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Identifying and prioritizing disease-related genes are themost important steps for understanding the pathogen-
esis and discovering the therapeutic targets. The experimental examination of these genes is very expensive and
laborious, and usually has a higher false positive rate. Therefore, it is highly desirable to develop computational
methods for the identification and prioritization of disease-related genes. In this study, we develop a powerful
method to identify and prioritize candidate disease genes. The novel network topological features with local
and global information are proposed and adopted to characterize genes. The performance of these novel features
is verified based on the 10-fold cross-validation test and leave-one-out cross-validation test. The proposed fea-
tures are comparedwith the published features, and fused strategy is investigated by combining the current fea-
tures with the published features. And, these combination features are also utilized to identify and prioritize
Parkinson's disease-related genes. The results indicate that identified genes are highly related to somemolecular
process and biological function, which provides new clues for researching pathogenesis of Parkinson's disease.
The source code of Matlab is freely available on request from the authors.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Many complexdiseases, such as cancer, diabetes, Parkinson's disease
(PD) and cardiovascular disorder, have a serious impact on human
health. Despite extensive research in uncovering the pathogenesis of
disease, there are still many diseases without a known molecular
basis. Identifying andprioritizingdisease-related genes are themost im-
portant for understanding the pathogenesis and discovering the thera-
peutic targets, because these complex diseases are the results from a
complex interaction of multiple genes. Generally, two experimental ap-
proaches can be used to identify disease-related genes: linkage analysis
and association studies [1]. However, the two methods have some
drawbacks. For example, family-based linkage analysis usually associ-
ates diseases with chromosomal regions containing tens or even hun-
dreds of genes [1,2]. The experimental examination of these genes is
very expensive and laborious [3]. Population-based association studies
usually require carefully select candidate genes that are biologically re-
lated to the disease of interest. However, the selection is very difficult
and often limited by the scope of experts. In addition, association studies
may also identify a number of false positiveswhen the investigative dis-
eases have complex inheritance pattern [4,5]. Therefore, it is highly

desirable for developing computational methods to narrow down the
genomic regions, improve the rates of true positives and further acceler-
ate the process of identifying disease-related genes.

Currently, it is generally considered that the simple genotype–phe-
notype relationship cannot be applied to the majority of human
diseases. The perturbations in the biomolecular networks such as pro-
tein–protein interaction (PPI) network are the real cause for some dis-
eases. Recent researches have revealed that genes related to the same
or similar diseases are not randomly located in the PPI network. They
usually tend to exhibit high connectivity, locate closely to each other
and form physical and/or functional modules [6–10]. Many computa-
tional approaches based on the PPI network have been dedicated to
identify and prioritize candidate diseases genes. These methods can be
broadly classified into two categories: unsupervised [3,11–23] and su-
pervised [24–30]. The unsupervised methods prioritize candidate dis-
ease genes based on the proximity of them to known disease genes
using different scoring strategies. Unfortunately, most of the methods
usually have some following limitations: (1) need to set some auxiliary
parameters. It is a very difficult task because a priori information about
these parameters is usually very rare. (2) Need to use the information of
gene expression, gene ontology, protein domains, phenotype or biolog-
ical pathway, etc. Incompleteness and reasonable integration of the in-
formation are the main problems to be solved. (3) Need to improve
efficiency. Their running time becomes extremely long when they
take into account the global information in the PPI network, which usu-
ally requires extensive computation and a lengthy process of algorithm
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convergence. (4) Need to provide a rank list of gene. In order to deter-
mine whether a specific gene is disease related or not, a threshold
needs to be set according to experience. To conquer these drawbacks,
supervised methods have been proposed and used to identify disease-
related genes based on the difference of topology between disease
genes and non-disease genes in PPI network using sophisticated ma-
chine learning techniques. However, the supervised methods have the
following disadvantages: (1) usually consider only the local topological
information, which is ideally suited for detecting neighbor genes of
known disease genes. Obviously, the methods ignore indirect function
associations between candidate genes and known disease genes. A
gene may be a disease gene when the gene and disease genes are in-
cluded in the same disease-related biological pathway or functional
module, even though the neighbor relationship does not exist between
them. (2) Only supply a list of disease-related gene, which cannot quan-
titatively describe the degree of correlation between disease genes and
disease.

In view of the above facts, in order to expedite the identification of
disease-related genes, the current study is devoted to developing a
powerful method to identify and prioritize candidate disease genes. In
the method, we propose the novel network topological features
with local and global information based on the graph theory. Support
vector machine (SVM) is employed to construct model, and further
used to identify and score disease-related genes. We compare
the current method with the state-of-the-art technique published in
[24] by using the constructed benchmark dataset, and validate the
effectiveness through 10-fold cross-validation test and leave-one-out
cross-validation. The developedmethod is utilized to identify and prior-
itize PD-related genes. Through enrichment analysis, we find that the
identified genes are highly related to some molecular processes and bi-
ological functions, which provide new clues for researching pathogene-
sis of PD.

2. Materials and methods

2.1. Construction of human PPI network and collection of disease genes

We download the human PPI data from the database of HIPPIE
(Human Integrated Protein–Protein Interaction rEference) [31]. In the
database, each PPI is assigned a confidence score representing the reli-
ability of the PPI by integrating multiple experimental PPI datasets.
After removing all self-connecting interactions, repeated interactions,
interactions with score 0 and interactions contained in the non-largest
connected network component, we finally obtain a largest connected
network component containing 14,086 unique proteins and 153,749
PPI between the proteins (can be obtained from Supplementary File
1). Please note that the current study only focuses on genes that belong
to the largest connected network component, because the topological
features cannot be calculated for genes that do not locate in the largest
component.

In order to build a high-quality genome-scale dataset of disease-
related genes, we collect the data for disease genes from the database of
OMIM (Online Mendelian Inheritance in Man) [32], which is a compre-
hensive and publicly accessible dataset of genotype–phenotype relation-
ship in humans, according to the following order: (1) obtain the
information of human disease-gene associations from the annotations of
morbidmap in OMIM. (2) Acquire Gene IDs of human disease-related
genes by the mapping between Gene ID and Mim ID on the basis of the
file ofmim2gene.txt (canbeobtained fromthedatabaseofOMIM). (3)Re-
trieve accession numbers (ACs) of proteins (i.e. disease-related gene
products) according to the mapping between UniProt [33] AC and Gene
IDwith the file of HUMAN_9606_idmapping_selected.tab (can be obtain-
ed from the database of UniProt). (4) Map disease-related gene products
to our largest connected network component, and the corresponding
products are known as “disease-gene set”. It is very difficult or even im-
possible to compile a list of disease-unrelated genes, because

there is no database dedicated to the collection of these genes. In accor-
dance with previous studies [24], we exclude disease-related genes
contained in the largest connected network component and the remain-
ing genes are called “control-gene set”. Therefore, the final “disease-
gene set” and “control-gene set” contain 2701 disease-related genes
(Supplementary file 2) and 11,385 disease-unrelated genes, respectively.

2.2. Characterization of gene

It is the most important to grasp the difference of topological fea-
tures between disease-related genes and disease-unrelated genes for
identifying and prioritizing genes associated with disease. We use
graph theory to capture the differences deeply buried in the human
PPI network. In mathematics, graph theory has been widely utilized to
investigate graphs consisted of nodes and edges. For the current study,
the largest connected network component is modeled as a graph, in
which nodes represent proteins, edges denote PPI between two pro-
teins and edge weighted is interaction confidence score. We present
six types of topological features with local and global information to
characterize gene, and defined as follows:

1. The path weight proportion of disease genes to all genes (PWPDG)
whose distances to a given gene i is equal to L (L = 1, 2, …, 10).
The type of topological features can be calculated by Eqs. (1)–(2):
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X
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where, wij and wdis id are the confidence scores between gene i and
gene j, as well as between gene i and disease gene d, respectively. N in-
dicates gene set, and the distance between gene contained in the N and
the given gene i is 1, 2,…, 10, respectively. Please note that a maximum
value of L is 10, because the maximal length between any two genes
contained in the largest connected component is 10. In the type of fea-
ture, 10 topological features can be obtained. The type of topological
features mainly considers the proportion of disease genes in all neigh-
bor genes. The higher values of topological features mean that the gene
interacts with more disease genes and has a higher likelihood of
disease-related.

2. The average path weight of disease genes (APWDG) with distances L
to a given gene i. These topological features can be computed by
Eqs. (3)–(4):

APWDG ið Þ1 ¼

X
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where, Ndis indicates the set of disease gene and the distance between
these genes and the given gene i is L. |Ndis| is the number of disease gene
contained in the set. According to Eqs. (3) and (4), we can calculate 10
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