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ARTICLE INFO ABSTRACT

Keywords: Background: Moyamoya disease (MMD), characterized by chronic cerebrovascular pathology,
Moyamoya disease poses a rare yet significant clinical challenge, associated with elevated rates of mortality and
Lysosome

disability. Despite intensive research endeavors, the exact biomarkers driving its pathogenesis
remain enigmatic.

Methods: The expression patterns of GSE189993 and GSE141022 were retrieved from the Gene
Expression Omnibus (GEO) repository to procure differentially expressed genes (DEGs) between
samples afflicted with MMD and those under control conditions. The Least Absolute Shrinkage
and Selection Operator (LASSO), Support Vector Machine with Recursive Feature Elimination
(SVM-RFE), and Random Forest (RF) algorithms were employed for identifying candidate diag-
nostic genes associated with MMD. Subsequently, these candidate genes underwent validation in
an independent cohort (GSE157628). The CMAP database was ultimately employed to forecast
drugs pertinent to MMD for clinical translation.

Results: A collective of 240 DEGs were discerned. Functional enrichment scrutiny unveiled the
enrichment of the cholesterol metabolism pathway, salmonella infection pathway, and allograft
rejection pathway within the MMD cohort. EPDR1, DENND3, and NCSTN emerged as discerned
diagnostic biomarkers for MMD. The CMAP database was ultimately employed to scrutinize the
ten most auspicious pharmaceutical compounds for managing MMD. Finally, after validation
through in vitro experiments, EPDR1, DENND3, and NCSTN were identified as the key genes.
Conclusion: EPDR1, DENND3, and NCSTN have emerged as potential novel biomarkers for MMD.
The involvement of T lymphocytes, neutrophilic granulocytes, dendritic cells, natural killer cells,
and plasma cells could be pivotal in the pathogenesis and advancement of MMD.

Bioinformatic analysis
Machine-learning strategies
Drug

1. Introduction

Moyamoya disease (MMD) is a rare cerebrovascular disorder first delineated by Japanese investigators in 1957 [1]. It is charac-
terized by progressive stenosis of the superior internal carotid artery (ICA) and chiefly presents within the Willis circle [2]. The
prevalence of MMD in the Asian population exhibits a significant increase, primarily originating from China, Japan, and the Republic
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Abbreviations list

MMD Moyamoya disease

GEO Gene Expression Omnibus

DEGs differentially expressed genes

LASSO  Least Absolute Shrinkage Selection Operator

SVM-RFE Support Vector Machine-Recursive Feature Elimination

RF Random Forest

ICA superior carotid artery

GSEA Gene set enrichment analysis

GO Gene Ontology

KEGG  Kyoto Encyclopedia of Genes and Genomes
ROC: receiver operating characteristic

AUC area under the receiver operating characteristic curve
CMAP  The Connectivity Map

BP biological process

CC cellular component

MF molecular function

of Korea, as evidenced by a substantial incidence rate [3]. The primary demographic affected by MMD comprises children (aged 5-9)
and young adults (aged 35-45) [4]. Although the etiology of MMD remains elusive, contemporary investigations propose that genetic,
immune, and environmental elements may contribute to its pathogenesis [5]. Research findings in the literature indicate that the
collective occurrence rate of autoimmune disorders among individuals with Moyamoya disease MMD in the western regions of China
could potentially reach 31.0 % [6]. Microarray technology was employed to detect genetic alterations, while bioinformatics analysis
was utilized to explore potential causes and pathophysiological mechanisms at the genomic scale [7]. This potent technique enables
the comprehensive investigation of gene expression patterns. The burgeoning evidence underscores the involvement of genetic ele-
ments in the progression of MMD [8]. Numerous gene variants and monogenic disorders are linked with moyamoya angiopathy [9]. In
fact, moyamoya syndrome involves a spectrum of 16 genes and diverse pathways, encompassing Ras and MAPK, Notch signaling, DNA
repair mechanisms, inflammasome activation, chromatin modification, actin dynamics, coagulation cascades, and nitric oxide (NO)
signaling pathways [10]. Lysosomes, possessing a solitary membrane-bound vesicular architecture, house a variety of hydrolytic
enzymes including phosphatases, lipases, proteases, nucleases, glycosidases, sulphate esterases, and other macromolecule-degrading
enzymes, thereby exhibiting non-selective intracellular degradation capabilities [11]. Lysosomes play crucial roles in angiogenesis by
regulating extracellular matrix degradation and cell signaling pathways [12]. Dysfunctions in lysosomal activities can lead to vascular
diseases such as atherosclerosis, attributed to endothelial dysfunction and abnormal vascular cell proliferation [13]. Their involvement
in these processes underscores the importance of understanding lysosomal mechanisms in vascular biology [14]. Insights into lyso-
somal functions provide potential avenues for novel therapeutic strategies targeting vascular-related disorders [15]. Prior in-
vestigations into genetic modifications, overall immune infiltration, and the association between central genes and immune cells in
microarray datasets have encountered constraints due to the rarity of the ailment and difficulties in procuring samples. The precise
involvement of lysosomes in the pathogenesis of MMD remains obscure. Consequently, investigating the interplay of immune cell
infiltration amid lysosomal dynamics and MMD pathophysiology bears profound implications for therapeutic strategies, offering a
novel vantage point to modulate disease initiation and advancement.

In this investigation, datasets pertaining to MMD were acquired from the Gene Expression Omnibus (GEO) repository and
employed for the exploration of candidate diagnostic genes using machine learning techniques including the Least Absolute Shrinkage
Selection Operator (LASSO), Support Vector Machine Recursive Feature Elimination (SVM-RFE), and Random Forest (RF) method-
ologies. The chosen marker genes underwent meticulous scrutiny and validation. Additionally, an exploration into the correlation
between these genes and various categories of infiltrating immune cells was conducted. Utilizing bioinformatics methodologies, an
investigation was undertaken to forecast small molecule therapeutics, presenting a fresh approach to understanding the molecular
mechanisms of MMD and providing insights into effective strategies for intervention in this condition.

2. Materials and methods
2.1. Dataset processing

We acquired three MMD RNA chip datasets (GSE189993, GSE141022, GSE157628) from the Gene Expression Omnibus (GEO) at
http://www.ncbi.nlm.nih.gov/geo. GEO serves as a publicly accessible archive, aggregating data from diverse high-throughput ex-
periments. After normalization procedures, samples lacking clinical annotations were excluded from further analysis. Herein, a total of
32 samples were procured from the GSE189993 dataset (comprising 21 MMD samples and 11 controls), while the GSE141022 dataset
contributed 8 samples (with 4 MMD and 4 control samples). Additionally, 20 samples were acquired from the GSE157628 dataset
(consisting of 11 MMD samples and 9 controls). Each dataset, namely GSE189993, GSE141022, and GSE157628, underwent individual


http://www.ncbi.nlm.nih.gov/geo

W. Li et al. Heliyon 10 (2024) e34432

gene annotation using corresponding platforms. Furthermore, GSE157628 was employed for subsequent validation and subjected to
comparative analysis with both MMD and control samples. The flowchart of the research is displayed in Fig. 1.

2.2. Differentially expressed genes (DEGs) analysis

The batch effects were mitigated utilizing the "SVA" package in R programming [16], the DEGs were compared between samples
afflicted with MMD and those from the control group utilizing the "limma" package within the R programming environment [17]. DEGs
were defined by | Log 2 FC| > 1, adjusted p-value <0.05.

2.3. Functional and pathway enrichment analysis

Gene set enrichment analysis (GSEA) unveiled the markedly modulated Gene Ontology (GO) annotations and functional pathways
from the Kyoto Encyclopedia of Genes and Genomes (KEGG) between the MMD and control cohorts. Appropriate technical termi-
nology was employed, and functional enrichment analysis was conducted on the genes that overlapped between DEGs and lysosomal
genes. We clustered pertinent terms according to their shared attributes and then designated the term exhibiting the greatest
enrichment level as the representative. To explore the functions and pathways associated with lysosome-related DEGs, we employed
the "clusterProfiler" R package (version 4.0) to perform GO and KEGG analyses. Statistical significance was defined as a P-value less
than 0.05.

2.4. Machine learning for the diagnostic marker genes

Three machine learning methodologies were utilized to forecast disease status. Initially, a methodology grounded on the least
absolute shrinkage and selection operator (LASSO) was utilized to identify marker genes linked with discriminating MMD from control
individuals, leveraging the "glmnet" toolbox in R. The most robust discriminatory capacity was harnessed for the identification of gene
sets, leveraging support vector machine-recursive feature elimination (SVM-RFE) implemented via the "e1071" R software package.
The ultimate selection of marker genes ensued from the shared genes across all three algorithms within the training cohort
(GSE189993, GSE141022). The fundamental concept of the random forest (RF) algorithm involves discerning optimal outcomes

Research design flow chart GEO database
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Fig. 1. The research flow chart.
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amidst an extensive array of constituent tree models. The assessment of marker gene expression progression was subsequently scru-
tinized within the validation dataset GSE157628.

2.5. Assessment of the diagnostic value of key biomarkers in MMD

The research utilized receiver operating characteristic (ROC) analysis to assess the predictive performance of potential biomarkers
derived from expression data in training datasets through the area under the receiver operating characteristic curve (AUC). An AUC
exceeding 0.80 indicated precise classifier models.

2.6. Immune infiltration analysis

The level of immune cell infiltration was evaluated in specimens from both MMD and control cohorts in the training dataset using
the CIBERSORT analytical approach, with a "PERM" value established at 1000 and a significance threshold set at p < 0.05. Subse-
quently, a heatmap depicting the distribution of 22 diverse immune cell types was generated employing the "pheatmap" software, in
conjunction with the "vioplot" utility. To depict the interrelation among the 22 unique infiltrating immune cell populations, a cor-
relation heatmap was constructed utilizing the "corrplot" package for visualization purposes.

Exploring the correlation between identified gene markers and infiltrating immune cells.

We investigated the association between infiltrating immune cell cohorts and gene biomarkers utilizing Spearman’s rank corre-
lation analyses executed within the R programming environment. Following this, correlation evaluations were performed utilizing the
"ggplot2" package.

2.7. Drug sensitivity analysis

The Connectivity Map (CMAP) repository encompasses 6100 samples representing 1309 distinct small-molecule therapeutics, each
characterized by the gene expression profile of a particular drug and its associated treatment regimen. In this study, we utilized the
CMAP repository to predict potential compounds for the treatment of MMD. The scores reflected the correlation between the drug and
the DEGs. A negative score signifies a gene expression profile that opposes the disease’s expression pattern, suggesting therapeutic
potential for the interference.

2.8. Clinical specimen collection and ethics statement

The current investigation adhered to the principles outlined in the Declaration of Helsinki and received approval from the Medical
Ethics Committee of The Affiliated Hospital of Qingdao University (Approval Number: QYFY-WZLL-28629). All participants provided
written informed consent. Patients diagnosed with MMD were identified based on the diagnostic criteria established by the World
Health Organization. Samples of vascular tissue were collected from six patients and six control subjects who underwent surgical
procedures at the neurosurgical emergency department of The Affiliated Hospital of Qingdao University (Supplementary table).

2.9. Western blotting

The lysosomal protein expression and transdifferentiation degree were assessed via Western blotting using proteins extracted from
the respective experimental groups. Cell lysates were prepared by treating cells with RIPA lysis buffer (composed of RIPA, PMSF, and
phosphoprotein inhibitors A and B in a ratio of 100:1:1:1) on ice followed by sonication for 60 s. Clarified supernatants were obtained
by centrifugation at 13,000 rpm for 10 min at 4 °C. Protein concentrations were determined using the BCA assay, and subsequent
denaturation was achieved by boiling for 10 min. Equal amounts (20 pg) of proteins were separated using SDS-PAGE on gels with
varying concentrations (6 %, 10 %, and 12 %) and transferred onto Immobilon®-P PVDF membranes. Membranes were then blocked
with NemBlot blocking buffer and incubated overnight at 4 °C with primary antibodies anti-f-actin (81115-1-RR, 1:10000, Pro-
teintech, Wuhan, China), anti-DENND3 (24414-1-AP, 1:1000, Proteintech, Wuhan, China), anti-NCSTN (14071-1-AP, 1:1000, Pro-
teintech, Wuhan, China), anti-EPRD1 (27252-1-AP, 1:10000, Proteintech, Wuhan, China). Secondary antibodies were applied the next
day and incubated at room temperature for 1 h. Protein imaging and development were performed using ECL.

2.10. Statistical analysis

Statistical analyses were performed utilizing R software. Comparison between MMD and control samples was carried out
employing a student’s t-test. Marker genes were assessed through ROC analysis. Unless specified otherwise, significance level was
established at p < 0.05.
3. Results

3.1. Identification of DEGs in MMD

The flowchart of this study is shown in Fig. 1. The expression profiles extracted from three GEO datasets (GSE189993, GSE141022)
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comprised 40 samples in total, comprising 25 MMD and 15 control specimens. Following preprocessing and the elimination of batch
effects, we identified 240 DEGs, consisting of 91 genes exhibiting upregulation and 149 genes displaying downregulation in the MMD
samples relative to the control specimens (Supplementary Table). In this study, the significant contrast of DEGs was illustrated using a
heatmap (Fig. 2A) and a volcano plot (Fig. 2B).

3.2. Functional enrichment analysis of intersect genes of DEGs and lysosome genes

The initial procedure involves the intersection of DEGs with gene sets associated with lysosomes sourced from the Gene Ontology
database (https://geneontology.org/), resulting in the identification of 12 DEGs related to lysosomes in MMD (Fig. 3A). We performed
enrichment analyses on GO terms, KEGG pathways, and functional annotations to explore the potential biological roles of the
commonly DEGs associated with lysosomes. Our analysis delved into the realms of biological processes (BP), molecular functionalities
(MF), and cellular localization (CC), as delineated by the GO annotations. The findings unveiled that BP is predominantly linked with
symbiotic symbiosis, lipid conveyance, protein endosomal localization, amyloid-beta metabolism, and phospholipid conveyance.
Regarding CC enrichment analysis, it was observed that the overlapping genes notably contributed to the membrane of lysosomes,
vacuoles, late endosomes, and granules of azurophilic. In the MF enrichment analysis, the DEGs associated with lysosomes mainly
engaged in binding of amides, ceramides, and activities of lipid transporters (Fig. 3B, C, 3D). The KEGG pathway analysis revealed a
significant enrichment of intersecting genes in pathways related to cholesterol metabolism, salmonella infection, and allograft
rejection (Fig. 3E and F). We additionally performed Gene Set Enrichment Analysis (GSEA), revealing enrichment of pathways
associated with colorectal cancer, endometrial cancer, oocyte meiosis, ubiquitin-mediated proteolysis, and vascular smooth muscle
contraction in the control cohort (Fig. 4A). Conversely, the MMD cohort exhibited enrichment in pathways related to allograft
rejection, antigen processing and presentation, autoimmune thyroid disease, graft-versus-host disease, and type I diabetes mellitus
(Fig. 4B). The complete results of GO, KEGG and GSEA analyses can be found in Supplementary Table.

3.3. Identification of immune related diagnostic marker genes in MMD

Three distinct bioinformatics algorithms were employed for the identification of putative biomarkers associated with MMD.
Through LASSO regression analysis, the pool of 12 DEGs linked to lysosomes was narrowed down to 10, which were deemed as
diagnostic biomarkers for MMD (Fig. 4C and D). Furthermore, a subset consisting of 4 DEGs related to lysosomes was delineated
utilizing SVM-RFE (Fig. 4E and F). Ultimately, the top 10 genes in terms of their significance were meticulously selected employing
Random Forest (RF) methodology (Fig. 4G and H). Ultimately, we opted for the identification of three overlapping characteristic genes,
namely EPDR1, DENND3, and NCSTN, through the implementation of the LASSO algorithm, SVM-RFE algorithm, and RF algorithm, as
depicted in Fig. 5A. Subsequently, within the train cohorts GSE189993 and GSE141022, a thorough examination of the mRNA
expression levels of these biomarkers was conducted to yield more precise and reproducible findings. Notably, EPDR1 exhibited a
significant decrease in expression among MMD patients, whereas DENND3 and NCSTN demonstrated marked upregulation (p < 0.05,
Fig. 5B, C, and 5D). Importantly, the expression of the three MMD biomarkers produced equivalent outcomes within the validation
cohort GSE157628 (Supplementary Fig. 1).
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Fig. 2. Visualization of the DEGs. (A) Heatmap clustering of genes with markedly different expression in MMD compared control samples. |
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3.4. Diagnostic effectiveness of the marker genes

The diagnostic framework was established utilizing the identified genetic markers via a logistic regression methodology. Addi-
tionally, the area under the receiver operating characteristic curve (AUC) was employed to precisely assess discriminatory
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performance. As illustrated in Fig. SE-G, distinctive biomarkers exhibited robust diagnostic efficacy in discriminating MMD from
control specimens, yielding AUC values of 0.848 (95 % CI 0.709-0.952) for EPDR1, 0.875 (95 % CI 0.728-0.981) for DENND3, and
0.837 (95 % CI 0.699 to 0.947) for NCSTN. This finding enhances the diagnostic utility of these three unique genes as candidate
biomarkers in the diagnosis of MMD. In constructing the nomogram model, we employed the "rms" package within the R environment,
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integrating the expression patterns of the three identified biomarkers as pivotal factors (Fig. 6A). We evaluated the precision and
dependability of our nomogram through the examination of calibration plots (Fig. 6B). The curves presented compelling evidence
regarding the precision of the forecasts generated by our tool, demonstrating a robust correlation between the predictive and observed
occurrence of MMD.

3.5. Immune cell infiltration

The CIBERSORT algorithm was employed to estimate the distribution of 22 immune cell types in both MMD and control samples.
MMD patients exhibited elevated proportions of activated CD4 memory T cells, follicular helper T cells, and neutrophils (p < 0.05)
compared to controls. Conversely, the prevalence of plasma cells, resting CD4 memory T cells, activated NK cells, and resting mast cells
was significantly diminished in MMD patients (p < 0.05) (Fig. 7A-B). The correlation heatmap comprising 22 distinct immune cell
types reveals noteworthy associations: T follicular helper cells and resting dendritic cells (r = 0.61), resting NK cells and M1 mac-
rophages (r = 0.53), M2 macrophages and resting mast cells (r = 0.55), memory B cells and T cells gamma delta (r = 0.65), T cells
gamma delta and resting CD4 memory T cells (r = 0.51) demonstrate prominent positive correlations. Conversely, negative corre-
lations are observed between resting NK cells and activated NK cells (r = —0.75), resting dendritic cells and mast cells (r = —0.59), and
follicular helper T cells and resting mast cells (r = —0.49), respectively (Fig. 7C).

3.6. Correlation analysis between the marker genes and immune cells

The correlation between feature biomarkers and 22 immune cell phenotypes was assessed via Spearman’s rank correlation analysis.
According to the correlation findings, EPDR1 exhibited a significant positive association with CD4 memory resting T cells and acti-
vated NK cells (p < 0.05), whereas it demonstrated a notable inverse correlation with resting dendritic cells (p < 0.05) (Fig. 7D).
DENND3 exhibited a significant positive association with T follicular helper cells and neutrophil counts (p < 0.05), whereas it
demonstrated an inverse relationship with plasma cell counts and resting CD4 memory T cell counts (p < 0.05) (Fig. 7E). Conversely,
NCSTN exhibited a significant negative correlation with activated NK cell counts (p < 0.05) (Fig. 7F).

3.7. Validation using western blotting

To validate this outcome, tissue specimens were initially procured from individuals diagnosed with moyamoya disease, followed by
a Western blot analysis. Our findings revealed a notable upregulation in the levels of DENND3 and NCSTN proteins among moyamoya
patients, accompanied by a considerable downregulation in ERPD1 protein expression in the same cohort (Fig. 8). Then, we compared
the expression of the three disease-related genes in MMD patients grouped by different genders and ages. The results revealed that no
significant differences in the three MMD-related diagnostic genes between age and gender (Supplementary Fig. 2).

3.8. Drug prediction

We interrogated the CMAP repository employing DEGs derived from the refined MMD gene expression dataset. Compounds
eliciting expression alterations contrary to those identified in our MMD profile are delineated in the Supplementary Table. Among the
compounds exhibiting the lowest connectivity scores, those acting as inhibitors of MAP kinase and phosphodiesterase were found to be
predominant. From this compilation, a selection of ten compounds was made in accordance with the predetermined criteria (Sup-
plementary Fig. 3). Finally, a schematic diagram was used to illustrate the research (Fig. 9).
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Fig. 7. The composition of immune cells was analyzed and displayed. (A) Heat map of immune cell infiltration in GSE189993 and GSE141022 using
cibersort. (B) Violin diagram illustrating the proportion of different kinds of immune cells in MMD and control samples. (C) Heat map showing the
correlation between different kinds of immune cells in MMD and control samples. The size of the colored squares indicates the connection’ strength;
red indicates a positive correlation, while blue indicates a negative correlation. The stronger the connection, the redder the hue. (P-values < 0.05
were considered as statistically significant). (D) Correlation between EPDR1 and infiltrating immune cells. (E) Correlation between DENND3 and
infiltrating immune cells. (F) Correlation between NCSTN and infiltrating immune cells. The size of the dots indicates the degree to which genes and
immune cells are correlated. Correlation strength is proportional to the size of the dots. The color of the dots indicates the P-value; a yellower hue
indicates a lower P-value, while a greener color indicates a higher P-value. P-value < 0.05 was considered statistically significant. EPDR1: Epen-
dymin Related 1; DENND3: DENN Domain Containing 3; NCSTN, Nicastrin.

4. Discussion

Detecting biomarkers associated with MMD is crucial for early diagnosis. Yet, research exploring MMD-related factors is limited.
Lysosomes play a pivotal role in numerous vital cellular processes and signaling pathways in physiological contexts [18]. Additionally,
research has explored non-lysosomal pathways associated with lysosomes in conditions including atherosclerosis, neurodegenerative
disorders, pancreatitis, autoimmune conditions, disorders of lysosomal storage, and malignancies [19]. Thus, this groundbreaking
investigation suggests employing an integrated bioinformatics approach to pinpoint lysosome-associated biomarkers for diagnostic
purposes and evaluate their correlation with immune cell infiltration in MMD individuals.

A recent study reported that RNF213 plays a role in the pathology of MMD by affecting antigen presentation and presentation
pathway [20]. In addition, a study has shown HLA-DRB1*04:10 is associated with thyroid disease in MMD patients [21]. And acti-
vation of the autoimmune system is associated with MMD and a variety of diseases such as down syndrome, intracranial hemorrhage
and thyroid diseases [1,22,23]. These findings indicate that MMD exhibits significant alterations in immune system dynamics, in-
flammatory responses, and the infiltration of immune cell populations. The Lasso regression method offers a distinct advantage by
mitigating the shortfall in localized optimal estimation observed in both least squares and stepwise regression methodologies.
Moreover, it excels in the realm of feature selection and adeptly mitigates the challenge posed by multicollinearity among variables.
However, a limitation arises when confronted with highly correlated sets of features, as Lasso regression tends to favor one feature over
others, leading to potential instability in outcomes [24,25]. To mitigate experimental bias, we incorporated machine learning
methodologies, namely "SVM-RFE" and "RF". Employing LASSO, SVM-RFE, and RF algorithms, we discerned EPDR1, DENND3, and
NCSTN as robust diagnostic biomarkers with high sensitivity and specificity for MMD. Conventional diagnostic test assessment
techniques, such as logistic regression, entail dichotomizing test outcomes for statistical scrutiny. Conversely, our assessment approach
accommodates intermediate states reflective of real-world scenarios, obviating the need for such categorization. Thus, ROC curves
offer a broader evaluative spectrum [26,27]. The diagnostic efficiency of the three MMD marker genes was further demonstrated
through the development of a nomogram. The protein encoded by EPDR1 is a type II transmembrane protein similar to two families of
cell adhesion molecules, procalcitonin and ventricular tubulin. This protein may play a role in calcium-dependent cell adhesion [28].
This protein is glycosylated and the immediate homologous mouse protein is localized to the lysosome. Variable splicing results in
multiple transcript variants. A related pseudogene has been identified on chromosome 8 [29]. The EPDR1 gene is a regulator of blood
glucose and lipids and has been implicated in the pathogenesis of a number of tumors including bladder cancer, ovarian cancer and
acute myeloid leukaemia [30-32]. However, the association between EPDR1 and MMD is unclear, and our study reveals that EPDR1 is
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Fig. 8. Validation by WB: The expression of EPDR1, DENND3 and NCSTN proteins by WB. Triple experiments by WB (Western Blot).

lowly expressed in patients with MMD, suggesting that EPDR1 could play a critical protective role in the pathogenesis of MMD. The
main functions of the DENND3 gene include enabling guanidino nucleotide exchange factor activity, participation in cellular pro-
teolytic metabolic processes, endosome-to-lysosome transport and regulation of Rab protein signal transduction [33]. DENND3 is
associated with the development of lung cancer, prostate cancer and hereditary diseases [33-35]. Whereas it is well known that MMD
has a certain tendency of familial aggregation [36]. Our results show that DENND3 is highly expressed in MMD patients, which
suggests that DENND3 may be an important biomarker of heritability in MMD. The NCSTN gene encodes a type I transmembrane
glycoprotein that is a component of the multimeric y-secretase complex. The encoded protein cleaves integral membrane proteins,
including Notch receptors and $-amyloid precursor protein, and may be a stabilizing cofactor required for assembly of the y-secretase
complex [37]. Cleavage of the p-amyloid precursor protein produces amyloid p peptide, a major component of neuroinflammatory
plaques and a hallmark lesion in the brains of Alzheimer’s disease patients [38]. NCSTN has been reported to be associated with
hidradenitis suppurative and a variety of cancers [37,39]. Interestingly, studies have shown a link between NCSTN and the heritability
of several diseases [40,41]. Our findings demonstrate elevated expression of NCSTN in MMD patients, which may potentially be linked
to the heritability of MMD. Significantly, our study showed that the AUC values under the ROC curves for three genes, namely EPDR1,
DENND3 and NCSTN, were all above 0.8. The findings presented herein underscore the reliability of our results and underscore the
prospective utility of EPDR1, DENND3, and NCSTN as robust biomarkers for MMD. Nevertheless, the exact contributions of EPDR1,
DENND3, and NCSTN to the etiology of MMD remain elusive and warrant further elucidation.

Moreover, mounting evidence indicates a close association between MMD pathology and immune alterations within the brain,
which commence in the early stages and endure throughout the progression of the disease [42]. Our findings indicated elevated
proportions of activated memory CD4™ T cells, follicular helper T cells, and neutrophils, alongside diminished levels of resting memory
CD4™ T cells, activated NK cells, and resting mast cells, as well as plasma cells, indicating that they might be involved in the devel-
opment of MMD. During the onset of inflammation within the organism, T lymphocytes and neutrophils undergo metabolic
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adjustments in response to alterations in the surrounding microenvironment [43]. Mast cells serve as progenitors to hematopoietic
stem cells and play a substantial role in the initiation and expression of allergic responses, thereby exerting a pivotal function in allergic
reactions [44]. Natural killer (NK) cells, as cytotoxic lymphocytes, exhibit rapid cytotoxicity, secrete cytokines promptly, undergo
clonal expansion, and contribute to immunomodulation across various disease states [45]. Plasma cells represent a class of specialized
immune cells that undergo differentiation from B lymphocytes following activation by lymphokines [46]. Our study indicates that
specific cell populations may have a role in treating MMD.

Moreover, we explored the correlation between infiltrative immune cell populations and diagnostic biomarkers. EPDR1 displayed a
significant and strong correlation with T cells CD4 memory resting, NK cells activated and dendritic cells resting. DENND3 was
significantly associated with T cells follicular helper, neutrophils, plasma cells and T cells CD4 memory resting. NCSTN displayed
significant correlations to infiltrations of immune cells with NK cells activated. Investigating the intrinsic molecular mechanisms and
functional relevance in MMD is imperative, given the dearth of knowledge regarding these intricate genetic and immunological in-
terplays. Ultimately, medicinal drugs that act as MAP kinase inhibitors and phosphodiesterase inhibitors like XMD-885 and enox-
imone, are the most likely therapy for MMD. Besides, other mechanisms such as inhibitors of retinoid receptor, IGF-1, androgen
receptor, estrogen receptor, histamine receptor, EGFR and ACAT also show certain effectiveness for MMD. The schematic illustration
delineates the diagnostic biomarkers, potential pathogenic pathways, and therapeutic modalities for MMD, thereby furnishing a
valuable resource for managing this condition (Fig. 9). We hope this will help to some extent in the treatment of MMD.

5. Limitations and future directions
The present investigation encountered constraints due to the restricted scope of clinical case samples and the limited depth of

inquiry into the specific association mechanisms underlying MMD. Subsequent endeavors aim to amass a more extensive pool of MMD
samples and probe into the underlying mechanisms at a heightened granularity.

6. Conclusion

In summary, our investigation has revealed EPDR1, DENND3, and NCSTN as diagnostic indicators for MMD, potentially pivotal in
disease onset and advancement. Furthermore, our findings suggest involvement of T lymphocytes, neutrophils, dendritic cells, natural
killer cells, and plasma cells in MMD pathogenesis, offering avenues for immunotherapeutic intervention. Ultimately, we envisage our

drug prediction insights and associated mechanisms as promising contributions to pharmaceutical advancement and clinical man-
agement of MMD.
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