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Genome-Wide Meta-Analysis
Identifies Novel Multiple Sclerosis

Susceptibility Loci

Nikolaos A. Patsopoulos, MD, PhD,1,2,3 the Bayer Pharma MS Genetics Working Group,

the Steering Committees of Studies Evaluating IFN�-1b and a CCR1-Antagonist,

ANZgene Consortium, GeneMSA, International Multiple Sclerosis Genetics Consortium,

and Paul I. W. de Bakker, PhD2,3,4,5

Objective: To perform a 1-stage meta-analysis of genome-wide association studies (GWAS) of multiple sclerosis (MS)
susceptibility and to explore functional consequences of new susceptibility loci.
Methods: We synthesized 7 MS GWAS. Each data set was imputed using HapMap phase II, and a per single nucleotide
polymorphism (SNP) meta-analysis was performed across the 7 data sets. We explored RNA expression data using a
quantitative trait analysis in peripheral blood mononuclear cells (PBMCs) of 228 subjects with demyelinating disease.
Results: We meta-analyzed 2,529,394 unique SNPs in 5,545 cases and 12,153 controls. We identified 3 novel
susceptibility alleles: rs170934T at 3p24.1 (odds ratio [OR], 1.17; p ¼ 1.6 � 10�8) near EOMES, rs2150702G in the
second intron of MLANA on chromosome 9p24.1 (OR, 1.16; p ¼ 3.3 � 10�8), and rs6718520A in an intergenic region
on chromosome 2p21, with THADA as the nearest flanking gene (OR, 1.17; p ¼ 3.4 � 10�8). The 3 new loci do not
have a strong cis effect on RNA expression in PBMCs. Ten other susceptibility loci had a suggestive p < 1 � 10�6,
some of these loci have evidence of association in other inflammatory diseases (ie, IL12B, TAGAP, PLEK, and ZMIZ1).
Interpretation: We have performed a meta-analysis of GWAS in MS that more than doubles the size of previous
gene discovery efforts and highlights 3 novel MS susceptibility loci. These and additional loci with suggestive
evidence of association are excellent candidates for further investigations to refine and validate their role in the
genetic architecture of MS.
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Multiple sclerosis (MS) is thought to emerge when

genetically susceptible individuals encounter envi-

ronmental triggers that initiate an inflammatory reac-

tion against self-antigens in the central nervous system;

these events result in recurring episodes of inflamma-

tory demyelination and, in many cases, a progressive

neurodegenerative process.1 The genetic architecture

underlying susceptibility to MS is complex, and recent

efforts have revealed more than a dozen susceptibility

loci of modest effect2–5 in addition to the major histo-

compatibility complex (MHC) that contains multiple

independent susceptibility alleles in class I and class II

loci. These discoveries were made possible by the emer-

gence of genome-wide genotyping technologies and col-

laborative meta-analysis efforts to maximize statistical

power.

Here, we perform a 1-stage meta-analysis of most

of the genome-wide single nucleotide polymorphism

(SNP) data generated in the field of MS, to conduct the

largest gene discovery effort to date for this disease.
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Subjects and Methods

The present study comprises 7 data sets of nonoverlapping case

and control subjects of European descent. Five strata (Interna-

tional Multiple Sclerosis Genetics Consortium [IMSGC] United

States [US], IMSGC United Kingdom, GeneMSA US, Gen-

eMSA the Netherlands [NL], and GeneMSA Switzerland) were

taken from a previously published meta-analysis.3 Details on

these data sets can be found elsewhere.2,3 The sixth stratum

(Brigham & Womens Hospital / Therapeutics Trials; BWH/TT)

is based on data from our previous study3 enriched with an addi-

tional 1,453 MS cases and 2,176 controls, with all samples geno-

typed on the Affymetrix GeneChip 6.0 platform. Finally, we

have added another stratum (Australia and New Zealand Multi-

ple Sclerosis Genetics Consortium; ANZgene) from a recently

described genome-wide study containing 1,618 cases and 1,988

controls.5 Further information on these 2 strata and the quality

control applied can be found in the Supplementary Material.

Table 1 summarizes the subject collections that have been

assembled for this meta-analysis. All subjects met the criteria of

either (1) a diagnosis of MS per McDonald criteria6 or (2) a di-

agnosis of clinically isolated demyelinating syndrome (CIS) in

which individuals have had 1 episode of inflammatory demyelin-

ation and harbor 2 or more T2 hyperintense lesions in their

brain or spinal cord. The majority of CIS subjects go on to have

a second episode of inflammatory demyelination, which results

in a diagnosis of MS. An earlier study did not find differences in

the distribution of susceptibility alleles in CIS and MS subjects,

suggesting that their genetic architecture is similar.7

We used EIGENSOFT to remove outliers in terms of

genetic ancestry and to calculate the top 10 eigenvectors of the

genotype data within each stratum.8 The 7 data sets were geno-

typed using different genotyping platforms. To maximize ge-

nome-wide coverage, we used the imputation algorithm imple-

mented in MACH to yield 2.5 million SNPs across the

TABLE 1: Characteristics of the Meta-Analyzed Data Sets

Characteristic Data Set

IMSGC
UKa

IMSGC
USa

GeneMSA
CHa

GeneMSA
NLa

GeneMSA
USa

ANZgeneb BWH/TTc

Number of
individuals,
cases/controls

453/2,950 342/1,679 253/208 230/232 486/431 1,618/1,988 2,313/4,857

Clinical characteristics, cases only

F:M ratio 3.0:1.0 3.2:1.0 2.8:1.0 2.9:1.0 3.1:1.0 2.6:1 2.6:1

Mean disease
duration,
yr (range)

11 (0–40) 16 (<1–36) 12 (<1–58) 13 (<1–39) 15 (1–59) NA 14 (2–53)/
5 (0–33)d

Mean age at
onset, yr (range)

27 (10–48) 29 (11–50) 33 (8–59) 33 (13–71) 33 (1–70) 34 (7–67) 33 (9–60)/
30 (8–54)d

Genotypic and analysis characteristics

Genotyping
platform

Affy
500K

Affy
500K

Illumina
550

Illumina
550

Illumina
550

Cases: Illumina
Hap370CNV;
controls: Illumina
Infinium

Affy 6.0

Analyzed
individuals,
cases/controlse

449/2,928 341/1,679 251/208 225/228 477/425 1,616/1,987 2,186/4,698

Genomic
inflation
factor, k

1.029 1.034 1.04 1.026 1.029 1.061 1.054

aAnalyzed in our previous meta-analysis.2
bAnalyzed in the ANZgene study.4
cAnalyzed in part in our previous meta-analysis.3 The data set used by De Jager et al has 860 subjects with multiple sclerosis from
BWH and 1,720 matched healthy controls.
dValues are for BWH cases and TT cases separately.
eAnalyzed cases and controls per data set after quality control.
ANZgene ¼ Australia and New Zealand Multiple Sclerosis Genetics Consortium; CH ¼ Switzerland; NL ¼ The Netherlands; F ¼
female; IMSGC ¼ International Multiple Sclerosis Genetics Consortium; BWH ¼ Brigham & Women’s Hospital; TT ¼ Therapeu-
tics Trials; M ¼ male; NA ¼ not available; UK ¼ United Kingdom; US ¼ United States.
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genome in all data sets.9 Imputation based on linkage disequili-

brium (LD) patterns observed in a representative European

population sample in HapMap is a widely used approach to

increase the power of genome-wide association studies (GWAS)

and to facilitate in silico meta-analysis.10 After imputation, we

excluded all SNPs with an imputation quality score �0.10 or

minor allele frequency <0.01 per stratum. For each stratum,

we tested the imputed dosages for association with case–control

status using logistic regression, including the 10 first eigenvectors

as covariates to correct for population stratification. For each

SNP, the dosage corresponds to the (imputed) number of the

coded allele in a given individual and varies from 0 to 2 on a

continuous scale, thus incorporating information about the impu-

tation uncertainty. Under a per allele model, we calculated the

odds ratio (OR), its corresponding standard error (SE), and the p

value. To evaluate the robustness of the observed distribution of

the test statistic, we inspected the quantile-quantile plot and cal-

culated the genomic inflation factor (kGC).
11 To correct for any

residual, unexplained inflation of the test statistic, we corrected

the SEs by multiplying them with the square root of the kGC.
10

Finally, we performed the same analyses adjusting for sex and

report these sensitivity analyses in the Supplementary Material.

Ensuring consistency in the strand orientation of the al-

leles across all strata, we meta-analyzed the ORs with the re-

spective corrected SEs using inverse variance weighting under a

fixed-effects model. We calculated the kGC of the genome-wide

association results to evaluate the robustness of the meta-analy-

sis. Furthermore, in a secondary sensitivity analysis, we used a

random-effects model to meta-analyze, thus allowing for

between-study heterogeneity. We used Cochran’s Q to test for

the presence of statistical heterogeneity and I2, with respective

95% confidence intervals, to quantify inconsistency of effects

across the different strata.12,13

We performed LD pruning (r2 > 0.5) among correlated

SNPs to identify the most statistically significant SNP in regions

of strong LD. For non-MHC loci, we performed conditional

analysis using a forward stepwise logistic regression for the most

statistically significant SNPs (p < 10�6) within a 2Mb distance

from the best index SNP (with the lowest p value) at a locus.

We predefined genome-wide significance for our meta-

analysis at a p value of <5 � 10�8. At this type I error rate,

and under a fixed effect model, we have >80% power to detect

an OR of 1.15 for a risk allele with 0.4 minor allele frequency.

The Cochran’s Q test was considered to be statistically signifi-

cant at p < 0.10. For analyses we used PLINK v1.0714 and R-

2.11.

To leverage the rapidly growing list of susceptibility loci

associated with inflammatory diseases, we tested all known SNP

associations with Crohn disease, ulcerative colitis, celiac disease,

type 1 diabetes (T1D), rheumatoid arthritis, systemic lupus ery-

thematosus, and psoriasis for a role in MS. To identify these

bona fide associations, we searched the online National Human

Genome Research Institute catalog (www.genome.gov/

26525384) and PubMed for GWAS, meta-analyses of GWAS,

or follow-up studies that reported a non-MHC SNP for these

diseases with genome-wide significance (p < 5 � 10�8). For

each of these SNPs, we tested for replication of an effect using

different p value thresholds (0.05, 10�3, and 10�4), allowing

for heterogeneity in the direction of effect. As a comparison, we

also list the genome-wide non-MHC SNPs associated with type

2 diabetes,15 height,16 lipid traits,17 and myocardial infarc-

tion18–20 as negative control diseases, because we do not expect

these diseases to have an etiologic relationship with MS.

For all SNPs that reached p < 10�6, we also performed a

meta-analysis under a recessive and dominant model. We used

the posterior probabilities for each of the 3 genotypes (AA, AB,

BB) from the imputations to calculate the corresponding domi-

nant and recessive dosage in each individual for each SNP.

With these dosages, we calculated the per stratum ORs and cor-

rected SEs, and meta-analyzed these to obtain the overall ORs

and the corresponding p values.

For the newly identified susceptibility loci, we sought to

test the hypothesis that the identified SNPs can affect expression

levels of nearby genes (within 1Mb upstream and downstream of

the SNP). We collected RNA expression data with an Affymetrix

U133 v2.0 array from peripheral blood mononuclear cells

(PBMCs) of 228 subjects with relapsing-remitting MS or CIS.

These samples were collected between July 2002 and October

2007, as part of the Comprehensive Longitudinal Investigation of

MS at Brigham and Women’s Hospital.21,22 We regressed the

observed gene expression on the SNP imputed dosages, adjusted

for the treatment used. The probes that passed our quality check

criteria (n ¼ 20,517) were used for the subsequent analyses. In

an exploratory analysis, we performed an expression quantitative

trait locus (eQTL) analysis of all probes for each newly identified

loci and organized the tail of the distribution of the results, that

is, probes that reached a nominal significance threshold (p <

0.05), using the Ingenuity Pathway Analysis (IPA) software. IPA

maps probe IDs to its database and performs statistical computing

to identify the most significant canonical pathways and networks

overrepresented in a given gene list as compared with the whole

list of genes in the Human Genome U133 Plus 2.0 array. The ca-

nonical pathway analysis tool identified the significant pathways

from the Ingenuity Pathways Knowledge Base. Specifically, mole-

cules of interest, which interact with each other, and molecules in

the Ingenuity Knowledge Base were identified as network eligible

molecules and served as seeds for generating networks.

Results

Overall, 5,545 cases and 12,153 controls passed quality

control and were included in the meta-analysis (see Table

1), and 2,529,394 unique SNPs were analyzed in at least

2 strata. The kGC for the 7 strata ranged from 1.026 to

1.061 (see Table 1), suggesting that population stratifica-

tion within the individual strata was limited. The

genomic inflation factor of the genome-wide meta-analy-

sis results was 1.051, indicating that the test statistic dis-

tribution is well calibrated and that the extent of residual

bias (including unaccounted for stratification and techni-

cal artifact) is minimal.
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Genome-Wide Significant SNPs under a Per
Allele Genetic Model (p < 5 � 10�8)
Of 2,617 SNPs that reach genome-wide significance (p <

5.0 � 10�8), 2,583 SNPs are located within the MHC on

chromosome 6p21, where index SNPs rs3129889 (OR,

2.97; p ¼ 1.03 � 10�206) and rs9260489 (OR, 1.21; p ¼
1.16 � 10�11) tag the HLA-DRB1 and HLA-B associa-

tions, respectively.3 Outside of the MHC, we observed

SNP associations at 7 loci with genome-wide significance

(Fig 1, Table 2, Supplementary Table 2 for the sex-adjusted

analyses). Three of these loci have not been described pre-

viously as being associated with MS or other inflammatory

diseases. First, rs170934 at locus 3p24.1 (p ¼ 1.6 � 10�8)

demonstrated an OR of 1.17 for the minor T allele, with

little evidence for statistical heterogeneity (I2 ¼ 2%; p ¼
4.7 � 10�8 under a random-effects model). Figure 2A

shows the regional association plot for this SNP, which is

located in an intergenic area between CMC1, a gene with

no known function, and EOMES, a T-box gene family

member and a paralog of TBX21/TBET.

The second novel locus we have identified is tagged

by rs2150702, a SNP in the second intron of the MLANA
gene on chromosome 9p24.1, which is known as a mela-

noma antigen (see Fig 2C, D). The minor G allele of this

SNP increases risk (OR, 1.16) with no evidence for statis-

tical heterogeneity across the 7 strata (p ¼ 3.3 � 10�8

under both fixed-effects and random-effects models).

The third novel locus is tagged by rs6718520,

which maps to an intergenic region on chromosome

2p21, with THADA as the nearest flanking gene at

132kbp distance (see Fig 2E). The minor A allele of this

SNP has an OR of 1.17 (p ¼ 3.4 � 10�8), with modest

evidence for statistical heterogeneity (I2 ¼ 35%, p ¼ 2.6

� 10�4 under a random-effects model). This heterogene-

ity may be because the quality of this SNP’s imputation

varies across the strata of the meta-analysis or because re-

sidual population substructure in some strata influences

our analysis, or it may be true heterogeneity in the effect

of the SNP in different groups of subjects. The stronger

per data set effect was observed in a low imputation

quality data set (GeneMSA NL, see Fig 2F), so we

explored the influence of the imputation’s quality on the

statistical heterogeneity and the overall effect size (Sup-

plemental Table 3). Under the most conservative scenario

of synthesizing only the high imputation quality studies

(INFO > 0.9), the p value was 8.44 � 10�6, although it

suffered a huge power loss due to the smaller sample

size.

The other 4 loci with genome-wide significant

SNPs correspond to already known MS susceptibility

loci. At the IL2RA locus, we observed 2 index SNPs

(rs2104286 and rs7089861), with independent effects (r2

¼ 0.128 in HapMap-CEU) that correspond to the 2

previously described independent effects within the

IL2RA locus.23 Another SNP, rs1335532, tags the known

association in the CD58 locus (r2 ¼ 0.87 with

rs2300747, the previously described best marker).21 The

fourth SNP, rs2293152, captures the recently described

association of the STAT3 locus with MS susceptibility.24

Many of the subjects are shared between the present

study and the original discoveries of these 3 loci, so the

findings here do not constitute independent evidence for

replication of these loci. In addition to the CD58,
IL2RA, and STAT3 loci that reach genome-wide signifi-

cance in the present meta-analysis, we have tabulated the

association results for all MS susceptibility loci reported

to date (see Table 2). We observed substantial evidence

of association for all known loci with 3 exceptions

(KIF1B,25 CBLB,4 and chr5p15.3226) that do not reach

nominal statistical significance (see Table 2).

FIGURE 1: Manhattan plot for the meta-analysis genome-wide 2log(p values) (fixed effects). X axis displays the 22 autosomal
chromosomes and Y axis the 2log(p values) per single nucleotide polymorphism. The red line represents the genome-wide sig-
nificance level (5 3 1028).
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SNPs with Suggestive Evidence of Association
(p < 10�6)
Ten additional SNPs present strongly suggestive evidence

of association with MS (defined as p < 10�6; see

Table 2). Two of these are found in the IL12B locus,

which is known to be associated with Crohn disease and

psoriasis (Table 3, Supplementary Table 1).27,28 Another

3 loci—TAGAP (rs1738074), ZMIZ1 (rs1250542), and

PLEK (rs7592330)—have been described previously as

susceptibility loci for other inflammatory diseases (see

Table 3),29,30 and ZMIZ1 has been described previously

as having suggestive evidence of association with MS.3

Of the remaining loci, 2 contain genes that have long

been described as being involved in the immune dysregu-

lation seen in MS: TBX21 and CD86. The rs8070463

SNP (OR ¼ 0.87; p ¼ 9.55 � 10�8) lies within 42kb

FIGURE 2: Regional association plots for the newly identified genome-wide significant loci and respective forest plots. (A, B)
rs170934 in EOMES, (C, D) rs2150702 in MLANA, and (E, F) rs6718520 near THADA. In regional plots, the X axis plots 1 mil-
lion base pairs around the most statistically significant (index) single nucleotide polymorphism (SNP), which is highlighted by a
large red diamond. r2 of a given SNP with the index SNP is illustrated with the intensity of the red color. The blue line repre-
sents the recombination rate. Each square represents 1 SNP. In forest plots, the per data set weights are from the fixed-
effects meta-analysis. The p value is for the Cochran’s Q test for statistical heterogeneity. INFO score is an imputation quality
metric, corresponding to the ratio of observed versus expected allele frequency. Values >0.8 indicate high imputation quality.
Genotyped SNPs have a value of 1. SNPs that were genotyped in a given data set are marked with an asterisk. CI 5 confi-
dence interval; OR 5 odds ratio.
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of TBX21, which is also known as TBET and is a

paralog of the EOMES gene found in the novel 3p24.1

susceptibility locus described above. TBX21 is of great

interest in T-cell function because it is a master regula-

tory gene necessary for the differentiation of pathogenic

Th1 lymphocytes that play an important role in murine

inflammatory demyelination.31,32 Nonetheless, this locus

contains another gene, TBKBP1, that is involved in nu-

clear factor kappa B signaling and could also be impli-

cated in the effect of this locus; functional dissection will

be required to differentiate the role of the different genes

found in this locus. The second locus of immunological

interest is tagged by rs2681424 (OR ¼ 1.16; p ¼ 2.33

� 10�7) and contains CD86, a costimulatory molecule

that is the receptor for the CD28 and CTLA4 molecules

and is an important component of the machinery regu-

lating the activation of T cells.33 These 2 genes are

found in loci associated with susceptibility to rheumatoid

arthritis and T1D (CD28) as well as thyroiditis

(CTLA4).34

FIGURE 3: Overlap of the genetic architecture of multiple sclerosis (MS) with that of other inflammatory diseases (A) Percent-
age of non-major histocompatibility complex genome-wide significant (p < 5 3 1028) single nucleotide polymorphisms (SNPs)
of inflammatory diseases that are not statistically significant (NS), or significant in the same direction (SD) or the opposite
direction (OD) in the current MS meta-analysis. (B) Regional association plot for the TAGAP gene. All SNPs report 2log(p val-
ues) from the MS meta-analysis, in addition to the 3 indicated by the respective disease names. The p values reported for
these 3 SNPs come from the respective original publications. The type 1 diabetes (T1D) and celiac disease (CE) SNP is
rs1738074, whereas the rheumatoid arthritis (RA) SNP is rs212389. CD 5 Crohn disease; HE 5 height; IBD 5 inflammatory
bowel diseases (CD 1 UC); LI 5 lipids; MI 5 myocardial infraction; PSO 5 psoriasis; SLE 5 systemic lupus erythematosus; UC
5 ulcerative colitis.
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Susceptibility Allele Overlap between MS and
Other Inflammatory Diseases
Motivated by recent progress in the identification of sus-

ceptibility loci of other inflammatory diseases, we sought

to test the effect of all non-MHC SNPs described to

date as bona fide inflammatory disease-associated poly-

morphisms. Of these 145 SNPs, 48 are associated with

MS risk at nominal significance, consistent with a shared

genetic etiology of inflammatory diseases (see Table 3,

Supplementary Table 1, Fig 3). Of all the listed inflam-

matory diseases, SNPs identified in ulcerative colitis and

celiac disease seem to replicate better in MS (60% and

45% at a nominal level, respectively). Under more strin-

gent statistical significance cutoffs (<10�3 and <10�4),

few SNPs replicated in our MS data set, with celiac dis-

ease being the most replicated (34% at <10�3 and 15%

at 10�4). It is interesting to note that, for celiac disease

(and most of the other inflammatory diseases), a minor-

ity of loci appear to demonstrate association with MS,

but in the opposite direction such that a celiac disease

risk allele is protective for MS. Although such opposite

effects have been noted before, we gain an appreciation

that they are widespread and that they highlight the

complexity of the shared genetic architecture of inflam-

matory diseases. One example of this complexity is the

TAGAP locus, in which rs1738074 reaches p < 10�6 in

MS (see Table 2); this locus has attained genome-wide

significance in celiac disease35 (opposite direction of

effect relative to MS) and type 1 diabetes30 (same direc-

tion of effect as MS; see Table 3). Furthermore, within

the TAGAP locus, another SNP (rs212389, r2 ¼ 0.268

with rs1738074) that is associated with susceptibility to

rheumatoid arthritis34 has the same direction of effect in

MS (see Table 3). Given the extended evidence of associ-

ation of the TAGAP locus in many inflammatory dis-

eases, it is a strong candidate MS susceptibility locus,

although it has not reached a level of genome-wide sig-

nificance in our study.

Analysis under Dominant and Recessive Genetic
Models
For the SNP associations with p < 10�6, we also

explored dominant and recessive genetic models (see Sup-

plementary Table 2) to assess whether these models fit

our data better than our default additive model.36 In sev-

eral cases, association is enhanced when considering a

different model, which could guide the design of replica-

tion studies. For example, at the 2p21 locus, the recessive

model for the minor rs6718520A allele is slightly more

significant (OR ¼ 1.29; p ¼ 2.9 � 10�8) than the addi-

tive model (OR ¼ 1.17; p ¼ 3.4 � 10�8). For 2 other

SNPs, rs1335532 in CD58 and rs2293152 in STAT3,

the dominant model was more significant than the addi-

tive model. Finally, SNP rs9901869, which is found in

an intergenic region on chromosome 17 near the

NPEPPS gene, reached genome-wide significance under

the recessive model for the minor G allele (OR, 1.26; p
¼ 3.7 � 10�8 under both fixed-effects and random-

effects models). Thus, considering nonadditive models

for certain loci appears to be warranted and informs the

potential mechanism of a variant’s effect.

Transcriptional and Exploratory Pathway
Analysis
To explore the functional consequences of our new MS

susceptibility loci, we assessed whether each of the 3

index SNPs influenced the level of RNA expression from

genes located in the vicinity of each SNP (cis eQTL anal-

ysis). We performed these analyses in a set of 228 sub-

jects with demyelinating disease on which we have

obtained a genome-wide RNA expression profile from

PBMCs. Although a few suggestive cis associations (p <

0.05) with RNA expression were noted in the MLANA

(rs2150702) locus, none of the 3 newly identified suscep-

tibility alleles had statistically significant cis effects after

correcting for the number of hypotheses tested in these

data (see Supplementary Table 3). This is not unusual, as

only 625 of 1,598 SNPs associated with a human trait

were found to have a cis eQTL effect in a recent survey

of validated loci.37

In an exploratory analysis, we implemented a path-

way analysis approach by highlighting those pathways or

networks in which the expression of multiple genes is

influenced by a given SNP in a modest manner (p <

0.05). Of the 3 tested SNPs, rs2150702 in the MLANA
locus has a number of pathways that are involved in

immune system function. Specifically, the best-scoring

pathway is related to CD28 signaling, but T- and B-cell

receptor signaling and interleukini-2 signaling appear to

be involved as well (Supplementary Table 4). In the

highest scoring network of the EOMES locus (Supple-

mentary Fig 4A), tumor necrosis factor-a signaling

appears to play a central role, connecting the locus to

our previously described TNFRSF1A susceptibility locus.

The network also contains a decrease in HLA-A gene

expression relative to the susceptibility allele, which is in

agreement with the validation of at least 1 protective al-

lele (HLA-A*02) in this gene.38 The highest scoring net-

work for the MLANA locus (see Supplementary Fig 4B)

contains ERK and connections with type 1 interferon

responses previously implicated in MS with the IRF8
locus. Reducing the activity of the ERK signaling pathway

has been reported to ameliorate experimental inflamma-

tory encephalomyelitis, a murine model that captures

ANNALS of Neurology
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many features of MS.39 The best network of the THADA
locus includes STAT3 (see Supplementary Fig 4A), 1 of

the other genes with genome-wide significance in our

meta-analysis (see Table 2). The expression of STAT3
RNA is enhanced relative to the risk allele rs6718520A,

which is consistent with reports that diminished expression

of STAT3 in humans blocks the development of Th17

cells that play an important role in mediating inflamma-

tory demyelination in MS.40 Furthermore, STAT3 is part

of a broader network that includes key regulators of cellu-

lar signaling such as ERK.

Discussion

We have performed a meta-analysis of GWAS in MS and

have highlighted 3 novel loci that reach genome-wide sig-

nificance. The EOMES and MLANA loci showed no evi-

dence of statistical heterogeneity, whereas the third locus

near THADA showed some degree of heterogeneity

among the strata of data. In addition, we point out sev-

eral loci as having suggestive evidence of being associated

with MS, such as the locus containing the TAGAP gene

(previously associated with celiac disease, T1D, and rheu-

matoid arthritis) and a locus on chromosome 17 that

includes the transcription factor TBX21, which plays an

important role in the immunopathogenesis of murine

models of MS.32

These results extend the list of loci associated with

MS from earlier genome scans2–5 and confirm theoretical

predictions that increasing sample sizes will lead to addi-

tional discoveries given the magnitude of effect seen for

non-MHC MS susceptibility loci. However, >10,000

subjects are needed to be fully powered to identify such

common susceptibility alleles of modest effect.41 One ele-

ment of our strategy that enhances the likelihood for

gene discovery is imputation of genotypes at SNPs not

sampled by genotyping arrays using reference maps such

as HapMap that catalogue the correlation structure

among SNPs in human populations. Imputation allows

the integrated analysis of data sets generated on different

platforms and extends the analysis from roughly 750,000

genotyped SNPs at the end of quality control pipelines

to the 2.5 million SNPs that we considered in this meta-

analysis. Critically, confidence in an imputed genotype

varies depending on how well it correlates with geno-

typed SNPs, and if any uncertainty is present, it is incor-

porated into the test statistic, down-weighting the impor-

tance of the association results at that SNP. Imputation

can be a very valuable tool; for example, when a geno-

typed SNP is an imperfect surrogate marker for a causal

variant, the genotyped SNP may not display very strong

evidence of association, and such a result may be lost in

a genome-wide analysis. By estimating the results of the

association test with a causal variant that is not geno-

typed, imputation can provide more robust evidence of

association with a locus than a genotyped marker that is

poorly correlated with the causal variant. Thus, imputed

SNPs enhance our ability to detect and localize the effect

of a new susceptibility locus.42,43 However, such results,

as with any result from genome scans, need to be inde-

pendently replicated before loci can be considered

validated.

Several limitations are present in our study. First,

not all samples were genotyped with the same microarray

platform, which can incorporate heterogeneity due to dif-

ferences in coverage or genotype quality despite genome-

wide imputation of >2 million SNPs on the HapMap

reference data set. Second, residual population substruc-

ture (even after excluding outliers and incorporating

principal components into our analysis as covariates) may

have inflated the test statistic. When implementing a

very conservative correction for the modest level of

genomic inflation seen in each stratum, we find that the

EOMES locus remains significant at a genome-wide level,

but that the other 2 new loci fluctuate over this threshold

of significance. Thus, the EOMES locus is our most ro-

bust result, and we look forward to efforts to validate the

role of these loci that we describe in additional collec-

tions of MS subjects.

In conclusion, we report 3 new loci involved in the

etiology of MS. Several additional loci are involved in

inflammatory disease or immunologic function. Replica-

tion in large samples is now required to validate these

loci as bona fide susceptibility loci in MS. Once vali-

dated, future fine-mapping studies across these loci are

needed to provide a comprehensive picture of which var-

iants have causal relationships with MS risk.
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