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ABSTRACT

For several years, many studies attempt to discover biological processes of disease mechanisms.
Nevertheless, they are still far from completeness of understanding. This problem is caused by the
complexity of complex diseases. To solve this problem, many computational methods have been developed
to predict uncovered disease genes. A lot of genetic information from protein interaction network, gene
expression, and genetic sequences has been integrated. With these approaches, a large number of candidate
genes are produced increasingly. Therefore, a technique that can select only relevant genes is needed.
Ranking techniques have been developed to prioritize the candidate genes. Still, the results are inconsistent
among different methods. These incompatibilities might be caused from different types of features. In this
study, we performed a prioritization analysis for investigating network topology features for predicting
disease-related genes. Four standard network topological features were calculated on a protein-protein
interaction network and examined with 46 groups of diseases. The features were ranked independently
according to their values for a disease. Then, the performance of disease gene classification with each
feature was calculated. The results showed high classification performance in three diseases with different
network features. The closeness centrality showed a superior ability to classify disease genes in overall
disease groups. Selecting relevant features can greatly improve the performance in disease gene
classification.

Keywords: Feature Prioritization, Disease Gene Identification, Protein-Protein Interaction Network,
Network Topology Features

1. INTRODUCTION disease genes were predicted by finding the
similarity between a candidate gene and a known
disease gene. The similarity can be computed from

several types of biological data.

To improve disease treatment,
understanding of disease mechanisms need to be
fulfilled. However, it is difficult because of the

complexity of complex disease. A way to get The standard information used to compute

insight into the mechanisms is to find key genes
that are important to the diseases. Disease gene
identification has been widely studied to better
understanding biological mechanisms for diseases
and to improve medical treatments [1-5]. Many
computational methods have been developed to
identify disease-related genes and integrated several
types of biological data, e.g., protein-protein
interaction, gene expression data, functional
annotation, sequence analysis features, text mining
[6-9]. In addition, these approaches were based on
concept of gene similarity. Genes, that show similar
phenotypes, or are direct partners, are often shared
similar functions [10, 11]. With this concept, novel

the similarity is the topological features from
biological network. Several network centrality
measures, such as degree, hub, betweenness,
closeness, and eigenvector centrality metrics, were
calculated in the biological network. Candidate
genes that show similar values in term of network
centrality as the known disease genes might be
considered as promising targets for the disease.
However, a large number of candidate genes have
been predicted. To find only relevant genes,
prioritization methods were developed to rank these
candidate genes and select only high ranking genes
to be promising targets. Tranchevent et al. [12] and
Aerts et al. [13] developed a gene prioritization
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method based on the similarity concept using more
than 10 genomic data source. Candidate genes were
ranked independently according to the separate data
source and finally these rankings were combined
into a final ranking. Some method used gene
information and functional relationship between
genes to reconstruct a functional network to rank
positional candidate genes [8].

Instead of using simple nearest neighbors,
Kohler et al. [14] used global network distance
measure, random walk analysis to define
similarities in protein-protein interaction network to
prioritize candidate disease genes. Shi et al. [15]
used random walk analysis to find functional
association between microRNA targets and disease
genes in protein-protein interaction network and
constructed bipartite miRNA-disease network to
analyze the properties of miRNA regulation of the
disease gene. Li et al. [16] developed a framework
to  construct  disease-specific  drug-protein
interactions by integrating gene/proteins and drug
connectivity from protein interaction network and
text mining technique. The initial seed proteins
were improved by expanding using ranked protein
interaction data in the online predicted human
interaction database and a developed nearest-
neighbor protein interaction expansion method. The
expanded proteins were ranked based on a scoring
model. Genome-wide association study (GWAS)
discovers correlation between genetic variants and
diseases or traits [17, 18]. Several studies
prioritized candidate genes generated from GWAS
data [5, 19-21]. Ballouz et al. [S] used domain-
based sequence homology analysis to infer function
of genes and used candidate gene from GWAS.
These studies used standard and developed features
from several genomic data source to rank candidate
disease genes obtained from GWAS or
experimental results. However, the features might
be irrelevant to the specific disease identification.

Several methods have been developed to
find a set of relevant genes for a specific disease.
However, some methods were complicated and
difficult to implement. In addition, the ranked
results from several methods seem to be redundant.
In this study, we developed a simple analysis using
a standard network topology features to analyze the
features and diseases. Our prioritization analysis
based on the protein-protein interaction network
and GWAS data to investigate the relationship of
the isolated standard centrality features and disease
genes. The analysis was performed with each
disease separately. This analysis is useful to find
out relevant features for a specific disease. It could

be a good source of guidance that could further
improve classification performance to obtain
accurate disease gene.

2. MATERIAL AND METHOD

To investigate the relationship of
centralities and disease genes, the sets of proteins
related to a disease were prepared and the protein-
protein interaction network was reconstructed.
Then the centrality measures were computed in the
network. In this section, we described the data
source, centrality measures, ranking processes, and
performance measurement.

2.1 Data source and gold standard

Disease genes were obtained from GWAS
catalog (http://www.genome.gov/ gwastudies/) [22]
and used as gold standard. Only diseases containing
more than 50 related genes were investigated in our
study. In this study, protein-protein interaction
network was reconstructed from STRING database
version 9.05 [23]. Highly scored interactions
(greater than 900) from the database were selected
to obtain only reliable interactions in our analysis.
The network consists of nodes representing proteins
and edges representing interactions between two
proteins.

2.2 Centrality measures

Network  topology  properties  were
calculated in this reconstructed protein-protein
interaction network. The network topology
described the relationship of a protein and other
proteins in the network. We investigated four
standard topology features consisting of degree,
closeness, betweenness, and Kleinberg’s centrality.
Note that in this study we named Kleinberg’s
centrality as hub. Several researches have
demonstrated that these centralities are related to
the essentiality of protein in networks [24-26]. The
definitions of these centralities are as follows:

An undirected graph G = (V, E) consists of
a set of nodes V and a set of edges E. Each node i,
j€ Vrepresents a protein, and each edge e(i, j) € E
represents an interaction between two proteins i and
j. Let A Dbe the adjacency matrix of the network.

Thus A(i, j)= 1 when there is a connecting edge

between node i and node j, and A(i,j)= 0

otherwise. The degree centrality Cp (i) of node 7 is
the number of its incident edges and is given by

Cpliy= D" Al ) (1.
J
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Table 1: List of 46 groups of diseases which have disease
genes members more than 50 proteins.

The closeness centrality C(7) for a node i
is given by

N-1

Coli)= .
“ Zd(z 7

Number

Disease name

Systemic lupus erythematosus

Multiple sclerosis

. . SN . Cholesterol
in which d(i,j) is the shortest distance Red blood cell traits
from node i to node j, and N is the number of nodes Vitiligo

in the network.

The betweenness centrality (Cp) measures
the frequency that a node is in the shortest part of
all of the pairs of nodes. The Cj is given by

Cylh) = szg’(l’”) ijzk O

in which &(i, j) denotes the total number
of the shortest paths between i and j, and J(, %, j)

denotes the total number of the shortest paths
between 7 and j that pass through k. The sum is
composed of all of the pairs (i, j) of nodes in the
network.

Type 1 diabetes

Attention deficit hyperactivity disorder

Prostate cancer (gene x gene
interaction)

Breast size

Obesity-related traits

Inflammatory bowel disease

Type 2 diabetes

Blood pressure

Dental caries

Celiac disease

Height

Asthma

Metabolite levels

=== == =|=]=]=
SlalalRlalIZIoISZIsle] o [Qa|u|s|w|o]|~

Ulcerative colitis

Visceral adipose tissue/subcutaneous

. . 20 adipose tissue ratio

The Kleinberg’s centrality, or hub, o1 Bipolar disorder
computes the principal eigenvector of A*t(A), Visceral adipose tissue adjusted for
where t(A) denotes the transposition of matrix A. 22 BMI
The " component of the principal eigenvector is 23 Bone mineral density
defined as Kleinberg’s centrality Ck(i) of node i. 24 Body mass index
The eigenvector centrality is based on the 25 Major depressive disorder
assumption that an important node is usually 26 HDL cholesterol
connected to important neighbors. Therefore, each 27 Prostate cancer
node’s centrality is determined by the centrality 28 Triglycerides
values of the neighboring nodes. This value is 29 LDL cholesterol
higher if the node is connected to high-scoring 30 Schizophrenia
nodes. 31 Chronic kidney disease

32 Protein quantitative trait loci

2.3 Ranking of centrality score 33 Coronary heart disease

Each protein positioned in the protein- 34 Rheumatoid arthritis
protein interaction network was calculated the 35 Pulmonary function (interaction)
centrality values according to the definition 36 Cognitive performance
described in previous section. Therefore, a list of 37 Breast cancer
each centrality measure and corresponding proteins 38 Menarche (age at onset)
were constructed. These values were ranked in 39 Platelet counts
descending order. It means that the higher value of 40 Parkinson's disease
centrality measure, the more important is the 41 Response to statin therapy
protein in protein-protein interaction network. The 42 Crohn's disease
centrality values of the four centrality measures 43 Urate levels
were ranked independently. These centrality values 44 Pulmonary function
were used as features of each protein. For a disease, Crohn’s disease, Ulcerative colitis and
a protein was labeled as 1 if it is in a protein set of 45 IBD
the considered disease defined by GWAS, while 46 Combined all disease genes

another protein that is not a member in any disease
gene sets was labeled as -1.
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2.4 Performance measurement

With the four centrality measures and label
sets of all proteins, classification of disease genes
could be performed. Performance of the
classification could be estimated by receiver
operating characteristic (ROC) curve. The curve
was depicted by the true positive rate (TPR) and
false positive rate (FPR). The true positive rate is
defined as follows:

R=—1 .
TP+ FN
where TP is the number of true positive and FN is
the number of false positive. The false positive rate
is defined as follows:
R=—1T 5.
FP+TN
where FP is the number of false positive and TN is
the number of true negative. At a cut-off of
centrality values, TPR and FPR were calculated.

By wvarying the cut-offs through the
centrality values, the ROC curve was generated.
The area under the curve (AUC) was calculated and
estimated as the performance of the disease gene
classification. For a disease, the AUC of a
centrality measure was calculated. The same
scheme was applied to all centrality measures.

3. RESULT AND DISCUSSION

In this section, the results of our analysis
are described. Table 1 shows the list of 46 groups
of diseases that have disease gene in the group
greater than 50 genes.

3.1 Three diseases obtaining high performance
Performance of disease gene classification
for each disease was measured by the AUC. This
calculation was done for each feature separately.
Therefore, for a disease classification, we can
compare these four standard centrality measures
and observe which centrality measure is suitable for
the specific disease. The same scheme was
performed for all diseases with all different
centralities. Selecting only high performance results
with the AUC value greater than 0.7, we yielded 5
entries consisting of 3 different diseases, Celiac
disease, Rheumatoid arthritis, and Inflammatory
bowel disease. The results show in Table 2.
Interestingly, 3 out of 5 centralities found in this
selection was the closeness centrality and the other
centralities were the hub and degree centrality.
Celiac disease yielded good classification results
with closeness, hub, and degree centrality. Network
topologies might be suitable to indicate important

proteins for Celiac disease. Figure 1, 2, and 3
illustrate the ROC curve of the Celiac disease,
rheumatoid arthritis, and inflammatory bowel
disease, respectively.

Table 2: The diseases and centrality measures showing
high values of AUC (more than 0.7).

Disease Centrality | AUC
Measure

Celiac disease Closeness | 0.7386

Rheumatoid arthritis Closeness | 0.7248

Celiac disease Hub 0.7152

Inflammatory bowel disease | Closeness | 0.7111

Celiac disease Degree 0.7015

3.2 Celiac disease and network topologies

We further investigated the relationship
between all four network topologies and Celiac
disease genes. As shown in Table 2, Celiac disease
was presented with three centralities. Another
centrality that missed in Table 2 for the disease is
the betweenness centrality. Similarly, in Table 3,
the classification result of the betweenness
centrality showed a bit inferior AUC than 0.7 (the
AUC of 0.69). To verify the result, we compared
with a random technique. The random labels with
the same number of positive and negative sets were
assigned and the scheme for measuring
performances was performed for all centrality
measures. The results showed that, in random case,
the AUCs were approximately close to 0.5. The
complete results are shown in Table 3.

Table 3: AUC of Celiac disease with different centrality
measures comparing with randomness.

Centrality | Celiac disease | Randomness
Measures
Degree 0.7015 0.4951
Closeness 0.7386 0.5051
Betweenness 0.6906 0.5006
Hub 0.7152 0.4759
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2 — 3.3 Centrality evaluation
= To find the best centrality measure, the
- T relationship between these standard centralities and
S i the 46 groups of diseases was observed. The
% ; 'Ii‘ fraction of diseases that have the AUC values of
o &- i their disease gene classification with a centrality
2 ! ! measure greater than a cut-off value was calculated.
§ . :","J "!' The percentages are shown in Table 4. We
o o Joy S observed five cut-off values consisting of 0.5, 0.55,
= ::',-’ ' 0.60, 0.65, and 0.7 for all diseases and centrality
N e T gﬁ)if;“:é:sUgUg?gy%% measures. In the overall ranges of the AUC cut-off
A Betweenness, AUC: 0.6906 values, the closeness centrality yielded the best
L == Hub, AUC: 0.6305 percentage comparing with other centrality
S w | w measures. At an AUC cut-off value of 0.5, all
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Figure 3: ROC of the inflammatory bowel disease with

different centrality measures

centrality measures showed the same percentages
of 95.65%. For a higher AUC cut-off value of 0.55,
the closeness centrality showed the best percentage
followed by the degree, betweenness, and
Kleinberg’s centrality, respectively. At the AUC
cut-off value of 0.7, there are only 6.52% of
diseases with the closeness centrality obtaining the
AUC greater than the cut-off value, while the
degree and Kleinberg’s hub obtained the same
percentage of 2.17 and there is no disease obtaining
the AUC greater than the cut-off value with the
betweenness centrality.

Table 4: The percentage of diseases in overall 46 groups
of diseases with centrality measures. Diseases that have
area under the curve higher than the cut-off value were

counted.

Cut- | Degree | Closeness | Betweenness | Hub
off | (%) (%) (%) (%)
0.50 | 95.65 95.65 95.65 95.65
0.55 | 76.09 78.26 73.91 71.74
0.60 | 45.65 52.17 45.65 45.65
0.65 | 17.39 32.61 17.39 1522
0.70 | 2.17 6.52 0.00 2.17

4. CONCLUSION AND DISCUSSION

Translating new genomic information to real
medical treatment is a challenge task that needs to
get insight into disease mechanisms [27].
Nowadays, the opportunities to understand a
complete causal pathway of disease mechanisms
are limited by the different combinations of
multiple  variants [4]. To increase such
opportunities, several computational methods were
developed to predict new disease genes using
multiple data source. However, a number of
candidate genes were proposed to concern in
diseases in several studies. To obtain only
promising candidate genes, the prioritization
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methods were applied. The prioritization can
perform well if the scores or features for ranking
are reasonable. In this study, we examined four
different network topology features consisting of
the degree, closeness, betweenness, and
Kleinberg’s centrality with 46 groups of diseases
aggregated from GWAS databases. The centrality
measures were calculated in the protein-protein
interaction network. Performances of disease gene
classification of a disease with different centrality
features were measured. Selecting only high
performance (AUC greater than 0.7), we yielded 5
entries of 3 diseases and 3 features. Celiac disease
with closeness centrality showed the best
performance. Investigating overall diseases in our
system, we found that the closeness centrality was
the best feature for the classification. The results
showed that, using a stringent threshold of AUC,
the closeness centrality still yielded a superior
ability. This result might be a good suggestion to
use this feature for disease prediction.

A limitation of this analysis is that only
isolated feature was employed for analyzing a
specific disease. Even the closeness showed the
best result, the other features, e.g., the degree and
betweenness centrality also yielded a good
classification’s performance. In many cases, using
only single feature might be not enough to perform
the classification. Fusion multiple performance
features might be a good option to improve the
classification performance that could be developed
in further study. In conclusion, this study
demonstrated a prioritization analysis to rank
features that is valuable to perform to reduce
irrelevant features. Therefore, the results from this
analysis could be a good suggestion to select
features for a disease-gene classification.
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