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Objective. Genome-wide association studies
(GWAS) and their subsequent meta-analyses have
changed the landscape of genetics in rheumatoid arthri-
tis (RA) by uncovering several novel genes. Such studies
are heavily weighted by samples from Caucasian popu-
lations, but they explain only a small proportion of total
heritability. Our previous studies in genetically distinct
North Indian RA cohorts have demonstrated apparent

allelic/genetic heterogeneity between North Indian and
Western populations, warranting GWAS in non-
European populations. We undertook this study to de-
tect additional disease-associated loci that may be col-
lectively important in the presence or absence of genes
with a major effect.

Methods. High-quality genotypes for >600,000
single-nucleotide polymorphisms (SNPs) in 706 RA
patients and 761 controls from North India were gener-
ated in the discovery stage. Twelve SNPs showing sug-
gestive association (P < 5 � 10�5) were then tested in
an independent cohort of 927 RA patients and 1,148
controls. Additional disease-associated loci were deter-
mined using support vector machine (SVM) analyses.
Fine-mapping of novel loci was performed by using
imputation.

Results. In addition to the expected association
of the HLA locus with RA, we identified association with
a novel intronic SNP of ARL15 (rs255758) on chromo-
some 5 (Pcombined � 6.57 � 10�6; odds ratio 1.42).
Genotype–phenotype correlation by assaying adiponec-
tin levels demonstrated the functional significance of
this novel gene in disease pathogenesis. SVM analysis
confirmed this association along with that of a few more
replication stage genes.

Conclusion. In this first GWAS of RA among
North Indians, ARL15 emerged as a novel genetic risk
factor in addition to the classic HLA locus, which
suggests that population-specific genetic loci as well
as those shared between Asian and European popu-
lations contribute to RA etiology. Furthermore, our
study reveals the potential of machine learning methods
in unraveling gene–gene interactions using GWAS
data.
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Rheumatoid arthritis (RA) constitutes an impor-
tant and growing public health burden in both western
and developing countries. Cumulative epidemiologic
surveys have shown that genetic susceptibility plays an
important role (1,2). Over the last few years, a spate of
genome-wide association studies (GWAS) and their
subsequent meta-analyses, comprising large cohort sizes,
have been successful in uncovering several novel disease
genes in complex traits, with RA and inflammatory
bowel disease (IBD) genetics being the principal bene-
ficiaries (3–6). These studies have undoubtedly provided
valuable insights into the genetic architecture of RA by
unearthing and deciphering unique novel genes and
pathways as well as those shared with other autoimmune
disorders. To date, 46 genes/loci for susceptibility to RA
have been confirmed, primarily in individuals of Euro-
pean ancestry (4). Only �4% of all GWAS have been
performed in populations of non-European origin, and
findings of these GWAS have been disparate from those
of GWAS performed in Caucasians (7–9). In this regard,
our previous studies in a North Indian RA cohort have
demonstrated limited replication of European GWAS
findings (10). Furthermore, the 2 non–major histocom-
patibility complex (non-MHC) genes associated with
RA, namely, the PADI4 locus in Asian populations and
PTPN22 in Europeans, have never had a similar effect in
these 2 ethnic groups. The associations with PADI4 are
extremely weak or absent in most European studies.
Conversely, the PTPN22 risk allele is very rare in Asian
populations (11).

These observations have raised the question of
whether markers are generalizable across populations,
and they have emphasized the need to conduct GWAS
in populations of distinct ethnicities. Such studies might
not only reveal “ethnicity-specific” genes but might also
explain a small proportion of the “total heritability,”
explain the performance of available Caucasian
population–based genotyping platforms in ethnically
diverse groups, and aid in cross-ethnicity–based fine
mapping. Herein we report results from the first GWAS
of RA conducted in the genetically distinct North Indian
population. We identified 1 novel gene, namely, ARL15,
in addition to reconfirming a few previously reported
GWAS findings.

Meta-analyses of GWAS have extended the suc-
cess of complex disease genetics by revealing novel
variants with smaller effect sizes. Despite this, their
findings account for only a small fraction of the total
disease heritability. This suggests either that there may
be undiscovered genetic mechanisms or that alternative
methods are required to analyze the rich genome-wide

resource to address the missing heritability. Therefore,
in parallel with GWAS, we employed the other approach
of support vector machine (SVM) analysis to detect
additional disease-associated loci that may be collec-
tively important in the presence or absence of genes with
a major effect.

SUBJECTS AND METHODS

Study participants. Two independent case–control
sample sets were used in the discovery and replication stages.
The discovery set consisted of 706 RA patients and 761
controls, and the replication set consisted of 927 RA patients
and 1,148 controls. Controls were age-, sex-, and ethnicity-
matched healthy unrelated blood donors with no history of
chronic inflammatory autoimmune or infectious diseases. RA
patients were predominantly female (further information is
available from the corresponding author). All individuals
were self-reported North Indians. RA was diagnosed according
to the 1987 revised classification criteria of the American
College of Rheumatology (12). A more detailed description of
subjects is available from the corresponding author. Informed
consent was obtained from each participant, and approval for
the study was obtained from the ethics committees of appro-
priate institutions.

Genotyping. Genomic DNA was extracted from peri-
pheral whole blood using a standard phenol–chloroform pro-
tocol. Genotyping for the GWAS stage was carried out at
Sandor Proteomics with an Illumina CSPro, using an Illumina
Human660W Quad BeadChip genotyping platform. Data
were imported into GenomeStudio software for initial review
and quality control. Cluster statistics were recalculated using
130 North Indian samples from our data set as reference.
For the replication stage, genotyping was performed using a
MassArray system (Sequenom) by AceProbe Technologies, a
commercial facility.

Statistical analysis. Data were analyzed using Plink
software (http://pngu.mgh.harvard.edu/�purcell/plink) and
R software (http://www.r-project.org). GWAS genotype data
were subjected to quality control. Samples with a call rate of
�95%, ambiguous sex, ethnic outliers (identified by multi-
dimensional scaling plots), duplicates, and first-degree rela-
tives (pairwise identity by descent score [pi-hat] � 0.4) were
excluded. Single-nucleotide polymorphisms (SNPs) lying in
X-chromosomal, Y-chromosomal, and mitochondrial regions
were excluded from the analysis. Multidimensional scaling was
performed using 12,000 population-differentiating markers for
identifying population stratification (13). The over-dispersion
factor of association test statistics (genomic control inflation
factor), �GC, was calculated using observed versus expected
values for all SNPs. We excluded SNPs with a call rate of
�95%, a minor allele frequency (MAF) of �5%, or deviation
from Hardy-Weinberg equilibrium (Phwe � 1 � 10�7) in the
controls using Plink software (14) (details are available from
the corresponding author). Allelic association was calculated
using the Cochran-Armitage trend test and the additive dom-
inant and recessive test, and the risk of disease was estimated
using the odds ratio. P values less than 5 � 10�8 and less than
5 � 10�5 were considered significant for disease association
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and suggestion of disease association, respectively, at the
genome-wide level. Manhattan plots for chromosome-wise
distribution of association P values were generated using R
software.

For the subsequent replication study, we considered
SNPs with P values less than 5 � 10�5 in the discovery stage
in allelic and additive dominant/recessive models. Of these, the
previously reported genes and the HLA region were excluded.
Furthermore, except at LOC150577, only 1 SNP per gene/locus
with the strongest association was selected whenever multiple
hits were found. Genotyping was carried out in an independent
sample set comprising 927 RA patients and 1,148 controls.
As in the genome-wide study, SNPs with a call rate of �95%,
an MAF of �5%, or deviation from Hardy-Weinberg equili-
brium (Phwe � 1 � 10�7) in the controls were removed from
the replication stage.

SVM/multivariate analysis. SVM analysis (15,16) is a
machine learning method that uses “training data” consisting
of samples of multivariate input with known classification to
construct a mathematical “model” or “classifier” that can then
be used for classifying a new multivariate input. The method
has been used in conjunction with GWAS (17–20), where the
training data consist of the set of alleles present at multiple
SNP locations in the genome of several known patients and
controls. Using these data, SVM analysis constructs a model
that can predict the disease status of an individual from his or
her genotype. The model is obtained by representing each
individual in the training set as a point in an n-dimensional
“feature space” (n is the number of SNPs) and constructing an
n – 1–dimensional hypersurface in this space that best sepa-
rates the points corresponding to patients and controls. Since
the model uses the genotype at a large number of loci to make
the prediction, it implicitly integrates information about the
collective effect of multiple loci and thus provides information
complementary to the chi-square statistic, which evaluates
the significance of a single SNP. Furthermore, the model also
assigns a weight to each SNP that is a measure of its impor-
tance in predicting the disease status, and thus the model can
be used to rank SNPs.

The performance or success rate in correctly classifying
new inputs of SVM models depends on the size of the training
set (number of individuals) compared to the number of
features (number of SNPs). For a reasonable performance, the
dimensionality of the feature space should not be too large.
We therefore imposed a cutoff P value of less than or equal to
0.001 to prune the set of SNPs considered. This yielded a set of
517 SNPs, which is a reasonable number to consider given
the size of our data set (1,112 individuals). We constructed 100
different subsets of the data, each consisting of 90% of the
individuals chosen randomly from 1,112 individuals, and for
each subset we constructed an SVM model using the publicly
available package LIBSVM (21). The cross-validation accuracy
(success rate in predicting the disease status of inputs not part
of the training set) of the models generated ranged from 82.9%
to 95.1% with a mean of 88.7%. The area under the curve
(AUC) for the receiver operating characteristic curve was also
computed. The AUC ranged from 0.89 to 0.96 with a mean of
0.93. These values for the cross-validation accuracy and the
AUC suggest a good performance of the SVM models con-
structed.

Each model provided a weight, wi, to the 517 SNPs

(i � 1, 2,. . ., 517). The absolute weight, �wi�, is a measure of
how important the ith SNP is in the model for predicting the
disease status of an individual, with larger values of �wi�
corresponding to more significant SNPs. We computed the
mean absolute weight, �wi�avg, of each of the 517 SNPs as well
as its standard deviation, �i, across the 100 models. The mean
absolute weight provides a ranking of the SNPs according to
the SVM method. The largest value of �wi�avg across the 517
SNPs was denoted as �w�max, and the corresponding SNP was
the top-ranked SNP using the SVM method. The �i corre-
sponding to this SNP was denoted as �.

RESULTS

Genotyping findings. In the discovery cohort,
an overall call rate of 95% was obtained on genome-
wide genotyping using the Caucasian-based Illumina
Human660W Quad BeadChip. Approximately 5% of
SNPs were not called in the study cohort, and this may
have been due either to assay failure or to genetic
architectural differences between the European and
North Indian populations. Approximately 10% of SNPs
were copy number variation markers, which were re-
moved from the analysis, leaving 559,348 analyzable
SNPs.

Quality control steps. Multidimensional scaling
analysis did not reveal any population stratification
and showed that the North Indian population is dis-
tinct from the rest, but with an expected overlap with
the Gujarati Indians in Houston, Texas HapMap popu-
lation (Figure 1a). After removing copy number varia-
tion, X-chromosomal, Y-chromosomal, and mitochon-
drial markers and following stringent quality control,
475,771 SNPs were available for comparison in 664 RA
patients and 666 controls.

To assess population substructure, multidimen-
sional scaling analysis was again carried out on the study
cohort, which demonstrated some degree of heterogen-
eity. After removing scattered outliers, 1 major cluster
(556 patients and 590 controls) and 2 smaller subclusters
(subcluster 1 [S1], 47 patients and 44 controls; subcluster
2 [S2], 61 patients and 32 controls) were observed
(Figure 1b). Analysis of allele frequency across these 3
clusters indicated that �20% of the markers contributed
to the substructuring in the study population (further
information is available from the corresponding author).
In these 2 subclusters, which had comparable numbers
of patients and controls, genomic inflation was checked
and no inflation within the subgroups was found (�S1 �
1.009; �S2 � 1.01). An association study conducted on
the total sample set illustrated inflation (� � 1.25),
which increased to � � 1.31 after removing the subclus-
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ters. These small changes indicate that population sub-
structure in this study should not have any appreciable
effect on the results, and we interpret the relatively
high lambda values as an indication of an elevated
level of inbreeding in the Indian population at large.
Therefore, these subgroups were treated separately
for generating P values using the Cochran-Armitage
trend test, and the generated P values were later pooled
with main group P values using the exact-effect meta-
analysis method. The overall median genotype call rate
for quality-controlled SNPs was �99%.

Genome-wide association analyses. The main
cluster association P values were adjusted for C1, C2,

and C3 multidimensional scaling dimensions, as the
main cluster association study showed inflation (� �
1.25) (further information is available from the corre-
sponding author). Subgroups as well as the main cluster
were also adjusted for sex. Pooled P values were cor-
rected for genomic inflation (�GC � 1.004). We plotted
the observed versus the expected P value distribution.
The Q–Q plots showed a good match between the
distributions of the observed P values and those ex-
pected by chance (�GCcorrected � 1.004) (Figures 2a and
b). Chromosome-wide distribution of the associated
SNPs is presented in Manhattan plots (Figures 3a and
b). To estimate the effect of the MHC, the major

Figure 1. Multidimensional scaling (MDS) plots showing C1–C2 components for North Indian (NI) controls with HapMap populations (a) and
C2–C3 components for North Indian rheumatoid arthritis (RA) patients and North Indian controls (b). CEU � Utah residents with ancestry from
northern and western Europe; CHB � Han Chinese in Beijing, China; GIH � Gujarati Indians in Houston, Texas; YRI � Yoruba in Ibadan,
Nigeria; JPT � Japanese in Tokyo, Japan.

Figure 2. Q–Q plots showing the distribution of all single-nucleotide polymorphisms (�476,000) in chi-square statistical analysis and the genomic
control inflation factor (�GC) in the allelic association model.
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contributor to inflammatory disorders, Q–Q plots with-
out the MHC region were plotted, which revealed that
the non–HLA region genes may contribute a relatively
smaller (but significant) increment to RA disease patho-
genesis (further information is available from the cor-
responding author). To calculate the power of our
GWAS stage, we used the CaTS program (http://www.
sph.umich.edu/csg/abecasis/CaTS/). The GWAS stage
had 80% power to detect common alleles (MAF � 0.2)
that confer a genotype relative risk of 1.5 at a significance
level of P � 10�5.

A total of 27 SNPs surpassed genome-wide sig-
nificance (further information is available from the
corresponding author). However, all were located in
the HLA region, which contributes approximately one-
third of the overall genetic susceptibility to RA (22,23).
Suggestive association was observed for an additional
19 genes (further information is available from the
corresponding author), of which 17 were unreported
(when compared to the GWAS catalog). To identify

additional risk variants, association based on recessive
and dominant models was carried out. Suggestive asso-
ciation at 17 additional novel genes was observed from
these 2 models (further information is available from
the corresponding author). For subsequent replica-
tion, HLA genes, LOCs (except LOC150577 and
LOC730118), and a few other associated genes (due to
assay limitation) were not considered.

Replication stage. In the replication stage, we
genotyped 12 non-HLA markers (6 allelic top hits, 2
from dominant models and 4 from recessive models) in
an independent sample set consisting of 927 RA patients
and 1,148 controls. In addition, we included rs1673649 of
HLA–DQB2 as a positive control. Evidence of associa-
tion (P � 0.05) was found at 4 SNPs (Table 1). To
improve the power of the study, combined analysis of
the GWAS and replication genotype data was carried
out to test for allelic, dominant, and recessive associa-
tions. We observed suggestive evidence of association
with only 1 gene, namely, ADP-ribosylation factor–like

Figure 3. Manhattan plots depicting chromosomal distribution of P values from allelic, dominant, and recessive association models. The red line
indicates the genome-wide significance cutoff. The blue line indicates the genome-wide suggestive cutoff for P values.
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15 (ARL15), a non–chromosome 6 gene (Table 1). To
fine-map the association signals in this gene, we per-
formed imputation-based association analysis (details
are available from the corresponding author). We found
suggestive association at 3 SNPs, namely, rs697109 (P �
4.74 � 10�6), rs697108 (P � 4.82 � 10�6), and rs31127
(P � 9.28 � 10�6). Of these, rs697109 and rs697108
statistically exceeded the effect of the landmark SNP
(rs255758; Pcombined � 6.57 � 10�6), the only non-HLA
SNP that remained significant in both the discovery
and replication stages and in the combined analysis
(Table 1). However, all 4 significant ARL15 SNPs were
in strong linkage disequilibrium (LD) with each other
(r2 and D� �0.9). The contribution of the risk allele (C)
of rs255758 was confirmed by assessing its influence on
adiponectin levels among RA patients.

Correlation of serum adiponectin levels with
ARL15 variant. In the first step toward confirming the
possible role of ARL15, the only novel gene identified in
our study, we used an enzyme-linked immunosorbent
assay (KHP0041; Invitrogen) to measure the serum
concentrations of adiponectin in 53 patients with RA,
carrying wild-type (AA; n � 27) and variant (CC; n �
26) genotypes. Samples were prepared at the appropri-
ate dilutions and assayed according to the manufactur-
er’s protocol. Adiponectin levels are expressed as the
mean. Statistical analysis was performed using Graph-
Pad Prism software, and the Mann-Whitney nonpara-

metric test was used to determine the significance of
intergroup differences in serum adiponectin concentra-
tions. The intra- and interassay coefficients of variation
for adiponectin were also calculated. A significant dif-
ference (P � 0.0001) in adiponectin levels was found
between RA patients harboring the wild-type genotype
and those harboring the variant genotype (Figure 4).

Results of SVM analysis of GWAS data. The
SVM method provided a ranking of the SNPs based on
their mean absolute weight, �wi�avg. The largest value of
the mean absolute weight, �w�max, was found to be 0.572.
The corresponding SNP, the top-ranked SNP accord-
ing to the SVM method, was identified as rs10059065.
SNPs whose mean absolute weight is close to �w�max
may also be considered potentially significant contri-
butors to disease susceptibility. The standard deviation,
�, is a measure of the fluctuation of the absolute weight
of the top-ranking SNP across the 100 models consid-
ered. There were 114 SNPs and corresponding genes
whose �wi�avg was within 3� of �w�max (further infor-
mation is available from the corresponding author).
Considering a more stringent cutoff of 1�, we found
only 6 SNPs with a �wi�avg within 1� of �w�max. These
were identified as rs10059065, rs2218970, rs17023457,
rs2199998, rs1892458, and rs11605437. The corre-
sponding genes/locus were LOC391845, NRP1, HAO2,
HS3ST3B1, LY86, and ETS1, respectively. These may be
considered the genes with the most significant disease
association as identified by the SVM method for the
present GWAS data. Most of these genes are known to
be associated with other autoimmune diseases (Table 2),

Figure 4. Adiponectin levels in individuals with wild-type (AA) and
variant (CC) genotypes of rs255758 in ARL15. Values are the mean �
SD. A significant difference (P � 0.0001) in adiponectin levels was
found between rheumatoid arthritis patients harboring the wild-type
genotype and those harboring the variant genotype.

Table 2. Known disease associations of top genes identified in
support vector machine analysis

Gene (gene name) Association with disease

NRP1 (neuropilin 1) Inflammatory bowel disease,
Crohn’s disease, type 1
diabetes mellitus,
osteonecrosis, ankylosing
spondylitis

HAO2 (hydroxyacid oxidase 2) Acquired immunodeficiency
syndrome, urinary bladder
neoplasms

HS3ST3B1 (heparan sulfate
[glucosamine] 3-O-
sulfotransferase 3B1)

Liver disease

LY86 (lymphocyte antigen 86) Asthma, atherosclerosis, Crohn’s
disease, nasopharyngeal
neoplasms, venous
thromboembolism, mite-
sensitive allergy

ETS1 (v-ets erythroblastosis
virus E26 oncogene
homolog 1 [avian])

Lupus erythematosus, systemic
lupus nephritis, celiac disease,
rheumatoid arthritis
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and one of them, ETS1, was also reported to be associ-
ated with RA in 2 different studies (24,25).

We have also identified the pathways and pro-
cesses in which these genes participate, as well as their
known interaction partners, using NCBI resources and
the databases Biogrid (http://thebiogrid.org/) (26), Re-
actome (http://www.reactome.org/) (27), and String
(http://string-db.org/) (28) (further information is avail-
able from the corresponding author). Using the SVM
method, the SNP rs31127 appears within 3� of the
highest weight SNP; this SNP corresponds to the gene
ARL15, which, using conventional chi-square statistical
analysis, we have identified as a novel gene associated
with RA (further information is available from the
corresponding author).

DISCUSSION

Most GWAS of RA were conducted primarily in
populations with Caucasian ethnicity; a few were con-
ducted in populations with Asian ancestry. However, it is
still not known how many of the disease-associated
genes/loci findings in Caucasian populations can be
generalized to diverse ethnic groups. Herein we report
the first GWAS of RA focused on populations of
genetically distinct North Indian origin. In the discovery
stage, which comprised 706 RA patients and 761 con-
trols, 27 SNPs surpassed genome-wide significance.
These were located in the HLA region (HLA–DQB1,
HLA–DRA, and HLA–DQA2) (further information is
available from the corresponding author), which has the
most reproducible association with RA across ethnic
groups (29). This unequivocally demonstrates the con-
tribution of HLA region genes to RA susceptibility in an
ethnically different North Indian population as well.
Although the HLA locus has a well-established asso-
ciation with RA, notable differences in LD between
Caucasians and North Indians (data not shown) can
be exploited to identify common or population-specific
causative alleles in this important locus using trans-
ethnic–based fine-mapping. Since this locus is not a
novel finding, we have not analyzed the association
further in this study. However, replication of the associ-
ation of this locus with RA susceptibility in our cohort
confirms that our study was well-powered to identify
common alleles of large effect.

Of the 12 non–HLA region SNPs with sugges-
tive association that were brought forward for replica-
tion in an independent cohort, only rs255758 in ARL15
showed stronger association in the combined analysis
(Pcombined � 6.57 � 10�6) (Table 1). Although this SNP

did not meet the prespecified threshold for genome-
wide significance, the direction of its effect was similar in
both the genotyping stages and in the combined analysis.

Recently, GWAS of type 2 diabetes mellitus and
coronary heart disease in subjects of European ancestry
have shown pronounced association of an intronic
SNP (rs4311394) in ARL15 with circulating adiponectin
levels (30). Similar findings were also reported in a
meta-analysis of type 2 diabetes mellitus and metabolic
traits (31). Adiponectin is one of the important adipo-
kines that is highly expressed in the synovial fluid and
synovial membrane of patients with RA (32). It affects
multiple cells in the synovial tissue, such as synovial
fibroblasts, chondrocytes, and osteoblasts, besides act-
ing on inflammatory cells (33). In RA, the levels of
adiponectin are raised and correlate with disease sever-
ity (34,35). Patients with a low body mass index have
higher levels of adiponectin and show greater joint
damage (36). This is related to increased production of
proinflammatory mediators such as interleukin-6 (IL-6),
matrix metalloproteinases, and prostaglandins and chemo-
kines such as IL-8. Most of these mediators are pro-
duced by synovial fibroblasts when adiponectin binds to
the adiponectin receptor on these cells and activates the
NF-�B pathway (37). Given the role of adiponectin in
RA, we investigated the effect of rs255758 on adiponec-
tin levels. Our results demonstrated that the CC geno-
type was robustly associated with increased adiponectin
levels and increased risk of RA. These observations
underscore the importance of adiponectin in the patho-
genesis of RA and also as a potential therapeutic target.

In addition to the conventional association ana-
lysis, we employed a machine learning approach (SVM
analysis) to identify additional susceptibility SNPs/loci
and their potential interacting partners. The 6 SNPs
obtained after a stringent cutoff of 1� using the SVM
method corresponded to the genes/locus LOC391845,
NRP1, HAO2, HS3ST3B1, LY86, and ETS1. Notably,
most of these genes are also associated with inflamma-
tory and autoimmune disorders (Table 2). For example,
NRP1 is known to be associated with IBD, Crohn’s
disease, and type 1 diabetes mellitus. LY86 is reported to
be associated with IBD. ETS1 has been reported to be
associated with celiac disease and was found very re-
cently to be associated with RA in the Japanese (24) and
Caucasian (25) populations. ETS1 also appears in the list
of suggestive associations in the discovery stage of the
present study (further information is available from the
corresponding author). LIF, within 2� of �w�max (further
information is available from the corresponding author),
has already been reported in GWAS of IBD (38,39).
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This may suggest shared pathways and/or disease mech-
anisms between RA and other autoimmune disorders.

Within 3� of �w�max, we found that the top hit in
our conventional association study (namely, ARL15)
and a few genes with suggestive association (namely,
IMPA2, DOCK9, RASL11A, and SIPA1L3) were also
identified, using the SVM method, as potentially associ-
ated with disease (further information is available from
the corresponding author). Using various publicly avail-
able databases, we have also identified the interacting
partners of the top 5 genes that were determined using
the SVM method (further information is available from
the corresponding author). Several of these interacting
partners have a known functionality relevant to disease.
For example, NRP1 interacts with VEGFA, which is a
drug target of RA treatment. ETS1 interacts with JAK3
and JAK1, and LY86 interacts with CD180, LY96, and
TLR4, which play an important role in the immune
system. The relevance of NRP1, ETS1, and LY86 to
disease biology is apparent (further information is avail-
able from the corresponding author). Taken together,
all of these findings suggest that the SVM method is a
useful tool in conjunction with GWAS.

Finally, we compared the association status of
all RA index SNPs that were selected in the replication
phase with European meta-analysis data (3), first, to
strengthen the evidence of apparent complexity and
genetic heterogeneity underlying RA pathogenesis and
second, to provide a substrate for cross-ethnicity fine-
mapping to characterize population-specific variation(s)
relevant to pathology. Furthermore, differences in
genomic architecture, effect size, and environmental
factors in particular between these 2 populations may
also influence detection power of the 2 scans. This has
been exemplified in the present study, in which we
observed that 1) 13.3% of SNPs were rare variants,
unlike the case in Caucasians; 2) the strength of associ-
ation of LOC150577 (rs1160542) with disease was nota-
bly different between 2 populations, even though the
MAFs were comparable (North Indian MAF � 0.43;
MAF of Utah residents with ancestry from northern and
western Europe � 0.46) (Table 1); and 3) the association
of ARL15 (rs255758) with disease was absent in Cauca-
sians due to differences in MAF (Table 1).

In summary, our study identified 1 novel non-
HLA gene, namely, ARL15, in the combined analysis.
This study not only advances our understanding of the
genetic basis of RA but also highlights the value of
performing GWAS in diverse ancestral populations. We
might have missed a few novel susceptibility genes,
either due to inadequate content in the currently avail-

able Caucasian LD-based SNP arrays for testing Indian
populations, or due to a comparatively small sample size
for detecting alleles with a minor effect.
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