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Significance

 The etiology of multiple sclerosis 
remains unclear. As a result, 
current therapies, though 
effective, target disease 
mechanisms rather than the 
underlying causes. Hence, there 
is a need to prolong treatments 
for years, if not decades. Recent 
evidence highlights Epstein–Barr 
virus as a key factor in disease 
development, opening new 
opportunities for the 
development of therapies that 
target one of the root causes of 
the disease. By integrating 
diverse experimental 
approaches, we uncover disease-
specific host–virus interactions 
and show that at-risk human and 
viral genetic factors converge on 
similar mechanisms. Such 
mechanisms, and the identified 
at-risk viral subtypes, may inform 
highly targeted preventive or 
therapeutic strategies.
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Recent sero-epidemiological studies have strengthened the hypothesis that Epstein–
Barr virus (EBV) may be a causal factor in multiple sclerosis (MS). Given the 
complexity of the EBV–host interaction, various mechanisms may be responsible 
for the disease pathogenesis. Furthermore, it remains unclear whether this is a 
disease-specific process. Here, we showed that genes encoding EBV interactors are 
enriched in loci associated with MS but not with other diseases and in prioritized 
therapeutic targets. Analyses of MS blood and brain transcriptomes confirmed a 
dysregulation of MS-associated EBV interactors affecting the CD40 pathway. Such 
interactors were strongly enriched in binding sites for the EBV nuclear antigen 
2 (EBNA2) viral transcriptional regulator, often in colocalization with CCCTC 
binding factor (CTCF) and RNA Polymerase II Subunit A (POLR2A). EBNA2 was 
expressed in the MS brain. The 1.2 EBNA2 allele downregulated the expression of 
the CD40 MS-associated gene analogously to the CD40 MS-risk variant. Finally, 
we showed that the 1.2 EBNA2 allele associates with the risk of MS. This study 
delineates how host and viral genetic variability converge in MS-specific pathoge-
netic mechanisms.

autoimmunity | Epstein–Barr virus | multiple sclerosis

 As for other major autoimmune conditions, our knowledge about the causes of multiple 
sclerosis (MS) remains incomplete. In addition to an undeniable genetic susceptibility 
( 1 ), very recent progress supports the causal role of Epstein–Barr virus (EBV) in  
MS ( 2 ). However, key questions remain open. Concerning the epidemiologically 
defined role of EBV, confirmation and mechanistic explanations from other fields are 
needed ( 3 ). Immunological studies highlight a dysregulated antibody response to the 
EBV-peptidome ( 4 ) but also a pathogenetic B and T cell cross-reactivity between 
portions of the EBV nuclear antigen 1 (EBNA1) protein and different central nervous 
system (CNS) antigens such as Anoctamin 2, Glial Cell Adhesion Molecule (GlialCAM), 
and alpha-crystallin B ( 5   – 7 ). Moreover, recent work shows that healthy individuals at 
high risk of pathogenetic cross-reactivity between EBNA1 and GlialCAM are protected 
by cytotoxic immune cells targeting the autoreactive cells ( 8 ). However, we still do not 
fully capture the complex interaction between a sophisticated virus ( 9 )—with its genetic 
variability—and human predisposing genetic variability ( 10 ), how it leads to the disease 
itself, why it occurs in a tiny fraction of the EBV-infected population, and whether 
this is a disease-specific process. In fact, EBV is potentially implicated in other auto-
immune conditions. In some of these diseases, the same viral transcriptional regula-
tor—Epstein–Barr nuclear antigen 2 (EBNA2)—may operate across risk loci in various 
conditions, including MS. EBV is also a causative agent of infectious mononucleosis 
(IM), a recognized risk factor for MS. Recent studies on the genetic control of IM 
suggest that the risk association between anti-EBNA-1 IgG levels and MS may partly 
stem from overlapping HLA associations, with DRB1*15:01  being a poor class II 
antigen in the immune defense against EBV ( 11 ). In all, what determines the distinct 
outcomes of a shared exposure to EBV remains unclear. In this study, we started from 
human genetic data to understand EBV causality in MS and what distinguishes it from 
other diseases. 
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Results

Genes Coding for Herpesvirus Interactors Are Enriched in MS 
Risk Loci. We identified modules of genes whose products are 
known to physically interact (“interactomes”) with environmental 
exposures or participate in biological processes of plausible, 
uncertain, or unlikely relevance for several complex disorders. In 
detail, we investigated MS, type 1 and type 2 diabetes, rheumatoid 
arthritis, Crohn’s disease, celiac disease as autoimmune diseases, 
and bipolar disorder, hypertension, coronary artery disease as 
nonautoimmune conditions. We considered 20 interactomes, 
10 related to environmental exposures, 10 to biological processes 
(SI Appendix, Table S1) and 1 Human-microRNA targets (human 
miRNA-mRNA) network.

 To verify the reproducibility of the results, we set a discovery 
stage with MS-GWAS data from the dataset published in 2011 
( 12 ) and from Immunochip data ( 13 ). To evaluate the contribu-
tion of all MS-associated SNPs, we constructed two combinations 
of the MS-GWAS 2011 and MS-GWAS 2013: In the first com-
bination, METACHIP1, MS-GWAS 2011 data were considered 
in case of overlap (i.e., if both chips had a SNP in the same posi-
tion, the MS-GWAS 2011 P﻿-value was preferred); in the second 
combination, METACHIP2, MS-GWAS 2013 data were pre-
ferred in case of overlap (SI Appendix, Fig. S1 ). The GWAS data 
in the other diseases were from the Wellcome Trust Case Control 
Consortium 2 ( 14 ).

 We selected significant SNPs associated with MS and the other 
complex diseases from GWAS datasets, considering a P﻿-value 
cut-off of association with each disease at 0.05. We investigated 
their statistical enrichment of association within each one of the 
20 selected interactomes using Association List Go AnnoTatOR 
(ALIGATOR).

 When analyzing the frequency of disease-associated genes from 
distinct GWAS studies in the 20 interactomes, viral interactomes 
were consistently associated with MS ( Fig. 1A  ). The three herpes 
viruses studied showed statistical significance with good consistency 
throughout the analyses (levels of significance: EBV > HHV8 > 
CMV), except for MS GWAS 2013. Given the design of GWAS 
2013 (SNPs selected from immune system-related loci shared by 
autoimmune disorders), this result may suggest that herpesviruses 
do not associate with MS through genetic traits common to other 
autoimmune diseases. In fact, the herpesvirus association was char-
acteristic of MS but not of any other condition studied, including 
immune-mediated disorders ( Fig. 1A  ). Other isolated associations 
in MS and non-MS conditions are visible in  Fig. 1A  . By calculating 
Spearman’s correlations, we excluded linear correlations between 
the size of single interactomes and their cumulative P﻿-value of 
association with the diseases (SI Appendix, Figs. S2 and S3 )        

 To assess the consistency of the MS-EBV association, we verified 
whether the result could be confirmed in the latest 2019 MS GWAS 
( 15 ), in which a proportion of the genotyped population was inde-
pendent of the previous GWAS, and was robust with respect to 
another enrichment testing approach. Moreover, for the 
SNP-to-gene mapping, we switched from ALIGATOR to the Open 
Targets machine-learning model, a more recent approach that inte-
grates fine mapping and several functional genomic features ( 16 ). 
At the same SNP P﻿-value cut-off set at 0.05, the results showed a 
remarkable macroscopic coherence with the 2011 and 2013 GWAS 
analysis, confirming a significant association of herpesviruses and 
HIV interactomes. Concerning more “sporadic” signals, we could 
confirm those of the VIRORF, HBV, AHR, and SIRT7 interac-
tomes but not those of Polyomavirus, Chlamydia , and AIRE. Other 
associated interactomes emerged (HCV, SIRT7, HDACs, huIFN, 
inflammasome, SIRT1, and VDR) with HCV appearing to be more 

consistent. Interestingly, when we verified the sensitivity of the 
results concerning different SNP P﻿-value cut-offs (P  < 0.03, 0.01, 
5 × 10−5 , and 5 × 10−8 ), we witnessed a progressive clarification of 
the results with the EBV interactome becoming increasingly signif-
icant, followed by those of CMV and, to a lesser extent, of HIV 
( Fig. 1B   and SI Appendix, Fig. S4 A–E﻿ ). We performed the same 
analysis for Systemic Lupus Erythematosus (SLE), hereby consid-
ered as a positive control given its robust association with EBV. 
Consistently, results showed an enrichment of EBV interactors 
(SI Appendix, Fig. S4F﻿ ), confirming the reliability of our approach.  

EBV and Human Transcriptional Regulators Bind to Genomic 
Intervals Associated with MS-Associated Interactome Genes (MS-
AIG). To evaluate the existence of common regulatory mechanisms, 
we mapped the 10,788 nominally significant SNPs, resulting from 
ALIGATOR analysis, and related corresponding 741MS-AIG 
(Fig. 2A and SI Appendix, Table S2) in the human genome. We 
unveiled a wide distribution on autosomal chromosomes (Fig. 2B) 
and a prevalent localization in intronic and upstream/downstream 
regions (Fig. 2C), in line with previous studies (17–19). We then 
used the RegulomeDB database (20) to look for proteins with 
binding sites close to SNPs extracted from ALIGATOR. We 
overlapped the SNPs with the protein binding map generated by 
the Encyclopedia of DNA Elements (ENCODE) and RoadMap 
Epigenomics (20), obtaining a list of enriched proteins. RNA 
Polymerase II Subunit A (POLR2A) and CCCTC-Binding Factor 
(CTCF) displayed the highest regulatory potential (Fig. 2D). We 
also carried out an analysis of “co-occurrence” for POLR2A and 
CTCF using Fisher’s exact test. After controlling P-values for 
multiple testing (FDR, Benjamini–Hochberg), co-occurrence of 
POLR2A and CTCF was significant (q < 0.05). This is in line 
with data showing that SNPs in CTCF binding sites could alter 
chromatin topology and affect gene expression in the presence of 
RNA polymerase II (21).

 Concerning EBV transcriptional regulators, we chose EBNA2, 
a viral transactivator controlling both cellular and viral gene expres-
sion. Previous work from our and other groups showed that EBNA2 
can bind to a substantial fraction of risk loci in MS and in other 
autoimmune diseases ( 22     – 25 ). On these bases, we evaluated 
whether genetic regions containing the 10,788 nominally significant 
SNPs selected through the interactome approach were enriched for 
EBNA2 binding sites. We used a colocalization approach consid-
ering our region-of-interest (ROI) as 20 Kbp upstream and down-
stream of the SNP positions, according to the ALIGATOR setting. 
We matched our ROI with the list of EBNA2 binding regions from 
a ChIP-Seq performed on GM12878 EBV-transformed LCLs ( 25 ) 
and found a statistically significant enrichment with harmonic score 
(HS) = 409.99 [a combination of −P﻿-value = 10 to 50; Odds Ratio 
(OR) = 13.73; support regions = 3018; see Materials and Methods ]. 
This result confirmed EBNA2 as strongly associated with MS risk 
loci, extending the result to nominally significant SNPs. It also 
implied EBNA2 in the control of the expression of susceptibility 
genes that are possibly part of a pathological interaction with the 
“environmental” (mainly viral) risk. This result extends previous 
data on five out of six preselected loci ( 22 ). To compare results and 
identify possible cooperative regulatory mechanisms between 
EBNA2, CTCF, and POLR2A, we replicated the RegulomeDB 
enrichment analysis using our colocalization approach. We con-
firmed a strong enrichment of POLR2A (Harmonic Score = 832.76, 
﻿P﻿-value = 10 to 50, OR = 27.95, support = 4,139) and CTCF 
binding sites (HS = 99.36, P﻿-value = 10 to 50, OR = 3.31, support 
= 7,874) ( Fig. 2E  ). We were able to identify 1,044 colocalization 
hotspots bound by all the three transcription factors (TFs), 2,253 
by POLR2A-CTCF, 242 by POLR2A-EBNA2, 1,373 by 
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MULTIPLE SCLEROSIS OTHER COMPLEX DISEASES

GWAS 2011 GWAS 2013 METACHIP1 METACHIP2 ChD RA CD T1D T2D HT BD CAD

EBV 0,0012 0,0828 0,0016 0,0004 0.4578 0.523 0.4716 0.9968 0.5444 0.1674 0.539 0.4784

HHV8 0,0046 0,2094 0,0052 0,0022 0.8732 0.6424 0.5574 0.3588 0.0214 0.7842 0.6578 0.3154

HIV 0,0026 0,3970 0,0216 0,0256 0.7636 0.903 0.6046 0.4518 0.0832 0.5958 0.7344 0.7496

CMV 0,0444 0,6720 0,0482 0,0298 0.2198 0.5126 0.0704 0.9056 0.3438 0.6956 0.5378 0.0288

VIRORF 0,0610 0,0152 0,0890 0,0704 0.1976 0.7448 0.4766 0.8866 0.0372 0.7168 0.3362 0.2036

HBV 0,0170 0,9636 0,1504 0,1668 0.6862 0.7642 0.3258 0.5804 0.5576 0.8778 0.3766 0.7486

Polyomavirus 0,2536 0,0418 0,1912 0,1996 0.8052 0.8536 0.1856 0.7474 0.1752 0.1268 0.9238 0.2774

H1N1 0,9572 0,4228 0,9738 0,9516 0.7792 0.6486 0.9022 0.5498 0.1316 0.688 0.693 0.7376

HCV 0,4244 0,1758 0,3216 0,2818 0.7698 0.5986 0.7654 0.8968 0.5666 0.9428 0.8824 0.9596

JCV 1,0000 1,0000 1,0000 1,0000 0.4108 1 0.1758 0.8256 0.1758 0.3734 0.836 0.0912

AHR 0,5428 0,0260 0,3744 0,5332 0.8734 0.9176 0.3814 0.8262 0.3552 0.8256 0.892 0.8538

Chlamydia 0,9910 0,0010 0,9864 0,9820 0.9266 0.9818 0.7758 0.1918 0.9464 0.6354 0.8938 0.201

AIRE 0,0342 0,2412 0,1810 0,1276 0.711 0.274 0.658 0.7804 0.9188 0.0072 0.5934 0.99

SIRT7 0,5146 0,0400 0,3138 0,3144 0.1894 0.981 0.4086 0.936 0.1748 0.4836 0.1136 0.9566

HDACs 0,9610 0,2060 0,9562 0,9126 0.886 0.6372 0.5472 0.772 0.9158 0.3306 0.368 0.9486

huIFN 0,2176 0,3104 0,3452 0,5364 0.616 0.968 0.673 0.1132 0.7168 0.177 0.2146 0.6716

Human-miRNA targets 0,1514 0,5590 0,4754 0,3818 0.0506 0.3044 0.0036 0.7706 0.8784 0.9244 0.9534 0.2258

Inflammasome 0,1470 0,3410 0,0722 0,0510 0.7568 0.093 0.187 0.3338 0.1026 0.3308 0.5632 0.7648

SIRT1 0,3032 0,0724 0,1374 0,1542 0.1684 0.7826 0.373 0.7812 0.727 0.9478 0.6784 0.0538

VDR 0,3020 0,5102 0,2302 0,3212 0.9458 0.9886 0.1324 0.953 0.8164 0.4766 0.7634 0.8654

A

0,05 0,010,020,04 00,03p value

B

Fig. 1.   Enrichment analysis of interactomes in GWAS. (A) Heatmap represents the interactomes and related strength of associations with diseases. The statistically 
relevant associations are indicated in blue, with a color gradient from white (P > 0.05) to blue (P < 0.01). (B) Enrichment of interactomes in MS GWAS 2019, 
considering different thresholds of SNP P-value of association with MS (x axis). ChD = Crohn disease; RA = rheumatoid arthritis; CD = celiac disease; T1D = type 1 
diabetes; T2D = type 2 diabetes; HT = hypertension; BD = bipolar disorder; CAD = coronary artery disease; AHR = Aryl hydrocarbon receptor; AIRE = autoimmune 
regulator; BioGRID = Biological General Repository for Interaction Datasets; CMV = Cytomegalovirus; EBV = Epstein–Barr virus; HBV = Hepatitis B virus; HCV = 
Hepatitis C virus; HDACs = Histone deacetylases; HHV8 = Human Herpesvirus 8; HIV; H1N1 = Influenza A virus; hu-IFN = human innate immunity interactome 
for type I interferon; Human-miRNA targets = gene targets for human miRNA; Inflammasome = multiprotein complex responsible for activation of inflammatory 
processes and pyroptosis; JCV = JC virus; SIRT1 = Sirtuin 1; SIRT7 = Sirtuin 7; VIRORF = Virus Open Reading Frame; VDR = vitamin D receptor.
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CTCF-EBNA2 ( Fig. 2F  ). These results suggest broad human–viral 
interactions, with EBNA2 impacting transcriptional regulation 
through MS-associated loci.

 If the pervasive influence of EBNA2 on the regulation of the 
MS-AIG is directly relevant to CNS inflammation, the expression 
of this viral gene should be detectable in B cells in MS lesions. 

Fig. 2.   Genomic distribution of the candidate interactome SNPs and protein binding enrichment near MS-associated SNPs. (A) The UpsetPlot displays the number 
of MS-AIG for each interactome of origin (x axis) and the intersections between gene sets with the respective size (y axis) (see also SI Appendix, Table S2). (B) 
The circos plot shows the genomic distribution of the SNPs obtained from the candidate interactome analysis. The outer circle shows the chromosomes with 
related cytobands. The underlying gray lines indicate the physical position of the corresponding 741 MS-AIG (each line may represent up to 25 genes). The red 
and blue lines in the inner circles indicate the −log(P value) for each SNP respectively from GWAS 2011 and GWAS 2013 (scaled from 0 to 20, which truncates 
the signal in several regions). (C) The pie chart represents the distribution of SNPs in different regions of the human genome, showing an enrichment in intronic 
and downstream/upstream regions. (D) The bar plot displays the number of SNPs bound by a given protein obtained from different cell types (vertical axis) and 
the top 30 transcription factors enriched on MS-associated SNPs; color scale is related to the number of cell types. (E) The bar plot shows the number of SNPs 
colocalizing with EBNA2, CTCF, and POLR2A binding sites. (F) The Venn graph displays the overlap of SNPs bound by CTCF, EBNA2, and POLR2A. (G) The image 
displays EBNA2 expressed by CD79a+ B cells in the leptomeninges of postmortem progressive MS cases in the presence of a substantial number of meningeal 
CD20+ B cells. In the Upper Right Inset are shown EBNA2+ nuclei. NMD = Nonsense-mediated mRNA decay; 3′UTR = three prime untranslated region.

http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
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Neuropathological analysis of fixed-frozen brain sections, obtained 
from postmortem progressive MS cases, revealed the expression 
of EBNA2 in CD79a+ B cells, in particular in leptomeninges 
enriched in CD20+ B cells ( Fig. 2G  ). Intrathecal inflammatory 
compartments, such as leptomeninges and perivascular spaces, 
represent possible niches of EBV persistence, with EBNA2 sus-
taining a dysregulated B cell function.  

Dysregulation of MS-Associated EBV Interactors in Blood and 
CNS Transcriptomes. To evaluate the functional implications 
of the above results and to validate them, we matched the 741 
MS-AIG with microarray gene expression data obtained from 
peripheral blood leukocytes of 40 healthy subjects and persons 
with different MS phenotypes (26). We calculated whether the 
MS-AIG were enriched in the lists of genes differentially expressed 
(P < 0.05 and fold change > 1.5) in each MS phenotype. In total, 
464 MS-AIG were differentially expressed in at least one MS 
phenotype. We did not observe significant enrichments in any of 
the four disease subtypes when compared with a random selection 
of transcripts from the whole transcriptome (Table  1). When 
considering the MS-AIG from single interactomes separately, 
we observed an enrichment of differentially expressed MS-AIG 
from AIRE interactome in CIS patients, from AIRE and SIRT7 
interactomes in RRMS, and EBV interactome in PPMS (Table 2).

 At the CNS level, we matched the 741 MS-AIG with the 
microarray gene expression data obtained from postmortem brain 
tissue of 20 people with SPMS and 10 non-neurological controls. 
We considered gray matter lesions (GML) and normal appearing 
gray matter (NAGM) from MS brains that exhibited presence (F+) 
or absence (F−) of meningeal lymphoid-like structures associated 
with different degrees of progression ( 27 ). We calculated whether 
the overall frequency of MS-AIG was higher in the dysregulated 
gene lists (P  < 0.05 and fold change > 1.5) than its expected fre-
quency in a random selection of transcripts from the whole tran-
scriptome. Overall, 169 MS-AIG were differentially expressed in at 
least one of the four conditions (GML-F+, GML-F−, NAGM-F+, 
NAGM-F). The result was significant ( Table 1 ). Considering sep-
arately the MS-AIG obtained from each MS-associated interactome, 
only genes belonging to the EBV interactome were significantly 
increased in all four conditions ( Table 2 ).

 The above results imply a potential role for EBV-related patho-
genic responses in the neurodegenerative and inflammatory aspects 
of MS. This prompted us to consider recent data showing 

enrichment of EBV interactors in protein modules involved in 
Hereditary Spastic Paraplegia (HSP) ( 28 ), an inherited degenerative 
axonopathy sharing clinical similarities with progressive MS. 
Importantly, it has been shown that HSP-related mutations are more 
frequent in persons with PPMS ( 29 ). We, therefore, matched the 
741 MS-AIG with the genes of the HSP-protein modules (n = 295) 
and found 71 genes in common. Of these, 34 were included in EBV 
interactome (n = 147 from MS-AIG) (SI Appendix, Fig. S5 ). This 
number was larger than randomly expected (P﻿-value < 0.00001).  

MS-Associated EBV and Human Genetic Variants Concur in the 
Downregulation of CD40 Expression. We used MetaCore© to 
identify biological functions possibly affected by the dysregulated 
MS-AIG. The 741 MS-AIG were mapped to the internal MetaCore 
KnowledgeBase, and a classification in canonical pathways was 
obtained. The CD40 pathway emerged in both peripheral blood 
and CNS compartments as the leading biological function (Fig. 3A).

 Focusing on the CD40 molecule itself, we asked whether host- 
and virus-specific factors could drive CD40 alterations in MS. By 
flow cytometry, we evaluated the surface protein expression of 
CD40 in EBV-infected B cells (LCLs) obtained from 13 persons 
with MS (untreated at the time of sampling) and 8 healthy donors. 
Out of 33 LCLs, 21 were spontaneously outgrowing LCLs (spL-
CLs), i.e., infected by the endogenous EBV, and 12 were LCLs 
infected with the recombinant EBV strain B95.8 (B95.8LCLs). 
We also evaluated the expression of CD80 and CD86 costimula-
tory molecules known to be induced by CD40 and by EBV infec-
tion ( 30 ). To control for influences from human and EBV genetic 
variability, we genotyped all donors for the MS-associated SNPs 
on the CD40 (rs4810485) and CD86 genes (rs9282641), associ-
ated with an altered membrane expression of the proteins ( 31 ), 
and for the EBNA2 alleles.

 We found a reduction of CD40 protein expression in MS-spLCLs, 
compared to HD-spLCLs (P  = 0.04;  Fig. 3B  ), a nearly significant 
reduction of CD80 expression (P  = 0.089;  Fig. 3D  ) and no differ-
ence for CD86 (SI Appendix, Fig. S6 ). In line with the notion that 
estrogens modulate the expression of MS risk genes in EBV-infected 
B cell lines ( 32 ), the reduced CD40 and CD80 expression in MS 
spLCL was more pronounced in females with MS compared to 
healthy females (P  = 0.006 for CD40,  Fig. 3C   and P  = 0.0037 for 
CD80,  Fig. 3E  ), with a near-significant difference when comparing 
females and males for CD40 expression within the MS group (P  = 
0.049;  Fig. 3C  ). A linear regression analysis revealed an interdepend-
ence of CD40 and CD80 protein levels in MS-spLCLs (r2  = 0.43, 
﻿P  = 0.016;  Fig. 3F  ) but not in HD-spLCLs (r2  = 0.32, P  = 0.16; 
 Fig. 3G  ).

 The differences were not attributable to the host’s genetic CD40 
and CD86 variability (SI Appendix, Fig. S7 ) and were not observed 
in B95.8LCL (SI Appendix, Fig. S8 ). A multiple linear regression 
analysis, controlling for CD80 (since CD80 and CD40 levels were 
correlated,  Fig. 3F  ), highlighted a lower expression of CD40 in 
MS-spLCLs compared to MS-B95.8LCLs derived from the same 
subjects at the same timepoint (P  = 0.04;  Fig. 3 H  and I  ). These 
results supported a role of the endogenous EBV variants on the 
downregulation of CD40 expression in MS.

 Having shown, in the previous section, a possible impact of 
EBNA2 on the transcription of MS-AIG, we evaluated the effect 
of the 1.2 EBNA2 allele, possibly associated with MS ( 33 ), on 
CD40 protein levels. We compared the 1.2 EBNA2-infected spL-
CLs with the B95-8-infected LCLs, irrespective of the MS and 
HD condition. Cell lines expressing the 1.2 allele showed a lower 
level of CD40 compared to those expressing the B95.8 allele  
(P  = 0.013,  Fig. 3J  ). To confirm that this phenotype is related to 
the EBNA2 alleles and not to other viral proteins, we quantified 

Table 1.   MS-AIG differentially expressed in peripheral 
blood leukocytes and brain areas

MS phenotypes No. of DEG P-value OR
 Blood

 CIS 166 0.59 0.28

 RRMS 170 0.34 0.89

 PPMS 249 0.082 3.02

 SPMS 226 0.53 0.37
 Brain

 NAGM-F + 48 0.008 1.53

 NAGM-F- 127 0.001 1.4

 GML-F + 52 0.003 1.59

 GML-F- 133 0.001 1.42
Frequency of MS-AIG in DEG obtained from distinct MS phenotypes and brain areas. 
The associations reaching significance are highlighted in bold. CIS = clinically isolated 
syndrome; RRMS = Relapsing-Remitting multiple sclerosis; PPMS = Primary progressive 
multiple sclerosis; SPMS = Secondary progressive multiple sclerosis; DEG= differentially 
expressed genes; OR= Odds ratio.

http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
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CD40 and EBNA2 protein levels in a U2OS cell line transfected 
with plasmid expressing the 1.2 or the B95-8 EBNA2 alleles (the 
empty plasmid was used as control-mock) ( Fig. 3 K  and L  ). Using 
western blot analysis, we observed that at the same EBNA2 level, 
the cell lines expressing the 1.2 allele showed a lower level of CD40 
protein compared to those expressing the B95.8 allele (P  = 0.025) 
( Fig. 3L  ).

 Additionally, we observed an inverse correlation between CD40 
and HLA-DR protein levels in MS-spLCLs (r2  = 0.41, P  = 0.018). 
No clear correlation was identified with the LCL EBNA2 allele. 
The analysis of higher numbers of LCLs will be needed to deter-
mine whether this correlation is under the influence of EBNA2 
genetic variability.  

EBV Genetic Variability Affects MS Risk. To ascertain that the 
above EBNA2-related mechanisms are relevant for the disease, 
we attempted to replicate previous preliminary findings from our 
group showing that the EBNA2 1.2 allele was associated with the 
risk of MS (33).

 In an independent cohort of 380 therapy-free persons with 
RRMS (mean age 39.4 ± 11.7; female/male ratio 1.9) and 250 
HD (mean age 36.4 ± 11.1; female/male ratio 2.3), using a droplet 
digital PCR approach, we found that the EBNA2 1.2 allele 
increases the risk of MS by 2.5-fold (95% CI = 1.527 to 4.169; 
﻿P  = 0.0002).  

EBV-Interacting Proteins Are Prioritized Therapeutic Targets 
to Address MS Gene–Environment Interactions. Using the 
Priority Index (Pi) pipeline (33) we found that MS-AIG were 
enriched in prioritized therapeutic targets for MS, with 34 MS-
AIG appearing in the first 150 positions of the PI ranking (P < 
0.0001, Fig. 4A). The EBV interactome was the most enriched 
with highly druggable targets (16 MS-AIG, P < 0.0001, Fig. 4 B 
and C), followed by HBV, HHV8, AHR, and CMV interactomes. 
We constructed an integrative gene–environment therapeutic 
module for MS, including the 34 prioritized MS-AIG with 
35 MS-specific crosstalk genes, representing central hubs for 
multiple disease-relevant molecular pathways (34). The resultant 
therapeutic network included 61 highly interconnected nodes (PPI 
enrichment P-value: <1.0e-16), in which EBV interactors and the 
CD40 pathway MS-AIG appeared as a supporting structure of 
the therapeutic module, consistently with the above ‘omics results 
(Fig. 4D).

 We prioritized candidate therapies addressing the MS gene–
environment module. Biological therapies were ranked based on 
their target’s PI rating (SI Appendix, Table S3 ): The top-scoring 
hits were anti-CD40 monoclonal antibodies. Nonbiological com-
pounds were prioritized through a network-based algorithm. The 
top-ranked drugs included multitarget tyrosine-kinase inhibitors, 
Bruton kinase inhibitors that have already entered the MS pipeline 
( 35 ), leukotriene receptor antagonists, and a proteasome inhibitor 
(SI Appendix, Table S4 ).   

Discussion

 We show that the interaction between MS-predisposing genes and 
EBV (possibly involving other herpesviruses) has causal and 
disease-specific implications in MS and harbors a high therapeutic 
potential. The dysregulation of MS-associated EBV interactors 
validates the result, especially at the CNS level, where we could 
confirm the EBNA2 expression. This viral element emerges as a 
possible, pervasive regulator of the disease-predisposing, human–
viral gene interaction, affecting CD40 costimulatory receptor 
biology. Similarly to the human CD40 risk allele, the 1.2 EBNA2 
EBV variant associates with an accentuated downregulation of the 
CD40 molecule on EBV-infected B cells.

 Besides MS, we observed an enrichment in genes coding for 
EBV interactors in SLE. Based on the literature ( 24 ,  36 ), this was 
an expected result. As such, it supports the methodological sound-
ness of our approach. We also observed an enrichment of CMV 
interactors in MS but not in SLE risk loci, suggesting a disease 
specificity with no obvious explanation. Though CMV exposure 
may be protective in MS ( 37 ) and predisposing in SLE ( 38 ), the 
direction of the observed associations in different studies may vary, 
with evidence of regional differences, at least in MS ( 36 ). Studies 
comparing the complex interplay between EBV, CMV, and human 
predisposing genes in both diseases will be needed to clarify this 
issue. At this stage, we can only remark that among the three genes 
showing the strongest association in the CMV interactome 
(Dataset S1 ), two (TAP1 and TAPBP) are essential components 
of the MHC class I antigen-processing pathway ( 39 ) while the 
third (MICA) is involved in immune activation via NKG2D sig-
naling and MHC class I and class II upregulation ( 40 ).

 Though supported by the occurrence of autoimmunity in CD40 
or CD40L primary immune deficiencies ( 41 ), the association 
between a reduced expression of a costimulatory molecule (CD40) 

Table 2.   Frequency of interactome-specific MS-AIG in peripheral blood leukocytes and brain areas

MS phenotypes

Frequency of MS-AIG DEG (%)

AHR AIRE CLA CMV EBV HBV HHV8 HIV PV SIRT7 VIRORF GT
 Blood

 CIS 25.0 50.0 29.0 34.6 24.3 16.0 22.1 21.4 45.4 28.0 30.5 25.6

 RRMS 25.0 40.6 25.8 19.2 22.9 24.0 27.3 21.9 45.4 34.2 2.0 23.7

 PPMS 25.0 40.6 38.7 38.5 44.6 46.0 42.9 32.9 27.3 31.5 34.7 33.9

 SPMS 31.2 37.5 27.4 32.7 33.1 28.0 37.7 32.9 9.1 30.6 34.7 32.4
 Brain

 NAGM-F + 7.7 5.9 4.5 5.4 10.1 4.1 7.7 5.0 11.1 7.2 7.7 6.6

 NAGM-F- 7.7 14.7 18.2 17.8 21.5 16.7 15.4 16.6 22.2 16.8 18.5 17.1

 GML-F + 0.0 11.8 3.0 5.4 12.7 6.2 6.6 7.5 5.6 5.6 6.1 7.3

 GML-F- 15.4 17.6 16.7 14.3 22.1 18.7 16.5 16.6 16.7 17.6 17.0 18.1
The enrichment of MS-AIG was calculated considering separately each interactome in distinct MS phenotypes and brain areas. The associations reaching significance are highlighted in 
bold. CIS = clinically isolated syndrome; RRMS = relapsing–remitting multiple sclerosis; PPMS = primary progressive multiple sclerosis; SPMS = secondary progressive multiple sclerosis; 
DEG = differentially expressed genes; NAGM-F+ = normal-appearing gray matter follicle positive; NAGM-F− = normal-appearing gray matter follicle negative; GML-F+ = gray matter lesions 
follicle positive; GML-F− = gray matter lesions follicle negative; CLA = Chlamydia; PV = polyomavirus; GT = global transcriptome.

http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
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and autoimmunity is counterintuitive. However, CD40 signaling 
in intrathymic B cells is a central tolerance mechanism ( 42 ) and 
has recently been shown to affect the T cell response to the 
aquaporin-4 autoantigen in neuromyelitis optica ( 43 ). Moreover, 
being CD40 signaling an essential component of the affinity mat-
uration processes, its defective function may explain the diverse 
mimicry mechanisms highlighted by recent studies ( 4     – 7 ), in the 
context of a dysregulation that may be broader than previ-
ously thought.

 The association between EBNA2 alleles and CD40 expression 
has not been previously explored. Prior studies examining EBNA2 
targets among MS ( 44 ) and SLE ( 45 ) risk genes demonstrated 
that, in B95.8 LCLs, EBNA2 expression positively correlated with 
CD40 levels while inversely correlating with EBV DNA copy 
number. Additionally, CD40 stimulation was shown to inhibit 
LCL proliferation. Here, we observed that, at the same EBNA2 
expression level, the spLCLs carrying the 1.2 EBNA2 allele dis-
played lower levels of CD40 protein. This may weaken a mecha-
nism that helps control the viral infection, possibly via the ability 

of CD40 to compete with its viral homologue, LMP1, for intra-
cellular signaling molecules ( 44 ). Furthermore, reduced CD40 
expression, particularly if combined with elevated HLA-DR 
expression, may promote molecular mimicry and autoprolifera-
tion, particularly in a DRB1*15:01  context ( 46 ). Notably, LMP1 
is also involved in NK cell-mediated protection from molecular 
mimicry events, in accord with recent results from other groups 
( 8 ). It will be important to evaluate the effects of second-generation 
anti-CD40L monoclonal antibodies on the EBNA2–CD40–
LMP1 interaction. These therapies are currently in clinical devel-
opment ( 47 ). Their use may enable new preclinical studies to be 
designed around questions that emerge from the clinical trials in 
a “bench-to-bedside-to-bench” approach.

 The association between 1.2 EBNA2 allele and MS risk pro-
vides an initial indication of how the compelling evidence of 
an implication of EBNA2 in autoimmunity may depend on 
EBNA2 genetic variability. It also advances the interpretation 
of a recent comparison of EBNA 2 type 1 and 2 binding to 
human genetic risk loci for autoimmune diseases ( 48 ), showing 

Fig. 3.   CD40 signaling analysis. (A) The top 10 pathways obtained from the analysis of the MS-AIG. The lower P-value (−log Pvalue) means higher relevance 
of the genes within the pathway datasets. (B) The CD40 protein level analyzed in MS-spLCLs (n = 13) and HD-spLCLs (n = 8) is downregulated in MS-spLCLs at 
unpaired t-test (*P = 0.04). (C) The CD40 protein level stratified according to the gender, CD40 protein is underexpressed in females of the MS group (F-MS) 
compared to males (M-MS, *P = 0.049) and compared to the females of the control group (F-HD; **P = 0.006). (D) The CD80 protein level is comparable between 
MS-spLCLs and HD-spLCLs. (E) The CD80 protein level stratified according to the gender, CD80 protein is underexpressed in F-MS compared to the F-HD (**P 
= 0.0037). (F and G) A correlation between CD40 and CD80 protein levels was evaluated by a simple linear regression analysis (Spearman correlation) in MS 
(r2= 0.43, P = 0.016; F) and in HD (r2= 0.32, P = 0.16; G). Gray areas represent the CI, and the straight lines represent the correlation slope. The protein levels are 
represented as median fluorescence intensity. Data analysis was performed using the unpaired t-test F = female; M = male. (H and I) The effect of the EBV strain 
(spLCL vs. B95.8LCL) and CD80 levels on CD40 protein expression in MS patients (n = 5; H) and controls (n = 4; I) were analyzed by a mixed-effect multiple linear 
regression model, setting subjects as random effect, and cell line context and CD80 levels as fixed effects. (J) CD40 protein levels analyzed in spLCL carrying the 
MS-associated 1.2 EBNA2 allele and in B95.8LCL. CD40 is reduced in spLCL with 1.2 EBNA2 (n = 8) respect to those infected by EBNA2 B95.8 (n = 10; *P = 0.013). 
(K) Representative images of western blot probed for CD40, EBNA2, and ß-actin (internal controls) on U2OS cell lysate. (L) The expression of CD40, normalized 
to the level of mock condition, and EBNA2 (both calculated over the internal control) in U2OS transfected with 1.2 EBNA2 (CD40, n = 2; EBNA2, n = 3) and with 
EBNA2 B95.8 (CD40, n = 3; EBNA2, n = 2, *P = 0.025). The data are expressed as mean ± SEM analyzed by the unpaired t-test.
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that the EBNA2 type 1 occupancy patterns may be of specific 
relevance in MS.

 Humans are the only natural hosts for EBV, so it has been dif-
ficult to fully reproduce the sophisticated interaction between 

this virus and the human immune system. This is particularly true 
for studies, including the present one, that explored the function 
of a pervasive transcriptional regulator such as EBNA2. For this 
reason, we were limited in the in vivo exploration of the 

MSAIG

CD40 pathway MSAIG

MS-EBV interactome

MSAIG-interacting node

690
PI-ranked genes for MS
(n=15360)

p-value=3.7e-69
OR= 7.15

34
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p-value=2.30e-14
OR= 6.01

MSAIG
(n=741)

INTERACTOME PRIORITIZED GENES

CMV PML, STAT3, SPI1, STAT1

EBV
HLA-DRB1, HLA-DQA1, HLA-DRA, HLA-DQB1, HLA-DQA2,

MYC, LYN, PML, TYK2, IRF7, SRC, TRAF1, SPI1, SYK, JAK3, TRAF3

HIV DDX6, HLA-B, GRB2

HHV8 IRF1, IRF6, IRF7, STAT3, STAT5A, NFKBIA

HBV MAPK1, IL6, JAK1, NFKB1, NFKBIA, CD44, STAT1
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Fig. 4.   Enrichment of MS-AIG in prioritized therapeutic targets and therapeutic module construction. (A) Overlap between MS-AIG and Priority Index genes for 
MS (Fisher’s exact test, P-value after adjusting using the Benjamini–Hochberg method, OR: odds ratio). (B) The chart shows the enrichment of MS-AIG in the top 
150 Priority index positions for MS by interactome of origin. The x axis shows the odds ratio, the y axis shows the −log(P value), and dot size is proportional to the 
number of items. (C) The table includes the prioritized genes by interactome of origin. (D) Illustration of the therapeutic module, made of prioritized MS-AIG and 
PI crosstalk genes for MS. As shown in the legend, the EBV interactome genes are displayed in green, while those related to the CD40 pathway are highlighted 
with an orange contour. Edge intensity is proportional to the PPI score.
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pathophysiology of EBNA2 variability in the context of an animal 
model of MS. More work will be needed to develop new animal 
models or generate new knowledge in clinical trials with antivirals. 
In this context, the strong effects of Tenofovir prodrugs on EBV 
lytic DNA replication ( 49 ), along with recent case reports sug-
gesting some clinical efficacy in MS ( 50 ), may represent a concrete 
opportunity.

 It will be essential to verify whether other examples of convergence 
between viral and human genetic variability hold for other aspects of 
MS pathogenesis to reach “peak genetic insights” ( 51 ) and pinpoint 
new and etiology-based therapeutic targets. For this purpose, future 
EBV GWAS in MS may complement the information from human 
GWAS and large commensal gut microbiome studies ( 52 ).  

Materials and Methods

The methodology used in this study is described in more detail in SI Appendix.
A flowchart outlining the study design is available in supplementary figures 

(SI Appendix, Fig. S9).

Candidate Interactome Analysis. The “candidate interactome” approach was 
applied as previously described (53). In brief, we obtained 20 candidate inter-
actomes from the literature. Six were manually curated (EBV, HBV, CMV, HHV8, 
JCV, and Inflammasome); seven were obtained from databases of molecular 
interactions: AIRE, VDR, AHR, SIRT1, SIRT7 from BIOGRID (http://thebiogrid.org) 
(54), Polyomavirus from VirusMentha database (55), and Human-microRNA tar-
gets from miRecords database (56); seven were obtained from published high-
throughput experimental approaches: VIRORF (57), HIV (58), HCV (59), h-IFN 
(60), H1N1 (61), HDAC (62), and Chlamydia (63) (Fig. 1A). Further details are 
provided in SI Appendix.

Protein Binding Enrichment. Genomic regions in Fig. 1D were identified using 
Variant Effect Predictor version 98. After the ALIGATOR analysis, we used the 
RegulomeDB database (20), that is fed with live data from ENCODE and Roadmap 
Epigenomics, to look for proteins binding in regions containing “postmatch” SNPs 
that displayed nominally significant associations with MS. When SNPs are bound 
by two or more proteins a Fisher’s exact test (2 × 2 table), controlling q-values for 
multiple testing (FDR), Benjamini–Hochberg, was computed to evaluate whether 
this co-occurrence is statistically relevant using Python v3.6.0.

Colocalization Analysis. The 10,788 nominally significant SNPs derived from 
the ALIGATOR analysis on MS-associated interactomes and were used as region of 
interest (ROI), by defining genomic intervals centered on the SNPs and extended of 
20kb upstream and downstream. EBNA2 binding sites (n = 17,019) were extracted 
from a ChIP-Seq performed on GM12878 EBV-transformed LCLs by Hong et al. 
(25). CTCF binding sites (N = 62,580) and POLR2A binding sites (N = 29,824) were 
extracted from ChIP-Seq data in Unibind (64), both performed on the same cell 
line (GM12878 EBV-transformed LCLs) to maximize consistency and avoid possible 
bias deriving from cell-specific TF activities. To provide a “threshold” against which 
the matches ROI<>EBNA2/CTCF/POLR2A would be benchmarked, we used as a 
statistical background (“Universe”) 13,202,334 regions from ENCODE database of 
Transcription Factors Binding Sites (65) downloaded on 31/1/2020.

The colocalization analysis was performed through LOLA (66).

Postmortem Study. By using immunohistochemistry/immunofluorescence, 
the presence, extent, and distribution of potential cells expressing EBNA2 were 
examined in 4% formaldehyde-fixed frozen brain tissues obtained from post-
mortem cases with pathologically confirmed multiple sclerosis (N = 10). All post-
mortem samples were obtained from the UK Multiple Sclerosis Society Tissue 
Bank (UKMSTB) at Imperial College under ethical approval (08/MRE09/31). The 
diagnosis of multiple sclerosis was confirmed by neuropathology according to 
the International Classification of Diseases of the Nervous System criteria (www.
ICDNS.org). Further details are provided in SI Appendix.

Frequency of Interactome Genes in MS Transcriptomes. The human PBMC 
microarray datasets analyzed in this study were published in Srinivasan papers 
(26, 67) and deposited at the EBI Array express database.

The human brain microarray datasets were published (27) and deposited at 
Gene Expression Omnibus. Further details are provided in SI Appendix.

Enrichment of EBV Interactors in MS-AIG and HSP-Protein Modules. HSP-
protein modules were identified by Bis-Brewer (28) through a protein–protein 
interaction criteria using the Human Integrated Protein-Protein Interaction rEf-
erence (HIPPIE) database and the DIseAse Module Detection (DIAMOnD). We 
performed an overlap between MS-AIG (n = 741) and the Hereditary Spastic 
Paraplegia dominant-protein modules (n = 295). To verify the apparent enrich-
ment of EBV interactors in HSP modules, we randomly extracted from MS-AIG, 
100.000 samples of the same size of shared genes and counted the number of 
EBV interactors included in each random sample. We considered the shared genes 
as enriched for EBV interactors, if the P value of the observed number under the 
null distribution was <0.05. The analysis was performed using R version 1.1.456.

Network and Pathway Analysis. MetaCore© (version 6.29 build 68613; 
GeneGO, Thomson Reuters, New York) was employed to classify genes, carrying 
SNPs obtained from ALIGATOR analysis, in “canonical pathways” and evaluate their 
possible enrichment in specific categories. Canonical pathway maps represent 
a set of signaling and metabolic maps covering human biological processes in 
a comprehensive way. All maps are created by Thomson Reuters scientists by a 
high-quality manual curation process based on published peer-reviewed litera-
ture and validation experiments (68).

Lymphoblastoid Cell Line Generation and DNA Extraction. Sp-LCLs, carrying 
endogenous EBV, were generated from 13 subjects with relapsing remitting MS 
(69) and eight healthy donors matched for age, sex, and geographic origins (70). 
Further details are provided in SI Appendix.

Flow Cytometry Analysis. The phenotypic characterization of LCLs obtained 
from MS patients and HD was performed through multiparametric flow cytometric 
(MPFC) analysis. Further details are provided in SI Appendix.

EBNA2 Variant Identification. DNA samples were extracted from CD19+ B 
cells from peripheral blood of RRMS and age-and-sex-matched HD. The EBNA2 
variant identification was performed using droplet digital PCR. Further details 
are provided in SI Appendix

CD40 and CD86 SNP Genotyping. We genotyped rs4810485 SNP in the CD40 
gene and rs9282641 SNP in the CD86 gene in 26 spLCLs, using PCR amplifica-
tion followed by Sanger sequencing. Further details are provided in SI Appendix.

Drug Target Prioritization of MS-AIG. Looking at the therapeutic potential 
of MS-AIG, we assessed the overlap of MS-AIG with the list of Priority Index (Pi) 
genes for Multiple Sclerosis, and their frequency in the top 150 positions of 
druggable targets ranking. Through the Pi pipeline, GWAS studies are leveraged 
to prioritize druggable genes based on their genomic proximity, functional rele-
vance (physical interaction, expression modulation through eQTL), and association 
with rare diseases or immune phenotypes. Statistical analysis of the overlap was 
performed through the geneOverlap package in R, by using Fisher’s exact test 
with Benjamini–Hochberg correction for multiple comparisons. Selected MS-AIG 
with high Pi rating were considered to build an integrated druggable network, 
merged with the “crosstalk genes” (operating across molecular pathways) from the 
Pi ranking for Multiple Sclerosis. Protein–protein interactions were derived from 
STRING (71): Interaction score cut-off was set at 0.70 (high confidence). The result-
ant network was imported in Cytoscape v.3.9.1 (72). Finally, the network-based 
drug repurposing analysis was performed in Cytoscape through the NedReX 
implementation of the “Closeness centrality” metrics for molecule ranking (73).

Statistical Analysis. The quantitation of protein levels was performed by FlowJo 
v10.5 and expressed as median fluorescence intensity. Unpaired two-tailed t test 
and one-way ANOVA with Tukey correction for multiple comparisons were used for 
the comparisons between groups. The correlations between protein levels were 
performed by a simple linear regression analysis. The enrichment of MS-AIG in 
DEG was measured by the chi-square test with Yates’s correction. All the above 
analyses were performed using GraphPad Prism 8.

Fisher’s exact test (2 × 2 table), controlling q-values for multiple testing (false 
discovery rate [FDR], Benjamini–Hochberg), was used to evaluate the statistical 
relevance of protein co-occurrence by using Python v3.6.0.

http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://thebiogrid.org
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
https://www.ICDNS.org
https://www.ICDNS.org
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2418783122#supplementary-materials
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Linkage disequilibrium was considered as described in Sheffield and Bock 
(66). As in previous work (19), resulting −log(P value), support, and OR were 
combined into a single score, where the spacing parameter kp was set to 10.0 
and we consider all three contributors equally, setting therefore weights wi to 
1.0. Statistical significance was taken at P < 0.05.

Harmonic Score = kp × (
∑

i wi)∕(w1∕(− logP)+w2∕Supp+w3∕OR).

The mixed-effect multiple linear regression analyses were performed using 
the R program, Version 1.1.456 (function “lmer” from “lme4” package). All 
the significances were considered when P < 0.05. Differences in proportions 
of EBNA2 allele distribution were compared using Fisher’s exact tests (Graph 
Pad Prism 8).

Data, Materials, and Software Availability. All other data are included in 
the manuscript and/or supporting information. Previously published data were 
used for this work [The interactome previously analyzed in Mechelli et al. (52) 
(CMV, EBV, HBV, HHV8, JCV, AHR, AIRE, and VDR) and included in the present 
paper has been updated with new data. Gene expression data obtained from 
peripheral blood leukocytes and brain are available respectively at EBI Array 
express database [E-MTAB-4890 (https://www.ebi.ac.uk/biostudies/arrayexpress/
studies/E-MTAB-4890); E-MTAB-5151 (https://www.ebi.ac.uk/biostudies/array-
express/studies/E-MTAB-5151), refs. 26 and 70] and Gene Expression Omnibus 
(GSE135511, ref. 27). GWAS data from MS are available at IMSGC (https://imsgc.
net/); GWAS data from other diseases are available at WTCCC2. GWAS variants 
associated with SLE were pooled from SPOKE (https://spoke.cgl.ucsf.edu/; 
DOID:9074). EBNA2 binding sites were extracted from a ChIP-Seq performed 
on GM12878 EBV-transformed LCLs by Hong et al. (25). CTCF binding sites and 
POLR2A binding sites were extracted from ChIP-Seq data by Puig et al. (67).].
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