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Abstract
Objective  Many genomic loci have been identified for multiple sclerosis (MS) by genome-wide association studies (GWAS). 
Discrimination of the most functionally relevant genes in these loci remains challenging. The aim of this study was to high-
light potential causal genes for MS.
Methods  We detected potential causal DNA methylations and gene expressions for MS by integrating data from large scale 
GWAS and quantitative trait locus (QTL) studies using the summary data-based Mendelian randomization method. Potential 
functional SNPs in the identified genes were searched.
Results  We found 178 DNA methylation sites and mRNA expressions of 29 genes that were causally associated with MS. 
The identified genes enriched in 21 specific KEGG pathways and 80 GO terms (e.g., antigen processing and presentation, 
interferon gamma mediated signaling pathway). Among the identified non-MHC genes, METTL21B, METTL1 and TSFM 
were strongly connected. MS-associated SNPs in DDR1 were strongly associated with plasma MHC class I polypeptide-
related sequence B (MICB) and Granzyme A levels. And plasma MICB and Granzyme A levels were causally associated 
with MS. Many SNPs in the causal genes showed QTL effects. The association between m6A-SNPs rs923829 and METTL21B 
expression level was validated in 40 unrelated Chinese Han individuals.
Conclusions  This study identified many DNA methylations and genes as important risk factors for MS and provided novel 
evidence on the association between circulating MICB and Granzyme A and MS. We also showed that the interaction among 
DDR1, MICB and GZMA and interaction among METTL21B, METTL1 and TSFM may participate in the pathogenesis of MS.
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Introduction

Multiple sclerosis (MS) is an autoimmune disorder mainly 
affecting young adults and characterized by destruction of 
myelin in the central nervous system. Genetic factors play 
important roles in the etiology of MS. According to the 
genome-wide association studies (GWAS) catalog (https​://
www.ebi.ac.uk/gwas/), a total of 41 MS GWAS have been 
published and 395 genetic associations have been found for 
MS. The International Multiple Sclerosis Genetics Con-
sortium (IMSGC) has identified many genetic factors con-
tributing to a susceptibility to MS by GWAS since 2007 
[1–5]. The important effects on MS exerted by variants in 
the human leukocyte antigen (HLA) genes from the major 
histocompatibility complex (MHC) have been well estab-
lished by these GWAS, and 103 discrete loci outside of the 
MHC have been found [1].
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The GWAS exploits the linkage disequilibrium (LD) of 
the genomic variants so the identified associations will gen-
erally point to genomic regions that harbor many genes [6]. 
Prioritize among these genes to identify the most function-
ally relevant genes using GWAS data alone is out of the 
question. Integration of GWAS data with data from gene 
expression and methylation GWAS, which allowed identifi-
cation of expression and methylation quantitative trait loci 
(eQTL and mQTL), respectively, is considered to be a pos-
sible way to prioritize relevant genes in the GWAS identified 
regions [7–9].

Mendelian randomization (MR) is an instrumental vari-
able analysis approach that uses genetic variants as instru-
mental variables (e.g., QTLs) to test whether an exposure 
(e.g., gene expression and DNA methylation level) has a 
causal effect on an outcome (e.g., MS). Zhu et al. have pro-
posed a method called summary data-based MR (SMR) 
that integrates independent GWAS summary statistics with 
QTL data to identify potential functionally relevant genes at 
the loci identified in GWAS [9]. By applying this method, 
Zhu et al. have successfully identified novel trait-associated 
genes for several diseases [9, 10]. However, this method 
has never been applied to MS. In this study, we applied the 
SMR method to MS to prioritize a list of genes, and further 
explored the functional relevance of these genes using a 
combination of data from MS GWAS, gene expression pro-
file, eQTL, mQTL, plasma protein level QTL (pQTL, SNPs 
associated with plasma metabolite levels) [11], metabolite 
QTLs (metabQTL, SNPs associated with blood metabolite 
levels) studies [12] and SNP databases.

Methods

Study design

This study was designed to identify potential causal factors 
(e.g., genetic variants, DNA methylations, gene expressions 
and plasma protein levels) for MS. First, we conducted SMR 
analysis to identified DNA methylations that were causally 
associated with MS. Second, we conducted SMR analysis 
to identified gene expressions that were causally associated 
with MS. Meanwhile, differential expression analysis was 
performed for the identified genes based on expression pro-
file data from four studies available in the GEO database 
(https​://www.ncbi.nlm.nih.gov/geo). Third, we looked for 
eQTLs, mQTLs, pQTLs and metabQTLs and identified 
potential functional variants within the identified causal 
genes. We also validated some eQTLs in sample from the 
Chinese Han population. Finally, for proteins that were 
strongly affected by SNPs within the identified causal genes, 
we tested if the protein levels were causally associated with 
MS using MR methods such as GSMR and MR-PRESSO.

MS GWAS datasets

We used two GWAS datasets in this study. The first dataset 
was from the GWAS conducted by the IMSGC and Wellcome 
Trust Case Control Consortium 2 (MS GWAS 2011), which 
comprised 9772 MS cases and 17,376 controls of European 
ancestry [4]. The second dataset was from the GWAS (Immu-
noChip custom genotyping array) conducted by the IMSGC 
(MS GWAS 2013), which examined the association between 
161,311 autosomal variants and MS in 14,498 MS cases and 
24,091 healthy controls [1]. These two dataset can be freely 
downloaded from the ImmunoBase (https​://www.immun​
obase​.org/), a web-based resource focused on the genetics 
and genomics of immunologically related human diseases. 
The available summary data contained information on the rs 
number, chromosome, position, alleles, odds ratio and the cor-
responding confidence interval and P values for each SNP. 
These two datasets were separately analyzed in the following 
analyses.

QTL datasets

We conducted MR analyses to test for associations between 
gene expressions (using eQTL data), DNA methylation levels 
(mQTL data) and plasma protein levels (pQTL data) and MS 
association signals (MS GWAS data) at genome-wide scale, 
by which we could prioritize functionally relevant genes in the 
GWAS loci. The eQTL summary data from four studies were 
used in our SMR analysis. The first is the study conducted by 
Westra et al. which is the largest eQTL meta-analysis so far 
in peripheral blood samples of 5311 European healthy indi-
viduals [13]. The second is the genetic architecture of gene 
expression (GAGE) study which detected eQTLs in peripheral 
blood in 2765 European individuals [14]. The third and fourth 
datasets contain the cis-eQTL summary data from the GTEx 
project (whole blood and brain tissue) [15]. The mQTL sum-
mary data from the study conducted by McRae et al. which 
measured mQTL in the Brisbane Systems Genetics Study 
(n = 614) and the Lothian Birth Cohorts (n = 1366) [16]. The 
pQTLs data was from a large scale protein level GWAS that 
measured 509,946 SNPs for genome-wide associations with 
1124 protein levels measured in 1000 blood samples from the 
KORA study [11]. The metabQTLs data were released from a 
large scale metabolites GWAS, which measured genome-wide 
associations of 6.69 million common SNPs and 4.66 million 
low-frequency (0.5% ≤ MAF < 5%) variants with each of the 
644 metabolites in 1960 blood samples [12].

SMR analysis

SMR is a two-sample multi-instrumental MR approach. In 
this kind of MR methods the exposure and outcome do not 
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necessary measure in the same samples. It can jointly ana-
lyze summary statistics from independent GWAS to test for 
association between an exposure and a trait due to a shared 
variant at a locus. The shared SNPs tested in two GWAS 
provided the effect data (the regression coefficient beta val-
ues) of SNPs on exposure and outcome. Using this effect 
data the MR method can estimate the causal effect of the 
exposure on outcome.

The SMR method implements a transcriptome-wide 
association analysis in a formal statistical framework using 
summary data from large-scale GWAS so that the statistical 
power is increased by the large sample size. We ran SMR 
(version 0.712) with default parameters in a command-line 
program which was downloaded from https​://cnsge​nomic​
s.com/softw​are/smr/. The requisite data (i.e., SNP rs num-
ber, allele 1, allele 2, frequency of allele 1, P value and sam-
ple size) were extracted from this GWAS dataset and beta 
and standard error were calculated using the odds ratio and 
the corresponding confidence interval. This data were organ-
ized to the specific format (the.ma file with 8 columns) for 
the SMR analysis softwares using the R language. The QTL 
summary data in SMR binary format can be downloaded 
from https​://cnsge​nomic​s.com/softw​are/smr/#DataR​esour​ce. 
Genotype data of HapMap r23 CEU were used as a reference 
panel to calculate the LD correlation for SMR analysis. The 
genome-wide significance level for the SMR test was set 
to 5.0 × 10−6. The heterogeneity in dependent instruments 
(HEIDI) test for no pleiotropy, the basic assumption of MR 
study, was conducted to test whether there is a single causal 
variant affecting MS, methylation or gene expression. Those 
probes with little evidence of heterogeneity (PHEIDI ≥ 0.05) 
were retained. The SMR locus plots were generated using 
the R code provided by Zhu et al. (https​://cnsge​nomic​s.com/
softw​are/smr/#SMRlo​cuspl​ot19). The gene range list glist-
hg19 was used for plotting.

Differential expression analysis

We also tried to determine if the expression levels of genes 
identified by SMR analysis were associated with MS based 
on expression profile data from four studies available in the 
GEO database (https​://www.ncbi.nlm.nih.gov/geo), as sup-
porting evidence. GSE16461 contained data of gene expres-
sion levels in CD8+ T cells from eight MS cases and eight 
controls. GSE21942 contained data of gene expression levels 
in peripheral blood mononuclear cells from 14 MS cases and 
15 controls [17]. GSE23832 contained data of gene expres-
sion levels in peripheral blood mononuclear cells from eight 
MS cases and four controls [18]. GSE26484 contained data 
of gene expression levels in CD4+ T cells from six MS cases 
and four controls [19]. Differential expression was tested by 
comparing mean gene expression signals between cases and 

controls using t test. The significance level of P = 0.05 was 
used for the differential expression analysis.

Relationship between the identified genes

We searched for the connection between the identified genes 
to clarify the relationship, by which we can find pathways 
of MS. Functional enrichment analysis was conducted using 
the DAVID online tool (https​://david​.ncifc​rf.gov/). Pro-
tein–protein interactions were found in the STRING (https​
://strin​g-db.org/) and LENS databases (https​://hagri​d.dbmi.
pitt.edu/LENS/).

Identification of potential regulatory SNPs

We searched for SNPs with specific functions, including the 
N6-methyladenosine (m6A)-associated SNPs (m6A-SNPs) 
[20] and phosphorylation-related SNPs (phosSNPs) [21]. 
m6A is a kind of reversible RNA methylation which has 
a crucial role in regulating many fundamental biological 
processes. The m6A-SNPs are a kind of SNPs that would 
influence m6A by changing the RNA sequences of the target 
sites or key flanking nucleotides [20]. This kind of SNPs 
was identified in the m6AVar database (https​://m6ava​r.renla​
b.org/). Phosphorylation is a kind of important post-transla-
tional modifications of proteins. The phosSNPs are nonsyn-
onymous variants that might influence protein phosphoryla-
tion status. The phosSNPs were identified in the phosSNP 
1.0 database (https​://phoss​np.biocu​ckoo.org/index​.php).

We carried out QTL analysis for SNPs in the identified 
genes. The cis- and trans-QTL could show the relationship 
between these genes, which was expected to show us clues to 
begin to understand the regulatory mechanism. SNPs located 
in the identified genes were obtained from the UCSC data-
base. Then we looked for eQTLs in this SNPs list based 
on data downloaded from the HaploReg browser (https​://
pubs.broad​insti​tute.org/mamma​ls/haplo​reg/haplo​reg.php). 
HaploReg is a database which manually collates and updates 
data from recent eQTL studies [22]. The mQTLs were found 
from the study conducted by McRae et al. [16]. We looked 
for pQTLs according to the protein level GWAS from the 
KORA study [11]. In addition, we looked for metabQTLs 
from the metabolites GWAS described above [12].

Validation of the eQTLs

To validate the eQTLs we tested genotypes and mRNA 
expression levels in peripheral blood mononuclear cells 
(PBMCs) of 40 unrelated Chinese Han individuals (age 
range from 27 to 67) to obtain additional evidence to support 
the identified SNPs. These participants did not have diseases 
such as MS. PBMCs were isolated from 15 ml peripheral 
blood by density gradient centrifugation using Lymphoprep 

https://cnsgenomics.com/software/smr/
https://cnsgenomics.com/software/smr/
https://cnsgenomics.com/software/smr/#DataResource
https://cnsgenomics.com/software/smr/#SMRlocusplot19
https://cnsgenomics.com/software/smr/#SMRlocusplot19
https://www.ncbi.nlm.nih.gov/geo
https://david.ncifcrf.gov/
https://string-db.org/
https://string-db.org/
https://hagrid.dbmi.pitt.edu/LENS/
https://hagrid.dbmi.pitt.edu/LENS/
https://m6avar.renlab.org/
https://m6avar.renlab.org/
https://phossnp.biocuckoo.org/index.php
https://pubs.broadinstitute.org/mammals/haploreg/haploreg.php
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(Sigma, life science, USA). Total RNA and DNA were 
extracted in the same lab according to the instructions rec-
ommended by the manufacturer. The mRNA levels and 
genotypes were tested using RT-PCR method. The mean 
mRNA levels of individuals with different genotypes were 
compared and the association between SNP and mRNA level 
was assessed in linear regression model. SNP was analyzed 
as 0, 1 or 2 copies of the minor allele in an additive genetic 
model. The study was approved by the ethical committee 
of Soochow University. The written informed consent was 
obtained from all of the participants.

MR analysis of protein levels

To obtain additional supporting evidence, we took the advan-
tage of two recent developed R-packages which each imple-
ments the Generalised SMR (GSMR) [23] and MR pleiot-
ropy residual sum and outlier (MR-PRESSO) [24] methods 
to test for putative causal association between plasma pro-
tein levels and MS. In GSMR analysis, the summary data 
were from the GWAS conducted by Beecham et al. [1], and 
the summary data of association between SNPs and plasma 
protein levels (P < 5 × 10−8) were obtained from the pQTL 
GWAS mentioned above [11]. From the MS GWAS dataset, 
SNP rs number, allele 1, allele2, frequency of allele 1, beta, 
standard error, P value and sample size were extracted. From 
the pQTL datasets, SNP rs number, beta, standard error, P 
value and sample size were extracted. Then the two extracted 
datasets were merged by SNP rs number to form the file 
with specific format (a plain file with 12 columns) for the 
GSMR analysis softwares using the R language. The con-
sistency of the effect allele for each SNP in the MS GWAS 
and pQTL study was checked. SNPs with pQTL P value 
less than 5.0 × 10−6 and not in LD were used as instrumental 
variables. The HapMap r23 CEU genotype data was used to 
calculate the LD correlation. The HEIDI test was used to test 
the no pleiotropy hypothesis. The parameters were left at the 
default setting in this analysis.

We used an implementation of MR-PRESSO in R (https​
://githu​b.com/rondo​lab/MR-PRESS​O) to detect horizontal 
pleiotropy which is the MR-PRESSO global test and the 
outlier corrected causal estimate [24]. Data used in the MR-
PRESSO analysis were the same as the GSMR analysis. 
The requisite data (i.e., SNP rs number, beta, standard error, 
and P value) were extracted from each of the MS GWAS 
and pQTL datasets and then merged by SNP to the specific 
format (a plain file with 7 columns) for the MR-PRESSO 
analysis using the R language. The consistency of the effect 
allele for each SNP in the MS GWAS and pQTL study was 
checked. SNPs with P value less than 5.0 × 10−6 in the pQTL 
study were used. The default values were used for all of the 
MR-PRESSO analysis parameters.

Results

MS‑associated methylation sites

We performed a SMR analysis to determine if DNA methyl-
ations were causally associated with MS. By integrating data 
from large scale MS GWAS and mQTL study, we found 178 
methylation sites in 23 loci (83 genes) which were associated 
with MS (PSMR < 5 × 10−6, PHEIDI > 0.05) (Table 1). There 
are CpG islands in most of the associated genes (Table 1, 
Supplementary Table S1). The detail information about 
these 178 MS-associated methylation sites was presented in 
table S1. PHEIDI > 0.05 means that there was no significant 
heterogeneity underlying the mQTL signals. Among the 23 
loci, 21 have been reported in GWAS and 2 (7p22.2 and 
19q13.33) have never been reported.

MS‑associated genes

We found that expressions of 29 genes in 12 loci were sig-
nificantly associated with MS (PSMR < 5 × 10−6), and there 
was no significant heterogeneity underlying the eQTL 
signals (PHEIDI > 0.05) (Table 2). Among these 29 genes, 
RMI2, JUND and CD37 have not been reported to be asso-
ciated with MS. All of these 29 genes passed HEIDI tests 
(PHEIDI > 0.05), suggesting that there was no heterogeneity, 
and the expression of these genes and MS were affected 
by the same variant, suggesting that the same causal SNPs 
contributed to both MS risk and gene expression. We com-
pared mRNA expression signals in gene expression studies 
for the 29 genes and found that 17 of them were differen-
tially expressed (P < 0.05) (Supplementary Table S2). For 
the 83 genes identified in mQTL SMR analysis (Table 1), the 
eQTL SMR tests identified that DDR1, POU5F1, PSMB9, 
ZC2HC1A, NADSYN1, METTL1, RMI2 and TNFSF14 were 
significantly associated with MS (Table 2).

Potential regulatory SNPs

We further looked for SNPs with specific functions and 
QTLs in the 29 genes which were found in the eQTL SMR 
analysis. A total of 14,309 SNPs were obtained from the 
UCSC database for these genes. We found 13 m6A-SNPs 
in this SNP list. Among them, rs923829 in METTL21B and 
rs2288481 in DKKL1 gene were significantly associated 
with MS (P = 1.35 × 10−10 and 4.36 × 10−6). Besides, a total 
of 55 phosSNPs were found. Among them, nine were associ-
ated with MS (Supplementary Table S4).

According to the SMR analysis, SNPs in the identified 
genes are strongly associated with DNA methylation and 
gene expression levels. And this eQTLs and mQTLs were 
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mostly significantly associated with MS (P < 5.0 × 10−8). 
pQTLs significantly associated with MS (P < 5.0 × 10−8) 
were found for six genes, including DDR1, HLA-DQA1, 
POU5F1, PSMB9, SKIV2L and TAGAP (Table 3, Supple-
mentary Table S5). metabQTLs significantly associated 
with MS (P < 5.0 × 10−8) were found for DDR1, SKIV2L 
and HLA-DQA1 (Supplementary Table S6).

Relationship between the identified genes

The genes identified by the SMR analyses were found to 
enrich in 21 specific KEGG pathways (e.g., antigen process-
ing and presentation, rheumatoid arthritis, systemic lupus 
erythematosus, and others) and 80 GO biological process 
terms (e.g., antigen processing and presentation of exog-
enous peptide antigen, interferon-gamma-mediated signal-
ing pathway, and others) (Supplementary Table S3). Genes 
in the identified terms were mostly the MHC genes, except 
GFI1, RPL5, CD58, IL2RA, CDK4, CTDSP2, TNFSF14, 
IL7 and JUND.

Interactions between the identified genes were found 
in the STRING database (Supplementary Fig. S1). 
Among the non-MHC genes identified by SMR analysis 
(PSMR < 5 × 10−6, PHEIDI > 0.05), ZC2HC1A, METTL21B, 
METTL1 and TSFM were strongly connected (Fig.  1). 
Interactions between other genes and their targets were also 
found in the LENS database (Supplementary Fig. S2–8). 
Genes identified in pQTL analysis were highly connected 
(Supplementary Fig. S9). According to the pQTL analysis, 
MS-associated SNPs in DDR1 was strongly associated with 
plasma Granzyme A and MHC class I polypeptide-related 
sequence B (MICB) protein levels (Table 3). The DDR1 
gene does not directly interact with other genes according 
to STRING. But via other interactors, DDR1 was connected 
with GZMA and MICB (Supplementary Fig. S10). We fur-
ther performed GSMR analysis and found that plasma MICB 
and Granzyme A protein levels may be causally associated 
with MS (P = 0.0032 and 1.27 × 10−7), respectively. In MR-
PRESSO analysis, the causal association between plasma 
MICB level (beta = − 0.1090, se = 0.0356, P = 0.0135) and 

Table 1   Summary of the MS-associated methylations identified by Mendelian randomization analysis

¶ Number of methylation sites which were significantly associated with MS in the gene regions
† Number of CpG islands in the gene regions according to UCSC genome browser

Loci Genes Reported genes CpG sites¶ CpG islands†

1p22.3 BCL10 Yes 1 1
1p22.1 GFI1, RPL5, FAM69A Yes 3 4
1p13.1 CD58 Yes 1 2
1q31.2 RGS1, C1orf106 Yes 2 2
3q13.33 ILDR1 Yes 1 1
5q35.3 RGS14 Yes 4 2
6p22.1 OR12D3, HCG4, RNF39, RNF39, RNF39, TRIM31, TRIM40, TRIM15, HLA-E Yes 11 8
6p21.33 GNL1, TUBB, DDR1, VARS2, SFTA2, HCG22, C6orf15, PSORS1C1, CDSN, 

POU5F1, HLA-B, MICA, DDX39B, NFKBIL1;ATP6V1G2, C6orf47, LY6G6C, 
DDAH2, VARS, SLC44A4, EHMT2, TNXB

Yes 57 23

6p21.32 PRRT1, PPT2, AGPAT1, RNF5, PBX2, GPSM3, NOTCH4, C6orf10, BTNL2, 
HLA-DRA, HLA-DQB1, HLA-DQA2, HLA-DQB2, TAP2, PSMB8, TAP1, 
PSMB9, HLA-DMA, BRD2, SYNGAP1

Yes 55 19

6q15 BACH2 Yes 1 1
7p22.2 LOC100129603 No 1 0
8q21.13 ZC2HC1A Yes 1 1
10p15.1 IL2RA Yes 1 0
11q12.2 CD6 Yes 1 1
11q13.4 DHCR7, NADSYN1 Yes 4 4
12p13.31 CLECL1 Yes 1 0
12q14.1 CDK4, METTL1, AVIL, CTDSP2 Yes 6 3
14q31.3 GPR65 Yes 3 0
16p13.13 CLEC16A, RMI2 Yes 3 5
17q22 YPEL2 Yes 1 1
19p13.3 TNFSF14 Yes 2 0
19p13.11 MED26, MAST3, PDE4C Yes 10 12
19q13.33 CCDC155 No 3 1
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Granzyme A protein level (beta = − 0.1578, se = 0.0481, 
P = 0.0065) and MS was also significant after removing 
outliers.

Association between m6A‑SNPs and gene expression

The m6A-SNPs may take part in gene expression regulation 
through exerting influence on RNA modification, so they 
may be associated with gene expression level. Rs923829 in 
METTL21B and rs2288481 (p.Glu183Lys) in DKKL1 gene 
were m6A-SNPs associated with MS. We hypothesized that 
rs923829 and rs2288481 may act through the regulation of 
gene expression of METTL21B and DKKL1, respectively. 
Evidence on these associations can be found in the Hap-
loReg database. Significant association between rs923829 
and METTL21B expression was found in 37 tissues. Signifi-
cant association between rs2288481 and DKKL1 expression 
was found in 11 tissues.

We validated the association between rs923829 and MET-
TL21B expression and the association between rs2288481 
and DKKL1 expression in PBMCs of 40 unrelated Chinese 
Han individuals. According to our data we found that the 
mRNA level of METTL21B was higher in rs923829 minor 
allele A carriers than non-carriers. In linear regression 
model we found that rs923829 was significantly associated 
with METTL21B expression levels (P = 0.0003) (Fig. 2a). 
This synonymous mutation likely leads to a higher MET-
TL21B expression level. Rs2288481 was marginally associ-
ated with DKKL1 expression levels in our sample (linear 
regression P = 0.0548) (Fig. 2b). The results suggested that 
the m6A-SNPs may affect gene expression and lead to MS.

Discussion

The current study represented the first effort to identify 
potential causal genetic and epigenetic factors for MS by 
integrating data of several large-scale GWAS initiatives on 
DNA methylation, gene expression, plasma protein levels 
and MS risk. Hundreds of important methylation sites, genes 
and plasma protein levels (e.g., Granzyme A and MICB) 
were found to be causally associated with MS using our 
advantage strategy.

GWAS have confirmed hundreds of genetic variants 
associated with MS. However, elucidating the causal genes 
underlying GWAS hits remains challenging given the com-
plexities of a typical genome-wide significant locus and the 
regulatory process. Laboratory-based evaluation of the asso-
ciated regions by applying high throughput technology with 
sufficient sample size is costly and hard to achieve at this 
stage. On the other hand, although traditional case–control 
studies have identified DNA methylations [25–27] and gene 
expressions [17–19, 28] implicated in the pathogenesis of Ta
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MS, the power is very limited due to small sample size. 
Moreover, traditional observational studies are subject to 
confounding and reverse causation and have not been able 
to disentangle which genetic, epigenetic and other factors 
directly influence MS. MR-based studies can circumvent 
these limitations by use of genetic proxies of putative risk 
factors when evaluating their associations with disease risk, 
as they are not subject to reverse causation (i.e., MS causes 
mutations) [29, 30]. More importantly, the SMR method 
allows the evaluation of the association between methyla-
tion and expression levels and MS risk in very large sam-
ples thus the statistical power is increased. As we showed in 
this study, hundreds of DNA methylations and genes were 
detected to be important risk factors for MS, after consider-
ing multiple testing using the Bonferroni method.

DNA methylation, an important epigenetic modifica-
tion, plays an important role in MS pathology and could 
be potential therapeutic targets. Our study identified plenty 
of DNA methylations and methylation related genes (e.g., 

METTL21B and METTL1) which were associated with MS. 
According to the UCSC database (https​://genom​e.ucsc.edu/) 
we have noticed that there are CpG islands overlapped pro-
moters in most of the identified gene regions and the promot-
ers show long-range spatial interactions with other promoters 
or enhancers, which implied a regulatory potential of DNA 
methylation on the gene expression. The findings raised 
the possibility that DNA methylation affected gene expres-
sion and then caused MS. For example, in the DDR1 gene 
region we found 13 methylation sites to be causally associ-
ated with MS, which have not been reported. All of these 
methylation sites were much closed to the CpG island 46 
(chr6:30,852,103–30,852,676). This CpG island locates in 
a promoter (chr6:30,847,554–30,856,766). This CpG island 
is in long-range interaction with another nearby promoter 
(chr6:30,842,868–30,846,325) that is in long-range interac-
tion with a nearby enhancer (chr6:30,857,116–30,858,670). 
Studies have shown that DNA methylations in long-
range interactive promoters and enhancers can affect the 

Fig. 1   The association between METTL21B, TSFM, ZC2HC1A and 
MS. The gene expression levels of METTL21B and TSFM were sig-
nificantly associated with MS according to the SMR analysis based 
on eQTL data from the CAGE study (a), GTEx brain tissue (b). The 

gene expression level of ZC2HC1A was significantly associated with 
MS according to the SMR analysis based on eQTL data from GTEx 
whole blood (c). These genes were connected according to protein–
protein interaction analysis (d)

https://genome.ucsc.edu/
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long-range interactions and may be associated with disease 
risk [31–33]. Therefore, these methylations were supposed 
to affect DDR1 expression then affect MS risk. As we have 
found that DDR1 was differentially expressed between MS 
cases and controls and DDR1 expression level was causally 
associated with MS which was identified by SMR analysis.

This study showed the advantage of integration of multi-
omics data in identification of regulatory mechanisms under-
lying the genetic associations. The DDR1 gene encodes the 
Discoidin Domain Receptor Tyrosine Kinase 1. The impor-
tance of this gene in MS has not been discussed. We showed 
that SNPs in DDR1 was strongly associated with MS in the 
GWAS data, while these SNPs were strongly associated with 
plasma MICB and Granzyme A protein levels. Moreover, we 
demonstrated that plasma MICB and Granzyme A protein 
levels may be causally associated with MS. We found that 
plasma MICB was associated with an increased risk of MS, 
which was consistent with previous case control study [34]. 
The relationship between Granzyme A protein levels and 
MS is first reported in the present study. How DDR1 inter-
acts with MICB and GZMA is unknown. As suggested by 
the protein–protein interaction analysis, these genes might 
interact with each other via other MS-related genes such 
as PLCG1, ZAP70, KLRK1, TTR​, SYK, RGS2, XRCC6 and 
APEX1. The interaction between these genes may point to a 
pathway for MS. Further studies are suggested to elucidate 
the mechanisms.

This study also showed the advantage in interpreta-
tion of the relationship among genes in GWAS-identified 
loci. A valuable discovery in this study was the interaction 

among METTL21B, METTL1 and TSFM gene in 12q14.1. 
We showed that genetic variants and expression levels of 
these non-MHC genes were associated with MS. However, 
how this interaction affect MS is still unclear. Genetic vari-
ants (e.g., rs703842) in METTL21B, also named FAM119B 
and EEF1AKMT3 (EEF1A Lysine Methyltransferase 3), 
have been showed to affect METTL21B expression [35]. In 
our study, we confirmed that the m6A-SNP rs923829 was 
significantly associated with METTL21B expression lev-
els, which has also been showed in other eQTL studies. So 
it is possible that genetic variants may affect METTL21B 
gene expression and then caused MS. The role of METTL1 
(Methyltransferase Like 1) and TSFM (Ts translation elonga-
tion factor, mitochondrial) in MS etiology is unknown but 
only the genetic association was reported. METTL21B has 
been showed to affect mRNA translation through inducible 
and dynamic methylation of Lys-165 in human eukaryotic 
elongation factor 1 alpha (eEF1A) [36, 37]. So it is reason-
able to propose the hypothesis that the methyltransferases 
(METTL21B and METTL1) affect translation elongation fac-
tor (TSFM). And this interaction may affect MS.

In summary, we applied the SMR method in this study 
to provide robust evidence on the important roles of DNA 
methylations and expressions of many genes as important 
risk factors of MS. This study provided novel evidence of an 
important role of circulating MICB and Granzyme A in MS 
etiology. We also show that the interaction among DDR1, 
MICB and GZMA and interaction among METTL21B, 
METTL1 and TSFM may participate in the pathogenesis 
of MS. Further researches are needed to fully elucidate the 
important relationship between these factors and MS.
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