (B) Expression levels of
GBP1, IFIH1, IFIT3, and BST2 between m6A subtypes. *p < 0.05, **p < 0.01, and ***p < 0.001.

possibility of a regulatory role for the m6A gene on downstream
differentially expressed genes. However, these preliminary findings
require experimental validation.

In conclusion, our study provides the first in-depth exploration of
m6A regulation in dermatomyositis, offering novel insights into
dermatomyositis pathogenesis and new perspectives for future
dermatomyositis subtyping, risk assessment, and treatment. There
are several limitations to our study. Firstly, due to the constrained
sample size of the GEO database, batch effects were introduced
when three GEO datasets were merged. We were unable to adjust for
confounding factors, including age, gender, and infection. Second, as
dermatomyositis encompasses clinical subtypes (e.g., anti-MDA5
dermatomyositis), the absence of suitable GEO cohorts precluded
further analysis of clinical subtypes. Most importantly, additional
experiments to verify the molecular mechanism of m6A in derma-
tomyositis are required. Future studies will address these limita-
tions.

Conclusions

In summary, the various expression of m6A regulatory genes
significantly influences the pathogenesis of dermatomyositis. We
propose mb6A-associated subtyping and gene subtyping, and con-
struct a nomogram model to predict the risk of dermatomyositis. We
provide the predictions for further mechanistic studies and ther-
apeutic strategies.
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