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Abstract

Variations of gene expression and DNA sequence are genetically associated. The goal of this study was to build genetic networks to
map from SNPs to gene expressions and to characterize the two different kinds of networks. We employed mutual information to eval-
uate the strength of SNP–SNP and gene–gene associations based on SNPs identity by descent (IBD) data and differences of gene expres-
sions. We applied the approach to one dataset of Genetics of Gene Expression in Humans, and discovered that both the SNP relevance
network and the gene relevance network approximated the scale-free topology. We also found that 12.09% of SNP–SNP interactions
matched 24.49% of gene–gene interactions, which was consistent with that of the previous studies. Finally, we identified 49 hub SNPs
and 115 hub genes in their relevance networks, in which 27 hub SNPs were associated with 25 hub genes.
� 2009 National Natural Science Foundation of China and Chinese Academy of Sciences. Published by Elsevier Limited and Science in
China Press. All rights reserved.
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1. Introduction

In recent years, several methodologies, such as mutual
information relevance network [1], the Boolean network [2],
the Bayesian network [3], and Differential equations [4], have
been available to reverse-engineer gene networks. Scientists
are beginning to recognize that gene interactions can be useful
for both assaying drugs and as a source for new molecular tar-
gets by assuming the gene network is well understood [5].
Moreover, an important development in understanding the

cellular network architecture is the finding that most net-
works within the cell approximate a scale-free topology.

Single nucleotide polymorphisms (SNPs) are frequent
sequence variations (alterations at one nucleotide), which
provide a novel type of molecular marker. It is generally
believed that many clinical traits are complex traits that
do not follow simple Mendelian segregation attributable
to a single gene locus, but instead, can be caused by multi-
ple disease loci, their interactions, polygenic inheritance
and environmental effects [6]. Here, we outlined a novel
concept and algorithm called the SNP relevance network
to identify SNP interactions.

Variations of gene expression and DNA sequence are
genetically associated [7], because the sequence variation
might be the direct cause for different gene expressions or
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linked to some genes (e.g. transcriptional factors) that reg-
ulate the studied gene. The gene interactions constructed
by intermediate phenotypes (e.g. gene expression patterns)
are most likely affected by DNA sequences. Thus, we
expect that gene relevance networks and SNP relevance
networks may share some topological characteristics.

This study aimed at elucidating the relationships
between two levels of genetic (SNP and gene) networks
and characterizing the topology of them. First, we
employed mutual information to measure the strength of
the links between two SNPs or two gene expressions. High
mutual information indicated that one SNP (gene) was not
randomly associated with its partner. Second, we studied
the degree distribution of the two networks, which allowed
us to compare and characterize different complex networks.
Furthermore, hub SNPs and hub genes, which might fun-
damentally determine the networks’ behavior, were also
identified in the two kinds of networks, respectively. Then,
we studied the matching problem across SNP relevance
networks and gene relevance networks, hub SNPs and
hub genes by mapping the SNPs to genes based on their
linkage (chromosome positions). Finally, we explored the
behaviors and properties of the approach by analyzing
one dataset of Genetics of Gene Expression in Humans.

2. Methods

2.1. Data pre-processing

Initial data of our study are provided from Genetic
Analysis Workshop (GAW) 15, Problem 1 – Genetics of
Gene Expression in Humans. In this project, members
from fourteen 3-generation CEPH Utah families are tested.
Expression levels of 3554 genes in lymphoblastoid cells
were chosen by Morley et al. [8]. On the other hand, geno-
types for the same members mentioned above are provided
for 2882 autosomal and X-linked SNPs generated by the
SNP Consortium.

The underlying principle of our method was that indi-
viduals who share traits should share genetic material near
the genes that influence those traits. Here, ‘‘sharing of
genetic material” was measured as identity by descent
(IBD) in families. We used the SIBPAL program from
SAGE [9] to test for linkage, which was based on examin-
ing the IBD relationships among genotypes of sib-pairs.
We ignored sib-pairs and SNPs, whose missing values were
more than 15%. The remaining missing values were
imputed by the KNN algorithm from SAM [10]. Finally,
we obtained the SNP IBD profiles of size 321-by-2238.

Gene expressions were considered to be the biological
phenotype trait. We defined a measure to test the gene
expression differences of sib-pairs. The synthetic expression
value of a sib-pair was calculated as follows:

X sib-pair ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

jX 2
1 � X 2

2j
q

maxðX 1;X 2Þ
ð1Þ

where X1 and X2 are gene expression values of the two indi-
viduals of one sib-pair, respectively. We got a matrix by
doing the same operation for each sib-pair acquired from
the above-mentioned equation. We called it gene differen-
tial profiles, the size of which was 321-by-3554 with sib-
pairs in row and gene variables in column.

2.2. Evaluating SNP–SNP (gene–gene) associations

One of our goals was to take large data sets of SNP IBD
(gene differential) profiles and to generate networks of
hypotheses of SNP–SNP (gene–gene) interactions. We
computed the entropy of SNPs IBD (gene differential) pat-
terns and the comprehensive pair-wise mutual information
for all SNPs (genes). The entropy of an SNP IBD (gene dif-
ferential) pattern was a measure of the information content
in that pattern, and was calculated using

HðAÞ ¼ �
X

n

i¼1

pðxiÞlog2ðpðxiÞÞ ð2Þ

where A is one SNP IBD (gene differential) pattern. For
SNPs, p(xi) is the frequency that the IBD value is xi. For
genes, because gene differential profiles were measured on
a continuous scale, not binary, entropy was computed
using discrete probabilities. Thus, we used a histogram
technique to calculate entropy. We first calculated the
range of values for all gene differences, and then divided
that range into n sub-ranges. Here, p(xi) equalled the pro-
portion of measurements in sub-range xi (or frequency).
As n approached infinity, the histogram will more accu-
rately model the probability density function for the gene.
As described in Butte and Kohane [1], we set n = 10 for our
computations. Higher entropy for a SNP (gene) meant that
the pattern was more likely to result by chance.

Mutual information can be calculated by subtracting the
entropy of the joint patterns from the individual SNP
(gene) entropies as follows:

MIðA;BÞ ¼ HðAÞ þ HðBÞ � HðA;BÞ ð3Þ

where A and B represent two SNPs’ IBD (gene differential)
patterns, respectively. The entropy of the joint patterns,
H(A,B), was calculated by

HðA;BÞ ¼ �
X

n

i¼1

pðxi; xjÞlog2ðpðxi; xjÞÞ ð4Þ

where p(xi,xj) equals the frequency that the SNP A’s IBD
value is xi and the SNP B’s IBD value is xj (the proportion
that gene A’s expression difference is in sub-range xi and
gene B’s expression difference is in sub-range xj). A mutual
information of zero meant that the joint distribution of the
patterns held no more information than the SNPs (genes)
considered separately. Higher mutual information between
two SNPs (genes) meant that one SNP (gene) was non-ran-
domly associated with the other. Here, we normalized the
mutual information for equidimension by using relatively
mutual information (rMI)
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rMIðA;BÞ ¼ MIðA;BÞ=minðHðAÞ;HðBÞÞ ð5Þ

In this way, rMI can be used as a metric between two SNPs
(genes) related to their degree of independence. We hypoth-
esized that the higher the rMI between two SNPs (genes)
was, the more likely they had a biological relationship.

2.3. Constructing relevance networks

First, we computed comprehensive pair-wise mutual
information for all SNPs (genes). Each SNP (gene) was
thus completely connected to every other SNP (gene) with
calculated mutual information. We then chose a mutual
information threshold (MIT) and displayed only those
SNPs (genes) that were linked to others with the mutual
information higher than the threshold. Out of the com-
pletely connected network of SNPs (genes), we were left
with clusters of SNPs (genes), or relevance networks, which
were more strongly connected to one another than the
MIT. In order to determine the MIT, we bootstrapped
10,000 times from all calculated mutual information and
defined the ((1 � a) � 100)% quantile as the MIT corre-
sponding to the Type I error of a. Finally, we displayed
the relevance networks graphically with nodes representing
SNPs (genes) and lines between nodes representing hypo-
thetical associations of SNPs (genes). Nodes and lines were
positioned using ‘‘Apply spring embedded layout” in Cyto-
scape software [11].

2.4. Characterizing the SNP relevance network and the gene

relevance network

Most biological networks, such as metabolic networks,
protein–protein interaction networks and gene regulatory
networks, are scale-free, which means the networks are
characterized by a power-law degree distribution. The
probability that a node has k links follows P(k) � k�c,
where c is the degree exponent and ‘‘�” indicates ‘propor-
tional to’. In scale-free networks, most of the nodes have
only a few links. However, a few nodes with a very large
number of links, which are often called hubs, hold these
nodes together [12].

The presence of hubs (highly connected nodes) seems to
be a general feature of all cellular networks. These hubs
fundamentally determine the network’s behavior. In a ran-
dom network, which starts with n nodes and connects each
pair of nodes with probability p1, there are approximately
p1n(n � 1)/2 randomly placed links. The node degrees fol-
low a Poisson distribution, which indicates that most nodes
have approximately the same number of links [12]. Thus,
the probability of node degree with not lower than m is
as follows:

pfx P mg ¼ 1� pfx 6 m� 1g ¼ 1�
X

m�1

k¼0

kke�k

k!
ð6Þ

where k = n � p1. Assuming the significance level is a, we
chose the maximal m as the threshold when p 6 a. Only

the nodes that have degrees larger than threshold were con-
sidered as hubs.

2.5. Matching across the SNP relevance network and the

gene relevance network

We mapped SNPs to genes based on their linkage (chro-
mosome position) for study matching sub-network across
the two relevance networks. Five megabases (Mb) of the
gene was chosen for the imprecision of linkage [8]. If an
SNP was mapped within the range (gene interval) between
5 Mb upstream and 5 Mb downstream of one gene, we con-
sidered that it was associated with this gene. Therefore, we
mapped SNP interactions with gene interactions and could
identify the intersection of the two relevance networks.

3. Results

3.1. Constructing the SNP relevance network and the gene

relevance network

For SNP IBD profiles, IBD data of all SNPs were com-
pared against one another, resulting in 2,503,203 total pair-
wise calculations of mutual information, from which we
bootstrapped 10,000 times, the MIT was 0.7234 at the sig-
nificance level 0.001. There were 3805 interactions among
1424 SNPs, which were more strongly connected to one
another than the MIT. The SNP relevance network is
shown in Fig. 1(a).

For gene differential profiles, the differences of all genes
were compared against one another, resulting in 6,313,681
total pair-wise calculations of mutual information, from
which we bootstrapped 10,000 times, and the MIT was
0.0982 at the significance level 0.001. There were 3663 inter-
actions among 1266 genes, which were more strongly con-
nected to one another than the MIT. The gene relevance
network is shown in Fig. 2(a).

3.2. Characterizing the SNP relevance network and the gene

relevance network

We calculated the SNP relevance network’s and the gene
relevance network’s degree distribution as shown in
Fig. 1(b) and Fig. 2(b), respectively. As described above,
the probability that a chosen node has exactly k links fol-
lows P(k) � k�c in scale-free networks, which can be
restated as logP(k) � �clog (k) that is a straight line on a
log–log plot. Thus, from Fig. 1(b) and Fig. 2(b), we can
draw a conclusion that both the SNP relevance network
and the gene relevance network approximate the scale-free
topology.

In addition, we identified the degree threshold at the sig-
nificance level 0.001 according to Eq. (6). For the SNP rel-
evance network, the threshold was 15, and consequently we
found 49 hub SNPs. For the gene relevance network, the
threshold was 15, and consequently we found 115 hub
genes.
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3.3. Mapping SNPs to expressions

We mapped SNPs to genes based on the principle of
5 Mb sweep radius. Twenty-seven hub SNPs were associ-
ated with 25 hub genes. We displayed them graphically
on the chromosomes (Fig. 3). The rectangles represent
the hub genes, and the triangles indicate the hub SNPs
positions. The degrees of SNPs and genes were encoded
by colors. Furthermore, we found 443 (12.09%) SNP inter-
actions matched with 932 (24.49%) gene interactions. In
Fig. 1(a) and Fig. 2(a), the red lines represent the common
fraction of the two relevance networks. Whereas the two
previous studies [8,13] showed that the proportion of cis-
SNP (in 5 Mb gene region, the same definition of our
SNP–gene Mapping) was �22%–�40%, the proportion of
interactive cis-SNP was �4.84%–�16%. Our result
(12.09%) was consistent with theirs.

4. Conclusions

In this study, we proposed a novel concept of and a con-
structing algorithm for SNP relevance networks. Then, we
found that both the SNP relevance network and the gene
relevance network approximated the scale-free topology.
Finally, we elucidated the relationships between SNP rele-
vance networks and gene relevance networks. In the future
work, we will compare the protein–protein interaction net-
work with these two levels (SNP and gene) relevance net-
works, and analyze the functions of hub nodes and the
highly interconnected sub-networks.
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Fig. 1. SNP relevance network. (a) Each green node represents an SNP,
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interaction between the connected SNPs, and red lines are the SNP–SNP
interactions that found mapped gene–gene interactions in the gene
relevance network; (b) the degree distribution, P(k) of the SNP relevance
network illustrates its scale-free topology.

Fig. 2. Gene relevance network. (a) Each green node represents a gene,
the presence of a blue edge between two nodes indicates the existence of an
interaction between the connected genes, and red lines are the gene–gene
interactions that found mapped SNP–SNP interactions in the SNP
relevance network; (b) the degree distribution, P(k) of the gene relevance
network illustrates its scale-free topology.

Fig. 3. Hub SNPs’ and hub genes’ mapping on the chromosomes. The
numbers on the vertical axis are the numbers of chromosome, and the
numbers on the horizontal axis are the positions on the chromosomes. The
rectangles represent the hub genes, and the triangles indicate the hub SNPs
positions. The degrees of SNPs and genes are encoded by colors.
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