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Abstract

Pathway analysis has become popular as a secondary analysis strategy for genome-wide
association studies (GWAS). Most of the current pathway analysis methods aggregate sig-
nals from the main effects of single nucleotide polymorphisms (SNPs) in genes within a
pathway without considering the effects of gene-gene interactions. However, gene-gene
interactions can also have critical effects on complex diseases. Protein-protein interaction
(PPI) networks have been used to define gene pairs for the gene-gene interaction tests.
Incorporatingthe PPI information to define gene pairs for interaction tests within pathways
can increase the power for pathway-based association tests. We propose a pathway asso-
ciation test, which aggregates the interaction signals in PPI networks within a pathway, for
GWAS with case-control samples. Gene size is properly considered in the test so that
genes do not contribute more to the test statistic simply due to their size. Simulation studies
were performed to verify that the method is a valid test and can have more power than other
pathway association tests in the presence of gene-gene interactions within a pathway
under different scenarios. We applied the test to the Wellcome Trust Case Control Consor-
tium GWAS datasets for seven common diseases. The most significant pathway is the
chaperones modulate interferon signaling pathway for Crohn’s disease (p-value = 0.0003).
The pathway modulates interferon gamma, which induces the JAK/STAT pathway thatis
involved in Crohn’s disease. Several other pathways that have functional implications for
the seven diseases were also identified. The proposed test based on gene-gene interaction
signals in PPI networks can be used as a complementary tool to the current existing path-
way analysis methods focusing on main effects of genes. An efficient software implement-
ing the method is freely available at http://puppi.sourceforge.net.
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Introduction

Genome-wide association studies (GWAS) have identified thousands of single nucleotide poly-
morphisms (SNPs) significantly associated with complex diseases [1], such as Crohn’s disease
and type 2 diabetes [2, 3]. Traditional GWAS analyses focused on testing the associations
between individual SNPs and the disease. However, for SNPs with modest effects, GWAS has
low power to detect such SNPs because of the high multiple testing correction burden resulting
from the large number of tests (e.g., 1 million tests) typically performed in GWAS. Moreover,
the power for GWAS can be limited by the sample size for a study. For example, more than
5,000 cases and the same number of controls are required for a GWAS to achieve power > 80%
at the genome-wide significance level for SNPs with effect sizes between 1.3 and 1.5 [4].

Pathway analysis has become popular as a secondary analysis strategy for GWAS data. Path-
way analysis hypothesizes that SNPs in genes in the same pathway have a joint effect on the dis-
ease. One of the advantages of pathway analysis is that the statistical power for identifying
disease susceptibility genes can be increased by the joint modeling of the effects of SNPs.
Another advantage is that the results can provide biologically meaningful insights into the
complex disease mechanism. Furthermore, multiple testing correction burden can be reduced
in pathway analysis by testing hundreds or thousands of pathways instead of testing hundreds
of thousands or a million of SNPs.

Current statistical methods for pathway analysis using GWAS data can be divided into two
categories (i.e., competitive tests and self-contained tests) based on their null hypotheses [5]. The
competitive tests compare the distribution of statistics for genes within a given pathway to the
distribution of statistics for other genes across the genome. Some examples for this type of meth-
ods include Wang’s method [6] extended from the gene-set enrichment analysis (GSEA) [7],
ALIGATOR [8], and Pathway-PDT [9]. In contrast, the self-contained tests compare the distri-
bution of statistics for genes within the given pathway to the statistics for the same genes under
the null. Methods such as the set-based test in PLINK [10], GRASS [11] and OPTPDT [12] are
in this category. The self-contained tests can be more powerful than the competitive tests, due to
the more restrictive null hypothesis for the tests than the null for the competitive tests [13]. The
statistics for the aforementioned methods were constructed based on the individual effects of
SNPs. However, gene-gene interaction effect, which is referred to as the departure from a combi-
nation of individual marginal effects [14], can also play a role in complex disease etiology [15].
Incorporating gene-gene interactions in pathway analysis thus becomes important.

Testing gene-gene interactions in GWAS is challenging because a very large number of
interaction pairs needs to be examined, which is computationally expensive and results in a
high multiple testing correction burden. For example, there are hundreds of billions of possible
SNP pairs for a GWAS with 1 million SNPs. With the increased biological knowledge of pro-
tein-protein interactions (PPI), several public PPI databases are available, such as STRING [16]
and BioGRID [17]. PPI has been defined as functional epistasis, while gene-gene interaction
discussed here has been defined as statistical epistasis [18]. PPI has been found to be associated
with complex diseases [19]. Moreover, experimental results from the yeast studies have sug-
gested a connection between functional and genetic epistasis [18]. For example, in the study by
St. Onge et al. [20], which examined the genetic interactions influencing the resistance of yeast
to the DNA-damaging agent methyl methanesulphonate, nine of the ten genetic interactions
that they identified encoded or were predicted to encode physical protein interactions. More-
over, a genome-wide construction of a genetic interaction map for the budding yeast has also
identified 10-20% overlap between genetic interactions and protein-protein interactions [21].
PPI can also be used in human disease studies as an informative prior for searching disease
genes [22, 23]. For example, some studies have performed gene-gene interaction analysis for
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GWAS incorporating PPI information by only testing SNPs at genes in the same PPI network
[24-27], and significant SNP interaction pairs have been identified for complex traits such as
Crohn’s disease, bipolar disorder, hypertension, rheumatoid arthritis, and high-density lipo-
protein cholesterol levels.

Several network-based tests have been proposed to identify gene networks associated with the
disease also based on PPI networks, without using prior knowledge of pathway definitions [28]. For
example, a dense module searching (DMS) method was developed to identify genes in a subnet-
work with low p-values compared to background genes from the entire PPI networks, while the p-
value for each gene is the minimum association p-value for SNPs within the gene [29]. In NIMMI
[30], the Google PageRank algorithm was used to calculate weights for genes in the same PPI net-
works. The weights, along with association p-values for genes, were used to calculate weighted gene
scores. Genes with high gene scores were then analyzed for functional relationship using DAVID
[31]. These methods, however, still used association p-values from the tests for the main effects of
SNPs without specifically considering statistical evidence from gene-gene interactions.

As multiple gene-gene interactions can occur within a pathway [32], combining gene-gene
interaction signals within the pathway can increase the power to detect the effects. Previously
we developed the Pathway analysis method Using Protein-Protein Interaction network for
case-control data (PUPPI) [33]. PUPPI only considers pairs of genes in the PPI network within
a pathway for the interaction analysis, and an overall statistic for the pathway is calculated. The
main difference between the PUPPI and existing pathway or network-based methods is that
the PUPPI statistic is constructed based on gene-gene interaction test statistics, instead of the
test statistics for main effects. Therefore, the PUPPI is able to identify pure epistasis (i.e., inter-
action without main effects) within a pathway. Here, we performed a more comprehensive
simulation study to evaluate the type I error rates for the PUPPI and compare the power for
the PUPPI with other methods. We then applied the PUPPI to the Wellcome Trust Case Con-
trol Consortium (WTCCC) GWAS datasets [34] for seven common diseases, and identified
several significant pathways that have implications in the diseases.

Materials and Methods
The PLINK interaction statistic

We first review the PLINK interaction statistic (i.e., the—fast-epistasis option in PLINK) as the
PUPPI was developed based on the statistic. Two 2 by 2 allele tables, collapsed from two 3 by 3
genotype tables, are created separately for cases and controls. For example, assume we catego-
rize all cases into a 3 by 3 table based on their genotypes at two SNPs, where one SNP has geno-
types AA, Aa, and ag, and the other SNP has genotypes BB, Bb, and bb, as shown in Table 1. A
2 by 2 table for alleles can be subsequently constructed by collapsing the 3 by 3 table, as shown
in Table 2, where each cell count is the observed number of alleles in the sample. An odds ratio
is calculated based on each of the 2 by 2 tables. The interaction statistic is then calculated as:

_ log(ORmse) - lOg( ORcontml ) ( 1)
\/Var [log(ORcase) - log(ORcuntml )]

Table 1. Genotype table for two SNPs. Each cell countis the number of individuals with the specific
genotype.

BB Bb bb
AA a b c
Aa d e f
aa g h i

doi:10.1371/journal.pone.0162910.t001
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Table 2. Allele table for two SNPs. Each cell count is the number of alleles in the sample collapsed from
Table 1.

B b
A 4a+2b+2d+e 4c+2b+2f+e
A 4g+2h+2d+e 4i+2h+2f+e

doi:10.1371/journal.pone.0162910.t002

where OR ;. and OR,,,+01 are the odds ratios calculated based on the 2 by 2 tables for cases
and controls, respectively. Assuming that the two SNPs are in Hardy-Weinberg Equilibrium
(HWE) and linkage equilibrium (LE), the statistic follows a standard normal distribution
under the null hypothesis of no gene-gene interaction for the two SNPs.

The PUPPI algorithm

The PUPPI algorithm was previously described in our conference paper [33]. Here, we provide
more details in the algorithm. Assume v is a set of pairs of genes with known protein-protein
interactions within pathways, and the same two genes are either on different chromosomes or
more than k MB apart on the same chromosome. Because the PLINK interaction statistic
assumes there is no LD between SNPs tested for interaction, we consider pairs of genes that are
not linked if they are on the same chromosome. The value of k was set as 1 in our real data
analysis. For each pair of genes in v, the PLINK interaction statistics are calculated for all possi-
ble pairs of SNPs between the two genes. Then the maximum statistic M from the statistics for
all pairs of SNPs between the two genes is selected.

A gene pair with large gene sizes can generate larger M than a gene pair with small gene
sizes because M was selected from a larger set of interaction statistics for the pair of large genes.
We therefore adjust M by gene size so that large genes do not contribute more to the pathway
statistic simply due to their size. The effective numbers [35] are used to adjust for gene size in
the statistics. Effective numbers are estimated based on the principal component analysis
(PCA) approach. The effective number estimates the number of independent SNPs for a set of
SNPs. Assume that the effective number is S, estimated from a set of S SNPs. In Babron et al.
[36], an effective number of all pairwise SNPs in S was calculated as S (Sef-1)/2, which is the
number of all pairwise combinations from the set of S 4 elements. Their simulation results sug-
gest that the number slightly overestimated the real effective number of independent SNP
pairs. Similarly, assume that m and » are the effective numbers for the SNPs in the gene pair,
where SNPs between the gene pair are independent, then mxn estimates the number of inde-
pendent tests between the two genes. The adjusted statistic M’ for M is calculated as:

) {(I)_l(l — (pvalue for M) x m x n) if (pvalue for M) x m x n < 1 @)

0 otherwise

where @(x) is the cumulative distribution function for the random variable x following a chi-
square distribution with 1 degree of freedom. In Eq 2, the Bonferroni correction is first applied
to the p-value for M, calculated based on a standard normal distribution. The adjusted statistic
M/ is the statistic corresponding to the p-value with the Bonferroni correction if the adjusted
p-value is less than L. The adjusted statistic M’ is set as 0 if the adjusted p-value is > L.

The PUPPI statistic X for pathway i is the sum of the adjusted statistics M’ for gene pairs in
the pathway. A permutation procedure, which permutes the case-control affection status, was
used to approximate the distribution of X and calculate the p-value. The null hypothesis for the
PUPPI is that there are no interaction effects between genes on the disease within the pathway.
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As the PUPPI compares the test statistic to the same test statistics for the same genes under the
null, the PUPPI is also a self-contained test. The PUPPI algorithm is summarized in the follow-
ing steps:

1. For each gene in v, calculate the effective number for SNPs in the gene.

2. The PLINK interaction statistics are calculated for all pairs of SNPs between each pair of
genes in .

3. The maximum statistic M from the statistics for all pairs of SNPs between two genes in  is
selected, and the adjusted statistic M is calculated based on Eq 2.

4. The PUPPI statistic X for pathway i is the sum of M’ for gene pairs in the pathway.

5. Perform permutations for K times. For each permutation, steps 2-4 are repeated and a per-
muted PUPPI statistic M, is calculated. The p-value for pathway i is calculated as (# of
M, > M)/K.

Simulations

We used computer simulations to evaluate the type I error rates for the PUPPI, and to compare
the power of the PUPPI with other methods under different scenarios. SeqSIMLA?2 [37] was
used to generate simulated replicates of cases and controls. We first used HapGen2 [38] to sim-
ulate 10,000 haplotypes with similar frequencies and LD structures to those in the Utah Resi-
dents (CEPH) with Northern and Western European Ancestry (CEU) samples from the
HapMap3 project. Haplotypes in genes in the Glycolysis/Gluconeogenesis pathway (hsa00010)
and the Pentose phosphate pathway (hsa00030) defined in KEGG [39] were simulated. The
10,000 haplotypes were then adopted by SeqSIMLA?2 to simulate unrelated cases and controls.
To generate SNP sets similar to a GWAS platform, SNPs that are on the Affymetrix 6.0 array
and with minor allele frequencies (MAF) > 1% were extracted from the simulated replicates.
For a pathway, SNPs in genes that are not in the PPI networks were excluded. The PPI net-
works were downloaded from the STRING database [16], which will be discussed in more
detail in the next section. A total of 366 SNPs in 44 genes and 138 SNPs in 15 genes were ana-
lyzed for the hsa00010 and hsa00030 pathways, respectively. The parameter [ in Eq 2 was set as
0.05 in all simulation studies and real data analysis.

For type I error simulations, we simulated three different sample sizes, including 500 cases
and 500 controls, 1,000 cases and 1,000 controls, and 2,000 cases and 3,000 controls, for the
two pathways. For power studies, we simulated a scenario where there were both main effects
and interaction effects for the disease SNPs (Scenl). We also simulated another scenario where
there were only interaction effects (i.e., pure epistasis) for the disease SNPs (Scen2). For Scenl,
the four epistasis models (Models 1-4) used in Wan et al. [40] were adopted in our simulations.
The models included a model used to describe handedness and the color of swine (Model 1),
an exclusive OR model (Model 2), a multiplicative model (Model 3), and a classical epistasis
model (Model 4). We considered disease heritability of 0.01 and 0.025 for the four models,
which resulted in a total of 8 scenarios. The penetrance functions for the 8 scenarios are shown
in S1 File. For Scen2, six of the pure epistasis models without main effects in Wan et al. [40]
(i.e., Models epi 41, 42, 51, 52, 61, and 62) were used. Penetrance functions for the 6 models,
corresponding to heritability of 0.05, 0.025, and 0.01, were provided in the Supplementary
materials in Wan et al. [40]. To simulate multiple gene-gene interactions within a pathway, we
selected three pairs of SNPs from three different pairs of genes in the hsa00030 pathway as the
disease SNPs. The MAF for the disease SNPs were close to 0.2. We assumed 50%, 25%, and
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25% of cases were caused by the interactions from each of the three pairs of disease SNPs,
respectively, in each simulated replicate, which resulted in samples with genetic heterogeneity.

We compared the power of the PUPPI with three other self-contained tests, the PLINK set-
based test, HYST [41], and SKAT [42]. The pathway statistics for the PLINK set-based test and
HYST were constructed based on the statistics for testing the main effects of individual SNPs.
The PLINK set-based test considered SNPs in genes within a pathway as a whole set, without
specifically modeling the relationship between SNPs and genes. HYST considered LD blocks as
test units and aggregated p-values for LD blocks within a pathway for the test. Both tests have
been shown to be powerful tests compared to other existing pathway association tests [11, 41].
SKAT is a kernel-based testing approach, which constructs a variance-component score test
statistic for SNP-set analysis. In contrast to the PLINK set-based test and HYST that consider
only main effects, the “2wayIX” kernel was specified in SKAT, which accounted for both main
effects and interaction effects.

Pathway analyses for the WTCCC datasets

We downloaded the pathway definitions based on the KEGG [39], REACTOME [43], and Bio-
carta (http://www.biocarta.com) databases from the Molecular Signatures Database (MSigDB)
on the GSEA website (http://www.broadinstitute.org/gsea). We downloaded the PPI informa-
tion from the STRING database [16]. Each pair of PPIs in STRING has a confidence score,
which was calculated based on the combination of probabilities of PPIs from different sources,
such as the KEGG database, public literatures, and functional genomics data [44]. A PPI with a
score > 0.7 was considered as high confidence in STRING. We extracted PPI pairs with

scores > 0.8 in STRING for the analysis to ensure a high quality set of PPIs. We downloaded
the hg18 gene annotations from the UCSC genome browser website [45]. We applied the
PUPPI to the WTCCC GWAS datasets for the pathway analyses. The datasets consisted of
about 3,000 shared controls and 2,000 cases for each of the seven diseases, including bipolar
disorder (BD), coronary artery disease (CAD), Crohn’s disease (CD), hypertension (HT), rheu-
matoid arthritis (RA), type 1 diabetes (T1D), and type 2 diabetes (T2D). The same quality con-
trol (QC) procedures as those used in the WTCCC studies were performed on the datasets.
The analysis in the present study was approved by the Institutional Review Board of the
National Health Research Institutes in Taiwan (IRB protocol # EC1020503-E), and written
informed consent was obtained from all subjects.

Results and Discussion
Simulation results

Table 3 shows the type I error rates for the PUPPI under different scenarios. The PUPPI main-
tained proper type I error rates with different samples sizes and different sizes of pathways at

Table 3. Type |l error rates for PUPPI with different sample sizes and pathways.

Pathway

hsa00010
hsa00010
hsa00010
hsa00030
hsa00030
hsa00030

Number of SNPs
366
366
366
138
138
138

doi:10.1371/journal.pone.0162910.t003

Type | error (95% Cl)

Sample size a=0.05 a=0.01

2000 cases and 3000 controls 0.0506 (0.0445,0.0566) 0.0078 (0.0050,0.0105)
1000 cases and 1000 controls 0.0490 (0.0430,0.0550) 0.0128 (0.0100,0.0156)
500 cases and 500 controls 0.0512(0.0452,0.0572) 0.0126 (0.0098,0.0154)
2000 cases and 3000 controls 0.0526 (0.0465,0.0586) 0.0108 (0.0080,0.0136)
1000 cases and 1000 controls 0.0486 (0.04250.0546) 0.0128 (0.0100,0.0156)
500 cases and 500 controls 0.0524 (0.0464,0.0584) 0.0120 (0.0092,0.0148)
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Power

1.0

0.8

0.6

0.4

0.2

0.0

the 0.05 and 0.01 significance levels. All of the 95% confidence intervals (CI) shown in the
Table contained the expected values.

Fig 1 shows the power comparison in the presence of both main effects and interaction
effects for 2,000 cases and 3,000 controls. Different power patterns were observed for different
models. Under Model 1 that was used to describe some real traits, the PUPPI can have signifi-
cantly higher power than the other tests with either heritability (H) of 0.01 or 0.025. For the
XOR model (Model 2), SKAT had the highest power compared to the other three tests. PUPPI
and the PLINK set-based test had similar power, while HYST had a little more power com-
pared to them. HYST, the PLINK set-based test, and SKAT can have significantly higher power
in the multiplicative model (Model 3) and the classical epistasis model (Model 4) than the
PUPPIL. Moreover, HYST had more power than the PLINK set-based test in all of the models.

Fig 2 shows the power comparison under the pure epistasis models also for 2,000 cases and
3,000 controls. The PLINK set-based test and HYST showed power close to the 0.05 signifi-
cance level across all models. This is as expected because there were no main effects for the dis-
ease SNPs, which was under the null hypothesis for the two tests. Although interaction effects
were considered, SKAT only had somewhat higher power than 0.05 under most of the models.
In contrast, the PUPPI can have high power in some models, such as EPI41 and EPI42. The
power results demonstrated the advantage of using the PUPPI for detecting pure epistasis
within pathways, which cannot be identified by pathway methods based on testing for the
main effects of SNPs.

Main effects and interaction effects

= PUPPI
= PLINK

HYST
= SKAT

m

Model2 Model3 Model4 Model1 Model2 Model3 Model4

1 I 1

H=0.01 H=0.025

Fig 1. Power comparison for the PUPPI with the PLINK set-based test, HYST, and SKAT at the significance levels (alpha) of 0.05 and 0.01
under models with both main effects and interaction effects.

doi:10.1371fournal.pone.0162910.9001
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1.0

0.8

Power

0.4

0.2

0.0
L

EPI141

Pure interaction effects

= PUPPI
= PLINK

HYST
= SKAT

N

EP142 EPI151 EPI152 EPI161 EPI62

H=0.05 H=0.025 H=0.01

Fig 2. Power comparison for the PUPPI with the PLINK set-based test, HYST, and SKAT at the significance levels (alpha) of 0.05 and 0.01
under models with only interaction effects.

doi:10.1371/journal.pone.0162910.9002

Overall results for the WTCCC pathway analyses

A total of 1,078 pathways were downloaded from the GSEA website. There were 423,220 PPI
pairs with scores > 0.8 in the STRING database. After QC, the WTCCC datasets consisted of
2,938 shared controls, 1,868 BD cases, 1,926 CAD cases, 1,748 CD cases, 1,952 HT cases, 1,860
RA cases, 1,963 T1D cases, and 1,924 T2D cases. There were 457,710 SNPs left for the analysis.
After adjusting for multiple testing based on the familywise error rates (FWERs) or false dis-
covery rates (FDRs) using the methods described in Wang et al. [6], none of the pathways were
significant. Therefore, we defined pathways with the PUPPI p-values < 0.05 as significant
pathways and focused on functional interpretations for the significant pathways. The most sig-
nificant pathways identified by the PUPPI which have functional implications in the seven dis-
eases are shown in Table 4. A majority of the pathways shown in Table 4 are actually the most
significant pathways in the individual disease analyses. The significant pathways with p-
values<0.05 for each disease are shown in S2 File. The significant pathway with functional
implications for each disease is discussed as follows.

BD

For BD, the significant pathway, Metal ion SLC transporters, contains the pathways which
transport ions such as Cu’", Fe**, Fe’*, Mg**, Mn**, Zn**, etc. The solute carrier (SLC) is a
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Table 4. The most significant pathways that have functional implications for the seven diseases.

Disease Database
BD REACTOME
CAD BIOCARTA
CDh BIOCARTA
HT REACTOME
RA KEGG

T1D BIOCARTA
T2D REACTOME

Pathway names P-value Rank'
Metal ion SLC transporters 0.0030 1
Acetylation and deacetylation of RelA in the nucleus 0.0036 1
Chaperones modulate interferon signaling pathway 0.0003 1
Mitochondrial protein import 0.0014 3
Complement and coagulation cascades 0.0072 2
IL-7 signal transduction 0.0044 1
Signaling by FGFR3 mutants 0.0008 1

The rank of the pathways based on the p-values in the individual disease analysis

doi:10.1371/journal.pone.0162910.t004

group of membrane transport proteins. The genes solute carrier family 30 member 3, member
6 and member 7 (SLC30A3, SLC30A6, and SLC30A7), and solute carrier family 39 member 6

(SLC39A6) encoding zinc transporters are expressed in the brain [46-49]. The essential metal
ion zinc can induce oxidative damage in the brain and the strict regulation of zinc can protect

the brain from injury [50].

CAD

The functions for the significant pathway for CAD are acetylation and deacetylation of RelA in
the nucleus. RelA (p65) is a member of the NFxB family, consisting of transcription factors
regulating mainly the immune response, and having some functions in heart. RelA has been
implicated in cardiac remodeling [51], which is the expansion and shrinkage of coronary ves-
sels. RelA can be acetylated by the CREB-binding protein (CBP) and p300 protein in this path-
way. In fact, CBP and p300 have significant gene-gene interaction (M’ = 7.26) in the PUPPI
test. Moreover, the interaction between RelA and CBP/p300 is modulated by protein kinase A
(PKA), which can phosphorylate RelA. Such reaction may induce cardiac remodeling, an
important process in the development of coronary artery disease [52].

CD

The chaperone modulate interferon signaling pathway for CD is the most significant pathway
in the overall analyses. The protein hTid-1 is a chaperone that modulates interferon signaling
and can also repress NFkB [53]. Persistent inhibition of NFkB leads to inappropriate immune
cell development [54]. Moreover, interferon gamma is a member of the macrophage activating
factor, which is a lymphokine that can activate macrophages. In Crohn’s disease patients, the
defective macrophage function may play a role [55]. More interestingly, one of the actions of
interferon in this pathway is to induce mitochondria to activate apoptosis, which has been
found to increase in Crohn’s disease patients [56]. This pathway can also induce the down-
stream JAK/STAT pathway, which can regulate certain immune systems.

Table 5 shows the significant gene pairs with M’ values not equal to 0 in the chaperone path-
way. The most significant gene pair, interferon gamma receptor 1 (IFNGR1) and interferon
gamma receptor 2 (IFNGR?2), are the receptors of interferon gamma. A cross-linking experi-
ment has shown that IFNGR?2 is associated with interferon gamma only when the IFNGRI1
chain is present [57]. If interferon gamma fails to bind to IFGR1 and IFGR2, it cannot trigger
many functions of the pathway. The three genes, v-rel avian reticuloendotheliosis viral onco-
gene homolog A (RELA), nuclear factor of kappa light polypeptide gene enhancer in B-cells 1
(NFKB1), and inhibitor of kappa light polypeptide gene enhancer in B-cells, kinase beta
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Table 5. Significantgene pairs in the chaperone pathway for CD.

Significant gene pair m’
(IFNGR2)(IFNGR1) 6.750239
(IKBKB)(NFKB1) 5.65706
(RELA)(NFKB1) 5.199413
(TNF)(IFNG) 5.131393
(IKBKB)(TP53) 4.686214

doi:10.1371/journal.pone.0162910.t005

(IKBKB), in other significant gene pairs in Table 5 have been identified to have signal-induced
protein interactions in the in vivo screen tests [58]. These three genes are all highly associated
with inflammatory response [58]. Therefore, interactions among the three genes can also have
effects on the disease.

HT

The function of the significant pathway for HT is related to the import of mitochondrial pro-
tein. Hypertension is associated with the elevation level of reactive oxygen species (ROS) [59],
and the reactions of ROS take place mainly in mitochondria. Mitochondria dysfunction may
cause hypertension, and then generate excessive ROS to damage mitochondrial DNA, which
causes a vicious cycle in the hypertension state.

RA

The Complement and coagulation cascades pathway has three stages: the complement cascade,
the Kallikrein-Kinin cascade, and the coagulation cascade. For the complement cascade, the com-
plement activation can recruit the inflammatory and immunocompetent cells to kill the patho-
gens. This cascade has three pathways: the alternative pathway, the lectin pathway and the
classical pathway. All three pathways are related to the complement system, which helps the anti-
bodies and phagocytic cells to remove the pathogen from the body. In the lectin pathway, the
gene pair mannose-binding lectin 2 (MBL2)-mannan-binding lectin serine peptidase 1 (MASP1)
has a significant interaction in the PUPPI test (M’ = 10.42). The gene MBL2 encodes mannose-
binding lectin, which can recognize microorganisms. MASP1 can play a role as an enzyme to
interact with MBL2 to activate the lectin pathway [60]. The second cascade is the kallikrein-kinin
system. When this system is triggered, it will release vasoactive kinin. Kallikrein-kinin proteins
play an important role in the pathophysiology of rheumatoid arthritis [61]. In the coagulation
cascade, coagulation factor II (thrombin) can activate the coagulation factor II receptor (also
known as the protease-activated receptor, PAR). PAR can regulate inflammation. Thus activation
of coagulation will enhance PCR and then promote the inflammation [62].

T1D

The IL-7 signal transduction pathway can lead to immune response. Interleukin-7 (IL-7) is a cyto-
kine which can trigger the immune system to develop B-cells and T-cells. In the etiology of type 1
diabetes, IL-7 is believed to be involved in the infiltration of the effector T-cells into pancreatic beta
cells [63]. Two studies suggested that blockage of the IL-7 receptor can help to treat type 1 diabetes
in non-obese mice [64, 65]. Thus, the pathway is a candidate pathway for type 1 diabetes.

T2D

The Signaling by FGFR3 mutants pathway for T2D is also promising. T2D patients have dys-
functional B-cells in the islets [66]. Fibroblast growth factor receptor 3 (FGFR3) signaling can
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inhibit the expansion of pancreatic epithelial cells. It has been suggested that some of the pan-
creatic epithelial cells (the precise type is unclear) can differentiate B-cells [67]. FGFR3 is also
involved in the regulation of pancreatic growth when the mature islet cells emerge [68].

Some pathways, while not the most significant for a given disease in our analyses for the
WTCCC data, are nonetheless also functionally promising for that disease. For HT, the fourth
(the downregulation of TGF- receptor signaling pathway with p-value = 0.0014) and fifth (the
TGF-p receptor signaling activates Smad pathway with p-value = 0.0018) significant pathways
are both related to TGF signaling. In fact, the fourth significant pathway is a part of the TGF-
B receptor signaling, which activates the Smad pathway. TGF is expressed more in patients
with hypertension than in the normal controls [69]. The TGFB/Smad signaling pathway can
induce vascular fibrosis, which is a pivotal aspect of vascular remodeling in hypertension [70,
71]. For RA, the phosphoinositides and their downstream targets pathway is the third significant
pathway, with p-value = 0.0088. This pathway shows the downstream target of phosphoinosi-
tides, which can be added to a phosphate molecule on the 3 position of inositol by phosphoino-
sitide 3-kinase (PI3K), which is a subfamily of lipid kinase. The target downstream of PI3K can
control many cell functions, such as proliferation, migration, and survival [72, 73]. PI3Ky and
PI3KS3 can trigger several immune responses, and have crucial roles in the progress in RA [73].

The pathways we found based on gene-gene interaction tests are different from those found
by the single-locus strategy, which focused on testing main effects [74]. However, some of
them have similar functions. For example, the JAK/STAT pathway was previously found to be
associated with Crohn’s disease based on signals from single-locus SNPs [5]. Interestingly,
hTid-1 (in the chaperone pathway identified in our analysis) modulates interferon gamma,
which induces the JAK/STAT pathway. Therefore, both pathways may be involved in the etiol-
ogy of Crohn’s disease.

Conclusions

We performed simulation studies to verify that the PUPPI has correct type I errors for path-
ways with different numbers of genes and for different sample sizes. As PPI information is
independent from the statistical tests, it is important to note that using PPI information in the
PUPPI does not bias the test statistics. The power simulation results suggested that the PUPPI
can have higher or comparable power to that of PLINK, HYST, and SKAT in some models
when there were both main effects and interaction effects. Moreover, for the pure epistasis
models, the PUPPI can have high power while tests based on main effects would not have
power to identify the effects. Therefore, the major advantage of the PUPPI over other pathway
analysis methods based on testing for main effects is that pure epistasis within a pathway can
be identified. The PUPPI can be used as a complementary test to the tests based on main
effects. That is, PLINK and HYST can be used to identify pathways containing SNPs with main
effects on the disease, and the PUPPI can be further used to identify pathways with gene-gene
interaction effects. Furthermore, it is possible to incorporate main effects of SNPs in the PUPPI
algorithm. For example, statistics for main effects can be calculated for individual SNPs in Step
2 in the PUPPI algorithm, and a statistic combining statistics for gene-gene interaction and
main effects can be calculated in Step 3. Further research will be required to evaluate the statis-
tical properties for the method.

The Bonferroni correction in Eq 2 can be a conservative correction for the p-value. A similar
procedure to the modified Simes procedure [75] may be adopted in the PUPPI as an alternative
approach to correcting for the p-value. However, using the procedure will require the calcula-
tions of effective numbers for subsets of SNPs, which will increase the computational burden in
the PUPPL. Moreover, the modified Simes procedure was designed for p-values from individual
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SNPs. More research will be required to investigate the extension of the procedure to the gene-
gene interaction p-values.

The application of the PUPPI to the WTCCC datasets identified several promising path-
ways. However, their p-values were not significant after correcting for multiple testing. Some
methods or algorithms to improve the power for pathway association tests for GWAS have
been discussed extensively in the literature [5, 76, 77]. For example, the identification of an
optimal p-value threshold ! to calculate the PUPPI statistic M’ may increase the power. This
can be achieved by algorithms using multiple p-value thresholds [12]. Moreover, with prior
biological knowledge, more weights can be assigned to damaging SNPs in the pathway statistic.
Furthermore, increasing the SNP density by imputing untyped SNPs based on a reference
panel such as the 1000 Genomes Project [78] data may also increase the power for the analysis
(8].

In conclusion, our analyses demonstrate that pathway analysis using gene-gene interactions
can be useful for identifying pathways associated with the disease. The analysis can comple-
ment the pathway analysis using only signals from single-locus SNPs. The PUPPI is imple-
mented with C++ incorporating POSIX Threads (Pthreads) to parallelize the code. The
program can be downloaded for free from the website: http://puppi.sourceforge.net.

Supporting Information

S1 File. Penetrance functions for the 4 models with both main effects and interaction
effects.
(DOCX)

S2 File. The PUPPI analysis results with p-values<0.05 for the seven diseases.
(XLSX)

Acknowledgments

We are grateful to the National Center for High-performance Computing in Taiwan for com-
puter time and facilities. This study makes use of data generated by the Wellcome Trust Case-
Control Consortium. A full list of the investigators who contributed to the generation of the
data is available from www.wtccc.org.uk.

Author Contributions
Conceptualization: RHC PLL.
Formal analysis: PLL YWY.
Funding acquisition: RHC.
Methodology: RHC PLL.

Software: RHC PLL.

Writing - original draft: RHC PLL.

References

1.  Welter D, MacArthur J, Morales J, Burdett T, Hall P, Junkins H, et al. The NHGRI GWAS Catalog, a
curated resource of SNP-trait associations. Nucleic acids research. 2014; 42(Database issue):D1001—
6. doi: 10.1093/nar/gkt1229 PMID: 24316577; PubMed Central PMCID: PMC3965119.

PLOS ONE | DOI:10.1371/journal.pone.0162910 September 13,2016 12/17


http://puppi.sourceforge.net/
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0162910.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0162910.s002
http://www.wtccc.org.uk/
http://dx.doi.org/10.1093/nar/gkt1229
http://www.ncbi.nlm.nih.gov/pubmed/24316577

@° PLOS | ONE

Pathway Analysis Using Protein-Protein Interactions

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Barrett JC, Hansoul S, Nicolae DL, Cho JH, Duerr RH, Rioux JD, et al. Genome-wide association
defines more than 30 distinct susceptibility loci for Crohn's disease. Nature genetics. 2008; 40(8):955—
62. doi: 10.1038/ng.175 PMID: 18587394; PubMed Central PMCID: PMC2574810.

Zeggini E, Scott LJ, Saxena R, Voight BF, MarchiniJL, Hu T, et al. Meta-analysis of genome-wide asso-
ciation data and large-scale replication identifies additional susceptibility loci for type 2 diabetes. Nature
genetics. 2008; 40(5):638—-45. doi: 10.1038/ng.120 PMID: 18372903; PubMed Central PMCID:
PMC2672416.

Spencer CC, Su Z, Donnelly P, Marchini J. Designing genome-wide association studies: sample size,
power, imputation, and the choice of genotyping chip. PLoS genetics. 2009; 5(5):1000477. doi: 10.
1371/joumal.pgen.1000477 PMID: 19492015; PubMed Central PMCID: PMC2688469.

Wang K, Li M, Hakonarson H. Analysing biological pathways in genome-wide association studies.
Nature reviews Genetics. 2010; 11(12):843-54. Epub 2010/11/19. doi: 10.1038/nrg2884 PMID:
21085203.

Wang K, Li M, Bucan M. Pathway-based approaches for analysis of genomewide association studies.
American journal of human genetics. 2007; 81(6):1278-83. Epub 2007/10/30. doi: 10.1086/522374
PMID: 17966091; PubMed Central PMCID: PMC2276352.

Subramanian A, Tamayo P, Mootha VK, Mukherjee S, EbertBL, Gillette MA, et al. Gene set enrichment
analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proceedings
of the National Academy of Sciences of the United States of America. 2005; 102(43):15545-50. Epub
2005/10/04. doi: 10.1073/pnas.0506580102 PMID: 16199517; PubMed Central PMCID:

PMC1239896.

Holmans P, Green EK, Pahwa JS, Ferreira MA, Purcell SM, Sklar P, et al. Gene ontology analysis of
GWA study data sets provides insights into the biology of bipolar disorder. American journal of human
genetics. 2009; 85(1):13-24. Epub 2009/06/23. doi: 10.1016/j.ajhg.2009.05.011 PMID: 19539887;
PubMed Central PMCID: PMC2706963.

Park YS, Schmidt M, Martin ER, Pericak-Vance MA, Chung RH. Pathway-PDT: a flexible pathway anal-
ysis tool for nuclear families. BMC bioinformatics. 2013; 14:267. doi: 10.1186/1471-2105-14-267 PMID:
24006871; PubMed Central PMCID: PMC3844459.

Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MA, Bender D, et al. PLINK: a tool set for whole-
genome association and population-based linkage analyses. American journal of human genetics.
2007; 81(3):559-75. Epub 2007/08/19. doi: 10.1086/519795 PMID: 17701901; PubMed Central
PMCID: PMC1950838.

Chen LS, Hutter CM, Potter JD, Liu Y, Prentice RL, Peters U, et al. Insights into colon cancer etiology
via a regularized approach to gene set analysis of GWAS data. American journal of human genetics.
2010; 86(6):860—71. Epub 2010/06/22. doi: 10.1016/j.ajhg.2010.04.014 PMID: 20560206; PubMed
Central PMCID: PMC3032068.

Wang YT, Sung PY, Lin PL, Yu YW, Chung RH. A multi-SNP association test for complex diseases
incorporating an optimal P-value threshold algorithm in nuclear families. BMC genomics. 2015; 16:381.
doi: 10.1186/s12864-015-1620-3 PMID: 25975968; PubMed Central PMCID: PMC4433014.

Goeman JJ, Buhimann P. Analyzing gene expression data in terms of gene sets: methodological
issues. Bioinformatics. 2007; 23(8):980-7. doi: 10.1093/bioinformatics/btm051 PMID: 17303618.

Cordell HJ. Detecting gene-gene interactions that underlie human diseases. Nature reviews Genetics.
2009; 10(6):392—404. Epub 2009/05/13. doi: 10.1038/nrg2579 PMID: 19434077; PubMed Central
PMCID: PMC2872761.

Combarros O, Cortina-BorjaM, Smith AD, Lehmann DJ. Epistasis in sporadic Alzheimer's disease.
Neurobiology of aging. 2009; 30(9):1333—49. doi: 10.1016/j.neurobiolaging.2007.11.027 PMID:
18206267.

Jensen LJ, Kuhn M, Stark M, Chaffron S, Creevey C, Muller J, et al. STRING 8—a global view on pro-
teins and their functional interactions in 630 organisms. Nucleic acids research. 2009; 37(Database
issue):D412-6. doi: 10.1093/nar/gkn760 PMID: 18940858; PubMed Central PMCID: PMC2686466.

Chatr-Aryamontri A, Breitkreutz BJ, Heinicke S, Boucher L, Winter A, Stark C, et al. The BioGRID inter-
action database: 2013 update. Nucleic acids research. 2013; 41(Database issue):D816-23. doi: 10.
1093/nar/gks1158 PMID: 23203989; PubMed Central PMCID: PMC3531226.

Phillips PC. Epistasis—the essential role of gene interactions in the structure and evolution of genetic
systems. Nature reviews Genetics. 2008; 9(11):855-67. doi: 10.1038/nrg2452 PMID: 18852697
PubMed Central PMCID: PMC2689140.

Gregersen JW, Kranc KR, Ke X, Svendsen P, Madsen LS, Thomsen AR, et al. Functional epistasis on
a common MHC haplotype associated with multiple sclerosis. Nature. 2006; 443(7111):574—7. doi: 10.
1038/nature05133 PMID: 17006452.

PLOS ONE | DOI:10.1371/journal.pone.0162910 September 13,2016 13/17


http://dx.doi.org/10.1038/ng.175
http://www.ncbi.nlm.nih.gov/pubmed/18587394
http://dx.doi.org/10.1038/ng.120
http://www.ncbi.nlm.nih.gov/pubmed/18372903
http://dx.doi.org/10.1371/journal.pgen.1000477
http://dx.doi.org/10.1371/journal.pgen.1000477
http://www.ncbi.nlm.nih.gov/pubmed/19492015
http://dx.doi.org/10.1038/nrg2884
http://www.ncbi.nlm.nih.gov/pubmed/21085203
http://dx.doi.org/10.1086/522374
http://www.ncbi.nlm.nih.gov/pubmed/17966091
http://dx.doi.org/10.1073/pnas.0506580102
http://www.ncbi.nlm.nih.gov/pubmed/16199517
http://dx.doi.org/10.1016/j.ajhg.2009.05.011
http://www.ncbi.nlm.nih.gov/pubmed/19539887
http://dx.doi.org/10.1186/1471-2105-14-267
http://www.ncbi.nlm.nih.gov/pubmed/24006871
http://dx.doi.org/10.1086/519795
http://www.ncbi.nlm.nih.gov/pubmed/17701901
http://dx.doi.org/10.1016/j.ajhg.2010.04.014
http://www.ncbi.nlm.nih.gov/pubmed/20560206
http://dx.doi.org/10.1186/s12864-015-1620-3
http://www.ncbi.nlm.nih.gov/pubmed/25975968
http://dx.doi.org/10.1093/bioinformatics/btm051
http://www.ncbi.nlm.nih.gov/pubmed/17303618
http://dx.doi.org/10.1038/nrg2579
http://www.ncbi.nlm.nih.gov/pubmed/19434077
http://dx.doi.org/10.1016/j.neurobiolaging.2007.11.027
http://www.ncbi.nlm.nih.gov/pubmed/18206267
http://dx.doi.org/10.1093/nar/gkn760
http://www.ncbi.nlm.nih.gov/pubmed/18940858
http://dx.doi.org/10.1093/nar/gks1158
http://dx.doi.org/10.1093/nar/gks1158
http://www.ncbi.nlm.nih.gov/pubmed/23203989
http://dx.doi.org/10.1038/nrg2452
http://www.ncbi.nlm.nih.gov/pubmed/18852697
http://dx.doi.org/10.1038/nature05133
http://dx.doi.org/10.1038/nature05133
http://www.ncbi.nlm.nih.gov/pubmed/17006452

@° PLOS | ONE

Pathway Analysis Using Protein-Protein Interactions

20.

21.

22,

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

St Onge RP, Mani R, Oh J, Proctor M, Fung E, Davis RW, et al. Systematic pathway analysis using
high-resolution fitness profiling of combinatorial gene deletions. Nature genetics. 2007; 39(2):199-206.
doi: 10.1038/ng1948 PMID: 17206143; PubMed Central PMCID: PMC2716756.

Costanzo M, Baryshnikova A, Bellay J, Kim Y, Spear ED, Sevier CS, et al. The genetic landscape of a
cell. Science. 2010; 327(5964):425—-31. doi: 10.1126/science.1180823 PMID: 20093466.

Pattin KA, Moore JH. Role for protein-protein interaction databases in human genetics. Expert review
of proteomics. 2009; 6(6):647-59. doi: 10.1586/epr.09.86 PMID: 19929610; PubMed Central PMCID:
PMC2813729.

Lage K. Protein-protein interactions and genetic diseases: The interactome. Biochimica et biophysica
acta. 2014; 1842(10):1971-80. doi: 10.1016/j.bbadis.2014.05.028 PMID: 24892209; PubMed Central
PMCID: PMC4165798.

Emily M, Mailund T, Hein J, Schauser L, Schierup MH. Using biological networks to search for interact-
ing loci in genome-wide association studies. European journal of human genetics: EJHG. 2009; 17
(10):1231-40. doi: 10.1038/ejhg.2009.15 PMID: 19277065; PubMed Central PMCID: PMC2986645.

LiuY, Maxwell S, Feng T, Zhu X, Elston RC, Koyuturk M, et al. Gene, pathway and network frameworks
to identify epistatic interactions of single nucleotide polymorphisms derived from GWAS data. BMC sys-
tems biology. 2012; 6 Suppl 3:S15. doi: 10.1186/1752-0509-6-S3-S15 PMID: 23281810; PubMed Cen-
tral PMCID: PMC3524014.

Ma L, Brautbar A, Boerwinkle E, Sing CF, Clark AG, Keinan A. Knowledge-driven analysis identifies a
gene-gene interaction affecting high-density lipoprotein cholesterol levels in multi-ethnic populations.
PLoS genetics. 2012; 8(5):e1002714. doi: 10.1371/journal.pgen.1002714 PMID: 2265467 1; PubMed
Central PMCID: PMC3359971.

Baranzini SE, Galwey NW, Wang J, Khankhanian P, Lindberg R, Pelletier D, et al. Pathway and net-
work-based analysis of genome-wide association studies in multiple sclerosis. Human molecular
genetics. 2009; 18(11):2078-90. doi: 10.1093/hmg/ddp120 PMID: 1928667 1; PubMed Central PMCID:
PMC2678928.

Leiserson MD, Eldridge JV, Ramachandran S, Raphael BJ. Network analysis of GWAS data. Current
opinion in genetics & development. 2013; 23(6):602—-10. doi: 10.1016/j.gde.2013.09.003 PMID:
24287332; PubMed Central PMCID: PMC3867794.

Jia P, Zheng S, Long J, Zheng W, Zhao Z. dmGWAS: dense module searching for genome-wide asso-
ciation studies in protein-protein interaction networks. Bioinformatics. 2011; 27(1):95—102. doi: 10.
10983/bioinformatics/btq615 PMID: 21045073; PubMed Central PMCID: PMC3008643.

Akula N, Baranova A, Seto D, Solka J, Nalls MA, Singleton A, et al. A network-based approach to priori-
tize results from genome-wide association studies. PloS one. 2011; 6(9):e24220. doi: 10.1371/journal.
pone.0024220 PMID: 21915301; PubMed Central PMCID: PMC3168369.

Huang da W, Sherman BT, Lempicki RA. Systematic and integrative analysis of large gene lists using
DAVID bioinformatics resources. Nature protocols. 2009; 4(1):44-57. Epub 2009/01/10. doi: 10.1038/
nprot.2008.211 PMID: 19131956.

Xu J, Lowey J, Wiklund F, Sun J, Lindmark F, Hsu FC, et al. The interaction of four genes in the inflam-
mation pathway significantly predicts prostate cancer risk. Cancer epidemiology, biomarkers & preven-
tion: a publication of the American Association for Cancer Research, cosponsored by the American
Society of Preventive Oncology. 2005; 14(11 Pt 1):2563-8. doi: 10.1158/1055-9965.EPI-05-0356
PMID: 16284379.

Chung RH. PUPPI: A Pathway Analysis Method Using Protein-Protein Interaction Network for Case-
Control Data. Proceedings of the 2013 leee Symposium on Computational Intelligence in Bioinformat-
ics and Computational Biology (Cibcb). 2013:238—-41. WOS:000333898800035.

Wellcome Trust Case Control C. Genome-wide association study of 14,000 cases of seven common
diseases and 3,000 shared controls. Nature. 2007; 447(7145):661-78. doi: 10.1038/nature05911
PMID: 17554300; PubMed Central PMCID: PMC2719288.

Gao X, StarmerJ, Martin ER. A multiple testing correction method for genetic association studies using
correlated single nucleotide polymorphisms. Genetic epidemiology. 2008; 32(4):361-9. Epub 2008/02/
14. doi: 10.1002/gepi.20310 PMID: 18271029.

Babron MC, Etcheto A, Dizier MH. A New Correction for Multiple Testing in Gene-Gene Interaction
Studies. Annals of human genetics. 2015. doi: 10.1111/ahg.12113 PMID: 25912889.

Chung RH, Tsai WY, Hsieh CH, Hung KY, Hsiung CA, Hauser ER. SeqSIMLA2: simulating correlated
quantitative traits accounting for shared environmental effects in user-specified pedigree structure.
Genetic epidemiology. 2015; 39(1):20—4. doi: 10.1002/gepi.21850 PMID: 25250827.

Su Z, MarchiniJ, Donnelly P. HAPGENZ2: simulation of multiple disease SNPs. Bioinformatics. 2011;
27(16):2304-5. doi: 10.1093/bicinformatics/btr341 PMID: 21653516; PubMed Central PMCID:
PMC3150040.

PLOS ONE | DOI:10.1371/journal.pone.0162910 September 13,2016 14/17


http://dx.doi.org/10.1038/ng1948
http://www.ncbi.nlm.nih.gov/pubmed/17206143
http://dx.doi.org/10.1126/science.1180823
http://www.ncbi.nlm.nih.gov/pubmed/20093466
http://dx.doi.org/10.1586/epr.09.86
http://www.ncbi.nlm.nih.gov/pubmed/19929610
http://dx.doi.org/10.1016/j.bbadis.2014.05.028
http://www.ncbi.nlm.nih.gov/pubmed/24892209
http://dx.doi.org/10.1038/ejhg.2009.15
http://www.ncbi.nlm.nih.gov/pubmed/19277065
http://dx.doi.org/10.1186/1752-0509-6-S3-S15
http://www.ncbi.nlm.nih.gov/pubmed/23281810
http://dx.doi.org/10.1371/journal.pgen.1002714
http://www.ncbi.nlm.nih.gov/pubmed/22654671
http://dx.doi.org/10.1093/hmg/ddp120
http://www.ncbi.nlm.nih.gov/pubmed/19286671
http://dx.doi.org/10.1016/j.gde.2013.09.003
http://www.ncbi.nlm.nih.gov/pubmed/24287332
http://dx.doi.org/10.1093/bioinformatics/btq615
http://dx.doi.org/10.1093/bioinformatics/btq615
http://www.ncbi.nlm.nih.gov/pubmed/21045073
http://dx.doi.org/10.1371/journal.pone.0024220
http://dx.doi.org/10.1371/journal.pone.0024220
http://www.ncbi.nlm.nih.gov/pubmed/21915301
http://dx.doi.org/10.1038/nprot.2008.211
http://dx.doi.org/10.1038/nprot.2008.211
http://www.ncbi.nlm.nih.gov/pubmed/19131956
http://dx.doi.org/10.1158/1055-9965.EPI-05-0356
http://www.ncbi.nlm.nih.gov/pubmed/16284379
http://dx.doi.org/10.1038/nature05911
http://www.ncbi.nlm.nih.gov/pubmed/17554300
http://dx.doi.org/10.1002/gepi.20310
http://www.ncbi.nlm.nih.gov/pubmed/18271029
http://dx.doi.org/10.1111/ahg.12113
http://www.ncbi.nlm.nih.gov/pubmed/25912889
http://dx.doi.org/10.1002/gepi.21850
http://www.ncbi.nlm.nih.gov/pubmed/25250827
http://dx.doi.org/10.1093/bioinformatics/btr341
http://www.ncbi.nlm.nih.gov/pubmed/21653516

@° PLOS | ONE

Pathway Analysis Using Protein-Protein Interactions

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Kanehisa M, Goto S, Sato Y, Furumichi M, Tanabe M. KEGG for integration and interpretation of large-
scale molecular data sets. Nucleic acids research. 2012; 40(Database issue):D109—-14. Epub 2011/11/
15. doi: 10.1093/nar/gkr988 PMID: 22080510; PubMed Central PMCID: PMC3245020.

Wan X, Yang C, Yang Q, Xue H, Fan X, Tang NL, et al. BOOST: A fast approach to detecting gene-
gene interactions in genome-wide case-control studies. American journal of human genetics. 2010; 87
(3):325—40.doi: 10.1016/j.ajhg.2010.07.021 PMID: 20817139; PubMed Central PMCID:
PMC2933337.

Li MX, Kwan JS, Sham PC. HYST: a hybrid set-based test for genome-wide association studies, with
application to protein-protein interaction-based association analysis. American journal of human genet-
ics. 2012; 91(3):478-88. doi: 10.1016/].ajhg.2012.08.004 PMID: 22958900; PubMed Central PMCID:
PMC3511992.

Wu MC, Kraft P, Epstein MP, Taylor DM, Chanock SJ, Hunter DJ, et al. Powerful SNP-set analysis for
case-control genome-wide association studies. American journal of human genetics. 2010; 86(6):929—
42.doi: 10.1016/j.ajhg.2010.05.002 PMID: 20560208; PubMed Central PMCID: PMC3032061.

D'Eustachio P. Reactome knowledgebase of human biological pathways and processes. Methods Mol
Biol. 2011;694:49-61. Epub 2010/11/18.doi: 10.1007/978-1-60761-977-2_4 PMID: 21082427.

von Mering C, Jensen LJ, Snel B, Hooper SD, Krupp M, Foglierini M, et al. STRING: known and pre-
dicted protein-protein associations, integrated and transferred across organisms. Nucleic acids
research. 2005; 33(Database issue):D433-7. doi: 10.1093/nar/gki005 PMID: 15608232; PubMed Cen-
tral PMCID: PMC539959.

Kent WJ, Sugnet CW, Furey TS, Roskin KM, Pringle TH, Zahler AM, et al. The human genome browser
at UCSC. Genome research. 2002; 12(6):996—1006. doi: 10.1101/gr.229102. Article published online
before printin May 2002. PMID: 12045153; PubMed Central PMCID: PMC186604.

Palmiter RD, Cole TB, Quaife CJ, Findley SD. ZnT-3, a putative transporter of zinc into synaptic vesi-
cles. Proceedings of the National Academy of Sciences of the United States of America. 1996; 93
(25):14934-9. PMID: 8962159; PubMed Central PMCID: PMC26240.

Huang L, Kirschke CP, Gitschier J. Functional characterization of a novel mammalian zinc transporter,
ZnT6. The Journal of biological chemistry. 2002; 277(29):26389-95. doi: 10.1074/jbc.M200462200
PMID: 11997387.

Kirschke CP, Huang L. ZnT7, a novel mammalian zinc transporter, accumulates zinc in the Golgi appa-
ratus. The Journal of biological chemistry. 2003; 278(6):4096—102. doi: 10.1074/jbc.M207644200
PMID: 12446736.

Taylor KM, Morgan HE, Johnson A, Hadley LJ, Nicholson RI. Structure-function analysis of LIV-1, the
breast cancer-associated protein that belongs to a new subfamily of zinc transporters. The Biochemical
journal.2003; 375(Pt 1):51-9. doi: 10.1042/BJ20030478 PMID: 12839489; PubMed Central PMCID:
PMC1223660.

Bressler JP, OliviL, Cheong JH, KimY, Maerten A, Bannon D. Metal transporters in intestine and brain:
their involvement in metal-associated neurotoxicities. Human & experimental toxicology. 2007; 26
(3):221-9.doi: 10.1177/0960327107070573 PMID: 17439925.

Gordon JW, Shaw JA, Kirshenbaum LA. Multiple facets of NF-kappaB in the heart: to be or not to NF-
kappaB. Circulation research.2011; 108(9):1122-32. doi: 10.1161/CIRCRESAHA.110.226928 PMID:
21527742.

Schoenhagen P, Ziada KM, Vince DG, Nissen SE, Tuzcu EM. Arterialremodeling and coronary artery
disease: the concept of "dilated" versus "obstructive" coronary atherosclerosis. Journal of the American
College of Cardiology. 2001; 38(2):297-306. PMID: 11499716.

Cheng H, Cenciarelli C, Tao M, Parks WP, Cheng-Mayer C. HTLV-1 Tax-associated hTid-1, a human
Dnad protein, is a repressor of Ikappa B kinase beta subunit. The Journal of biological chemistry. 2002;
277(23):20605—10. doi: 10.1074/jbc.M201204200 PMID: 11927590.

Chen F, Castranova V, Shi X, Demers LM. New insights into the role of nuclear factor-kappaB, a ubiqui-
tous transcription factor in the initiation of diseases. Clinical chemistry. 1999; 45(1):7-17. PMID:
9895331.

Karaiskos C, Hudspith BN, Elliott T, Rayment NB, Avgousti V, Sanderson JD. Defective Macrophage
Function in Crohn's Disease: Role of Alternatively Activated Macrophages in Inflammation. Gut. 2011;
60. doi: 10.1136/gut.2011.239301.304 PMID: WOS:000288323500302.

Di Sabatino A, Ciccocioppo R, Luinetti O, Ricevuti L, Morera R, Cifone MG, et al. Increased enterocyte
apoptosis in inflamed areas of Crohn's disease. Diseases of the colon and rectum. 2003; 46(11):1498—
507. doi: 10.1097/01.DCR.0000089118.20964.12 PMID: 14605569.

Schroder K, Hertzog PJ, Ravasi T, Hume DA. Interferon-gamma: an overview of signals, mechanisms
and functions. Journal of leukocyte biology. 2004; 75(2):163-89. doi: 10.1189/jlb.0603252 PMID:
14525967.

PLOS ONE | DOI:10.1371/journal.pone.0162910 September 13,2016 15/17


http://dx.doi.org/10.1093/nar/gkr988
http://www.ncbi.nlm.nih.gov/pubmed/22080510
http://dx.doi.org/10.1016/j.ajhg.2010.07.021
http://www.ncbi.nlm.nih.gov/pubmed/20817139
http://dx.doi.org/10.1016/j.ajhg.2012.08.004
http://www.ncbi.nlm.nih.gov/pubmed/22958900
http://dx.doi.org/10.1016/j.ajhg.2010.05.002
http://www.ncbi.nlm.nih.gov/pubmed/20560208
http://dx.doi.org/10.1007/978-1-60761-977-2_4
http://www.ncbi.nlm.nih.gov/pubmed/21082427
http://dx.doi.org/10.1093/nar/gki005
http://www.ncbi.nlm.nih.gov/pubmed/15608232
http://dx.doi.org/10.1101/gr.229102
http://www.ncbi.nlm.nih.gov/pubmed/12045153
http://www.ncbi.nlm.nih.gov/pubmed/8962159
http://dx.doi.org/10.1074/jbc.M200462200
http://www.ncbi.nlm.nih.gov/pubmed/11997387
http://dx.doi.org/10.1074/jbc.M207644200
http://www.ncbi.nlm.nih.gov/pubmed/12446736
http://dx.doi.org/10.1042/BJ20030478
http://www.ncbi.nlm.nih.gov/pubmed/12839489
http://dx.doi.org/10.1177/0960327107070573
http://www.ncbi.nlm.nih.gov/pubmed/17439925
http://dx.doi.org/10.1161/CIRCRESAHA.110.226928
http://www.ncbi.nlm.nih.gov/pubmed/21527742
http://www.ncbi.nlm.nih.gov/pubmed/11499716
http://dx.doi.org/10.1074/jbc.M201204200
http://www.ncbi.nlm.nih.gov/pubmed/11927590
http://www.ncbi.nlm.nih.gov/pubmed/9895331
http://dx.doi.org/10.1136/gut.2011.239301.304
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000288323500302
http://dx.doi.org/10.1097/01.DCR.0000089118.20964.12
http://www.ncbi.nlm.nih.gov/pubmed/14605569
http://dx.doi.org/10.1189/jlb.0603252
http://www.ncbi.nlm.nih.gov/pubmed/14525967

@° PLOS | ONE

Pathway Analysis Using Protein-Protein Interactions

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

Bouwmeester T, Bauch A, Ruffner H, Angrand PO, Bergamini G, Croughton K, et al. A physical and
functional map of the human TNF-alpha/NF-kappa B signal transduction pathway. Nature cell biology.
2004; 6(2):97—-105. doi: 10.1038/ncb1086 PMID: 14743216.

Lassegue B, Griendling KK. Reactive oxygen species in hypertension—An update. Am J Hypertens.
2004; 17(9):852-60. doi: 10.1016/j.amjhyper.2004.02.004 PMID: WOS:000223837000021.

Takahashi M, Iwaki D, Kanno K, Ishida Y, Xiong J, Matsushita M, et al. Mannose-binding lectin (MBL)-
associated serine protease (MASP)-1 contributes to activation of the lectin complement pathway. Jour-
nal of immunology. 2008; 180(9):6132—8. PMID: 18424734.

Cassim B, Shaw OM, Mazur M, Misso NL, Naran A, Langlands DR, et al. Kallikreins, kininogens and
kinin receptors on circulating and synovial fluid neutrophils: role in kinin generation in rheumatoid arthri-
tis. Rheumatology. 2009; 48(5):490-6. doi: 10.1093/rheumatology/kep016 PMID: 19254919.

Ruf W, Dorfleutner A, Riewald M. Specificity of coagulation factor signaling. Journal of thrombosis and
haemostasis: JTH. 2003; 1(7):1495-503. PMID: 12871285.

Harrison C. Autoimmune disease: Targeting IL-7 reverses type 1 diabetes. Nature reviews Drug discov-
ery. 2012; 11(8):599. doi: 10.1038/nrd3805 PMID: 22850777.

Lee LF, LogronioK, Tu GH, Zhai W, Nil, MeiL, et al. Anti-IL-7 receptor-alpha reverses established type
1 diabetes in nonobese diabetic mice by modulating effector T-cell function. Proceedings of the
National Academy of Sciences of the United States of America.2012; 109(31):12674-9. doi: 10.1073/
pnas.1203795109 PMID: 22733769; PubMed Central PMCID: PMC3412026.

Penaranda C, Kuswanto W, Hofmann J, Kenefeck R, Narendran P, Walker LS, et al. IL-7 receptor
blockade reverses autoimmune diabetes by promoting inhibition of effector/memory T cells. Proceed-
ings of the National Academy of Sciences of the United States of America. 2012; 109(31):12668—-73.
doi: 10.1073/pnas. 1203692109 PMID: 22733744; PubMed Central PMCID: PMC3411948.

Prentki M, Nolan CJ. Islet beta cell failure in type 2 diabetes. The Journal of clinical investigation. 2006;
116(7):1802-12. doi: 10.1172/JCI29103 PMID: 16823478; PubMed Central PMCID: PMC1483155.

Hao E, Tyrberg B, Itkin-Ansari P, Lakey JR, Geron |, Monosov EZ, et al. Beta-cell differentiation from
nonendocrine epithelial cells of the adult human pancreas. Nature medicine. 2006; 12(3):310-6. doi:
10.1038/nm1367 PMID: 16491084.

Arnaud-Dabernat S, Kritzik M, Kayali AG, Zhang YQ, Liu G, Ungles C, et al. FGFR3is a negative regu-
lator of the expansion of pancreatic epithelial cells. Diabetes. 2007; 56(1):96—106. doi: 10.2337/db05-
1073 PMID: 17192470.

Suthanthiran M, Li B, Song JO, Ding R, Sharma VK, Schwartz JE, et al. Transforming growth factor-
beta 1 hyperexpression in African-American hypertensives: A novel mediator of hypertension and/or
target organ damage. Proceedings of the National Academy of Sciences of the United States of Amer-
ica. 2000; 97(7):3479-84. doi: 10.1073/pnas.050420897 PMID: 10725360; PubMed Central PMCID:
PMC16265.

Ruiz-OrtegaM, Rodriguez-Vita J, Sanchez-Lopez E, Carvajal G, Egido J. TGF-beta signaling in vascu-
lar fibrosis. Cardiovascular research. 2007; 74(2):196—206. doi: 10.1016/j.cardiores.2007.02.008
PMID: 17376414.

Intengan HD, Schiffrin EL. Vascular remodeling in hypertension: roles of apoptosis, inflammation, and
fibrosis. Hypertension. 2001; 38(3 Pt 2):581—7. PMID: 11566935.

Rameh LE, Cantley LC. The role of phosphoinositide 3-kinase lipid products in cell function. The Jour-
nal of biological chemistry. 1999; 274(13):8347-50. PMID: 10085060.

Rommel C, Camps M, Ji H. PI3K delta and PIBK gamma: partnersin crime in inflammation in rheuma-
toid arthritisand beyond? Nature reviews Immunology. 2007; 7(3):191-201. doi: 10.1038/nri2036
PMID: 17290298.

Torkamani A, Topol EJ, Schork NJ. Pathway analysis of seven common diseases assessed by
genome-wide association. Genomics. 2008; 92(5):265—72. Epub 2008/08/30. doi: 10.1016/j.ygeno.
2008.07.011 PMID: 18722519; PubMed Central PMCID: PMC2602835.

Li MX, Gui HS, Kwan JS, Sham PC. GATES: a rapid and powerful gene-based association test using
extended Simes procedure. American journal of human genetics. 2011; 88(3):283-93. Epub 2011/03/
15. doi: 10.1016/j.ajhg.2011.01.019 PMID: 21397060; PubMed Central PMCID: PMC3059433.

Wang L, Jia P, Wolfinger RD, Chen X, Zhao Z. Gene set analysis of genome-wide association studies:
methodological issues and perspectives. Genomics. 2011; 98(1):1-8. doi: 10.1016/j.ygeno.2011.04.
006 PMID: 21565265; PubMed Central PMCID: PMC3852939.

JinL, Zuo XY, SuWY, Zhao XL, Yuan MQ, Han LZ, et al. Pathway-based analysis tools for complex
diseases: a review. Genomics, proteomics & bioinformatics. 2014; 12(5):210-20. doi: 10.1016/j.gpb.
2014.10.002 PMID: 25462153; PubMed Central PMCID: PMC4411419.

PLOS ONE | DOI:10.1371/journal.pone.0162910 September 13,2016 16/17


http://dx.doi.org/10.1038/ncb1086
http://www.ncbi.nlm.nih.gov/pubmed/14743216
http://dx.doi.org/10.1016/j.amjhyper.2004.02.004
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000223837000021
http://www.ncbi.nlm.nih.gov/pubmed/18424734
http://dx.doi.org/10.1093/rheumatology/kep016
http://www.ncbi.nlm.nih.gov/pubmed/19254919
http://www.ncbi.nlm.nih.gov/pubmed/12871285
http://dx.doi.org/10.1038/nrd3805
http://www.ncbi.nlm.nih.gov/pubmed/22850777
http://dx.doi.org/10.1073/pnas.1203795109
http://dx.doi.org/10.1073/pnas.1203795109
http://www.ncbi.nlm.nih.gov/pubmed/22733769
http://dx.doi.org/10.1073/pnas.1203692109
http://www.ncbi.nlm.nih.gov/pubmed/22733744
http://dx.doi.org/10.1172/JCI29103
http://www.ncbi.nlm.nih.gov/pubmed/16823478
http://dx.doi.org/10.1038/nm1367
http://www.ncbi.nlm.nih.gov/pubmed/16491084
http://dx.doi.org/10.2337/db05-1073
http://dx.doi.org/10.2337/db05-1073
http://www.ncbi.nlm.nih.gov/pubmed/17192470
http://dx.doi.org/10.1073/pnas.050420897
http://www.ncbi.nlm.nih.gov/pubmed/10725360
http://dx.doi.org/10.1016/j.cardiores.2007.02.008
http://www.ncbi.nlm.nih.gov/pubmed/17376414
http://www.ncbi.nlm.nih.gov/pubmed/11566935
http://www.ncbi.nlm.nih.gov/pubmed/10085060
http://dx.doi.org/10.1038/nri2036
http://www.ncbi.nlm.nih.gov/pubmed/17290298
http://dx.doi.org/10.1016/j.ygeno.2008.07.011
http://dx.doi.org/10.1016/j.ygeno.2008.07.011
http://www.ncbi.nlm.nih.gov/pubmed/18722519
http://dx.doi.org/10.1016/j.ajhg.2011.01.019
http://www.ncbi.nlm.nih.gov/pubmed/21397060
http://dx.doi.org/10.1016/j.ygeno.2011.04.006
http://dx.doi.org/10.1016/j.ygeno.2011.04.006
http://www.ncbi.nlm.nih.gov/pubmed/21565265
http://dx.doi.org/10.1016/j.gpb.2014.10.002
http://dx.doi.org/10.1016/j.gpb.2014.10.002
http://www.ncbi.nlm.nih.gov/pubmed/25462153

o @
@ ’ PLOS | ONE Pathway Analysis Using Protein-Protein Interactions

78. Consortium TGP. A map of human genome variation from population-scale sequencing. Nature. 2010;
467(7319):1061-73. Epub 2010/10/29. doi: 10.1038/nature09534 PMID: 20981092; PubMed Central
PMCID: PMC3042601.

PLOS ONE | DOI:10.1371/journal.pone.0162910 September 13,2016 17/17


http://dx.doi.org/10.1038/nature09534
http://www.ncbi.nlm.nih.gov/pubmed/20981092

