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Abstract
Background: Infection with the Epstein-Barr virus (EBV) is associated with an increased risk of multiple
sclerosis (MS).
Objective: We sought genetic loci influencing EBV nuclear antigen-1 (EBNA-1) IgG titers and hypothesized that they may play a role in MS risk.
Methods: We performed a genome-wide association study (GWAS) of anti-EBNA-1 IgG titers in 3599
individuals from an unselected twin family cohort, followed by a meta-analysis with data from an independent EBNA-1 GWAS. We then examined the shared polygenic risk between the EBNA-1 GWAS
(effective sample size (Neff) = 5555) and a large MS GWAS (Neff = 15,231).
Results: We identified one locus of strong association within the human leukocyte antigen (HLA)
region, of which the most significantly associated genotyped single nucleotide polymorphism (SNP) was
rs2516049 (p = 4.11 × 10−9). A meta-analysis including data from another EBNA-1 GWAS in a cohort of
Mexican-American families confirmed that rs2516049 remained the most significantly associated SNP
(p = 3.32 × 10−20). By examining the shared polygenic risk, we show that the genetic risk for elevated
anti-EBNA-1 titers is positively correlated with the development of MS, and that elevated EBNA-1 titers
are not an epiphenomena secondary to MS. In the joint meta-analysis of EBNA-1 titers and MS, loci at
1p22.1, 3p24.1, 3q13.33, and 10p15.1 reached genome-wide significance (p < 5 × 10−8).
Conclusions: Our results suggest that apart from the confirmed HLA region, the association of antiEBNA-1 IgG titer with MS risk is also mediated through non-HLA genes, and that studies aimed at identifying genetic loci influencing EBNA immune response provides a novel opportunity to identify new and
characterize existing genetic risk factors for MS.
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Introduction
Epstein-Barr virus (EBV) is a double-stranded DNA
human herpesvirus also known as HHV-4, which
infects more than 90% of the world’s adults and persists as a lifelong latent infection.1 It primarily
infects B-lymphocytes and permanently transforms
them into latently infected lymphoblastoid cell lines,

which constantly produce a group of viral proteins,
including EBV nuclear antigens (EBNAs) and latent
membrane proteins.2 Infection with EBV has been
associated with the development of autoimmune diseases including multiple sclerosis (MS), systemic
lupus erythematous, and rheumatoid arthritis.3
Despite the high prevalence of EBV infection, only
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a small number of infected individuals will develop
one of these diseases.4
EBV nuclear antigen-1 (EBNA-1) may act as an
important viral antigen in MS pathogenesis.5,6 Recent
work has suggested that human leukocyte antigen
(HLA)-dependent and independent immune responses
to EBNA-1 are important drivers of MS pathogenesis
and may modulate effects on MS risk of protective
and deleterious HLA antigens.7 Additionally, EBNA1-specific T-cells that cross-react with myelin have
been demonstrated,8 and anti-EBNA-1 antibodies
have been described in cerebrospinal fluid oligoclonal
bands in MS cases.9 Higher anti-EBNA-1 titers have
been associated with a worse outcome in MS, both
clinically10 and radiologically.11
A number of studies have observed an association
between anti-EBNA-1 IgG titers and MS risk.6,12,13 In
a study of US military personnel who were antiEBNA-1 IgG positive at study entry, the relative risk
of MS over an average follow-up of 5 years was 36
times higher among those with high anti-EBNA titers
compared with those with low titers. Importantly, in
this study, in blood samples collected before the age
of 20 years, the mean anti-EBNA-1 IgG titers were
identical between participants who later developed
MS and age- and sex-matched controls that remained
healthy. However, after the age of 20 years, the antiEBNA-1 IgG titers in those that later developed MS
increased four-fold, while that of controls remained
constant.12 Similarly, in 10 cases who were seronegative for anti-EBNA-1 IgG at their first blood sample
who subsequently developed MS, all became seropositive generally within a few months of MS onset.14
These findings suggest that the elevation in antiEBNA-1 IgG titers may either directly predispose to
the development of MS or may be a biomarker of
immune dysregulation that results in an increased risk
of MS.15
Recent work in Mexican-American families16 suggested that particular HLA variants are associated
with elevated anti-EBNA-1 IgG titers. Thus, we
hypothesized that an altered immune response to EBV
infection—manifested by increased anti-EBNA-1
IgG titers or a potentiated inflammatory response to
EBV infection—may be influenced by genetic factors, and that these genetic variants may also predispose to MS.
Materials and methods
A flow chart of the study design is shown in Figure 1.

Figure 1. Study flowchart detailing cohorts used.

Genome-wide association analysis
Queensland Institute of Medical Research (QIMR)
twin families EBNA-1 genome-wide association study
(QTFEGWAS). In all, 3760 individuals from 1020
families in the QIMR Twin Family Cohort Study were
studied. Details of the clinical protocol for blood collection and processing have been described elsewhere.17,18 For a more detailed description of the
sample, please see Table S1. The ImmunoWELL
EBNA IgG Test kit (GenBio, San Diego, CA, USA)
was used for detection of anti-EBNA-1 IgG in human
serum (N = 3760) at the Monash Antibody Technologies Facility, Monash University. The following values were used to determine the status for seropositive/
seronegative according to the manufacturer’s protocol: negative (<200 units/mL); equivocal (200–
300 units/mL); and positive (>300 units/mL). To
check which data transformation should be used for
analysis, the distribution of standardized residuals
was examined by treating anti-EBNA-1 IgG titers as
both continuous and categorical values (four groups:
<250, 250–1001, 1001–2000, and >2000 units/mL).
The residuals were derived from generalized linear
model (GLM) analysis using box effect, row effect,
and column effect as fixed factors while also controlling for sex, age, age × sex, age2, and age2 × sex. Since
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the residuals were normally distributed (Figure S1),
we utilized these modeled residuals as continuous
outcomes and predictors in place of as-measured antiEBNA-1 IgG.
Genome-wide genotyping was performed using the
Illumina 610-Quad BeadChip and imputed to extend
the genomic coverage to 2.4 million single nucleotide
polymorphisms (SNPs).19 As part of quality control,
individuals from families with pedigree errors and a
call rate <0.95 were excluded. SNPs with a call rate
<0.95 or with a low imputation quality score (R2 < 0.3),
minor allele frequency <0.01 in the population, or significant deviation from Hardy–Weinberg equilibrium
(pHWE < 1.0 × 10−6), were excluded. In total, the data
from 3599 individuals from 992 families and
2,428,106 SNPs passed that quality control were used
for further analysis.
The association analysis of imputed dosage scores
was performed using a family-based score test implemented in Merlin-offline20 which corrects for relatedness of twins and family members. To detect whether
there were independent effects at significant loci, we
carried out conditional analysis by including the most
significant SNP as a covariate.
Mexican-American
families
EBNA-1
GWAS
(MAFEGWAS). We used summary results from the
MAFEGWAS.16 In brief, the SNPs were typed on several versions of Illumina’s microarrays and quality
controls were done according to standard requirements. A total of 944,565 genotyped SNPs from 1956
individuals were available for analysis. The antiEBNA-1 quantitative antibody titer level was used for
genome-wide joint linkage and association analysis in
SOLAR.21
GWAS meta-analysis
EBNA-1 GWAS meta-analysis (EGMA). Summary
results from the two EBNA-1 GWAS (QTFEGWAS
(N = 3599) and MAFEGWAS (N = 1956)) were used
to carry out a meta-analysis using an inverse variance
fixed-effect model in META.22 To facilitate comparison with p values for all 110 established non-HLA
risk loci recently published by the International Multiple Sclerosis Genetics Consortium,23 we used the
Direct Imputation of summary Statistics (DIST)24
program, to directly impute EGMA summary statistics based on the 1000 genome project reference data.
The DIST is achieved by employing a conditional
expectation formula for multivariate normal variants
and using the correlation structure from a relevant

reference population. Default and recommended
parameters of DIST were utilized in this study.
MS GWAS meta-analysis (MGMA). The MGMA was
comprised of data from seven datasets of non-overlapping case and control subjects of European descent.
A total of 5545 cases and 12,153 controls with
2,529,394 SNPs were used for analysis. For a detailed
description, see Patsopoulos et al.25
Shared polygenic risk between EBNA-1 GWAS
and MS GWAS
To test whether the SNPs associated with antiEBNA-1 IgG titers may also contribute to MS risk,
we first matched the genome-wide significant SNPs
(p < 5 × 10−8) in the EGMA with MGMA results. We
also matched EGMA p values for all 110 established
non-HLA risk loci recently published.23 We then carried out SNP effect concordant analysis (SECA) and
genetic risk score (GRS) analysis to further examine
the shared polygenic risk between the EBNA-1
GWAS and the MS GWAS, including and excluding
the extended HLA region (chr6: 25–35 Mb).
SNP effect concordant analysis. SECA was undertaken using the EGMA and MGMA, utilizing one
study as a discovery sample while the other acted as a
target sample, and vice-versa. Subsets of independent
autosomal SNPs were extracted via linkage disequilibrium (LD) clumping. The approach iterated from
the first to last SNP on each chromosome sorted from
smallest (most significant) to largest p value (less significant) in the discovery sample that had not already
been clumped (denoting this as the index SNP) and
formed clumps of all other SNPs that were within
10 Mb of and not in LD with the index SNP (r2 > 0.1)
based on HapMap2 CEU genotype data. In total, for
autosomal SNPs including the HLA region, there
were 24,722 SNPs clumped using the EGMA as a discovery sample, and 24,642 SNPs clumped using the
MGMA as a discovery sample. For autosomal SNPs
excluding the HLA region, there were 24,688 SNPs
clumped using the EGMA as a discovery sample, and
24,621 SNPs clumped using the MGMA as a discovery sample. To test for concordant SNP effects
between the two datasets, a total of 144 key SNP subsets were examined, each generated using 12 p value
thresholds (p = 0.01, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6,
0.7, 0.8, 0.9, and 1.0). Fisher’s exact test was applied
to test whether the overlapping effects were in the
same direction after conditioning on their GWAS p
value, where a Fisher’s exact test p value (pFT < 0.05)
means the SNP effects are nominally correlated. In
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Figure 2. Anti-EBNA-1 IgG titer distribution in different age ranges for twins and their parents. For each age range, antiEBNA-1 IgG titers are divided into four groups (from left to right: <250, 250–1000,1001–2000, and > 2000).

all, 1000 permutations were performed to examine the
significance of observing a specific proportion of subsets with correlated SNP effects—adjusted for testing
all 144 subsets (pFTsig-permuted).26
GRS analysis. To further validate the SECA results,
GRSs27 were constructed using the independent SNPs
separated by <10 Mb that are not in LD (r2 < 0.1) and
selected as having the smallest p value in the discovery
sample with a nominally significant p < 0.05, and in the
target sample with p < 1.0. GRS analysis requires individual-level GWAS SNP genotype data for the target
sample. As only part of the genotype data for the EGMA
and MGMA could be obtained, the first GRS analysis
(EGMA as a discovery sample) used 5862 clumped
SNPs to generate EGMA-based GRSs in the MS GWAS
obtained from dbGaP (phs000275, phs000171, and
phs000139) and ANZgene (cases = 3252; controls = 5725). For details on data cleaning, please refer
to our previous paper.28 The second GRS analysis
(MGMA as a discovery sample) used 5770 clumped
SNPs to generate MGMA-based GRSs in the QTFEGWAS. For binary disease traits (cases and controls), the
GRS was used as a predictor to test whether higher
mean GRS were observed for cases (MS) than for controls in the target samples. For quantitative traits, the
GRS was used to test the correlation between GRS and
the target phenotype (anti-EBNA-1 IgG titers).
Joint EBNA-1 and MS meta-analysis. To identify
genetic risk factors contributing to both anti-EBNA-1
IgG titer and MS risk outside the HLA region, a joint
meta-analysis of EGMA results and MGMA results
was carried out using a sample size-weighted method
based on p values in METAL.29
Gene–gene interaction analysis. To check whether
interactions existed between the loci that were found

to contribute to both anti-EBNA-1 IgG titer and MS
risk, we defined two logistic regression models, one
taking into account only the marginal effects of both
SNPs while the other was a full logistic regression
model including a pairwise interaction between the
two SNPs. A likelihood ratio test with four degrees of
freedom was then used to test whether there was any
statistical difference between the two models.30 The
datasets used for the analysis were the MS GWAS
obtained from dbGaP and ANZgene listed above
(cases = 3252; controls = 5725).
Results
HLA region as major quantitative trait loci
influencing anti-EBNA-1 IgG titer
The distributions of anti-EBNA-1 IgG titers using four
groups (<250, 250–1000, 1001–2000, and >2000) in
different age ranges are shown in Figure 2. As age
increased, the percentage of individuals with higher
anti-EBNA-1 IgG titers increased dramatically.
Heritability for anti-EBNA-1 IgG titers was 42%. The
HLA region on chromosome 6 contained multiple
SNPs exceeding the threshold for a significant association with anti-EBNA-1 IgG titers (p < 5 × 10−8)
(Figure S2(a)). A Q-Q plot is shown in Figure S3(a).
Of these HLA SNPs, the most significant imputed
SNP was rs9268923 (p = 1.22 × 10−11), located between
the genes HLA-DRA and HLA-DRB5. The most significant genotyped SNP was rs2516049 (p = 4.11 × 10−9;
Table 1), located between the genes HLA-DRB1 and
HLA-DQA1. As the HLA region is genetically complex, with a low rate of recombination and long-range
LD, we carried out two conditional analyses to check
whether there were independent peaks, first by conditioning on rs9268923, and then on both rs9268923
and rs2267647 (Figure 3). However, after conditional
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6
6
6
6
6
6
6
6
6
6
6

rs9268923
rs9268969
rs6916742
rs2516049
rs522308
rs11757159
rs9405112
rs9268853
rs9268858
rs9268877
rs7739203
rs7739357

32540813
32542327
32561169
32678378
32689900
32628250
32553578
32537621
32537736
32539125
32549533
32549619

POS

C
C
C
T
C
C
G
T
T
G
G
G

E(A)

T
T
T
C
T
T
A
C
C
A
A
A

O(A)

Imputed
Imputed
Imputed
Genotyped
Imputed
Imputed
Imputed
Imputed
Imputed
Imputed
Imputed
Imputed

SNP type

0.905
0.905
0.879
0.999
0.989
0.972
0.977
0.989
0.989
0.977
0.973
0.973

Score

0.552
0.552
0.569
0.666
0.664
0.636
0.662
0.657
0.657
0.585
0.585
0.585

0.180
0.180
−0.176
0.162
0.159
0.154
0.156
0.152
0.152
−0.146
−0.145
−0.145
3.12 × 10−11
4.11 × 10−09
8.56 × 10−09
1.24 × 10−08
1.57 × 10−08
3.30 × 10−08
3.30 × 10−08
3.35 × 10−08
3.90 × 10−08
3.90 × 10−08

1.22 × 10−11

1.22 × 10−11

Freq effect p

Parents + children (N = 3599)

0.252
0.252
−0.200
0.210
0.207
0.206
0.215
0.206
0.206
−0.184
−0.187
−0.187
2.40 × 10−09
1.31 × 10−09
1.89 × 10−09
1.44 × 10−09
8.08 × 10−10
3.36 × 10−09
3.36 × 10−09
3.46 × 10−08
1.99 × 10−08
1.99 × 10−08

1.37 × 10−13

1.37 × 10−13

Effect p

Parents (N = 1243)

0.148
0.148
−0.160
0.142
0.138
0.130
0.128
0.125
0.125
−0.130
−0.129
−0.129

5.95 × 10−06
1.36 × 10−04
2.03 × 10−04
3.59 × 10−04
5.30 × 10−04
6.96 × 10−04
6.96 × 10−04
2.33 × 10−04
2.65 × 10−04
2.65 × 10−04

2.93 × 10−05

2.93 × 10−05

Effect p

Childrena (N = 2356)

E(A) refers to the effect allele; O(A) refers to the opposite allele; score refers to the imputed or genotype score of the SNP; Freq refers to the E(A) frequency.
Effect corresponds to standard deviation units for the transformed phenotype.
aChildren refers to using all the children samples.
bChildren refers to only for anti-EBNA-1 IgG titers positive children.

CHR

SNP

Table 1. Genome-wide association analysis results of QIMR twin families.

0.225
0.225
−0.215
0.180
0.178
0.170
0.176
0.172
0.172
−0.176
−0.175
−0.175

9.72 × 10−12
9.72 × 10−12
5.05 × 10−11
1.68 × 10−07
2.36 × 10−07
4.07 × 10−07
2.38 × 10−07
4.64 × 10−07
4.64 × 10−07
7.00 × 10−08
8.13 × 10−08
8.13 × 10−08

Effect p

Childrenb (N = 1488)
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Figure 3. Association analysis of HLA region and EBNA-1 titers in QIMR Twin Families EBNA-1 GWAS (N = 3599).
Results are shown (a) unconditional analysis, (b) conditional analysis on rs9268923, and (c) conditional analysis on
rs9268923 and rs2267647. The top significant genotyped SNP rs2516049 was also highlighted in red. SNPs with a
p < 1.0 × 10−5 are highlighted in green.

analysis, no other SNPs showed a significant association, suggesting these top SNPs are within one haplotype block that contains all the variants modulating
anti-EBNA-1 IgG titers.
Association analyses were also conducted separately
for parents and children (Table S1). Analysis of parents only (N = 1243), implicated the same SNPs in the
HLA region (Figure S2(b)), that were found using all
samples: imputed SNP rs9268923 (p = 1.37 × 10−13)
and genotyped SNP rs2516049 (p = 1.31 × 10−9; Table
1). In contrast, analysis of all children (N = 2356), did
not identify any significant SNPs in the HLA region
(Figure S2(c)). However, once we restricted analyses
to only EBNA-1 positive (>300 units/mL) children
(N = 1488), we again observed the same significant
associations in the HLA region (Figure S2(d)). Q-Q
plots are shown in Figure S3(b)–(d), respectively.
In the EGMA (inflation factor, λ = 1.017; Figure S3(e)),
45 SNPs that reached genome-wide significance were
found to be located in the HLA region (p < 5.0 × 10−8;
Table S2). Of these, rs2516407 remained the most significant (p = 3.32 × 10−20). No other loci were genomewide significant outside the HLA region (Figure S4).
The inflation factors (λ) for the analyses were close to
1, suggesting population stratification had minimal
influence on test statistical distribution; therefore, we
did not adjust for genomic control in our analysis.

Figure 4. Q-Q plot for 110 non-HLA MS SNPs in the
EBNA-1 GWAS meta-Analysis. The 95% confidence
envelope (shaded grey) was formed by calculating, for
each order statistic (p values ranked from smallest to
largest), the 2.5th and 97.5th centiles of the distribution
of the order statistic under random sampling and the null
hypothesis.

Anti-EBNA-1 IgG titers as possible risk factors
for the development of MS: the effect of HLA
and non-HLA region genes
The Q-Q plot (Figure 4) shows a significant excess of
smaller EGMA p values for the 110 non-HLA MS

6

http://msj.sagepub.com

Downloaded from msj.sagepub.com at Queensland University of Tech on January 28, 2016

Y Zhou, G Zhu et al.

Figure 5. Manhattan plot for the pooled meta-analysis of EGMA and MGMA (excluding the HLA region). The 22
autosomal chromosomes separated by two different colors are displayed on the X-axis. The −log10(p) values are displayed
on the Y-axis. Genome-wide association significance level is shown as the red line (p < 5.0 × 10−8).

SNPs recently published by the International Multiple
Sclerosis Genetics Consortium23 than expected by
chance (λ = 1.25). In SECA, using the EGMA as a discovery sample, the clumped SNP effects were positively correlated with MGMA effects, either including
(pFTsig-permuted = 0.026; 95% confidence interval (CI):
0.018–0.038) or excluding (pFTsig-permuted = 0.049; 95%
CI: 0.037–0.064) the HLA region (Figure S5).
However, using the MGMA as a discovery sample,
the clumped SNP effects were not positively correlated with the EGMA SNP effects, either including
(pFTsig-permuted = 0.173; 95% CI: 0.151–0.197) or
excluding (pFTsig-permuted = 0.157; 95% CI: 0.136–
0.181) the HLA region (Figure S6).
The SECA results (excluding the HLA) were further
validated by GRS analysis. A significantly higher
GRS, constructed using the EGMA as a discovery
sample, was observed in MS cases than controls in the
target dbGaP and ANZgene GWAS (p = 0.007; Figure
S7). In contrast, a GRS constructed using MGMA as
a discovery sample, did not correlate with antiEBNA-1 IgG titers in the target QTFEGWAS samples
(p = 0.270, correlation coefficient = −0.030; Figure
S8). Altogether, these results indicate that the genetic
risk for elevated anti-EBNA-1 IgG titer is positively
correlated with increased MS susceptibility, whereas
the reverse does not hold. That is, the genetic risk for
MS is not positively correlated with elevated antiEBNA-1 IgG titer level.
The combined meta-analysis of the EGMA and
MGMA results (excluding the HLA region) (λ = 1.046;
Figure S3(f)) showed several SNP associations that
reached genome-wide significance (p < 5.0 × 10−8;
Table S3). The approximate chromosomal location of
the significant SNPs is shown in the Manhattan plot in
Figure 5 and labeled with the nearest gene. These

genes include EVI5(1p22.1), EOMES(3p24.1),
ILDR1(3q13.33), and IL2RA(10p15.1). For detailed
regional plots, see Figure S9. Of these, the most interesting gene is Ecotropic viral integration site 5 (EVI5)
on chromosome 1, in which a missense mutation SNP
rs11808092 (p = 1.71 × 10−8) results in an amino acid
change from glutamine to histidine. The impact of this
amino acid substitution on the structure and function
of the protein product was predicted as benign using
PolyPhen-2,31 with a score of 0.003 (sensitivity: 0.98;
specificity: 0.44). Sorting Intolerant From Tolerant
(SIFT)32 gave similar results (tolerated), while
MutationAssessor33 scored it as “medium” (2.255).
In the interaction analysis, tagged SNPs within each
genome-wide significant peak were selected
(r2 > 0.65). In total, we studied five SNPs: rs11808092
(1p22.1), rs427221 (3p24.1), rs2255214 (3q13.33),
rs2516049 (6p21.32), and rs12722561 (10p15.1). We
observed a suggestive synergistic interaction between
rs2516049 and rs11808092 (p = 0.006; Table S4).
Discussion
We have undertaken a large GWAS of anti-EBNA-1
IgG titers and provide strong evidence that the HLA
region serves as the main quantitative trait locus for
anti-EBNA-1 IgG titers. Our results strongly suggest
that there are shared genetic risk factors that influence
both anti-EBNA-1 IgG titers and MS risk. Our results
further indicate that the genetic risk for elevated antiEBNA-1 IgG titer is positively correlated with
increased MS susceptibility but the reverse importantly is not supported, that is, MS risk genetic differences do not increase anti-EBNA-1 titers. In our study,
the heritability of anti-EBNA-1 IgG titers is 42%,
clearly suggesting that other factors besides genetic
differences are also important in MS pathogenesis and
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that there is still a clear strong association with prior
EBV infection in MS risk modulated by the individual’s genetic make-up.
In our results, the strongest non-HLA EBNA-1 association was found for EVI5. The major function of
EVI5 is the modulation of cell cycle progression,
cytokinesis, and cellular membrane traffic.34 Several
studies have described the involvement of EVI5 in
the risk and severity of MS using case–control and
cross-sectional study designs. Using the candidate
gene approach, Hoppenbrouwers et al. found that
SNPs within EVI5 showed a moderate association
with MS risk (odds ratio (OR) = 1.90–2.01; p = 0.01).35
The ANZgene consortium found a significant interaction between SNPs in EVI5 and HLA-DR15 in predicting MS risk (p = 0.001).36 This finding is
supported by recent work demonstrating that EVI5
genotype is associated with a greater odds of having
a more severe relapse among individuals who carry
the risk allele of HLA-DRB1*1501.37 These studies
showed associations with MS parameters, but did not
consider genetic effects in concert with anti-EBNA-1
IgG levels. Direct evidence of a link between EBV
infection and gene expression changes has been provided by the work of van Aalderen et al.,38 who found
that EOMES expression was altered after EBV infection. Also, in another study by Parnell et al.39 analyzing the expression of MS-associated transcription
factors using whole blood, EOMES expression was
significantly lower in MS cases compared with
healthy controls.
Further to the correlation in genetic risk between
anti-EBNA-1 IgG titer and MS, the observed excess
of smaller EGMA p values for the recently reported
110 non-HLA MS risk SNPs23 (Figure 3) suggests
that other genetic factors likely influence the interaction between MS risk and EBV infection. Hence,
analysis of larger EBNA-1 GWAS datasets and/or
analysis of other markers of EBNA immune responses
(e.g. anti-EBNA-2 or EBNA-3 titers) should provide
a novel opportunity to identify new and characterize
existing genetic risk factors for MS. Our findings
indicate that these studies offer a powerful approach
to identify the specific immune responses components that contribute most to MS susceptibility.
Indeed, considering the high cost and difficulty in
amassing larger samples of MS cases, we suggest
focus could switch to performing large studies, such
as these, aimed at identifying genetic loci influencing
anti-EBNA immune response. Such studies should
also provide insight into other EBV-associated autoimmune diseases such as Burkitt’s lymphoma and
nasopharyngeal carcinoma.

In conclusion, our results suggest that genetic factors
influencing differential immune system reactivity to
EBV infection increase the risk of MS in genetically
predisposed individuals exposed to EBV, most notably in adolescence or adult life.
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