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Background: Multiple sclerosis (MS) causes chronic inflammation and demyelination of the central nervous system and comprises 
a class of neurodegenerative diseases in which interactions between multiple immune cell types mediate the involvement of MS 
development. However, the early diagnosis and treatment of MS remain challenging.
Methods: Gene expression profiles of MS patients were obtained from the Gene Expression Omnibus (GEO) database. Single-cell 
and intercellular communication analyses were performed to identify candidate gene sets. Predictive models were constructed using 
LASSO regression. Relationships between genes and immune cells were analyzed by single sample gene set enrichment analysis 
(ssGSEA). The molecular mechanisms of key genes were explored using gene enrichment analysis. An miRNA network was 
constructed to search for target miRNAs related to key genes, and related transcription factors were searched by transcriptional 
regulation analysis. We utilized the GeneCard database to detect the correlations between disease-regulated genes and key genes. We 
verified the mRNA expression of 4 key genes by reverse transcription-quantitative PCR (RT‒qPCR).
Results: Monocyte marker genes were selected as candidate gene sets. CD3D, IL2RG, MS4A6A, and NCF2 were found to be the key 
genes by LASSO regression. We constructed a prediction model with AUC values of 0.7569 and 0.719. The key genes were closely 
related to immune factors and immune cells. We explored the signaling pathways and molecular mechanisms involving the key genes by 
gene enrichment analysis. We obtained and visualized the miRNAs associated with the key genes using the miRcode database. We also 
predicted the transcription factors involved. We used validated key genes in MS patients, several of which were confirmed by RT‒qPCR.
Conclusion: The prediction model constructed with the CD3D, IL2RG, MS4A6A, and NCF2 genes has good diagnostic efficacy and 
provides new ideas for the diagnosis and treatment of MS.
Keywords: multiple sclerosis, biomarker, peripheral blood, prediction model

Introduction
Multiple sclerosis (MS), an autoimmune disease, comprises a group of inflammatory demyelinating and neurodegenera-
tive diseases involving the central nervous system (CNS). The main pathological feature is white matter demyelination in 
the CNS, while perivascular inflammation, oligodendrocyte cell death, axonal injury, and neurodegeneration are other 
prominent neuropathological features,1 which can involve the periventricular white matter, optic nerves, spinal cord, 
brainstem, and cerebellum. MS is a nontraumatic disabling disease that greatly affects the younger population, and the 
disabilities that result may eventually develop into permanent ones.2–6 Reports have shown that a combination of factors 
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contribute to the development of MS, including environmental, genetic, and epigenetic variables, such as Epstein‒Barr 
virus (EBV) infection, smoking, obesity, low vitamin D levels, and HLA-DRB1*15:01.7

Approximately 2.5 million people are affected by MS worldwide.5,8 The prevalence of MS is increasing from year 
to year, and the incidence is steadily rising. The pathogenesis and clinical course of the disease are variable and 
unpredictable. The majority of patients (approximately 80–85%) have an initial onset of clinically isolated syndrome 
(CIS) or a relapsing-remitting (RR) course. Patients with CIS who have demyelinating lesions on MRI have a 60–80% 
risk of developing MS; RRMS tends to manifest as acute exacerbation episodes, followed by complete or partial 
recovery, with stabilization of the disease between relapses. The majority of patients (50–60%) develop a secondary 
progressive MS (SPMS) course 10–15 years2 after the onset of RRMS and require assisted ambulation. Of patients with 
primary progressive MS (PPMS). 10–15% have a slow and consistently worsening course, usually including progressive 
myelopathy without significant relapses, which is common in older males.5,6,9 One study showed that in 2016, there were 
18,932 deaths due to MS (95% UI 16,577 to 21,033) and 1,151,478 DALYs (968,605 to 1,345,776) worldwide due to 
MS.10

The conventional wisdom is that MS is primarily driven by T cells.11 However, according to later studies, mechan-
isms such as B lymphocytes, inflammation-associated oxidative bursts in activated microglia and macrophages, mito-
chondrial injury, and subsequent energy depletion12,13 are also involved, and together they contribute to the tissue 
damage of MS, leading to focal and diffuse demyelination and neurodegenerative lesions of the CNS.14,15 MS is 
a lifelong disease, and most patients usually use disease-modifying therapy (DMT) during periods of remission.

Due to its variable course, MS is unpredictable and complex. Its high rates of disability and mortality also indicate the 
need for specific biomarkers for successful identification, early diagnosis, prediction of disease progression, and 
development of new treatments and drugs. However, the diagnosis of multiple sclerosis is challenging, with up to 
20% of patients misdiagnosed.16 There appears to be a lack of relatively complete systems for the diagnosis of MS. The 
diagnosis is primarily made by MRI (Magnetic resonance imaging) on the basis of clinical symptoms, which are 
determined by neurologic signs and symptoms, supplemented by dissemination in space (DIS) and dissemination in 
time (DIT) on imaging. However, this only applies to patients presenting with typical CIS symptoms. In addition, 
oligoclonal bands (OCBs) in the cerebrospinal fluid can aid in the diagnosis when the MRI findings do not meet the 
diagnostic criteria. Intrathecal synthesis of immunoglobulin G is much more prevalent in MS than in other inflammatory 
and paraneoplastic disorders, but it is difficult to detect with conventional laboratory techniques, so its clinical use is 
limited. Many less invasive assays have recently emerged, such as plasma expression of the biomarkers neurofilament 
light chain and microRNA. However, most of them lack specificity; thus, they are not included in the diagnostic 
criteria.17

Differential expression analysis helps us to look at the differences in gene expression in different samples and identify 
associations between the genes to be studied and the phenotype. Commonly used gene expression data come from gene 
chips (microarray) or high-throughput sequencing.18,19 After identifying the differentially expressed genes, a wide variety 
of subsequent analyses can be performed, which can lead to the discovery of new networks of relationships and help us to 
study the functions and roles of these genes.

Single-cell sequencing is an advanced technology that has developed rapidly in recent years. Not only can it detect 
nucleotide and gene alterations at the single-cell level, but researchers can also use single-cell RNA-seq (scRNA-seq) to 
reveal new cell types in the nervous, immune,20 and hematopoietic systems, as well as new insights into the evolution of 
cancer clones.21 LASSO is a regression-based approach that allows for the use of a large number of covariates in the 
model and has the unique feature of penalizing the absolute values of the regression coefficients.22 A number of studies 
have utilized LASSO regression models to construct predictive or prognostic models, which have been well applied in 
a variety of diseases.23–27

miRNAs play various roles in the regulation of cell growth and development processes. By carrying genetic 
information, mRNA can guide protein synthesis. Complex regulatory relationships exist between miRNAs and 
mRNAs. By constructing mRNA‒miRNA networks, it has become possible to screen the potential molecular pathways 
that regulate the key genes involved in diseases.28,29
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Therefore, we applied bioinformatics techniques to analyze genes in subpopulations of single-cell data cells. 
Characterized genes were identified, and predictive models were constructed by LASSO regression. Key genes were 
analyzed for their relationships with immune infiltration, signaling pathways, and transcriptional regulation and were 
subsequently experimentally validated. These findings may provide potential targets for MS.

Methods
Briefly, this study started from single-cell analysis, and a disease prediction model was constructed by identifying key 
genes through LASSO regression. Then, immune infiltration and functional enrichment analysis, miRNA network 
construction, regulatory network analysis of key genes, and drug-gene interactions were performed (Figure 1).

Patient Recruitment and Clinical Data Collection
During the experimental period, six MS patients and four NMO (neuromyelitis optica) patients were recruited for 
peripheral blood collection at the First Affiliated Hospital of Soochow University. All patients underwent a definitive 
diagnosis. In addition, we obtained peripheral blood from 6 healthy volunteers as controls. The study protocol was 
approved by the Ethics Committee of the First Affiliated Hospital of Soochow University and complied with the 
Declaration of Helsinki. All the subjects were required to provide written informed consent.

Data Access
Data files of GSE138266, which is a single-cell dataset, were downloaded from the NCBI GEO public database (https:// 
www.ncbi.nlm.nih.gov/geo/) and contain data for 5 samples with full expression profiles. The Series Matrix File of 
GSE17048 was downloaded from GEO, annotated file GPL6947. A total of 144 patients had expression profile data, 
including 45 normal controls and 99 MS disease patients. The Series Matrix File of GSE21942 was also downloaded 
from GEO, and the annotated file was GPL570, with expression profiles of 29 patients, including 15 normal controls and 
14 MS disease patients.

GSE138266
MS = 5

Extraction of marker genes
for each cell subtype

single cell RNAseq
analysis

Selection of Monocyte
marker genes as candidate

gene sets

Analysis of ligand-receptor
relationships with the cellchat package

GSE17048
MS = 99 , control = 45

Construction of four genes
mode

lasso regression

GSE21942
MS = 12 , control = 15

Test set

Immune infiltration analysis GSEA and GSVA
Construction of miRNA-mRNA

networks and analysis of transcriptional
regulation of key genes

Correlation analysis of key genes with
disease-regulated genes and DGIdb

database drug prediction

RT-qPCR in a patients
cohort

validation

Figure 1 Workflow of the study.
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Single-Cell Analysis
The Seurat package was used to read the expression profiles, and genes with low expression were screened out according 
to the criteria of “nFeature RNA > 50 and percent.mt < 10”. The data were then normalized, homogenized, and analyzed 
by PCA. The optimal PC number was obtained using ElbowPlot. We then performed TSNE analysis to determine the 
positional relationship between each cluster and annotated the clusters using the celldex package, which was used to 
discover certain cells that were important for disease development. The logfc.threshold parameter of FindAllMarkers was 
set to 1 to extract marker genes for each cell subtype from the single-cell expression profiles. Using |avg log2FC| > 1 and 
p val adj < 0.05 as the screening criteria, we obtained marker genes specific to each cell subtype. Specific parameters and 
criteria are described in the Supplementary Methods Section.

Ligand‒Receptor Interaction Analysis (CellChat)
CellChat is able to quantitatively infer and analyze intercellular communication in single-cell data to infer its biological 
significance. CellChat requires two user inputs: the gene expression data of a cell and a user-assigned cell label (label-based 
mode) or a low-dimensional representation of the single-cell data (label-free mode). For the latter, CellChat constructs a shared 
neighbor graph based on cell‒cell distances in the low-dimensional or pseudotime trajectory space to automatically group cells. 
Here, our input data are normalized single-cell expression profiles, and the cell information is the cell subtypes derived from 
single-cell analysis, which quantifies the closeness of interactions in terms of the intensity (weights) and number (counts) of 
interactions between cells, thus demonstrating cell-related interactions. Ultimately, the goal was to observe the degree of activity 
and impact of each cell type in MS. Specific parameters and criteria can be found in the Supplementary Methods Section.

Predictive Model Construction
After establishing single-cell marker genes based on the above method, we constructed a prediction model for MS using 
LASSO regression. The risk score formula for each patient was constructed after incorporating the expression values of 
specific genes. Meanwhile, through LASSO regression analysis, we obtained the estimated regression coefficient, and 
through weighting calculation, we calculated the score of each patient based on the risk score formula. Regarding the 
predictive accuracy of the model in this study, we utilized ROC curve analysis. The detailed steps involved in 
constructing and validating the predictive model are described in the Supplementary Methods.

Immunoinfiltration Analysis
ssGSEA is a method commonly used for immune cell infiltration analysis that estimates the relative enrichment of a particular 
gene set (immune cell gene set) in each sample by comparing the gene expression data of that gene set to that sample. In 
immune cell infiltration analysis, we can use ssGSEA to estimate the relative abundances of different immune cell types in 
each sample. The ”corrplot” package was used to analyze immune cell interactions and their effects, and the ”vioplot” package 
was used to map the relative abundance of immune cells, which also evaluates the effects of genes on immune infiltration. The 
immune cell contents obtained by the methods described above, combined with gene expression, were analyzed by Pearson’s 
correlation analysis, and differences were found to be statistically significant at P < 0.05.

GSEA (Gene Set Enrichment Analysis)
GSEA uses an input gene expression matrix to rank all the genes of a categorized sample based on the multiplicity of differences. 
Depending on whether the genes under the gene set are enriched at the top or the bottom of the sorted list, it shows whether the 
gene set is upregulated or downregulated. In this study, the number of substitutions was set to 1000, and the type of substitution 
was phenotype. The final GSEA results demonstrate the difference in signaling pathways between the high-expression group and 
the low-expression group, which helps to explore the molecular mechanisms of the core genes in the two groups of samples.

GSVA (Gene Set Variance Analysis)
GSVA is a nonparametric unsupervised method. By unsupervised classification of samples, the expression matrix of 
genes among different samples can be transformed into an expression matrix of gene sets among samples, and then the 
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gene sets of interest are evaluated and scored to obtain an enrichment score to evaluate whether different metabolic 
pathways are enriched among different samples and determine their biological functions. In this study, gene sets were 
downloaded from the Molecular Signatures Database, and the potential biological function changes of different samples 
were evaluated based on the composite score of each gene set derived from the GSVA algorithm. Detailed explanations 
of GSEA and GSVA are provided in the Supplementary Methods Section.

miRNA Network Construction
miRNAs (microRNAs) are single-stranded small-molecule RNAs of approximately 21–23 bases in size that can regulate 
gene expression by directing the RNA-induced silencing complex (RISC) to degrade mRNAs or hinder their translation 
by base-pairing with mRNAs of target genes. We analyzed whether there are miRNA sequences in key genes that can 
regulate the degradation or transcription of related genes. The miRNAs related to the key genes were obtained from the 
miRcode database, while the visualization of the miRNA network was performed using Cytoscape software.

Regulatory Network Analysis of Key Genes
Rcis Target identifies overexpressed (enriched) transcription factor binding motifs (TFBS) in a gene list. In this study, we 
used the R package “RcisTarget” to identify transcription factor (TF) binding motifs that were overexpressed in the gene 
list. NES depends on the total number of motifs in the database. On the basis of obtaining the motifs annotated by the 
source data, we inferred further annotated files, which were constructed based on motif similarity and gene sequences. 
Based on the recovery curve of the gene set against the motif ordering, we calculated the area under the curve (AUC) for 
each motif–motif set pair and thus estimated the overexpression of the motifs on the gene set. Finally, the NES of each 
motif was obtained by calculating the AUC distribution of all motifs in the gene set.

Drug–Gene Interaction Databases
DGIdb (Drug–Gene Interaction database) is a database of drug targets and genomes and drug–gene interactions. DGIdb 
can provide information on the associations of genes with their known or potential drugs and thus predict potential drugs 
or molecular compounds that interact with key genes.

Statistical Analysis
All statistical analyses were performed using R language (version 4.2.2), and P < 0.05 was considered statistically significant.

RT-qPCR
1. RNA extraction. Total RNA from the peripheral blood of 6 MS patients, 4 NMO patients, and 6 normal controls 

was extracted by applying VeZol Reagent (Vazyme, R411). A 250 µL sample was taken and added to 750 µL of 
lysate. After a series of operations according to the instructions, 21 µL of RNase-free water was added. One 
microliter was taken for concentration determination with a Thermo Fisher NanoDrop One.

2. cDNA synthesis. Total RNA was synthesized into cDNA according to the instructions provided for HiScript III RT 
SuperMix for qPCR (+gDNA wiper) (Vazyme, R323).

3. RT‒qPCR. Amplification was performed using Taq Pro Universal SYBR qPCR Master Mix (Vazyme, Q712) on 
an ABI StepOne Plus real-time quantitative polymerase chain reaction machine. The total reaction system used to 
prepare the reaction solution was 10 µL, including 5.0 µL 2× Taq Pro Universal SYBR qPCR Master Mix, 0.25 
µL forward primer (10 µM), 0.25 µL reverse primer (10 µM), 1 µL template DNA/cDNA and 3.5 µL ddH2O. 
Primers were as described in Table 1. After predenaturation at 95 °C for 30 seconds, 40 cycles of the reaction were 
carried out, followed by recording of the melting curve. Relative expression was calculated by the 2−ΔΔCt method. 
Differences in gene expression between the two groups were analyzed by t-test. P < 0.05 was considered 
statistically significant.
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Results
Single-Cell Level Analysis in scRNA-Seq Data
Single-cell data for GSE138266 were downloaded from GEO. This study was carried out to first screen the data samples 
by nFeature RNA and nCount RNA (nFeature RNA > 50 and percent.mt 10) (Figure 2A and B). The ten genes with the 
highest standard deviations were then identified (Figure C). In this study, the batch effect between samples was found to 
be insignificant by PCA downscaling analysis (Figure 2D), and the optimal PC number was obtained using ElbowPlot: 11 
(Figure 2E). Finally, a total of 24 subgroups were obtained by TSNE analysis (Figure 2F).

Single-Cell Data Cell Subpopulation Annotation
The R program SingleR was used in this study to annotate each subtype, and 24 clusters were assigned to the six cell 
types: T cells, NK cells, monocytes, B cells, BMs, and platelets (Figure 2G). We then used the FindAllMarkers program 
(cellMarkers in Supplementary Materials) to retrieve the marker genes unique to each cell subtype from the single-cell 
data.

Analysis of Intercellular Communication
Using the CellChat package, we examined ligand‒receptor connections to identify features in single-cell expression 
profiles. We found that Monocyte -> T_cells, Monocyte -> NK_cell, and Monocyte -> B_cell interacted with LGALS9– 
CD45 with high interaction scores (Figure 3A). Ultimately, our statistical analysis revealed that monocytes and B cells 
may interact with other cells more closely (Figure 3B). As a result, we ultimately selected monocyte marker genes as the 
candidate gene set. Detailed results of the single-cell and intercellular communication analyses can be found in 
Supplementary Materials net_lr.

Construction and Verification of the MS Diagnostic Model
We obtained the protein interactions of monocyte marker genes from the STRING database. The marker genes of monocytes 
were classified into clusters by MCODE analysis, and we followed up the clusters with the highest scores and visualized them 
using Cytoscape (Figure 3C). We downloaded the GSE17048 dataset associated with MS from the GEO database as a training 
set, which included expression profiling data from a total of 144 patients, with a control group (n=45) and a disease group 
(n=99). The validation set for this study was the GSE21942 dataset. The feature screening process used LASSO regression to 
determine the marker genes of the clusters with the highest MCODE scores. The findings demonstrated that a total of four 
genes were found to be feature genes by LASSO regression; these genes were then utilized as important genes in the next 
analysis and to build the prediction model (Figure 3D–F). The model equation was as follows: 
RiskScore ¼ NCF2� ð� 0:0314314465794967Þ þ IL2RG� 0:0038041491054208þMS4A6A� 0:0478677809625338þ
CD3D� 0:0699302078135919. With an AUC of 0.7569, the results demonstrated the strong diagnostic efficiency of the 
prediction model built using the four genes (Figure 3G). The diagnostic model was further validated using an external dataset; 

Table 1 Primer Information

Target Name Primer

CD3D F GTCATTGCCACTCTGCTCCTTG
R CCTGGTCATTCCTCAACAGAGC

IL2RG F CACTCTGTGGAAGTGCTCAGCA

R GAGCCAACAGAGATAACCACGG
MS4A6A F TGTGGCATGATGGTATTGAGC

R AGGGTCCTATGAATGGGTAAGC

NCF2 F ACTACTGCCTGACTCTGTGGTG
R CCTCCACTTGGCTGCCTTTCTT

GAPDH F GTCTCCTCTGACTTCAACAGCG
R ACCACCCTGTTGCTGTAGCCAA
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the results demonstrated the model’s good stability, with the validation set’s AUC measuring 0.719 (Figure 3H). Information 
on the performance metrics of the predictive model is detailed in Table S1. To gain additional insight into the functions of these 
four genes, the expression of these genes was detected in whole-blood samples from MS patients using RT‒qPCR. When 
comparing the whole blood from MS patients to that from healthy controls, it was discovered that NCF2 was dramatically 
downregulated, whereas CD3D and MS4A6A were significantly upregulated (Figure 4). CD3D, IL2RG and MS4A6A showed 
significant upregulation when compared with the group of NMO patients. These results imply that these four hub genes can be 
utilized as trustworthy biomarkers for MS diagnosis, even though the sample size may be limited, and that the diagnostic 
prediction model developed in this work can effectively discriminate MS patients from healthy controls and NMO patients. 
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Figure 3 (A) Bubble diagram of receptor and ligand information between cells. (B) Comparison of the total numbers of interactions of communication networks between 
cells. Decreasing from left to right, the strongest being Monocyte. (C) Protein interaction networks based on the GeneMANIA database were visualized by Cytoscape 
software. (D) Distribution of LASSO coefficients for differentially expressed genes. (E) Tenfold cross-validation of tuning parameter selection in LASSO models. (F) 
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The expression profiles of the essential genes in T cells, NK cells, monocytes, B cells, BM, and platelets were visualized after 
we examined the expression levels of the key genes in individual cells (Figure 5A and B).

Immunoinfiltration Analysis of Key Genes
Fibroblasts, immune cells, extracellular matrix, different growth factors, inflammatory agents, and unique physicochem-
ical characteristics, among other factors, make up the majority of the microenvironment. The microenvironment has 
a major impact on a disease’s diagnosis, prognosis, and responsiveness to clinical treatment. An immune cell correlation 
heatmap was constructed, and the distribution of immune infiltration levels was determined (Figure 5C and D). When 
compared to samples from the normal group, the MS group’s T-cell CD4 memory resting levels were observably higher 
(Figure 5E). After conducting additional research, we discovered that there was a strong correlation between a number of 
important genes and immune cells (Figure 6A–D). We also examined the relationships between the four important genes 
and other immunological variables, such as chemokines, receptors, immunostimulatory factors, and immunosuppressive 
factors. According to these findings, the major genes were crucial for the immunological microenvironment and were 
strongly correlated with the degree of immune cell infiltration (Figure 6E–I).

Signaling Pathways Involving the Key Genes
The specific signaling pathways associated with the four key genes were then examined to identify potential molecular processes 
by which the key genes influence the course of MS. GSEA results showed that CD3D was enriched in the signaling pathways 
INSULIN_SIGNALING_PATHWAY, DNA_REPLICATION, and MAPK_SIGNALING_PATHWAY (Figure 7A); IL2RG was 
enriched in signaling pathways such as VEGF_SIGNALING_PATHWAY, P53_SIGNALING_PATHWAY, and 
NOTCH_SIGNALING_PATHWAY (Figure 7B); MS4A6A was enriched in signaling pathways such as WNT_SIGNALING_ 
PATHWAY, JAK_STAT_SIGNALING_PATHWAY, GLUTATHIONE_METABOLISM and other signaling pathways 
(Figure 7C); NCF2 was enriched in CELL_CYCLE, ALLOGRAFT_REJECTION, STARCH_AND_SUCROSE_ 
METABOLISM and other signaling pathways (Figure 7D); in addition, GSVA analysis showed that high expression of 
CD3D was enriched in OXIDATIVE_PHOSPHORYLATION, MYC_TARGETS_V1 and other signaling pathways 
(Figure 7E); high expression of IL2RG was enriched in ANGIOGENESIS, P53_ PATHWAY and other signaling pathways 
(Figure 7F); high expression of MS4A6A was enriched in MYC_TARGETS_V1, BILE_ACID_METABOLISM and other 
signaling pathways (Figure 7G); high expression of NCF2 was enriched in IL6_JAK_STAT3_SIGNALING, 
G2M_CHECKPOINT and other signaling pathways (Figure 7H). These results indicate that the expression of these key genes 
might affect how MS progresses via these channels.
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miRNA Regulatory Networks
We used the miRcode database for miRNA target prediction for four important genes to build an miRNA‒mRNA 
network. Cytoscape was used to visualize the results, which included 70 important gene-associated target miRNAs with 
123 connection pairs (Figure 8A).
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Figure 5 (A and B) Expression profiles of the key genes in cells. (C) Relative percentages of 22 immune cell subpopulations. (D) Pearson correlation between the 22 
immune cell subpopulations; blue indicates a positive correlation, and red indicates a positive correlation. (E) Differences in immune cell content between control and 
disease samples. *P < 0.05, **P < 0.01, ***P < 0.001.
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Analysis of Key Gene-Related Transcriptional Regulation
Using the four key genes as the basis for our investigation, we discovered that they were controlled by several 
transcription factors and other shared pathways. Consequently, enrichment analysis was carried out utilizing cumulative 
recovery curves for these transcription factors. A selection study of significant genes and motif–TF annotation revealed 
that cisbp__M3050 was the motif with the greatest normalized enrichment score (NES: 7.82). Each of the important 
gene-enriched motifs and the matching transcription factors are displayed (Figure 8B).
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Figure 6 (A) Correlation between cibersort and CD3D expression. (B) Correlation between cibersort and IL2RG expression. (C) Correlation between cibersort and 
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Correlation of Key Genes with Disease-Regulating Genes
Using the GeneCards database (https://www.genecards.org/), we were able to identify the genes associated with disease 
regulation in MS. After examining the expression levels of the top 20 genes based on their relevance scores, we 
discovered that there were differences in SOD1, SQSTM1, HLA-DRB1, and EXT2 expression between the two patient 
groups (Figure 8C). Furthermore, strong correlations were observed between the expression levels of disease-regulated 
genes and four important genes (Figure 8D), with CD3D and SOD1 being significantly positively correlated (r=0.83) and 
MS4A6A and DCTN1 being significantly negatively correlated (r= −0.479).
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Figure 7 (A–D) Key genes involved in the GO and KEGG signaling pathways, as well as pathway regulation and genes involved. Panels a-d show CD3D, IL2RG, MS4A6A, and 
NCF2, respectively. (E–H) GSVA analysis of key genes. Signaling pathways involved in high levels of gene expression are shown in blue, green indicates signaling pathways 
involved in low levels of gene expression, and the background gene set is a hallmark. Figures e-h show CD3D, IL2RG, MS4A6A, and NCF2, respectively.
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Drug Predictions
DGIdb was used to analyze drugs that may interact with the four key genes (NCF2, IL2RG, MS4A6A, and CD3D). 
DGIdb analysis revealed that 11 drugs interacted with IL2RG and CD3D, which may help to develop new targets for 
therapy (Figure 8E).

Discussion
MS is an acquired disabling disease in young people30,31 and is increasingly being diagnosed in children and 
adolescents.32 MS is also an autoimmune disease, the etiology of which is unclear, but a variety of immune cells are 
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Figure 8 (A) The miRNA network of the key genes; light blue indicates mRNAs, and pink indicates miRNAs. (B) The figure shows the base sequence with a higher AUC, 
where the red line is the mean of the recovery curve for each motif, the green line is the mean+standard deviation, and the blue line is the recovery curve for the current 
motif. The maximum distance point between the current motif and the green curve is (mean+SD). (C) Differences in the expression profiles of disease-regulated genes; blue 
indicates control patients, yellow indicates patients with MS. (D) Pearson correlation analysis of key genes with disease genes; blue indicates a negative correlation, and red 
indicates a positive correlation. (E) Potential therapeutic drugs to target the key genes. *P < 0.05, **P < 0.01, ***P < 0.001.
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involved, primarily autoreactive CD4+ T cells; there is also recent evidence that B cells and monocytes are involved.33–38 

Among them, monocytes and T cells are also recognized as initiators of MS inflammation.39,40 Upregulation of the 
expression levels of monocyte markers such as CD40, CD86, and HLA-DR3 and inflammatory cytokines such as 
interleukin-12 (IL-12) can lead to the stimulation and sustained activation of inflammatory T helper type 1 (Th1) cells 
and T helper 17 (Th17) cells, which are key drivers of inflammation during MS.41 Therefore, strategies involving 
targeting these immune cells, a variety of lymphocyte blockers, B-cell-targeted therapies, and monoclonal antibodies 
have been used to treat MS.31,42–44 However, due to the lack of valuable biomarkers and the confusion with many similar 
diseases, the subsequent phase of the disease’s treatment may be impacted by an unsatisfactory MS diagnosis.

The objective of this investigation was to identify potential MS diagnostic biomarkers and investigate the impact of 
immune infiltration on the disease course. Therefore, we first used the single-cell dataset GSE13826 of MS to analyze 
and screen the marker genes in each type of cell and then performed ligand‒receptor interaction analysis to observe the 
degree of activity and impact of each type of cell in the context of the disease. Finally, we chose the marker genes of 
monocytes as the candidate gene set. Subsequently, the GSE17048 dataset was selected as the training set, and four 
genes, CD3D, MS4A6A, IL2RG and NCF2, were found to be diagnostic for MS through the LASSO model and AUCs. 
The prediction model constructed from these four genes was verified to have good diagnostic efficacy through the 
GSE21942 dataset.

The TCR/CD3 complex, which is crucial for T-cell antigen recognition and signaling, is formed by the combination 
of the protein products encoded by the CD3D, CD3E, CD3G, and CD3Z genes.45–49 CD3D also has its own specific 
function in thymocyte differentiation. Without a functioning TCR/CD3 complex, thymocytes cannot differentiate 
properly.50 IL2RG is a gene encoding the IL2 gamma receptor IL2Rγ, which mediates proliferative signaling through 
the JAK/Stat pathway.51 IL-2Rγ is a receptor for not only IL-2 but also IL-4, IL-7, IL-15, and IL-21 and regulates T cells, 
B cells, and NK cells.52 MS4A6A is a member of the transmembrane 4A gene family and may be involved in signaling. 
MS4A6A has been implicated in cortical and hippocampal atrophy,53 aging and the development of neurodegenerative 
diseases. MS4A6A is involved in neurological disorders such as Alzheimer’s disease,54 Parkinson’s disease55 and 
gliomas.56 Neutrophil cytosolic factor 2 (NCF2) is one of the five NADPH oxidase components responsible for super-
oxide production. NCF2 has been demonstrated in an increasing number of studies to be a useful biomarker for several 
illnesses, such as acute myocardial infarction (AMI),57 chronic granulomatous disease (CGD),58 systemic lupus erythe-
matosus (SLE),59 and hepatocellular carcinoma (HCC).60

The immune microenvironment contains complex cell populations. The four key genes we identified in this study 
have also been reported to correlate with the immune microenvironment in many other reports. CD3D is strongly 
associated with immune-related pathways and is related to lymphocyte infiltration and immune checkpoints. The 
association of CD3D with immune infiltration and immunotherapy has been reported in a variety of cancer types, 
including breast cancer,61 muscle-invasive bladder cancer (MIBC),62 gastric cancer,49 squamous cell carcinoma of the 
head and neck,46 and ovarian cancer.63 Moreover, in uveal melanoma, CD3D expression was associated with methyla-
tion. There were significant correlations between CD3D and four key immune cells, including follicular helper T cells, 
activated NK cells, gamma delta T cells, and CD8+ T cells, during the development of this tumor.64 However, in most 
tumors, CD3D manifests as a clinical indicator suggesting a good prognosis; the lower the CD3D expression is, the 
worse the prognosis.47,49,65 We speculate that this association may be related to the depletion of immune cells. However, 
in autoimmune diseases such as MS, there are many inflammatory lesions that cause inflammation-associated oxidative 
bursts, and oxidative stress promotes tissue damage. During inflammation and tissue damage, cells activate transcription 
factors that upregulate antioxidant proteins such as superoxide dismutase (SOD).66 One study showed that mitochondrial 
lipid peroxidation levels were significantly higher in MS patients than in controls, and mitochondrial SOD1 protein 
expression was significantly upregulated.67 We found that the expression levels of SOD1, SQSTM1, HLA-DRB1, and 
EXT2, genes related to the disease regulation of MS in the GeneCards database (https://www.genecards.org/), differed 
between the two groups of patients. Our results showed that the gene expression levels of CD3D and SOD1 were 
significantly upregulated in MS patients, and the two were positively correlated (r=0.83), but the mechanism of their 
relationship and how the SOD1 gene and protein levels are associated remain to be investigated. In gliomas, MS4A6A has 
a unique expression profile in macrophages in the immune microenvironment, showing hypomethylation and 
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overexpression at both the transcriptional and protein levels, effects that correlate with reduced overall survival (OS).56 

Our study showed that MS4A6A was overexpressed in MS patients and significantly negatively correlated with DCTN1 
(r= −0.479). Mutations in DCTN1 are often recognized as etiological factors in amyotrophic lateral sclerosis (ALS) and 
frontotemporal dementia (FTD).68 Although MS, FTD and ALS share common features of neurodegeneration, the 
DCTN1 gene has still been reported to possibly not affect MS neurodegeneration. Therefore, perhaps this certain link 
between MS4A6A and DCTN1 exists, but whether and how exactly it affects MS progression and the types of lesions 
produced deserve further exploration.69 In addition, IL2RG in ovarian cancer63 and melanoma70 and NCF2 in hepato-
cellular carcinoma60 have been shown to be potential prognostic factors and indicators of immune infiltration.

In subsequent key gene immune infiltration analyses, we used CIBERSORT (Cell-type Identification By Estimating 
Relative Subsets Of RNA Transcripts) to detect the distribution of immune infiltration levels and constructed immune cell 
correlation heatmaps that showed significantly higher levels of resting CD4 memory T cells in the disease group samples. 
These findings also confirmed that CD4+ T cells play a pivotal role in MS. All four hub genes were suggested to be 
significantly associated with a variety of immune cells. For example, CD3D and NCF2 were both significantly correlated 
with CD8 T cells and neutrophils, CD3D was significantly positively correlated with CD8 T cells and negatively 
correlated with neutrophils, and NCF2 showed the opposite association; MS4A6A showed significant positive correlations 
with monocytes and resting memory CD4 T cells. IL2RG showed a significant positive correlation with B-cell memory 
and a significant negative correlation with T-cell CD4 memory activation, but they were all associated with M0 
macrophages. MS4A6A was negatively correlated with M0 macrophages, and IL2RG showed the opposite association. 
Several genes, such as CD3D, MS4A6A, and IL2RG, showed some correlation with regulatory T cells (Tregs), with 
CD3D and MS4A6A being negatively correlated with Tregs and IL2RG being positively correlated with Tregs. Our 
findings indicate that these four key genes are actively involved in the immune-inflammatory response and are associated 
with a wide range of important immune cells, which may play a role in the development of MS and confirm that MS is 
a multicellular-influenced disease.

In our results, the analysis of the relationships between the key genes and immune checkpoints and immune 
modulators revealed that each of the 11 chemokines and receptors showed significant correlations with the four key 
genes, including chemokines such as CXCL9, CXCL16, CXCL14, CXCL10, CXCL1, CCL5, CCL4, CCL28, CCL24, 
CCL18 and CCL13 and chemokine receptors such as CXCR6, CXCR5, CXCR4, CXCR3, CCR7, CCR6, CCR4, CCR3, 
CCR2, CCR10, and CCR1. These checkpoint and modulator proteins are closely related to MS and can indirectly 
influence disease progression and activity. Chemokines are considered biomarkers of disease activity in MS patients. 
Their aberrant concentrations in peripheral blood, cerebrospinal fluid, and lesions in the central nervous systems of MS 
patients are correlated with the disease’s activity and clinical characteristics. Many DMTs also improve the course of the 
disease by adjusting chemokine concentrations to normal levels.71 The serum level of CXCL16 can reflect disease 
activity in MS and may be a new biomarker and potential predictor of MS disease activity.72 Serum CCL5 chemokine 
levels have also been recognized as an emerging biomarker for MS. CCL5 plays a role in the etiology of MS and may 
stimulate the acute-phase recruitment of inflammatory cells.73 Elevated IL-8, IL-12, IL-17, CCL3, and CXCL10 
cerebrospinal fluid levels can also indicate active disease.74 However, we also found that CCL24, CCL28, and 
CXCL14 are all less reported in MS, but we believe that their roles should not be overlooked. CCL24, a chemokine 
secreted by immune cells and epithelial cells, plays a role in systemic sclerosis (SSc) by promoting the transport of 
immune cells and the activation of profibrotic cells.75 Blockade of CCL28 was reported to inhibit tumor growth in 
pancreatic cancer through tumor cell-intrinsic and extrinsic mechanisms.76 CXCL14 plays important roles in the 
infiltration of immune cells involved in cancer, the immune response, and epithelial cell proliferation and migration. It 
may play opposite roles in different cancers but is still a promising target for cancer immunotherapy.77 Therefore, our 
future goal is to assess the specific roles of these chemokines in MS.

We analyzed the correlations between key genes and immunosuppressive and immunostimulatory factors. The results 
showed that 16 inhibitory and 31 stimulatory factors were significantly correlated with the key genes we identified, 
including a variety of costimulatory signals, such as the PD-1, BTLA, CTLA-4, ICOS, CD40, and CD28/B7 signaling 
pathways. Clinical and pathologic findings in humans have shown that CD40L and CD40 are involved in MS. In people 
with RRMS, inhibiting CD40L is safe and well tolerated.78 PD-1 signaling contributes to CNS illnesses such as brain 
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tumors, Alzheimer’s disease, ischemic stroke, spinal cord injury, MS, cognitive function, and pain. It accomplishes this 
by inhibiting the CNS immune response through resident microglia and infiltrating peripheral immune cells.79 In 
particular, it plays a key role in MS by inducing neuroprotective responses and inhibiting T-cell activation and 
neurodegeneration.80 ICOS is also involved in both MS and EAE pathologies and is considered a marker of disease 
severity, progression and prognosis. Intervention in the ICOS/ICOSL pathway at different stages of disease development 
can influence disease progression in different directions.81 All of these signaling pathways are inextricably linked to MS, 
confirming that the four key genes we identified are importantly linked to MS. Meanwhile, IL-10,82,83 BTLA,84 

TNFSF14,85 ADOR2A,86 ICOS,81 and CD8687 were associated with all 4 key genes and were all reported to play 
roles in the pathogenesis of probable MS. These results support the possibility that we can target the four key genes, 
CD3D, IL2RG, MS4A6A, and NCF2 to influence their upstream or downstream MS-associated immune factors to achieve 
therapeutic effects, providing a new idea for intervention therapy for MS. In addition, we showed that TNFRSF17 is 
a noteworthy immunostimulatory factor that is associated with several key genes. TNFRSF17 is mainly expressed on the 
surfaces of mature B cells and plasma cells and plays important roles in the maturation and autoimmune response of 
B cells.88 There are well-established B-cell therapies for MS, such as rituximab and ocrelizumab.89 Perhaps new targeted 
B-cell drugs can be developed against TNFRSF17 in autoimmune diseases such as MS.

A highly polymorphic set of genes known as MHC is largely responsible for the immune system’s regular operation. 
Studies have shown that class II risk alleles predominate in the hereditary risk of MS, whereas class I alleles primarily 
drive protective signaling.90 In particular, HLA-DRB5*0101-HLA-DRB1*1501-HLA-DQA1*0102-HLA-DQB1*0602 
haplotypes (hereafter DR2) in the MHC class II region dominate the genetic contribution to MS risk.91 Our results 
show that some MHC alleles, including HLA-G, HLA-E, HLA-DRA, HLA-DQA1, and B2M, were significantly associated 
with all four of the key genes we identified, which could provide a new focus for the future diagnosis and treatment 
of MS.

We then examined the particular signaling pathways connected to the four key genes to uncover the underlying 
biological mechanisms of MS progression. GSEA pathway enrichment analysis showed that CD3D was enriched in the 
MAPK signaling pathway, which is associated with cell proliferation, stress, inflammation, differentiation, transforma-
tion, and apoptosis; IL2RG was enriched in the VEGF signaling pathway, which plays important roles in vasculogenesis 
and angiogenesis; MS4A6A is enriched in the JAK_STAT signaling pathway, which is involved in many important 
biological processes, such as cell growth, differentiation, apoptosis, and immune regulation; and NCF2 is enriched in the 
cell cycle. In addition, GSVA showed that high expression of CD3D was enriched in oxidative phosphorylation; high 
expression of IL2RG was enriched in angiogenesis; high expression of MS4A6A was enriched in genes in cell cycle- 
related pathways (such as MYC_targets_V1); and high expression of NCF2 was enriched in the IL6/JAK2/STAT3 
signaling pathway and the cell cycle. Therefore, the results of our study suggest that key genes may influence MS 
progression through these pathways. Inflammation-related oxidative bursts and immunomodulation play roles in MS.

We also obtained miRNA target predictions associated with the four key genes through bioinformatics analysis, 
including 70 miRNA key gene-related target miRNAs and 123 relationship pairs, providing new ideas for MS treatment. 
Meanwhile, our constructed regulatory network of key gene-related transcription factors (TFs) showed that they were 
coregulated by multiple transcription factors, including cisbp__M3050, the motif with the highest normalized enrichment 
score. This may be a potential binding site for TFs, and the relevance of this result can be assessed in a future study.

Limitations
Although we identified potential biomarkers associated with MS occurrence and constructed predictive models using 
biological information technology, our study has some shortcomings and limitations. We did not differentiate between 
clinical subtypes of MS subtypes, including PPMS, SPMS, RRMS, and RPMS, and lacked CIS cases or more patients 
with other neurological disorders that constitute a differential diagnosis of MS. We also did not consider factors such as 
the presence of other health states in patients, which influenced the identification of diagnostic biomarkers in the sample, 
and our sample lacked clinical follow-up information and was small in size. Finally, the model constructed was only for 
patients with MS. Therefore, there is a need to further increase the sample size for this study and to conduct more clinical 
or basic experimental studies to corroborate the accuracy of the model.
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Conclusion
In summary, we systematically analyzed the gene expression profiles of 195 blood samples. The cell types that were more 
valuable in MS were identified by single-cell analysis, which led to the construction of key gene profiles involving 
multiple important biological pathways in MS. Our prediction model constructed by LASSO regression contained four 
key genes, including CD3D, IL2RG, MS4A6A, and NCF2, and had AUC values of 0.7569 and 0.719 in the test and 
validation sets, respectively, compared to healthy controls. These genes, also described for the first time in MS, can be 
evaluated in blood samples; thus, they are easy to detect and can contribute to the differential diagnosis between MS and 
NMO. However, there are some limitations that need to be further explored and corrected, such as whether the 
differences in these four genes can further distinguish MS clinical typing and staging and whether they can be 
differentiated from other autoimmune diseases of the central nervous system, which will be a focus of future studies.
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