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Genome-wide association studies (GWAS) testing several hundred thousand SNPs have been performed in
multiple sclerosis (MS) and other complex diseases. Typically, the number of markers in which the evidence
for association exceeds the genome-wide significance threshold is very small, and markers that do not
exceed this threshold are generally neglected. Classical statistical analysis of these datasets in MS revealed
genes with known immunological functions. However, many of the markers showing modest association
may represent false negatives. We hypothesize that certain combinations of genes flagged by these markers
can be identified if they belong to a common biological pathway. Here we conduct a pathway-oriented analysis
of two GWAS in MS that takes into account all SNPs with nominal evidence of association (P < 0.05). Gene-wise
P-values were superimposed on a human protein interaction network and searches were conducted to identify
sub-networks containing a higher proportion of genes associated with MS than expected by chance. These
sub-networks, and others generated at random as a control, were categorized for membership of biological
pathways. GWAS from eight other diseases were analyzed to assess the specificity of the pathways identified.
In the MS datasets, we identified sub-networks of genes from several immunological pathways including cell
adhesion, communication and signaling. Remarkably, neural pathways, namely axon-guidance and synaptic
potentiation, were also over-represented in MS. In addition to the immunological pathways previously ident-
ified, we report here for the first time the potential involvement of neural pathways in MS susceptibility.

INTRODUCTION typical GWAS, hundreds of thousands of markers are tested
simultaneously in cases and controls and the allelic frequen-
The usefulness of genome-wide association studies (GWASgs of each marker are compared between the two groups.
to discover common genetic variants associated with susceptbwever, because of the exceedingly large multiple testing
bility to complex diseases has been empirically demonstratetvolved in these studies, very few exceed the genome-wide
(1). The aim of these studies is to characterize the genesigniPcance threshold and those that do not exceed this strin-
architecture of complex genetic traits through the identilgent statistical requirement are generally neglected. In many
cation of such disease variants against the background cases where loci with small but measurable genetic effects
random variation seen in a population as a whole. In a&e involved, it is likely that, accepting the null hypothesis
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of no association represents a type Il error. A notable examptedate that uses pathway-based analysis of GWAS data doe:
of this situation can be illustrated by the conbrmed associationt consider a protein interaction network (PIN) to further
of PPARG variants in type 2 diabetes (T2D) (2). Due to iteestrict the possible combinations of causal genes (15).
modest effect on disease susceptibility (odds ratio 1.2), thisin this article, we describe a network-based pathway analy-
true association was overlooked by four out of bve studies of two GWAS in MS (3,9), where evidence for genetic
designed to replicate the initial Pnding. A similar scenariassociation is combined with evidence for protein® protein
was more recently found with IL7R in multiple sclerosisnteraction. The rationale for performing a pathway-based
(MS) (3). In this paper, we aim to show that while individuahnalysis in a GWAS lies in the assumption that several
modest genetic effects are difpcult to ascertain, they can genes, each modestly associated with the disease, may interas
collectively identiped by combining nominally signibcant evisynergistically to confer susceptibility. We carry out extensive
dence of genetic association with current knowledge of bigtatistical validations and apply the same approach to other
chemical pathways. published GWAS to demonstrate the potential utility of this
MS is the most common acquired neurological disease wfethod.
young adults with a prevalence of approximately 1:1000 in
population groups of northern-European ancestry. MS is
characterized by a variable state of relapsing or progressilx_g SULTS
neurological disability that ensues as the consequence of
autoimmune attack against myelin in the central nervo@WAS results from two MS studies were analyzed to identify
system (CNS) (4). Compelling data indicate that susceptibilitpodestly associated variants within genes with related biologi-
to MS is in part inherited (5B 8). In addition to the strong effecfal functions. The Prst dataset was produced by the Inter-
of HLA-DRBL1, the recently reported GWAS in MS identiPechational MS Genetics Consortium (IMSGC), and comprises
and conbrmed the involvement of the genes IL2RA ar@B1l family trios genotyped with the GeneCHipHuman
IL7RA in disease susceptibility (9). However, as in otheMapping 500K Array Set (Affymetrix) (9). Quality control
studies of this kind, many associations with markers théir this dataset included sample genotyping efbciency, assess
were nominally signibcant but did not reach the genome-wideent of marker heterozygosity and allelic frequency, depar-
signibcance threshold were not pursued any further. It is likelyre from Hardy® Weinberg equilibrium, gender consistency,
that a signibcant proportion of these rejected associations sgproducibility and population genetic structure. A total of
false negatives, and methods of interpretation are needed B34 923 SNPs survived the quality control protocol and were
allow such associations to be recognized. tested for association with the trait. As expected, a humber
We hypothesize that meaningful combination of genes hast markers in the HLA region were strongly associated with
boring markers with only modest evidence of association céime disease phenotype. In addition, 78 markers outside the
be identibed if they belong to the same biological pathway &tLA region were found to exceed the< 1 x 10~ * genome-
mechanism. In addition to the single-locus associations idemiide threshold of signibcance. The second dataset (the
ipable by standard genome-wide analysis, this type of analy&@eneMSA study, (3)] was generated using the Sefitrix
can reveal a statistical enrichment of associations withiHumanHap550 BeadChip (lllumina). After a similar quality
known biological pathways. The methods presented hesentrol protocol, 551 642 SNPs were used to conduct an
may be useful to identify pathways and networks whose invassociation analysis using the genotypic test in 978 cases
vement in disease susceptibility are consistent with curresd 883 controls (3). In addition, the association of each indi-
models of pathogenesis, but most importantly may also idenidual marker with the disease was tested by btting a logistic
ify statistically over-represented but unexpected pathwaysgression genotypic model in which gender, Center of sample
revealing novel disease mechanisms. origin and HLA-DRBZX*1501 status were included as covari-
Inspired in part by analytical advances in the study of geraes. In the GeneMSA study, 87 SNPs outside of the HLA
expression, we propose a pathway-oriented analysis fegion exceeded the genome-wide signibcance threshold of
GWAS. We apply a method similar to the one that usé8< 1 x 10 *. Although there was no full overlapping of
gene ontologies (10) to analyze a list of differentiallyassociated markers between the two studies, several gene
expressed genes, but replacing the measure of differensabwed evidence of association in both (3). A meta-analysis
expression for each gene by Rrvalue that indicates the is being conducted and will be reported in the near future.
strength for the association of a gene with the disease phenoTo carry out the protein interaction network-based pathway
type. It is important to note that in this adaptation of thanalysis (PINBPA), we computed a singkevalue for each
method, two sets dP-values are computed: one set for assesgene (the gene-wis®-value, Fig. 1) and overlapped these
ment of the association of each SNP with the trait and anothemto a curated PIN. Many markers map within gene deserts
set for comparison of the observed and expected numberadf unannotated genes, and these were excluded from the
moderately associated genes in a GO or biological pathwayresent analysis. This process resulted in gene-®isalues
The second stage requires that evidence of association atfail 14 442 and 17 342 genes for the GeneMSA and IMSGC
the marker loci genotyped within each gene be reduced taGAWAS, respectively. We next conducted sub-network
single, gene-wisé®-value. searches on the two MS GWAS using the Cytoscape plugin
A limited number of studies have used network-based alggactive modulesjActive modulesombines the network pos-
ithms to prioritize candidate loci in genetic studies (11D 14j}ion and associatiofP-value of each gene to extract poten-
However, these studies either do not use actual genetic (getialy meaningful sub-networks or modules. In addition to
typic) data or are applied to model organisms. The only studgarching for signibcant modules using both datasets together
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Study 1 (IMSGC)  Study 2 (GeneMSA) cal networks and that their high scores may have been
obtained by chance. In contrast, signibcantly fewer modules
334,923 SNP 551,642 SNP were identiped in the searches based on randomized

) P-values for MS, RA and AD suggesting that the signibcant

l s vlr modules obtained from the reBtvalues in these diseases rep-

14,442 genes 17,342 genes resent biologically meaningful networks. To examine in detail

the magnitude of the scores for real and randomRadhlues,
. we plotted those of the top 20 modules for each s&-gélues
Y P<0.05 ) for each disease (Fig. 2B). As expected from the previous
analysis in MS, RA and AD, most of the top 20 modules
4,818 genes 6,954 genes obtained with realP-values showed higher scores than the
average score of the randomized searches. In the case of
\ / RA, only the top two modules show signibcantly higher
o scores than the average of their randomized searches
o2Q e (Fig. 2B). Notably, these two (partly overlapping) modules
&?: are composed exclusively of HLA genes, in which association
'.Y}%‘I PIN (n=7500) with the disease is highly signibcant. Although the total
number of modules obtained using ré&lvalues in BD and
CD do not differ signibcantly from those obtained with the
randomizedP-values (Fig. 2A), 18 of the top 20 scores were

Module search higher for the realP-values (Fig. 2B). Altogether, these
:"’i' e, results suggest that the signibPcant modules found with the
S ﬁ :k?. original data may represent real effects of interacting proteins

/ l \ on each disease phenotype.

PathwayA  PathwayB  PathwayC Signibcant modules for MS

Figu(;e 1-Stﬁ}tEQY-Agene'Wisga/a'Uel fOF_aSSﬁglatiO”fWAth MS in F‘N‘?pi”de' We identibed 346 signiPcant modules on the basis of their
endent studies was compute selectin ue of the most signibcant H e :
ﬁwarker within each gene.pGenes)\/NitrPa/alug}lless than or equal tog0.05 (redaggregate degree of genetlc. association with MS. Due to the
circles) were selected for subsequent analysis. SignibBavalues were nature of the search algorithm, several of these modules
loaded as attributes of the PIN and visualized using Cytoscape. The sizeosferlap extensively in their component genes. Thus, to describe
each network node displayed is proportional to its degree of signiPcangaodules representative of association with MS, we selected
The pluginJactive modulesvas used to |dent|f_y sub-ne_tworks of |ntera_ct|ngthose with the highest scores which also displayed a
gene products that were also associated with the disease. Each signibcant. . . .
module was tested for enrichment in KEGG pathways. minimum d_egree (_)f o_verlap (Fig. 3). C_OH_SIStently with all pre-
vious genetic studies in MS, the most signiPcant module (MS_1)
included several HLA genes (Fig. 3A). Although the only gene
we also conducted individual searches for each study (data gehsistently found associated to MS in this region is
shown). Although the same basic modules were identipedHn A-DRB1, the module shown lists another gene,
both strategies, higher scores were obtained when both da#a-A-DRA, as its most signibcant node. It is possible that
sets were used together, suggesting a real power gain wieigause HLA-DRB1 is highly polymorphic, most SNP
larger datasets are used. To assess the speciPcity of i@@kers included in large-capacity arrays are not targeting
modules associated with MS, we also performed equivaleis gene directly. Indeed, there are three times as many SNPs
analyses on recent GWAS from other autoimmune diseasasHLA-DRA as there are in HLA-DRB1 in the lllumina
(rheumatoid arthritis, RA; CrohnOs disease, CD; type 1 d&&0 k platform and the DRA SNP rs313588 tags with high sen-
betes, T1D), neurological diseases (AlzheimerOs diseawvity the HLA-DRB1*1501 allele. The observed associations
AD; bipolar disorder, BP) and unrelated diseases (coronagjth other HLA genes like HLA-DMA/B and HLA-DOA/B
artery disease, CAD; hypertension, HT; T2D) (16). Wenay be also due to the extensive linkage disequilibrium (LD)
observed statistically signibpcant modules in all diseasegen in this region. Interestingly, HLA-DRB5, present in the
(Fig. 2). Interestingly, the largest number of signiPcanhost signibPcant module, is part of the DR15 haplotype and
modules was observed in MS, suggesting greater genetic heis been identiped as a potential modiPer of the disease
erogeneity in this disease when compared with others. To t€s¥,18). The other two HLA genes that are part of the DR15
to what extent signibcant network modules could be obtaingédplotype (DQA and DQB) are not present in the module
by chance, we conducted 10 searches randomizing #tgown. Although thé>-values for each of these genes exceed
P-values among the same set of genes (those with associatia threshold of signibcance used for this analysis, they are
P-values<0.05). With the notable exception of MS, RA andhot part of module MS_| because there is no evidence that
AD, the module scores obtained from the randomizetiey physically interactwith any of its components. Not surpris-
P-values were equal to or even higher than those obtaing@jly, a KEGG pathway search with these genes identibed the
using the realP-values (Fig. 2A). This observation suggestgerms Oantigen processing®, Ocell adhesion molecules® an
that many of these modules do not represent bona-bde biola@immune system® as the most signibcantly over-represented,
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Figure 2. Module identibcation.A) Number of signibcant modules (size50 and score>3) identibed by Jactive modules in MS and in a panel of other auto-
immune (RA, T1D and CD), other neurological (AD and BD), and other unrelated (T2D, HT and CAD) diseases. Each disease is represented by a different
Filled bars correspond to the results obtained whenPeadlues were used to search for modules. Open bars are the results obtained with ranéowaitzess.

(B) Scores of the top 20 modules obtained with real (solid symbols) or randomized (open syibalsgs for each disease. The average and standard deviation
of 10 randomizations is shown for each disease.

relative to the number of genes in these pathways expectedlinease relapses (19). In contrast, IL7Ra, another gene recentl
the module by chance (Table 1). identibPed as a susceptibility factor in MS (20) is not part of

Figure 3B shows another highly signibcant module charaittis module. We speculate that it may act through an indepen-
teristic of MS. In this module (MS_11), several HLA genes arelent pathway. Although several of the other immune-related
also prominent members, but by virtue of highly connectegenes in this module have not been formally associated with
molecules such as CD4, CD82 and ITGB2, a more extensives, their involvement in disease pathology seems plausible.
immune pattern emerged. Interestingly, two non-HLA suscephese include several cell adhesion (ITGB2, ITGA4,
tibility genes previously associated with MS (IL2Ra andTGA6, ITGAM and ICAM1) and signaling molecules
CD58) also appear in this module. We hypothesize that (TGFBR2, TNFRSF10A and STAT3). NotablylTGAM
addition to its own signibcance, the presence of IL2Ra {{CD11b) has been recently associated with susceptibility to
this module may result from its physical interaction withsystemic lupus erythematosus, another autoimmune diseas
STAT3 and ITGB2, which themselves show modest asso€®l). KEGG pathways analysis with genes from module
ation with MS. CD58 was initially identibed as a susceptibilityS_11 revealed statistically signibcant over-representation of
gene in the IMSGC study (9) and its expression was recenthe processes of cell adhesion, leukocyte transendothelial
found to be upregulated in peripheral blood cells durinmigration and antigen processing (Table 1).
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Figure 3. Representative modules for MS. Nodes represent proteins and connections represent physical interactions as determined by the curated human
reported in Ruaét al. (44). The size of each node is proportional to thiog (10) P-value of associatior4 inset). Nodes are colored by chromosome (see key).

(A) HLA module. This is the highest scoring module in MS, possibly due to the high signibcance of HLA-DRA and its interaction with other linked drenes in t
HLA region. B) Extended immune module. In addition to HLA genes, this module contains other immune-related genes with morémaldest of associ-

ation. The signibcance of the entire module is possibly the result of the many interactions between thes€gbt&sae(iral module 1. Seven genes encoding
axon guidance molecules (indicated by asterisks) are part of this small moduMS neural module 2. Seven glutamate receptors (gene symbols starting with
GR) and two glutamate-related genes (HOMER1 and DLG1) are included in this module (these nine genes indicated by asterisks).

Interestingly, the other two modules characteristic of M&sted for membership to KEGG pathways, highly signibcant
(MS_III and MS_IV) suggest a neural component in the susnrichment in axon guidance pathways (module MS_IIl) and
ceptibility to the disease. Module MS_III is highly enrichedong-term depression and potentiation pathways (module
with genes typically expressed in neurons and glia (NCKR®IS_IV) were detected (Table 1).

EPHAS3, EPHA4, FYN, EFNB1, EFNB2 and EPHB2). Simi- As a control for our interpretation of these genes in MS, we
larly, module MS_IV includes seven glutamate receptorsext conducted similar analyses on the modules identibed for
(GluRs) (GRIK1, GRIK2, GRIK4, GRIAL, GRIA4, GRIN2A other diseases. Interestingly, for two of the three autoimmune
and GRID2) in addition to HOMER1, DLG1 and DLG2.diseases tested (RA and T1D), the most signibcant modules
HOMERZ1 regulates group 1 metabotropic GluR functionyere exclusively composed of HLA genes (Fig. 4). On the
and DLG1 and DLG2 interact at postsynaptic sites to formaher hand, only genes involved in the JAK-STAT signaling
multimeric scaffold for the clustering of receptors, ion charpathway (GRB2, JAK1, STAT3 and IFNAR1), and extracellu-
nels and associated signaling proteins. The identibcation laf matrix-receptor interactions (CD44, COL4A2, COL1Al
the latter two modules in MS suggests for the prst time thabhd FN1), but not HLA were identiPed in the third auto-
modestly signiPcant associations in genes involved in neumaimune disease (CD). The two genes most robustly associ-
pathways may contribute to the overall susceptibility to thiated with CD (NOD2 and IL23R) are not part of the
disease. Indeed, when members of these modules wesedected module. As described for module MS_II, this may



Table 1. Signibcant modules for MS
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Pathway Annotated genes in module Observed Expected P-value
Module MS |
Antigen processing and presentation OBUA-DPAL|HLA-DPB1/HLA-DQA2 4/4 (100%) 43/2361 (1.82%) 1.05H06
Cell adhesion molecules (CAMs) CPALA-DPA1|HLA-DPB1|HLA-DQA2 4/4 (100%) 91/2361 (0.03%) 1.14805
Type | diabetes mellitus HLA-DPAHLA-DPB1/HLA-DQA2 3/4 (75%) 30/2361 (0.01%) 2.69E05
Metabolic disorders HLA-DPAHLA-DPB1/HLA-DQA2 3/4 (75%) 78/2361 (0.03%) 3.73804
Immune system COH#HLA-DPAL|HLA-DPB1/HLA-DQA2 4/4 (100%) 425/2361 (0.2%) 2.28H03
Signaling molecules and interaction CPBUA-DPAL|HLA-DPB1/HLA-DQA2 4/4 (100%) 550/2361 (0.2%) 5.35803
Human diseases HLA-DPAHLA-DPB1/HLA-DQA2 3/4 (75%) 411/2361 (0.2%) 2.87E02
Module MS I
Cell adhesion molecules (CAMs) ICAMITGB2|ITGA4|HLA-DMB | 14/32 (43.8%)  91/2361 (3.9%) 9.1981
HLA-DQA2|ITGAM |ITGA6|CD58CD2/CD4|
HLA-DPA1|CD22GHLA-DRA|CD28
Immune system ICAMIIL2RA|TLR2|ITGB2|ITGA4|HLA-DMB | 20/32 (62.5%)  20/2361 (18%) 6.7507
HLA-DQA2|CXCL12/CTNNA3|ITGAM|CTNNB]|
TNFRSF10APTK2|ITGA6|CD2|
HLA-DPA1|CD4/CD14HLA-DRA|CD28
Environmental information processing COL2AIGB2|HLA-DMB [CXCL12PTENITGAM| 28/32 (87.5%)  28/2361 (44.9%) 1.1205
CTNNB1PTK2ZFYVE9|CD2/CD4/CD28BMP4|
EGFRICAML1|IL2RA|SOCS2TGFBRZITGA4|
HLA-DQA2|STAT3 TNFRSF10AITGA6|CD58
HLA-DPA1|CD226CD14HLA-DRA
Cellular processes TLREOL2ALITGB2|HLA-DMB [CXCL12|PTEN 28/32 (87.5%)  28/2361 (45.6%) 1.2505
ITGAM|CTNNB1PTK2/ILK |CD2/CD4/CD28EGFR
ICAM1|IL2RA|SOCSZMAGI1|TGFBRZITGA4|
HLA-DQA2|STAT3/CTNNA3|TNFRSF10AITGAS|
HLA-DPA1|CD14HLA-DRA
Signaling molecules and interaction EGFBRAML1|IL2RA|TGFBRZITGB2|COL2A1| 20/32 (62.5%)  20/2361 (23.3%) 2.4605
ITGA4|HLA-DMB |HLA-DQA2|CXCL12ITGAM |
TNFRSF10AITGA6/CD58CD2/HLA-DPAL|
CD4|CD226HLA-DRA|CD28
Hematopoietic cell lineage IL2RATGAGB|CD2|CD4|ITGA4|CD14ITGAM| 8/32 (25.0%) 8/2361 (3.0%) 2.6H05
HLA-DRA
Leukocyte transendothelial migration ICANMATK2|ITGB2|ITGA4|CXCL12/CTNNAZ| 8/32 (25.0%) 8/2361 (3.9%) 1.6104
ITGAM|CTNNB1
Type | diabetes mellitus HLA-DPAHLA-DMB |[HLA-DQA2|HLA-DRA|CD28 5/32 (15.6%) 5/2361 (1.3%) 2.7304
Antigen processing and presentation HLA-DRBD4/HLA-DMB |HLA-DQA2|HLA-DRA 5/32 (15.6%) 5/2361 (1.8%) 1.45803
Human Diseases BMPEGFRSOCS2MAGI1|TGFBR2Z 14/32 (43.8%)  14/2361 (17.4%) 2.5603
HLA-DMB |PTENHLA-DQA2|STAT3/CTNNBI]
HLA-DPA1|CD14HLA-DRA|CD28
Metabolic disorders SOCHALA-DPA1|HLA-DMB |[HLA-DQAZ2| 6/32 (18.8%) 6/2361 (3.3%) 2.62603
HLA-DRA|CD28
Focal adhesion EGHRTK2|ITGAG|ILK [COL2ALITGA4|PTEN 8/32 (25.0%) 8/2361 (7.1%) 6.56E03
CTNNB1
Cell communication EGFRTK2ITGAG6|MAGI1|TGFBRZILK |[COL2A1| 11/32 (14.6%)  11/2361 (14.6%) 1.8102
ITGA4|PTENCTNNA3/CTNNB1
Regulation of actin cytoskeleton EGHRIK2/ITGA6|ITGB2|ITGA4|CD14ITGAM 7/32 (21.9%) 7/2361 (7.1%) 2.36E02
Adherens junction EGFRGFBRZCTNNA3ICTNNB1 4/32 (2.8%) 4/2361 (2.8%) 4.3202
Module MS 111
Axon guidance NCKEPHA4FYN|EFNB1EFNB2EPHBZEPHA3 7/7 (100%) 102/2419 (4.3%) 1.44B6
Development NCKEPHA4FYN|EFNB1EFNB2EPHBZEPHA3 7/7 (100%) 119/2419 (5.0%) 2.14D6
Module MS IV
Neuroactive ligand-receptor interaction  GRIIGRIAL|GRIK2|GRIK4|GRID2/GRIN2A|GRIA4  7/9 (77.7%) 201/2419 (8.3%) 1.0685
Signaling molecules and interaction GRIKIRIAL|GRIK2|GRIK4|GRID2/IGRIN2A|GRIA4  7/9 (77.7%) 563/2419 (23.2%) 5.3703
Nervous system GRIAGRID2GRIN2A 3/9 (33.3%) 98/2419 (4.0%) 1.9682
Environmental information processing ERBBRIK1|GRIALGRIK2|GRIK4|GRID2| 8/9 (88.8%) 1077/2419 (44.5%) 2.76802
GRIN2A|GRIA4
Long-term depression GRIAGRID2 2/9 (22.2%) 61/2419 (2.5%) 4.7HD2
Long-term potentiation GRIAGRIN2A 2/9 (22.2%) 64/2419 (2.6%) 477102

be due to the fact that evidence for the interaction betwestatistically signibcant modules identibed for RA, T1D, AD
these two genes and the rest of the genes in the moduleaisl BD.

lacking. As expected, the great majority of pathways ident- Although possibly representing false discoveries, the top
iPed in the signiPcant modules for AD and BD were neurahodules identiPed for T2D, CAD and HT are also shown
(Development, ParkinsonOs disease and long-term depressfon)comparison (Fig. 2B). In T2D, the most signibcant
Table 2 shows the genes and pathways contained in tmedule contained genes involved in intracellular signaling
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Figure 4. Representative modules for other diseases. Same conventions as in Fi\yr&3; (B) T1D; (C) CD; (D) T2D; (E) CAD; (F) HT; (G) AD; (H) BD.

(EGFR and BCR), apoptosis (IGF1R, AVEN and APAF1) andotably, several signibcant genes from modules in AD and BD
insulin receptor signaling pathway (IGF1R and IGF2). In HTare also signibcant in MS. For example, SNCA CDCA42EP3,
the top scorlng module listed genes are almost exclusiveHL2 and CRMP1 all shoWP-values<1 x 10~ 2 in MS and
involved in cell communication (EGFR, VAV3 and RAC1). AD or BD, but consistently higheP-values for all the non-

To assess module specibcity, we compared the performaneelrological diseases. The maximum number of SNPs tested
of each of them in the disease in which they were identibéd these genes ranged from 49 (CRMP1) to 79 (CDC42EP3),
against its performance across all other diseases. This vetightly above the median number of 40 SNPs/gene across
accomplished by tabulating the gene-wRevalue of associ- the lllumina 550 k array. In contrast, genes such as PARK2,
ation of each gene in the module with every disease. If\6AV3, PAK7 and NTRKS3 yielded relatively lowP-values
module reached signibcance just because it was compoged< 1 x 10™3) across most or all diseases, possibly because
of large-sized genes, for which relatively lo+values could a larger number of SNPs were tested for these genes, and
be obtained by chance, it would be expected that the sasmme achieved signibcance by chance. Indeed, the number
module be also signibcant in several or all other disease$, SNPs for these genes in the lllumina platform ranges
but modules are signibcant only in the disease in which théym 149 (PAK7) to 455 (PARK?2).
were originally identibed, suggesting they were identibed Finally, we identibed the 400 genes in which the gene-wise
because they were disease-specibc and not due to chaReealues varied most widely across diseases, and performed
As demonstrated in Figure 5, the four most signibcaonhe-way hierarchical clustering on theBevalues to produce
modules identiPed in MS show almost no association with dendrogram identifying diseases with similar patterns of
any other disease. However, there are some genes that slgewetic association (Fig. 6). The two MS and the two RA
strong association with other diseases in addition to MS. #tudies clustered almost perfectly with each other and they,
particular, the HLA genes also show highly signibcant assodit turn, were grouped together in a looser cluster which also
ations with both RA and T1D, two autoimmune diseases. Mosicluded T1D (autoimmune) and AD (neurological), but did
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Table 2. Signibcant modules for other autoimmune and neurological diseases

Pathway Annotated genes in module Observed Expected P-value
RA
Cell adhesion molecules (CAMs) SE|HLA-DPA1|CD4/HLA-DPB1| 8/18 (44.4%) 91/2361 (3.8%) 6.06ED6
HLA-DMB |SELEHLA-DQA2|HLA-DRA
Antigen processing and presentation HLA-DRBD4/HLA-DPB1|HLA-DMB | 6/18 (33.3%) 43/2361 (1.8%) 1.0705
HLA-DQA2|HLA-DRA
Type | diabetes mellitus HLA-DPAHLA-DPB1|HLA-DMB |[HLA-DQAZ2| 5/18 (27.7%) 30/2361 (1.2%) 3.16805
HLA-DRA
Human diseases CBLBET|IMAPK12|GRB2HLA-DPAL| 12/18 (66.6%) 411/2361 (17.4%) 6.00B5
HLA-DPB1/PRNRABL1|HLA-DMB|
HLA-DQA2|PIK3R1JHLA-DRA
Metabolic disorders HLA-DPAHLA-DPB1|HLA-DMB | 6/18 (33.3%) 78/2361 (3.3%) 1.54804
HLA-DQA2|PIK3R1HLA-DRA
Immune system CBLBJMAPK12|GRB2HLA-DPA1|CD4| 10/18 (55.5%) 425/2361 (18.0%) 3.14B3
HLA-DPB1|HLA-DMB |[HLA-DQAZ2|PIK3R1HLA-DRA
Chronic myeloid leukemia CBLESRBZ2ABL1|PIK3R1 4/18 (22.2%) 70/2361 (2.9%) 1.26B€2
Signaling molecules and interaction SHHLA-DPA1|CD4HLA-DPB1| 10/18 (55.5%) 550/2361 (23.2%) 2.00B2
HLA-DMB |SELEJHLA-DQA2|HLA-DRA|KDR|GHR
T-cell receptor signaling pathway CBUIBRB2CD4|PIK3R1 4/18 (22.2%) 86/2361 (3.6%) 2.00B2
Environmental information processing GRBELLHLA-DMB |[HLA-DQA2|KDR|CBLB| 14/18 (77.7%) 1059/2361 2.44E-02
MAPK12|CD4HLA-DPA1|HLA-DPB1|SELH (44.8%)
PIK3R1JHLA-DRA|GHR
VEGF signaling pathway MAPKJPIK3R1KDR 3/18 (16.6%) 58/2361 (2.4%) 4,262
T1D
ECM-receptor interaction LAMAICOL4A2/COL4ALHSPG2COL1A2ITGA2| 9/31 (29.0%) 67/2419 (2.7%) 3.66E06
ITGAL10/ITGB1|COL11A1
Antigen processing and presentation TARIA-DOA |HLA-DMB |HLA-DOB| 7131 (22.5%) 47/2419 (1.9%) 2.25805
HLA-DQA2|HLA-DRA|HLA-F
Type | diabetes mellitus HLA-DOAILA-DMB |HLA-DOB|HLA-DQA?2| 6/31 (19.3%) 30/2419 (1.2%) 2.2585
HLA-DRA|HLA-F
Cell Communication TLNIMAGI3|COL4A2|COL4ALITGAL0|ITGAZ| 15/31 (48.3%) 351/2419 (14.5%) 8.68IB5
ITPR3GRM1|ITGBLITPRLPXN|LAMAL [TUBB|
COL1A2/COL11A1
Cellular processes TLNITGA10/BCL2L1|HLA-DMB [ITGB1|PXN| 26/31 (83.8%) 1098/2419 1.10E-04
TUBB|CASP8TAP1HLA-DOA|COL11A1 (45.3%)
HLA-DOB|MAGI3|COL4A2ICOL4ALITGAZ|
ITPR3IGRM1HLA-DQA2|ITPRIHLA-F|
LAMAL |RIPK1|COL1A2/APAF1HLA-DRA
Focal adhesion LAMAICOL4A2 TLN1|COL4ALCOL1A2ITGAZ| 10/31 (32.2%) 170/2419 (7.0%) 2.43H4
ITGAL10|ITGB1|COL11ALPXN
Cell adhesion molecules (CAMs) HLA-DQALA-DMB |[HLA-DOB|ITGB1| 7131 (22.5%) 93/2419 (3.8%) 9.26804
HLA-DQA2|HLA-DRA|HLA-F
Metabolic disorders HLA-DOAILA-DMB |HLA-DOB|HLA-DQAZ2| 6/31 (19.3%) 7912419 (3.2%) 2.55803
HLA-DRA|HLA-F
Signaling molecules and interaction COL4RDLAAYHSPG2ITGA2|ITGALQ| 16/31 (51.6%) 563/2419 (23.2%) 3.0583
HLA-DMB |HLA-DQA2|GRM1|ITGB1|
HLA-F|LAMA1 |COL1A2HLA-DOA|COL11AY
HLA-DOB|HLA-DRA
Environmental information processing  COL4E&DLAALHSPG2ITGA2|ITGAL0BCL2LY| 23/31 (74.1%) 1077/2419 3.88E-03
ITPR3HLA-DMB |HLA-DQA2|GRM1|ITGB1] (44.5%)
ITPRYPXN|HLA-F|LAMAL |MAP4K4/ TAP1/CASP8
COL1A2HLA-DOA|HLA-DOB|COL11AlHLA-DRA
Human diseases BCL2IHLA-DMB |[HLA-DQA2|ITGB1|HLA-F| 13/31 (41.9%) 423/2419 (17.4%) 5.60B3
LAMAL |APP TUBB|CASPSPRNRHLA-DOA |
HLA-DOB|HLA-DRA
Neurodegenerative disorders LAMPIPPICASP8BCL2L1|PRNP 5/31 (16.1%) 103/2419 (4.2%) 3.9482
Gap junction TUBBITPR3GRM1|ITPR1 4/31 (12.9%) 68/2419 (2.8%) 4.1302
Prion disease LAMAIPRNP 2/31 (6.4%) 13/2419 (0.5%) 4.3682
AD
Neurodegenerative disorders ABRCAIPMAGI1|SNCAIPARK2ITCH|APBAL 7126 (26.9%) 103/2419 (4.2%) 3.7#D3
ParkinsonOs disease SNCSIRCAPARK2 3/26 (11.5%) 13/2419 (0.5%) 7.9303
Development EGFRPAKG6|CDC42PAK7|[ERBB4SRGAP1 6/26 (23.0%) 119/2419 (4.9%) 2.3082
Human diseases EGFBDC42APRSNCAIPMAGI1|TGFBR1SNCA| 11/26 (42.3%) 423/2419 (17.4%) 3.46B2
PARKZITCH|APBAL TGFB2
BD
Adherens junction EGHRGF1RMAPK1|CREBBRPTPNI1INSR 6/28 (21.4%) 68/2419 (2.8%) 5.6#D3
MAPK signaling pathway EGFRIEF20MAPK1|RPS6KAZNTRK2|/GNA12| 9/28 (32.1%) 219/2419 (9.0%) 1.4602

PTPRRNFATC2CDC25B

Continued
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Table 2. Continued

Pathway Annotated genes in module Observed Expected P-value
Nervous system IGFIRIAPK1|RPS6KA2GNAI1|CREBBRGNA12 6/28 (21.4%) 98/2419 (4.0%) 1.4002
Neurodegenerative disorders HIREBBRSNCAPARK2BCL2L1|INSR 6/28 (21.4%) 103/2419 (4.2%) 1.4682
Human diseases EGHRBF1RMAPK1|HD/HNF4A|/CREBBRSNCA| 12/28 (42.8%) 423/2419 (17.4%) 1.78B2

PARK2BCL2L1|RUNX1/PRKCHEINSR
Long-term depression IGF1IRAPK1|GNAI1|GNA12 4/28 (14.2%) 61/2419 (2.5%) 4.9202

not include any of the unrelated diseases. Intriguingly, tHess reproducible when randomized datasets were used.
study on CD did not cluster with MS and RA, but with theOther methods that detect geneb gene interactions have been
unrelated diseases. One possible explanation for this diffelescribed (27930). However, unlike a network-based
ence is the lack of a strong association with HLA genes @pproach, those methods consider all possible pair-wise inter-
CD compared with the other autoimmune diseases. Insteadtions, limiting the biological interpretation of the data. Fur-
genetic susceptibility to CD appears to be more widelhermore, implementation of this approach at a whole-genome

spread across the genome (16,22). scale requires extraordinary computational resources. Another
advantage of our pathway analysis approach is that it may
DISCUSSION provide a basis for patient stratiPcation by disease subtype.

Whether MS is a single disease or several diseases with a
There is ongoing debate on the exact mechanism of MS patle@mmon phenotype is still a matter of debate. Pathway-based
genesis. Some theories support the idea that there is a primaeyetic analyses may help identify different, and even unre-
immune disorder targeting the CNS, with subsequent neurodigted, biological mechanisms as responsible for disease patho-
generation being a consequence of the initial inBammatoggnesis. The implications of such potential discovery are
process. A competing theory states that neurodegeneratiofiigad, as this may lead to targeted therapeutics, and individu-
the primary cause of the disease, leading to an inBammateady tailored disease management.
reaction within the CNS (23). Most previous genetic studies The most likely cause for the modeBtvalues seen in all
in MS (by genome-wide or candidate gene approaches) haliseases analyzed is insufpcient power to detect small
involved immune-related genes, thus supporting the brst scgenetic effects. It is estimated that the allelic odds ratios of
ario. In this article, we employ a novel network-based pathwausceptibility variants in most complex diseases lie between
analysis using data from two independent GWAS and impl2.0 and 1.2. For an odds ratio of 2.0, a sample size of 500 indi-
cate neural pathways in the susceptibility to MS. viduals provides 80% power to detect a causative variant with

Recently reported pathway-based analyses of GWAS daapulation frequency of 10%a(! 1 x 10>, multiplicative

(15,24,25) relayed exclusively on classical biological pathmodel). However, at an odds ratio of 1.2, 9000 cases and con-
ways as described in KEGG, Biocarta or gene ontology. Thels are needed to achieve the same power (31). All the
article by Torkamankgt al. (15) is of particular interest since GWAS analyzed here genotyped between 1000 and 2000
they analyzed several of the GWAS datasets we used @ses, thus only providing adequate power to detect relatively
control. We also tested a similar approach in which krge genetic effects or associations with relatively common
literature-derived network of biological relationships is Prafisease-specibc markers. Under these conditions, a pathway-
assembled and subsequently, an exhaustive search for dudsed analysis may compensate for the lack of statistical
networks representing particular pathways is conducted (2fphwer due to insufpcient sample size by making use of the
Using the two MS datasets, this analysis yielded signibcamuch higher prior probability of true associations among
pathways associated with immune and neurological functionertain combinations of genes, determined by their biological
including antigen presentation, axon guidance and neurogeelationships, than among other, arbitrary combinations. The
esis (Supplementary Material, Table S1). In order to enhanadded constraint that only associations between genes that
the potential for discovery of biologically relevant circuitsphysically interact (as determined by the PIN) are taken into
we introduced the PIN to the analysis. The PINBPA approaettcount further strengthens the prior.
focuses on the combined effect of associated genes by restrictA necessary step in the search for pathways involves con-
ing the search for pathways to only those gene products tlignsing the evidence for association for each marker within
actually interact as determined by a high-quality PIN. Asida gene into oné>-value representative of the gene. Although
from signibcantly reducing the possible total number of intefer our analysis the gene-wide-value was that of the most
actions, the network-based approach takes advantage of slgmibcant SNP within that gene (miPrvalue method), we
fact that if two proteins physically interact, they likelyalso explored other methods that would take into account
belong to the same biological pathway. We acknowleddbe variable number of markers genotyped within each gene
that restricting the search to only certain interactions alsmd the extent of LD among them. We examined various tech-
increases the chances of detecting pathways even in tligues for correcting the gene-wiSevalue for the number of
absence of signibcar®-values for association. To accountSNPs per gene, and adjusting the corrected value for LD. We
for this, we performed extensive testing and showed that tatso applied the FisherOs method for combiinglues, fol-
module scores obtained for most diseases were lower dodied by an adjustment for LD. However, when these
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Figure 5. Module specibcity. Th&-values of genes from the representative modules shown in Figures 3 and 4 are displayed as a heatmap. Each row corresj
to a single gene. Genes are organized by their membership of modules. Genes corresponding to the four modules described for MS (Fig. 3) arelat the t
lowed by genes corresponding to modules from all other diseases. Because modules from different diseases may share one or more genes (e.g. HLA
immune diseases), these may be represented more than once in the Pgure. Color-coded bars next to each module mark the genes that the moduie compi
same color code in the column headers indicates the disease for whi€hvidlees are represented below. In general, genes from modules identibed in one
disease show the higheBtvalues for that disease, and less signiPdantalues for most other diseases. A notable exception is the HLA genes which show
overlap between MS, RA and T1D, all of which are autoimmune diseases. Interestingly, some of the genes from the AD and BD modules show signil
P-values also in MS.

methods were used, a very small number of genes exceedapidly as high extracellular glutamate levels are neurotoxic.
the threshold of signibcance, not enough to compute amdeed, elevated extracellular glutamate levels can result in
pathway searches. Although such correction and adjustmémt death of neurons and oligodendrocytes through excitotoxic
are appropriate on the null hypothesis of no associationgechanisms and these have been shown to play a role in the
genome-wide, it may penalize large genes excessively if trpathology of MS and EAE (33,34). Interestingly, susceptibility
(causative) associations are proportionally more common tim excitotoxicity may be under genetic control (35).
smaller genes. We also evaluated to what extent larger gene#é second neural module (MS_III) contained NCK2 and
were more likely to be included in our analysis by virtue oF YN, in addition to two members of the ephrin family of pro-
being more represented in the array. We found no signibcdeins (EFNB1 and EFNB2) and three or their receptors
difference in the distribution of gene sizes within a giveliEPHA3, EPHA4 and EPHB2). These genes are involved in
module when compared with a random set of genes (Sugpxon guidance, the process during development by which
plementary Material, Fig. S1). Altogether, the mittvalue neurons extend their processes and make connections througt
method provided the most consistent and balanced resutiat the CNS. Specibcally, Eph/ephrin signaling regulates axon
This method has also been applied by Torkametnal. (15) guidance through contact repulsion during development of the
in their pathway analysis of the WTCCC dataset witlCNS, inducing collapse of neuronal growth cones (36). Eph
similar results. receptors and ephrins continue to be expressed in the adul
Here we implicate neural pathways (e.g. axon guidance a@iNS, although usually at lower levels, but have been found
long-term potentiation) in susceptibility to MS. Only one otheto be upregulated in MS lesions on different cell types, includ-
article has reported a neural gene in MS susceptibility to datey reactive astrocytes, neurons and oligodendrocytes (37).
(32). Due to the power limitations described above, none @his upregulated expression may directly inhibit regrowth of
the individual genes in these pathways may exceed thegenerating axons, but Eph expression also regulates astrocy
genome-wide threshold of signibPcance in tests of associatitia. gliosis and formation of the glial scar. Therefore, Eph/
However, when an entire pathway is considered, even modephrin signaling may inhibit regeneration by more than one
associations in several of its component genes contribute to thechanism and modulation of Eph receptor expression or sig-
overallP-value. For example, seven GIuR genes were foundmaling could prove pivotal in determining the outcome of
be marginally associated with MS (Module MS_1V). Althoughinjury in the adult CNS.
each marker may not reach signibcance when tested in isoDue to the nature of the searches performed, this is a gene-
lation, the probability that several GIuRs are identiPed bgentered analysis, and thus it is possible that true association:
chance, if none of them is truly associated with the diseaseith markers that lie in large intergenic regions were neg-
is exceedingly small. Furthermore, not all GluRs arkected. Also, markers within genes not represented in the
encoded on the same chromosome, thus reducing the likétiN were not evaluated in this analysis. Finally, it is reason-
hood of in3ation of the signal due to LD. The identibed assoable to expect that subgroups of patients with shared risk
ations between GluRs and MS are of substantial biologicalleles would be identiped by this method. We were unable
relevance since glutamate is the principal excitatory neurts subclassify patients because our analysis only takes into
transmitter within the CNS. Glutamate acts on neuronal amdcount the most signibPcant variant for each gene, and more
glial ionotropic receptors coupled to specibc ligand-gated catignibcant markers may be needed to identify such subgroups
ionic channels, and mGIluRs, coupled to second messeng&svertheless, there is scope for the development of related
Under normal conditions, astrocytes maintain low extracellumethods to increase the power to detect associations in thes
lar glutamate levels by using transporters to take up glutamaggyions and genes. In summary, by following a network-based
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RA (1) were obtained from the Supplementary information provided
in that article. Processed data for the AD study performed at
RA (2) GSK is publicly accessible from http://www.imgw.com/
T1D public/ (39).
mg (;) r— Module (sub-network) searches
( ) We brst computed the gene-wise signibcance for association
AD by choosing the lowesP-value of all SNPs mapping to a
T2D given gene (min P-value method) without correction.
Although this method potentially introduces biases in favor
CD of larger genes (for which more SNPs are generally typed,
thus increasing the chances of type | error), the use of the
gene-wiseP-value as an input variable in a second analysis
CAD iseP-val i iable i d lysi
HT step (see Introduction) provides protection against spurious
Pndings caused by such bias. Moreover, we implemented rig-
BD orous validation steps that included randomized network

Figure 6. Disease hierarchical tree. THRevalues of the genes showing the S€arches and comparison with similar datasets from other
most variable levels of association across diseases were selected to clus@mnplex diseases. Other measures of gene-wise signibPcance
the GWAS studies. Studies connected by the same branch of the dendrogygaye considered, including Fisher®s method of combining
are more similar to each other than those in different branches. Notably, tpg\,ames (40), and a method that corrects for the number of

two MS studies cluster together, and with those from RA and T1D. Als Ly .
the two RA studies cluster together (and with T1D, another autoimmu%NpS tested within each gene and SUbsequently adJUStS for

disease). MS(1), GeneMSA; MS(2), IMSGC; RA(1), Gregersen; RA(2kD (41,42) (data not shown). However, since the most biologi-
WTCCC. cally signibpcant bPndings were obtained with the rRivalue
method, we only report on these results.

th Vsi h ded the i lated ?enes with a gene-wise associatiBivalue of 0.05 or less
pathway analysis, we have expanded thé immune-relate \E\ﬁpe considered for further study and loaded into the Cytos-

of genes associated W'th. MS. Furtherlmore, we have_ |delnt|b e software, a package for visualization and analysis of net-
neural pathways whose mvolvemerjt in the d'se"?‘s? IS b'OIO.Q\'/brks (43). A curated human PIM { 7500) was downloaded
cally plausible. Larger pathway-oriented association studigs \isualized in Cytoscape (44,45). The gene-iisealues
will ultimately be necessary to validate these Pndings. for association with each disease were loaded as node attri-
butes of the PIN and the plugijActive modules(46) was
used to identify sub-networks of modestly associated but inter-
MATERIALS AND METHODS acting gene products. The biological interpretation of a statisti-
cally signipcant module (sub-network) is that the products of a
set of genes associated to the disease also interact physically,
In total, 11 GWAS were analyzed (two for MS and nine otheithus raising the possibility that they belong to the same
as controls). The brst of the two studies in MS was a famifyathway or biological procesgActive modulesgrows a
trio-based analysis recently published by the Internationaétwork from each node by systematically adding one neigh-
MS Genetics Consortium (IMSGC) in which 334 923 SNPBor at a time and computing an aggregate sc&ebased on
were analyzed in 931 trios by the transmission disequilibrium given statistical signibcance, in our case, the gene-wise
test (9). The second MS study (GeneMSA) was a multicentervalue of association with the disease. Specibcally,
caseb control association analysis done collaboratively amdhg: vkZ, where each geneP-value is converted to a
the University of California San Francisco, Vrije UniversiteiZ-score (using the inverse normal CDF) akds the number
Medical Center in Amsterdam, University Hospital Basebf genes contributing to the scof2OnceS ceases to increase
and the pharmaceutical company Glaxo SmithKline (GSK3ignibcantly, the sub-network stops growing and is reported as
The GeneMSA study analyzed 551 642 SNPs in 978 caseshodule (46). Next, the test statisti§) (s compared with an
and 883 controls (3). appropriate background distribution. As a background distri-
As controls, we used data from four studies in other autbution, we used the scores of modules randomly selected
immune diseases, consisting of two studies in RA, and ofrem the entire PPI network. Since the background distribution
each in CD and T1D. Two studies in other neurological diss dependent on module size, jActive modules creates a back-
eases included one each in AD and BD. In addition, unrelatgdound distribution by scoring 10 000 random modules of each
diseases included one study each in HT, CAD and T2D. Tk&e (in a Monte Carlo procedure). Furthermore, since the
studies for RA, CD, T1D, BD, HT, CAD and T2D were perscores distribution is a smooth function of module size,
formed by the Wellcome Trust Case Control Consortiujfctive modules applies a sliding window average to the back-
(WTCCC) (16) and the genotypie-values of association for ground distribution. As in the original publication, modules
each tested SNP were obtained from the projectOs webpage S>3 (3 SD above the mean of randomized scores)
(www.wtccc.org.uk). A second RA study was performed bwere considered signibcant. It is interesting to note that
Plenge and collaborators in which 317 503 SNPs were testbres of up to 12 were obtained for some diseases. If con-
in 1522 cases and 1850 controls (3B)values for association verted back toP-values and corrected for the multiple

Genetic association data
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network searches the algorithm Perform&l(o7), results FUNDING
would remain highly signibcant (13“) even after the correc- ding t the O A blicati h for thi
tion. P-values from both studies in MS (IMSGC anoFu.nIIng 0 pay he penh ccess pub |ca||0n f allrgesl or this
GeneMSA) and RA (Plenget al. and WTCCC) were included article was provided by The U.S. National Multiple Sclerosis
in the search, resulting in higher conbdence in the signibcan%%c'ety'

of the modules retrieved. To merge datasets, we included

genes with signibcanP-values in either study, and when a

given gene was present in both, the nitrvalue was con-

sidered. To evaluate whether the signibcant modules obtaifRBFERENCES

were biologically meaningful, we computed their enrichmenty. Altshuler, D., Daly, M.J. and Lander, E.S. (2008) Genetic mapping in
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