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ABSTRACT

Cataloging the association of transcripts to genetic
variants in recent years holds the promise for func-
tional dissection of regulatory structure of human
transcription. Here, we present a novel approach,
which aims at elucidating the joint relationships
between transcripts and single-nucleotide poly-
morphisms (SNPs). This entails detection and
analysis of modules of transcripts, each weakly
associated to a single genetic variant, together
exposing a high-confidence association signal
between the module and this ‘main’ SNP. To
explore how transcripts in a module are related to
causative loci for that module, we represent such
dependencies by a graphical model. We applied
our method to the existing data on genetics of
gene expression in the liver. The modules are sig-
nificantly more, larger and denser than found in
permuted data. Quantification of the confidence in
a module as a likelihood score, allows us to detect
transcripts that do not reach genome-wide signifi-
cance level. Topological analysis of each module
identifies novel insights regarding the flow of caus-
ality between the main SNP and transcripts. We
observe similar annotations of modules from two
sources of information: the enrichment of a
module in gene subsets and locus annotation of
the genetic variants. This and further phenotypic
analysis provide a validation for our methodology.

INTRODUCTION

Variation in genomic DNA can affect function in multiple
ways, most typically by alteration of the expressed
quantity or sequence content of local transcripts. This
premise motivated extensive studies over the last decade,
cataloging the influence of human genetic variants on gene
expression, most often in cis (1,2). Local gene expression
level is formally considered as a quantitative trait that
is directly modified by allelic variation in regulatory

elements (3,4). Such modifications of transcriptional regu-
lation have been documented to affect health-related traits
as diverse as asthma (5) and low density lipoprotein
(LDL) cholesterol concentration (6).
Yet, for large fraction of single-nucleotide polymorph-

isms (SNPs) with well supported associations to disease
phenotypes (7) which are neither coding, nor linked to
coding SNPs in cis, no cis-regulatory effect have been
reported in studies conducted thus far. A compelling
biological hypothesis is that such a SNP does change the
transcriptome state or program in order to exert its pheno-
typic impact, and this regulation is mediated by a tran-
script in cis, but in the particular tissue examined, the
changes to transcription level of the mediator gene are
too minute to guarantee detection in small association
cohorts. This hypothesis leads to an approach for
mapping expression quantitative trait loci (eQTLs) that
is focused on downstream effects of a regulatory SNP
across multiple genes in trans, rather than the cis-tran-
script that may mechanistically mediate the effect. A
related approach had been successful in simpler organisms
(8), motivating this work.
Data on both gene expression and SNP variation across

multiple individuals, often termed genetic genomics have
facilitated identification of thousands of expression
single-nucleotide polymorphisms (eSNPs) (9,10). App-
roaches that combine these two types of data along with
additional factors including the previously inferred biolo-
gical network structure (11), modularity of gene expres-
sion (12), pathway analysis (13) and enzymatic activity
(14) had been proposed. However, tying genetic variation
in specific loci to phenotypes is still an active field of
research.
In this study, we focus on the modularity of gene regu-

latory networks, a major organizing principle of biological
systems (15). A module is the fundamental unit of a bio-
logical network that consists of a set of elements
(e.g. genes) working jointly to fulfill a distinct function.
Several studies have used this property to gain better
understanding of the regulatory mechanisms (16) that
are affected by genetic variation. Litvin et al. (8) charac-
terize how genetic variants in multiple loci combine to
influence the expression of clusters of co-expressed genes
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in yeast. Ghazalpour et al. (12) used co-expression
networks to study the genetics of complex physiological
traits that are relevant to the metabolic syndrome.
Schadt et al. (11) used previously reconstructed regulatory
networks of genes in mouse and human (17) to support the
existing Genome Wide Association Studies (GWAS)
results. Known pathways from Kyoto Encyclopedia of
Genes and Genomes (KEGG) were used by Zhong et al.
(13) for the same purpose. Common to all these studies are
three steps. The first two are independent: (i) construction
of a network from gene expression data; and (ii) detection
of association between genetic variants and expression
traits; the final step is (iii) integration of genetic associ-
ation into the network.
However, it is artificial to separate the stages of network

construction based on expression data only from a single
SNP–transcript association mapping. Ideally, one would
combine information from multiple transcripts with
genetics in a unified analysis. This motivates complemen-
tary approaches to analysis of eSNPs. Specifically, our
premise is that the modular organization of gene regula-
tion can be used to pinpoint eSNPs that affect multiple,
rather than single genes. Therefore, we developed a
method that focuses on groups of transcripts (modules)
that are each associated with a single genetic variant.
We present a novel approach that entails analyzing

modules of transcripts, each associated to a single genetic
variant. These modules are constructed based on both
available types of data: transcript expression and geno-
types. We combine these transcripts into modules that
each share an associated SNP, which we denote as the
‘main’ SNP of that module. This step utilizes the modular
organization of gene regulation. We filter the modules ac-
cording to a confidence score. This score allows us to
identify groups of transcripts that are associated to a
SNP even if their individual association is not genome-wide
significant. We examine the topology of modules, account-
ing for independent co-association, which is not merely the
result of co-expression. This step allows us to infer the flow
of causality between the main SNP and the transcripts in
the module. We distinguish direct versus indirect SNP–
transcript associations through another intermediate tran-
script whose expression level is co-associated to the same
SNP. The main SNP can possibly have cis- or trans-effects
on the transcripts in the module. A local cis-effect on a
transcript that is either included or excluded from a
module can in turn have a modular trans-regulatory
effect on the other transcripts in the module by virtue of
its changed expression levels or altered produced protein
(e.g. a mutation in transcription factor).
Regulatory effects can be categorized by cis- and trans-

effects. The cis-effects of eSNPs are often due to changes
within the promoter, enhancer or other regulatory regions
of a gene that may change the expression of that gene.
Trans-effects of the main SNP on module transcripts can
be the outcome of two potentially overlapping scenarios:
First, a cis main SNP that is located within or close by the
coding region of one of the genes in the module can alter
the produced protein. The altered protein may then have a
trans-regulatory effect on the other transcripts in the
module by virtue of its differential expression level

despite the protein itself being potentially unmodified.
Second, a trans main SNP that is located within or close
by the coding region of a gene that is not a part of the
module can alter the produced protein. This distant
altered protein may then have a trans-effect on the other
transcripts in the module by virtue of its modified
sequence, despite potentially maintaining its expression
level.

All methods previously introduced group transcripts by
a shared associated marker and determine intra-cluster
interactions by using the correlation of gene expression
levels. To our knowledge, this is the first work where a
confidence score is assigned to each module and direct/
indirect interactions are determined between pairs of tran-
scripts within a module illustrating the dependence/inde-
pendence of their expression levels conditioned on the
main SNP. We are thus able to go beyond traditional
clustering-related methods that are based on expression
only, and in fact, examine the joint association and the
topology of the modules and not merely their content. For
completion, we further search for regulatory hierarchical
structure within each module: we examine SNPs whose
association to transcript levels in a module is conditioned
on the main SNP, and denote those as ‘secondary’ SNPs.
This step is illustrated as a decision tree where samples in
each module are split, first by the genotype of the main
SNP and then by the genotype of the secondary SNP. We
applied our method to data regarding genotype and gene
expression in the liver across 371 samples. This data had
been previously analyzed in other means (11). We observe
known relationships from the literature between a module
and its associated genetic variants, thereby providing
support to our methodology.

MATERIALS AND METHODS

Data details and processing

The DeLiver data set by Merck had been described else-
where (11). Briefly, the raw data set consists of 653 894
SNPs and 25 917 expression probes (log-transformed
values) with an Entrez gene ID assayed for 385 samples.
We remove 99 expression probes that are mapped to the
Y chromosome. Multiple probes that are mapped to the
same gene had been averaged if correlated (r> 0.75) or
discarded otherwise, resulting in 18 883 genes with unique
Entrez IDs. 5055 genes had variable levels of liver expres-
sion across the individuals (SD> 0.2). Standard filters have
been applied to the SNP data: Minor allele frequency
>0.05, SNP missingness rate <0.1 and individual
missingness rate <0.1 (18). After filtering, the data for
analysis consists of 371 samples (200 males, 171 females)
with 557 456 SNPs and 5055 genes.

For each individual i, we denote the expression levels of
each transcript t by X(i,t), and the genotype for each SNP
s by G(i,s).

Step 1—nominal association testing

We test for association between pairs (s,t) of any SNP s
and transcript t using linear regression and record
the results between every (s,t) pair with nominal
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P< 10�5. To eliminate transcripts whose association stat-
istic is strongly distorted, we repeated the analysis 1000
times with permuted data, obtained by randomly
switching the samples’ labels, discarding recurrently
observed transcripts as follows. A small fraction of
observed association pairs tend to recur in permuted
data sets more than expected (Supplementary Table S1).
Specifically, 2979 of the observed association pairs
detected in the real data appear exactly once in the
1000 permuted data sets (<676 expected), and 520 recur
twice (<7 expected). This suggests a bias in the test stat-
istic for these pairs, and we discard all 623 pairs that
appear in two permutations or more from subsequent
analysis.

When considering association pairs detected in the real
and permuted data, we note that over dispersion of the
test-statistic exists in both. In the real data, 10�4.61 of (s,t)
pairs attain a test statistic theoretically corresponding to a
P=10�5 (Supplementary Figure S1), l=1.017, whereas
in the 100 permutations using all SNPs in the data, only
10�4.65 of such pairs attain this level, l=1.0485. We use
the nominal P=10�5 as a threshold, keeping in mind that
this P-value is not genome-wide significant, and 69 172
random association pairs are expected to pass this thresh-
old by chance alone. This justifies the use of such a thresh-
old, as our methodology relies on having a variety of
association pairs, that only when cross-compared across
transcripts would yield a meaningful result.

Step 2—module construction, scoring and filtering

The putatively associated transcripts are binned by their
SNP s, each bin hereby referred to as a module. This
associated SNP s is denoted as the ‘main’ SNP. We
consider each module in turn. Let M be a module of size
k, with a set of transcripts {t1, . . . .,tk} and a main SNP s.
For each transcript ti we consider the P-value denoted
Pval(ti) of the association test between the main SNP s
and its expression level. We compute the empirical false
positive rate (EFPR) for each such P-value by permuta-
tion: We use 100 permutations to tally the average number
of P-values better than Pval(ti) across the permuted data
sets divided by the analogous number in the real data.
This ratio is the EFPR corresponding to Pval(ti).
We follow a similar procedure to calculate the analogous
ratio for module size k: EFPR(k) is defined as the ratio of
the average number of modules with size bigger than k
across the permuted data sets and the analogous number
in the real data. The score S(M) of the module M

S Mð Þ ¼ �
Xk

i¼1

logðEFPR pval tið Þð ÞÞ � log EFPR kð Þð Þ

is justified as a log-likelihood-ratio that compares two
hypotheses (Supplementary Text S1). In order to assign
significance to the obtained scores, we again use 100 per-
mutations. We score each of the modules in the permuted
data sets against the other 99 (a ‘leave one out’ procedure)
in a similar process to the one described for computing the
scores of modules in the real data. We thereby provide an
empirical P-value interpretation by scaling the scores of

modules in the real data, compared with the average score
of modules in permutations, i.e. the true positive rate
(TPR) of the score of a module.

Step 3—finding secondary SNPs

We split the samples by the genotype of the main SNP into
three subsets of samples with genotypes AA, Aa and aa,
respectively (where A and a are the major and minor
alleles, respectively). AA and Aa are the two larger
subsets of samples. In each of those two subsets, we
then turn to find the corresponding two subset-specific
SNPs that best explain the expression of the largest
group of genes in each subset, and denote these ‘second-
ary’ SNPs (8,19). To search for secondary SNPs, we test
each SNP for association only to the transcripts within the
module, and only within the current subset of samples. We
discard pairs of transcript and SNP in recurrently
observed association pairs by using 1000 permutations
and removing all association pairs that appear in one per-
mutation or more (empirical FDR< 0.001). We consider
all SNPs that comply with three criteria: (i) maximal-size
subgroup of transcripts (with minimum of five tran-
scripts), (ii) F-test for independent association of tran-
script pairs and (iii) minimal product of association
P-values. More specifically: For each module, and each
genotype group we first list all SNPs that achieve an
association nominal P-value of 10�5 or better with a
large subgroup of transcripts (five transcripts or more).
We consider only those whose subgroup is maximal as
candidate secondary SNPs. We test all possible pairs of
transcripts in the subgroup for conditional association
(See ‘Analysis of dependencies within modules’ section),
and discard a candidate secondary SNP if any pair fails
the test. Out of this list, we seek the SNP with the minimal
product of association P-values with its subgroup of tran-
scripts. These steps control for false discovery, because the
phenomena of big and edge dense modules does not exist
in permutations.

Analysis of dependencies within modules

For each module, we consider all possible ordered triplets
(t,t0s) of two transcripts t, t0 whose levels are significantly
associated with the same main SNP s. We define
bi-directional triplets where association is mutually inde-
pendent, i.e. for both association pairs remain nominally
significant given the respective other transcript versus
‘uni-directional’ triplets where association is directionally
independent (Figure 1a). Formally, we test whether the
association model provides significantly better fit to the
data than the null model.

Null model : Xði,tÞ ¼ �0+�1 � Xði,t
0Þ+e1

Association model : Xði,tÞ ¼ �0+�1 � Xði,t
0Þ+�2 � Gði,sÞ+e2

We use the F-test for better fit symmetrically, attempting
to explain the expression levels of either t by t0 or the
converse, with or without genotypes (testing the signifi-
cance of �2 being non-zero coefficient would yield the
same results). We describe independence of associations
in each module M as a graph G(M), whose vertices cor-
respond to transcripts. A directed/bidirectional edge
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connects transcripts with directionally/mutually independ-
ent association with the main SNP (Figure 1b).

Distribution of gene expression levels across samples

We perform a Jarque–Bera test of the null hypothesis that
the gene expression across samples comes from a normal
distribution. Most of the genes did not comply with a
normal distribution, but the percentage of genes inconsist-
ent with normality was higher in pairs that reoccur in two
permutations or more. This is a likely cause for the dis-
torted statistics of these pairs. Although some previous
studies take an approach of normalizing the data prior
to analysis, we chose to rely on raw data and discard
extreme results (see ‘Results’ section and Supplementary
Text S2).

Module annotation
The enrichment of a module in gene subsets from the Gene
Ontology (GO) (20), and KEGG (21) databases was
calculated using DAVID (22,23). The enrichment of real
and permuted modules in gene subsets from the NCBI
gene database was calculated using LitVAn (19). We
report only modules with annotations that have a signifi-
cant FDR of 0.05 or better. Depending on context, we
discuss the proximity of a gene to a SNP in several
ways: A SNP may be ‘in the span of the gene’, i.e. the
SNP resides between the ENSEMBL (24) transcription
start site and stop codon of the gene; ‘closest to the
gene’, i.e. this gene spans the closest among all spanned

sites on either direction; or ‘close to the gene’—means the
SNP is within 1Mb of a site spanned by the gene.
We define a cis main SNP when the main SNP is within
1Mb of one or more transcripts in the module. We define
a trans main SNP when the main SNP is 1Mb or further
of all the transcripts in the module.

Enrichment of cis-effects for main SNPs
We model the examination of cis-effects for main SNPs as
a binomial experiment. For each main SNP, we record one
closest gene. Conservatively, unique genes are tested for
association to exactly one main SNP, a binomial experi-
ment Bin(n=number of unique genes, P=0.05) with sig-
nificant number of successes.

We then record main SNPs that are at least 1Mb apart
from one another and test them for association to exactly
one closest gene, a binomial experiment Bin(n=number
of main SNPs that are at least 1Mb apart from one
another, P=0.05) with significant number of successes
(Supplementary Table S3 and ‘Results’ section for full
details).

Comparison with alternative method for
module construction
We implemented the standard approach of grouping genes
according to their associated SNP. We used a standard,
stricter FDR cutoff of 10% for association–pairs (11).
We compare these results with those reported by our
own method (see ‘Results’ section).

Figure 1. (a) Graphical illustration of a triplet with two transcripts t and t0 and a main SNP s. The dashed/full black line represents dependent/
independent association between a SNP and a transcript, respectively. The uni/bi-directional pink/purple line represents an edge that connects
transcripts with directionally/mutually independent association to the main SNP (i) unidirectional triplet—the association pair (s, t) remains signifi-
cant (P< 0.05) even upon conditioning on the transcript level t0, but not vice versa. (ii) unidirectional triplet (s,t0) remains significant even upon
conditioning on the transcript level t, but not vice versa. (iii) bi-directional triplet (s,t) remains significant even upon conditioning on the transcript
level t0 and (s, t0) remains significant even upon conditioning on the transcript level t. (iv) dependent triplet (s, t) and (s, t0) are insignificant (P> 0.05)
when conditioning on the transcript level t0 and t respectively. (b) Graphical representation of intra-module interactions. We consider a module with
three transcripts: t1, t2, t3 and a main SNP s. A bi-directional dashed purple edge is placed between transcripts t1 and t2, representing the mutually
independent association of both t1 and t2 with the main SNP s. A directed solid pink edge is placed between transcripts t2 and t3, representing the
dependent association of (s,t3) on the transcript levels of t2. No edge is placed between transcripts t1 and t3, representing the mutually dependent
association of both t1 and t3 with the main SNP s.
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RESULTS

Computational framework for detecting transcriptional
modules

We set out to develop a statistical–computational frame-
work to elucidate the regulatory structure by which
genetic variants affect transcription. Specifically, we aim
to examine the hypothesis that SNPs can have a modular
effect on gene expression. Our method detects transcrip-
tional modules, each including transcripts that are
associated with the same main SNP. It is important to
distinguish the modules that we find from co-expression
clusters. Specifically, we represent each module as a graph,
where nodes are transcripts, and for each possible pair of
transcripts an edge correspond to a scenario where at least
one of the transcripts remains significantly associated to
the SNP when conditioned on its counterpart.

An initial step of detecting association pairs of SNP and
transcript, showed as many such pairs as expected under
the null hypothesis of no such true association. However,
we were still motivated to search for modules, as the same
associated SNPs were shared by many transcripts. Briefly,
we collated association pairs that share a SNP into triplets
and larger modules. Such modules are more numerous,
bigger, denser in association and more functionally
enriched than expected by chance.

In detail, we devised a three-step procedure for detect-
ing the modules regulated by eQTLs.

The first step detects 67 540 association pairs of a SNP s
and a transcript t whose expression level is putatively
associated with s (nominal association P< 10�5, see
‘Materials and Methods’ section for details). The distribu-
tion of the number of pairs in the permuted data
(Figure 2a) demonstrates that the observed number of as-
sociation pairs is consistent with the null expectation
(P& 0.07). We eliminate 623 pairs that include transcripts
whose association statistic is strongly distorted, as
observed by permutation (see ‘Materials and Methods’
section for details). We proceed with analyzing the
remaining 66 917 association pairs.

Association pairs are binned by SNP s, and give rise to
10 354 modules (see ‘Materials and Methods’ section),
ranging in size from 2 to 91 transcripts (Supplementary
Figure S2 and Supplementary Table S2) who are
associated to the same main SNP of the module. Only
518 modules are large, i.e. with 10 or more transcripts.
There are significantly more modules—10 354
(Figure 2b) than those found in the permuted data
(average 2322 across permutations; SD 208; see
‘Materials and Methods’ section). Specifically, there are
significantly more large modules—518 (Figure 2c) than
those found in the permuted data (average 220; SD 42).
We note the occurrence of one outlier permuted data set
(see Supplementary Text S3 for details). While the
observed number of significantly associated pairs of tran-
script and SNP is consistent with the null expectation,
we find that there are significantly more modules than
those found in the permuted data. This finding is consist-
ent with the premise that gene regulation is modularly
organized.

Modules’ topology

The set of pairs includes 137 889 possible triplets (s,t,t0)
where (s,t) and (s,t0) are association pairs. Focusing on
co-associated pairs of transcripts, we find that for
129 130 of these triplets, association for at least one of
the pairs, (s,t) remains significant (P< 0.05) even upon
conditioning on the transcript level of t0 (see ‘Materials
and Methods’ section). These triplets are further
subdivided into the 101 762 ‘bi-directional’ triplets versus
the remaining 27 368 ‘uni-directional’ (for definitions see
‘Materials and Methods’ section).
We describe independence of associations in each mod-

ule M as a graph G(M) (see ‘Materials and Methods’
section), when examining the topology of the modules,
we notice that for most modules, nearly all association
pairs are mutually independent (Figure 3 and
Supplementary Figure S3). Furthermore, considering all
possible pairs of transcripts in a module, the fraction of
them which were connected by edges is 87.7% (averaged
across all modules; SD 13.3%). This is significantly more
than those found in permuted data (average 12.5%;SD
6.2%). Specifically, both bi-directional (average 79.4%,
SD 18.9% versus average 2.3%;SD 3.1%), as well as
uni-directional edges (average 8.3%; SD 6.3% versus
10.2%; SD 5.2%) are enriched in real compared with
permuted data (Supplementary Figure S3). This is

Figure 2. The number of (a) association pairs (b) modules and (c) large
modules in real data compared with 100 permuted data sets. Although
only 93 out of the 100 permutated data sets have fewer association
pairs than in the real data, all of them have fewer (large) modules.
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consistent with the main SNP affecting expression levels of
most transcripts in its module in a simultaneous rather
than a cascaded manner. This also addresses concerns of
artifactual modules that are possibly just clusters of
co-expressed genes rather than truly independent associ-
ation to the main SNP.

Module’s score and filtering

To establish a measure of confidence in the resulting
modules, we assign a score to each module, considering
the module size and the strength of associations between
the main SNP and each of the transcripts in the module.
This score is justified as a log-likelihood-ratio that
compares two hypotheses (see ‘Materials and Methods’
section). We provide an empirical P-value interpretation
by scaling the scores of modules in the real data,
compared with the average score of the modules in per-
mutations. We further prune the large modules, defining a
subset of 114 high confidence modules with FDR< 0.02
(Supplementary Figure S4).
We notice that in most of the modules there are few

transcripts that are expressed in an opposite direction to
the majority of transcripts in the module. This suggests
that the main SNP affects the majority of transcripts in
the same direction. We verify this observation by quan-
tifying the percentage of positive and negative correlation
of the main SNP with the transcripts in each module
(Supplementary Figure S5).

Cis/trans-effects

Some of the previous studies have optimized power to
detect cis-regulatory variation by using different P-value
threshold for defining cis eSNPs (7), based on strong
priors in their favor (10). Here, we set a fixed threshold
of 10�5 for both cis, and trans association, putting them
on equal footing for the detection of modules.
There are 110 modules with trans main SNP, the

remaining 4 modules have cis main SNP (See ‘Materials
and Methods’ section for definitions). We systematically

sought potential cis-effects of main SNPs that were not
strong enough to be captured by our first-pass analysis.
To examine this, we record the gene closest (see ‘Materials
and Methods’ section) to each main SNP. In two modules,
the main SNPs did not have a close gene from our data.
The main SNPs of the remaining 112 modules have 94
unique closest genes, which we call ‘main genes’. Out of
all main SNPs, 88 are at least 1Mb apart from one
another. More details on grouping the main SNPs accord-
ing to different categories can be found in the supplemen-
tary material (Supplementary Text S4; Supplementary
Tables S3 and S4). We record the P-value for the linear
regression between each main SNP and the expression
levels of its closest gene. In total, 24 main SNPs were
nominally (P< 0.05) cis associated to their respective
closest gene, with 14 unique associated genes
(P=1.76� 10�4, see ‘Materials and Methods’ section)
and with 10 unique associated SNPs that are at least
1Mb apart from one another (P=8.1� 10�3, see
‘Materials and Methods’ section). These main SNPs are
trans main SNPs. These results support our suggested
trans-effect model.

Independent cross validation by similar annotations from
two sources of information and phenotypic analysis

We characterized high confidence modules by considering
two sources of information:

(i) the enrichment of transcripts in a module for mem-
bership in gene-sets from the Gene Ontology (20),
NCBI Gene and KEGG (21) databases.
Of the 114 modules, 26 (22.8%) were reported as

enriched in any category. This contrasts with modules
in 100 permuted data sets, where 12.8±2.7% of the
modules show any functional enrichment (Supplemen-
tary Figure S6) and

(ii) locus annotation of the main and secondary SNPs
of each module, as reflected in the existing literature,
Ensembl (24) and wikigenes (25).

Figure 3. The distribution of the number of modules with different fractions of edges This figure shows the distribution of the number of modules
with different fractions of uni, bi- and all edges represented in pink, purple and gray, respectively in each one of the 518 large modules.
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These sources are independent for modules with trans
main SNP. We observe similar annotations of modules
from the two sources of information. This independent
cross validation provides support for our methodology.
Additional support comes from intersecting the 94 main
loci with the 2626 unique genes (2212 among the 18 873
transcripts available for analysis in this work) reported to
house GWAS SNPs (26). We find an overlap of 21 genes
(hypergeometric P=1.1� 10�3).

We discard 19 modules whose set of transcripts have a
�90% overlap with other modules, resulting in 95 distinct
modules (see Supplementary Text S4; Supplementary
Tables S4, S5a and S5b for full listing of all 95
modules). We present details of the annotation analysis
for three modules: the largest with an annotated cis-
SNP, and two of the four largest modules overall.

Comparison with standard approach to module
construction

We show the standard approach (see ‘Materials and
Methods’ section) to produce fewer modules, smaller
modules, limiting its use for finding modules. Moreover,
our approach finds modules that are more enriched for
functional annotation categories, compared with the
standard approach, supporting our modules being
genuine.

Specifically, the standard approach produced 22 015
association pairs, 3387 modules, 75 with 10 transcripts
or more (Supplementary Figure S7). The largest module
has 27 transcripts. We examine the enrichment of these
modules in GO categories and KEGG pathways: 4 out
of the 75 modules had significant biological enrichment
in at least one category (5.3% comparing with 22.8%
functional enrichment in our modules).

Support for modules filtering step
All four modules that were found by the standard method
and were functionally enriched are contained in one of our
final 95 modules. This provides a support for our module
scoring and filtering step.

Analysis of specific modules

We present a positive control for our method using
module no. 29 with 16 transcripts and cis main SNP.
The main SNP rs9267658 partitions the samples into
three groups: 277 samples that are homozygous C (C/C),
89 C/T samples and 5 T/T samples. The secondary SNP
for the C/T subgroup of samples is rs4902609 and is
associated with eight transcripts. This module is enriched
for Major histocompatibility Complex (MHC) genes
(FDR 0.0049), with related annotation for relevant
KEGG pathways (allograft rejection—FDR 0.0046,
antigen processing and presentation—FDR 0.0041, cell
adhesion molecules—FDR 0.0088) and autoimmune
diseases (graft-versus-host disease—FDR 0.0027, type I
diabetes mellitus—FDR 0.0021, thyroid disease—FDR
0.0023, viral myocarditis—FDR 0.0036 and asthma—
FDR 0.045). The main SNP resides within the MHC
region (27). The module includes three transcripts in cis
to the main SNP that play a central role in the immune

system: HLA-DRB5, HLA-DRB4 are MHC class II and
HLA-G is MHC class I. The closest gene to rs4902609,
RAD51L1 is a tumor suppressor gene, whose trans-asso-
ciation to the MHC transcripts may relate to previous
reports on links between autoimmunity and cancer (28)
(Figure 4).
The largest module (#1) has 91 transcripts. The main

SNP rs10818053 partitions the samples into 303 T/T
samples, 65 T/C samples and 3 C/C samples. The second-
ary SNPs are rs6433115 for the major-allele homozygotes
and rs2122013 for heterozygotes. This module is enriched
for transcripts involved in oxidation reduction (FDR
5.9� 10�15), lipid metabolic processes (FDR 1.9� 10�5)
and genes expressed in the mitochondrion (FDR 0.015). In
terms of pathways, it is enriched for drug metabolism
pathways (FDR 7.7� 10�5) and primary bile acid biosyn-
thesis (FDR 3.4� 10�4) that occurs in the liver. The
closest gene to the main SNP, TLR4 cooperates to
mediate the innate immune response to bacterial lipopoly-
saccharide (LPS). TLR4 activation mediates liver inflam-
matory response (29) and is responsible for oxidized
phospholipid-mediated inhibition of TLR signaling (30).
Secondary SNP rs6433115 for the T/T subgroup is
associated with 26 transcripts and is within the span of
LRP2. Secondary SNP rs2122013 for the T/C subgroup is
associated with 35 transcripts and is closest to MTX2 gene
(Figure 5). LRP2 is a lipoprotein that is also involved in

Figure 4. Module of size 16 transcripts and their expression levels over
371 samples. The heatmap of expression levels (red/black/green) across
samples (columns) and genes (rows) is segmented (top) into SNP–
genotype splits—light, medium and dark blue represent carriers of 0,
1 or 2 minor alleles, respectively. Closest genes to the main and sec-
ondary SNP are listed.

Figure 5. The largest module of 91 transcripts and their expression
levels over 371 samples (Figure 4 legend for further details).
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the cellular uptake of drugs, including lipid-based formu-
lations (31). MTX2 is involved in the import of proteins
into the mitochondrion (25). This module may be related
to the effect of drugs on lipid metabolism (32) and the
possible role of the mitochondrion in such pathways (33).
Since mutations in TLR4 are associated with liver

damage, we investigate the main SNP’s association to
drug sensitivity. Data for liver risk in the 371 samples
(11), genotype of the main SNP rs10818053 and liver
risk in 371 samples are detailed in Table 1. The clinical
data presented by Schadt et al. (11) for liver risk, are
binary entries describing (according to clinicians’ diagno-
sis) if there is a risk to the patient’s liver if treated by
drugs. We present preliminary analysis showing that
these minor–minor and major–minor allele samples are
enriched for liver risk more than is expected by chance
(Hypergeometric P< 0.012) which implies that individuals
carrying C/C or T/C alleles in the main SNP’s locus may
be prone to liver sensitivity for drug treatment. This
analysis provides the first support for our method from
non-expression traits.
Module #4 has 50 transcripts. The main SNP rs1477511

partitions the samples into 288 T/T samples, 76 T/G
samples and 7 G/G samples. The secondary SNPs are
rs6464842 for the first subgroup and rs861508 for the
second subgroup and are associated with 7 and 9 tran-
scripts, respectively (Figure 6). This module is enriched
in transcripts that regulate cellular (FDR 0.0036) and
metabolic processes (FDR 0.013), specifically cell prolifer-
ation and differentiation (FDR 5.2� 10�5). It is enriched

for ErbB (FDR 1.5� 10�3) and Mitogen activated protein
kinase (MAPK) signaling pathways (FDR 5.2� 10�3).
The closest gene to the main SNP, STK11IP interacts
with LKB1 which regulates cell polarity and functions as
a tumor suppressor (25). LKB1 is a serine/threonine
kinase which is inactivated by mutation in the Peutz–
Jeghers polyposis and cancer predisposition syndrome
(PJS) (34), with correlation to the putative function of
the module. We observe a significant P-value (<0.031)
between the expression levels of LKB1 and the genotype
of rs1477511. Mutations in CNTNAP2, where rs6464842
resides, have been implicated in multiple neuro-
developmental disorders, including attention deficit
hyperactivity disorder (ADHD) and schizophrenia. With
correlation to CNTNAP2 function, the ErbB signaling
was suggested to impair working memory and executive
functions that are affected in schizophrenia, ADHD and
other psychiatric disorders (35). SPANXC which is the
closest gene to rs861508 resides in a region that confers
susceptibility to prostate cancer. ErbB and MAPK signal-
ing are known to have an important role in cancer (36,37).

Finally, we present a second support for our method
from non-expression traits. Module #101 with 10 tran-
scripts is the only module where the main SNP maps to
a locus associated with oxidative damage control:
rs1453226 at OXR1 indicated to be involved in protection
from oxidative damage (25). The transcripts in this
module are slightly enriched for oxoacid metabolic
process (FDR 0.04). Therefore, we decided to investigate
its association to alcohol risk. Data for alcohol risk in the
371 samples (11), genotype of the main SNP rs1453226
and alcohol risk in minor–minor allele samples are
detailed in Table 2. It is challenging to provide clinical
support, since the clinical data presented by Schadt et al.
(11) is very sparse. We present preliminary analysis
showing that these samples are enriched for alcohol risk
more than is expected by chance (Hypergeometric
P< 0.03483), which implies that individuals carrying
A/A alleles in the main SNP’s locus may be prone to sen-
sitivity for alcohol use.

DISCUSSION

We presented a three-step approach to the analysis of
eSNPs and their relation to phenotypes that goes
beyond documenting associations of each to expression
levels, by applying a module score filtering procedure,

Table 1. Data for liver risk in 371 samples separated by minor–

minor, major–minor and major–major allele samples, respectively

and genotype of rs10818053

rs10818053
genotype

Liver risk

Minor–minor
C/C

Major–minor
T/C

Major–major
T/T

Total
no. of
samples

Positive 2 13 39 54
Negative 1 52 264 317
Total no. of
samples

3 65 303 371

Table 2. Data for alcohol risk in the 371 samples, genotype of

rs1453226 and alcohol risk in minor–minor allele samples

rs1453226
genotype

Alcohol risk

Minor–minor
A/A

Major–major G/G
and Major–minor G/A

Total no.
of samples

Positive 4 15 19
Negative 4 93 97
Unknown 28 227 255
Total no. of

samples
36 335–195 and 140,

respectively
371

Figure 6. Module of size 50 transcripts and their expression levels over
371 samples. (Figure 4 legend for further details).
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and complements co-expression networks by unraveling
module topology. As a first step, we assemble transcripts
associated to the same main eSNP into the modules.
We then filter the reported modules by a confidence
score, and finally associate subgroups of transcripts
within a module with additional variants conditioned on
the genotype of the main SNP.

We apply our method to data on human liver expres-
sion and SNP genotypes (11). We find that the number of
association pairs of eSNP and transcript is consistent with
the null expectation, whereas assembled modules are sig-
nificantly more numerous, bigger and denser than those
observed in the permuted data. This indicates modules are
not random clusters of correlated-expression genes, but
rather show truly independent association to their main
SNP. We compare our results with a standard approach
that maps transcript-eQTL pairs with a standard FDR
(e.g. 10%) and forms groups consisting of transcripts
that share an eQTL. We observe smaller number of
modules, smaller in size and significantly less enriched in
Biological categories.

Our method detects 95 distinct modules; out of those,
only one has a main SNP in cis to module transcripts.
Among the remaining 94 trans main eSNPs, we observe
enrichment for milder, not genome-wide significant cis-
effects that explain the trans-effect of the main SNPs on
transcripts in the associated modules. We characterize
modules by two sources of information that are independ-
ent for modules with a trans main SNP: enrichment in
subsets of genes and locus annotation of the main and
secondary SNPs. We observe similar annotations from
both sources of information. Thus, providing support for
our method. We present detailed analysis of four modules:
annotation analysis for three of the four modules: one
with a cis main SNP and two with trans main SNPs, and
phenotypic analysis for two of the four modules.

This study holds the promise for extension beyond its
current limitations. The current analysis focuses on tran-
scripts that are directly regulated by a variant. Mining the
data for additional transcripts that are downstream along
the same pathway of regulation, e.g. by consideration of
co-expressed genes with milder association to the main
SNP can complement reverse engineering of the regula-
tory program (8). Furthermore, both the raw data sets
(11) and supporting databases (20,21,24) in this work
are noisy and limited. Potential increase in sample size
for eQTL data may enable detection of eSNP associations
at more significant P-values for even milder effects.
Likewise, as the functional annotation continues to build
up, better understanding of modules would be facilitated.

Future studies could extend the approach presented
here to investigate how modules correlate with phenotype,
for example, using the data on enzymatic activity that was
presented by Yang et al. (14). As data becomes available,
comparison of modular structure between healthy and
affected samples, as well as across different tissue types
is likely to improve understanding of disease and develop-
mental regulatory processes. It remains a significant
challenge to validate the results presented here by experi-
mental means, and analysis of independent data may
provide such validation by replication.
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