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Abstract. Link prediction is an important data mining problem that
has many applications in different domains such as social network analy-
sis and computational biology. For example, biologists model gene regula-
tory networks (GRNs) as directed graphs where nodes are genes and links
show regulatory relationships between the genes. By predicting links in
GRNs, biologists can gain a better understanding of the cell regulatory
circuits and functional elements. Existing supervised methods for GRN
inference work by building a feature-based classifier from gene expression
data and using the classifier to predict links in the GRNs. In this paper
we present a new supervised approach for link prediction in GRNs. Our
approach employs both gene expression data and topological features
extracted from the GRNs, in combination with three machine learn-
ing algorithms including random forests, support vector machines and
neural networks. Experimental results on different datasets demonstrate
the good performance of the proposed approach and its superiority over
the existing methods.

Keywords: Machine learning · Data mining · Feature selection ·
Bioinformatics · Systems biology

1 Introduction

Link prediction is an important data mining problem that finds many applica-
tions in social network analysis. One of the methods for solving the link predic-
tion problem is to extract features from a given partially observed network and
incorporate these features into a classifier. The links (i.e., edges) between entities
(i.e., nodes or vertices) in the given partially observed network are labeled [2,18].
One then uses the classifier built from the given partially observed network to
predict the presence of links for unobserved pairs of entities in the network.
Liben-Nowell and Kleinberg [17] showed that topological features can be used to
increase the accuracy of link prediction in social network analysis. In this paper
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we extend their techniques to solve an important bioinformatics problem in sys-
tems biology. Specifically, we present a new supervised method to infer gene
regulatory networks (GRNs) through link prediction with topological features.

Several authors have developed supervised methods for GRN inference
[3,6,27]. For example, Gillani et al. [9] presented CompareSVM, which uses sup-
port vector machines (SVMs) to predict the regulatory relationship between a
transcription factor (TF) and a target gene where the regulatory relationship
is represented by a directed edge (link), and both the TF and target gene are
nodes in a gene network. SIRENE [6,19] is another supervised method, which
splits the network inference problem into many binary classification problems
using one SVM for each TF. The trained SVM classifiers are then used to pre-
dict which genes are regulated. The final step is to combine all SVM classifiers
to produce a ranked list of TF-gene interactions in decreasing order, and to
construct a network based on the ranked list. Cerulo et al. [3] developed a SVM-
based method for GRN inference, which uses positive and unlabeled data for
training the SVM classifier. Ernst et al. [7] developed a similar semi-supervised
approach for GRN inference. In contrast to the above methods, all of which use
gene expression data to predict TF-gene interactions [6,12,19], our approach
considers features related to the topological structure of a network, which, to
the best of our knowledge, is the first of its kind in GRN inference.

Feature extraction is crucial in building efficient classifiers for link predic-
tion [1,8,17]. We adapt topological features employed in social network analysis
for network inference in systems biology. We propose to use these topological
features alone or combine them with gene expression data. As our experimen-
tal results show later, this new approach outperforms the previously developed
supervised methods that use only gene expression data for network inference
[3,6,9,19].

The rest of this paper is organized as follows. Section 2 presents our approach,
explaining the techniques employed for feature extraction and feature vector con-
struction. These features are used in combination with three machine learning
algorithms including random forests, support vector machines and neural net-
works. Section 3 presents experimental results, showing the relative performance
of the machine learning algorithms and demonstrating the superiority of our
approach over the existing methods. Section 4 concludes the paper and points
out some directions for future research.

2 Proposed Approach

2.1 Feature Extraction

Let G = (V,E) be the directed graph that represents the topological structure
of a gene regulatory network (GRN) where E is the set of edges or links and V
is the set of nodes or vertices in G. Our goal is to build a classifier that includes
topological features alone or combined with gene expression data. There are
totally sixteen topological features, which are described in detail below.
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Node Degree. In considering node degrees, each directed edge e = (u, v) ∈ E
has four topological features, indeg(u), outdeg(u), indeg(v), and outdeg(v), which
are defined as the number of edges entering u, leaving u, entering v, and leaving v,
respectively.

Normalized Closeness Centrality. Normalized closeness centrality measures
the closeness between a node and all other nodes in the graph G. For each node
or vertex v ∈ V , the normalized closeness centrality C(vin) is defined as

C(vin) =
|V | − 1

∑

i�=v

d(i, v)
(1)

where d(i, v), i �= v, is the distance from i ∈ V to v ∈ V , and |V | is the number of
vertices in the graph G [15]. The distance from i to v is the number of edges on
the shortest path from i to v. If no such path exists, then the distance is set equal
to ∞. Since G is a directed graph, the distance from i to v is not necessarily the
same as the distance from v to i. We define the normalized closeness centrality
C(vout) as

C(vout) =
|V | − 1

∑

v �=i

d(v, i)
(2)

where d(v, i), v �= i, is the distance from v ∈ V to i ∈ V . In considering normal-
ized closeness centrality, each directed edge e = (u, v) ∈ E has four topological
features, C(uin), C(uout), C(vin), and C(vout).

Eccentricity. The eccentricity of a vertex v ∈ V is the maximum distance
between v and any other vertex i ∈ V [24]. For each vertex v ∈ V , the eccentricity
ε(vin) is defined as

ε(vin) = max
i∈V

d(i, v) (3)

The eccentricity ε(vout) is defined as

ε(vout) = max
i∈V

d(v, i) (4)

In considering eccentricity, each directed edge e = (u, v) ∈ E has four topological
features, ε(uin), ε(uout), ε(vin), and ε(vout).

Betweenness Centrality. Betweenness centrality measures the centrality of a
vertex in the graph G [28]. For each vertex v ∈ V , the betweenness centrality of
v, denoted Between(v), is defined as

Between(v) =
∑

i�=v �=j

σi,j(v)
σi,j

(5)

where σi,j is the total number of shortest paths from vertex i to vertex j and
σi,j(v) is the total number of shortest paths from vertex i to vertex j that
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pass through v [15,28]. In considering betweenness centrality, each directed edge
e = (u, v) ∈ E has two topological features, Between(u) and Between(v).

Eigenvector Centrality. Eigenvector centrality is another centrality measure
where vertices in the graph have different importance. A vertex connected to
a very important vertex is different from a vertex that is connected to a less
important one. This concept is incorporated into eigenvector centrality [20]. For
each vertex v ∈ V , the eigenvector centrality of v, denoted Eigen(v), is defined
as [21]

Eigen(v) =
1
λ

∑

i∈V

av,iEigen(i) (6)

where λ is a constant and A = (av,i) is the adjacency matrix, i.e., av,i = 1 if
vertex v is linked to vertex i, and av,i = 0 otherwise. The above eigenvector
centrality formula can be rewritten in the matrix form as

Ax = λx (7)

where x is the eigenvector of the adjacency matrix A with the eigenvalue λ. In
considering eigenvector centrality, each directed edge e = (u, v) ∈ E has two
topological features, Eigen(u) and Eigen(v).

2.2 Feature Vector Construction

Suppose we are given n genes where each gene has p expression values. The
gene expression profile of these genes is denoted by G ⊆ Rn×p, which contains
n rows, each row corresponding to a gene, and p columns, each column corre-
sponding to an expression value [19]. To train a classifier, we need to know the
regulatory relationships among some genes. Suppose these regulatory relation-
ships are stored in a matrix H ⊆ Rm×3. H contains m rows, where each row
shows a known regulatory relationship between two genes, and three columns.
The first column shows a transcription factor (TF). The second column shows a
target gene. The third column shows the label, which is +1 if the TF is known
to regulate the target gene or −1 if the TF is known not to regulate the target
gene. The matrix H represents a partially observed or known gene regulatory
network for the n genes. If the label of a row in H is +1, then the TF in that
row regulates the target gene in that row, and hence that row represents a link
or edge of the network. If the label of a row in H is −1, then there is no link
between the corresponding TF and target gene in that row.

Given a pair of genes g1 and g2 where the regulatory relationship between g1
and g2 is unknown, our goal is to use the trained classifier to predict the label
of the gene pair. The predicted label is either +1 (i.e., a link is predicted to be
present between g1 and g2) or −1 (i.e., a link is predicted to be missing between
g1 and g2). Using biological terms, the present link means g1 (transcription
factor) regulates g2 (target gene) whereas the missing link means g1 does not
regulate g2.
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To perform training and predictions, we construct a feature matrix D ⊆
Rk×2p with k feature vectors based on the gene expression profile G. For a pair
of genes g1 and g2, we create their feature vector d, which is stored in the feature
matrix D, denoted by Dd and defined as

Dd = [g11 , g
2
1 , . . . , g

p
1 , g

1
2 , g

2
2 , . . . , g

p
2 ] (8)

where g11 , g
2
1 , . . . , g

p
1 are the gene expression values of g1, and g12 , g

2
2 , . . . , g

p
2 are

the gene expression values of g2. The above feature vector definition has been
used by the existing supervised network inference methods [3,6,9,19]. In the rest
of this paper we will refer to the above technique for constructing feature vectors
as Ge, indicating that it is based on gene expression data only.

In addition, we propose to construct another feature matrix D
′ ⊆ Rk×16.

Each feature vector d in the feature matrix D
′
, denoted by D

′
d, is defined as

D
′
d = [t1, t2] (9)

t1 = indeg(g1), C(gin1 ), ε(gin1 ), outdeg(g1), (10)

C(gout1 ), ε(gout1 ), Between(g1), Eigen(g1)

t2 = indeg(g2), C(gin2 ), ε(gin2 ), outdeg(g2), (11)

C(gout2 ), ε(gout2 ), Between(g2), Eigen(g2)

We will refer to this feature vector construction technique as To, indicating that
it is based on the sixteen topological features proposed in the paper.

Finally, we construct the third feature matrix D
′′ ⊆ Rk×(2p+16). Each feature

vector d in the feature matrix D
′′
, denoted by D

′′
d , contains both gene expression

data and topological features, and is defined as

D
′′
d = [g11 , g

2
1 , ..., g

p
1 , g

1
2 , g

2
2 , ..., g

p
2 , t1, t2] (12)

We will refer to this feature vector construction technique as All, indicating that
it is based on all the features described in the paper.

3 Experiments and Results

We conduct a series of experiments to evaluate the performance of our app-
roach and compare it with the existing methods for gene regulatory network
(GRN) inference [13]. Below, we describe the datasets used in our study, our
experimental methodology, and the experimental results.

3.1 Datasets

We used GeneNetWeaver [23] to generate the datasets related to yeast and E.
coli. We first built five different networks, taken from yeast, where the networks
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Table 1. Yeast networks used in the experiments

Network Directed #Nodes #Edges #Pos examples #Neg examples

Yeast 50 Yes 50 63 63 63

Yeast 100 Yes 100 281 281 281

Yeast 150 Yes 150 333 333 333

Yeast 200 Yes 200 517 517 517

Yeast 250 Yes 250 613 613 613

Table 2. E. coli networks used in the experiments

Network Directed #Nodes #Edges #Pos examples #Neg examples

E. coli 50 Yes 50 68 68 68

E. coli 100 Yes 100 177 177 177

E. coli 150 Yes 150 270 270 270

E. coli 200 Yes 200 415 415 415

E. coli 250 Yes 250 552 552 552

contained 50, 100, 150, 200, 250 genes (or nodes) respectively. For each net-
work, we generated three files of gene expression data. These files were labeled
as knockouts, knockdowns and multifactorial, respectively. A knockout is a tech-
nique to deactivate the expression of a gene, which is simulated by setting the
transcription rate of this gene to zero [9,23]. A knockdown is a technique to
reduce the expression of a gene, which is simulated by reducing the transcrip-
tion rate of this gene by half [9,23]. Multifactorial perturbations are simulated
by randomly increasing or decreasing the activation of the genes in a network
simultaneously [23].

Table 1 presents details of the yeast networks, showing the number of nodes
(edges, respectively) in each network. The edges or links in a network form
positive examples. In addition, we randomly picked the same number of negative
examples where each negative example corresponds to a missing link in the
network. The networks and gene expression profiles for E. coli were generated
similarly. Table 2 presents details of the networks generated from E. coli.

3.2 Experimental Methodology

We considered nine classification algorithms, denoted by RF + All, NN + All,
SVM + All, RF + Ge, NN + Ge, SVM + Ge, RF + To, NN + To, SVM + To,
respectively. Table 3 lists these algorithms and their abbreviations. RF + All
(RF + Ge, RF + To, respectively) represents the random forest algorithm com-
bined with all features including both gene expression data and topological fea-
tures (RF combined with only gene expression data, RF combined with only
topological features, respectively). NN + All (NN + Ge, NN + To, respectively)
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Table 3. Nine classification algorithms and their abbreviations

Abbreviation Classification algorithm and features

RF + All Random forests with all features

NN + All Neural networks with all features

SVM + All Support vector machines with all features

RF + Ge Random forests with gene expression features

NN + Ge Neural networks with gene expression features

SVM + Ge Support vector machines with gene expression features

RF + To Random forests with topological features

NN + To Neural networks with topological features

SVM + To Support vector machines with topological features

represents the neural network algorithm combined with all features (NN com-
bined with only gene expression data, NN combined with only topological fea-
tures, respectively). SVM + All (SVM + Ge, SVM + To, respectively) represents
the support vector machine algorithm combined with all features (SVM com-
bined with only gene expression data, SVM combined with only topological
features, respectively). SVM + Ge is adopted by the existing supervised network
inference methods [3,6,9,19].

Software used in this work included: the random forest package in R [16],
the neuralnet package in R [10], and the SVM with linear kernel in the LIBSVM
package [4]. We used R to write some utility tools for performing the experi-
ments, and employed the package, igraph, to extract topological features from a
network [5].

The performance of each classification algorithm was evaluated through 10-
fold cross validation. The size of each fold was approximately the same, and each
fold contained the same number of positive and negative examples. On each fold,
the balanced error rate (BER) [11] of a classification algorithm was calculated
where the BER is defined as

BER =
1
2

×
(

FN

TP + FN
+

FP

FP + TN

)

(13)

FN is the number of false negatives (i.e., present links that were mistakenly pre-
dicted as missing links). TP is the number of true positives (i.e., present links
that were correctly predicted as present links). FP is the number of false pos-
itives (i.e., missing links that were mistakenly predicted as present links). TN
is the number of true negatives (i.e., missing links that were correctly predicted
as missing links). For each algorithm, the mean BER, denoted MBER, over 10
folds was computed and recorded. The lower MBER an algorithm has, the better
performance that algorithm achieves. Statistically significant performance differ-
ences between classification algorithms were calculated using Wilcoxon signed
rank tests [13,14]. As in [22,25], we consider p-values below 0.05 to be statisti-
cally significant.



A New Approach to Link Prediction in Gene Regulatory Networks 411

3.3 Experimental Results

Table 4 shows the MBERs of the nine classifications on the fifteen yeast datasets
used in the experiments. For each dataset, the algorithm having the best per-
formance (i.e., with the lowest MBER) is in boldface. Table 5 shows, for each
yeast dataset, the p-values of Wilcoxon signed rank tests between the best algo-
rithm, represented by ‘-’, and the other algorithms. A p-value in boldface (p ≤
0.05) indicates that the corresponding result is significant. It can be seen from
Table 4 that random forests performed better than support vector machines and
neural networks. In particular, random forests combined with all features (i.e.,
RF + All) performed the best on 10 out of 15 yeast datasets. For the other five
yeast datasets, RF + All was not statistically different from the best algorithms
according to Wilcoxon signed rank tests (p > 0.05); cf. Table 5.

Table 6 shows the MBERs of the nine classification algorithms on the fifteen
E. coli datasets used in the experiments. Table 7 shows, for each E. coli dataset,
the p-values of Wilcoxon signed rank tests between the best algorithm, repre-
sented by ‘-’, and the other algorithms. It can be seen from Table 6 that random
forests combined with topological features (i.e., RF + To) performed the best on
6 out of 15 E. coli datasets. For the other nine E. coli datasets, RF + To was
not statistically different from the best algorithms according to Wilcoxon signed
rank tests (p > 0.05); cf. Table 7.

Table 4. MBERs of nine classification algorithms on fifteen yeast datasets

Dataset RF NN SVM RF NN SVM RF NN SVM

+ All + All + All + Ge + Ge + Ge + To + To + To

Yeast 50 knockouts 16.6 15.0 20.0 18.3 15.8 20.0 17.7 16.3 19.4

Yeast 50 knockdowns 16.6 17.5 20.0 19.1 22.7 16.9 17.7 18.8 19.4

Yeast 50 multifactorial 16.1 17.5 20.8 15.5 24.7 17.2 17.7 16.6 19.4

Yeast 100 knockouts 12.8 13.7 17.3 14.4 20.0 16.7 11.6 22.2 14.5

Yeast 100 knockdowns 14.2 14.9 15.2 14.1 29.4 14.1 11.8 17.5 14.5

Yeast 100 multifactorial 12.0 17.8 18.0 12.3 21.3 18.4 11.4 20.0 14.5

Yeast 150 knockouts 5.10 10.7 14.1 5.40 10.4 13.6 6.10 15.4 11.0

Yeast 150 knockdowns 5.00 10.5 10.4 5.80 14.7 10.9 5.80 16.0 11.0

Yeast 150 multifactorial 4.10 12.4 13.9 4.10 15.1 16.1 5.80 10.8 11.0

Yeast 200 knockouts 1.90 4.00 5.30 1.90 4.90 5.60 2.50 13.7 3.70

Yeast 200 knockdowns 1.90 5.10 5.80 1.90 6.30 10.5 2.70 9.80 3.70

Yeast 200 multifactorial 1.90 6.80 10.1 1.90 4.70 14.3 2.50 5.50 3.70

Yeast 250 knockouts 3.80 8.40 7.60 4.10 5.50 7.20 7.40 10.6 10.4

Yeast 250 knockdowns 4.00 9.70 7.40 4.00 6.20 7.30 8.10 7.70 10.4

Yeast 250 multifactorial 4.00 8.50 8.50 3.90 6.00 9.00 7.50 11.3 10.4
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Table 5. P-values of Wilcoxon signed rank tests between the best algorithm, repre-
sented by ‘-’, and the other algorithms for each yeast dataset

Dataset RF NN SVM RF NN SVM RF NN SVM

+ All + All + All + Ge + Ge + Ge + To + To + To

Yeast 50 knockouts 0.75 - 0.28 0.44 0.67 0.07 0.46 0.78 0.27

Yeast 50 knockdowns - 0.79 0.46 0.17 0.13 0.52 0.58 0.86 0.33

Yeast 50 multifactorial - 0.70 0.28 0.89 0.07 0.68 0.58 0.68 0.33

Yeast 100 knockouts 0.34 0.44 0.05 0.14 0.01 0.02 - 0.04 0.15

Yeast 100 knockdowns 0.22 0.24 0.16 0.22 0.00 0.03 - 0.08 0.12

Yeast 100 multifactorial 0.46 0.13 0.02 0.27 0.01 0.04 - 0.00 0.12

Yeast 150 knockouts - 0.01 0.02 1.00 0.01 0.01 0.10 0.01 0.02

Yeast 150 knockdowns - 0.02 0.02 0.17 0.03 0.01 0.17 0.00 0.02

Yeast 150 multifactorial - 0.01 0.01 - 0.01 0.01 0.17 0.01 0.02

Yeast 200 knockouts - 0.01 0.01 - 0.01 0.02 0.50 0.01 0.17

Yeast 200 knockdowns - 0.04 0.01 - 0.01 0.02 0.10 0.01 0.17

Yeast 200 multifactorial - 0.04 0.01 - 0.06 0.00 0.50 0.01 0.17

Yeast 250 knockouts - 0.03 0.20 0.17 0.06 0.10 0.17 0.09 0.02

Yeast 250 knockdowns - 0.01 0.10 - 0.06 0.05 0.07 0.20 0.05

Yeast 250 multifactorial 1.00 0.05 0.11 - 0.01 0.03 0.18 0.05 0.03

Table 6. MBERs of nine classification algorithms on fifteen E. coli datasets

Dataset RF NN SVM RF NN SVM RF NN SVM

+ All + All + All + Ge + Ge + Ge + To + To + To

E. coli 50 knockouts 14.5 5.70 9.80 18.8 22.0 21.5 5.00 11.6 18.4

E. coli 50 knockdowns 14.5 9.50 10.7 19.1 19.0 16.7 5.00 10.8 18.4

E. coli 50 multifactorial 15.3 10.3 8.20 15.7 22.9 18.0 5.00 10.3 18.4

E. coli 100 knockouts 10.3 9.50 14.2 12.0 14.4 17.7 5.60 6.00 13.6

E. coli 100 knockdowns 10.6 11.6 14.2 11.4 14.1 18.0 5.40 9.80 13.6

E. coli 100 multifactorial 9.80 10.4 11.4 9.80 12.4 13.6 7.10 9.90 13.6

E. coli 150 knockouts 2.40 4.40 2.90 2.40 8.80 5.90 2.70 5.90 3.30

E. coli 150 knockdowns 2.20 4.40 2.70 2.20 8.10 3.70 2.70 3.80 3.30

E. coli 150 multifactorial 2.20 3.80 2.40 2.20 8.70 2.40 2.70 3.30 3.30

E. coli 200 knockouts 5.50 5.50 5.10 5.50 4.60 4.60 6.40 11.0 6.00

E. coli 200 knockdowns 5.30 5.00 5.80 6.10 4.40 5.50 6.40 8.50 6.00

E. coli 200 multifactorial 5.00 4.20 3.90 4.90 2.80 3.40 6.40 8.00 6.00

E. coli 250 knockouts 6.60 10.3 7.00 7.70 8.80 8.00 6.30 12.7 10.0

E. coli 250 knockdowns 5.30 9.30 5.90 5.10 6.70 7.50 6.20 11.9 10.0

E. coli 250 multifactorial 5.40 11.1 8.00 5.20 11.0 9.70 6.30 10.6 10.0
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Table 7. P-values of Wilcoxon signed rank tests between the best algorithm, repre-
sented by ‘-’, and the other algorithms for each E. coli dataset

Dataset RF NN SVM RF NN SVM RF NN SVM

+ All + All + All + Ge + Ge + Ge + To + To + To

E. coli 50 knockouts 0.06 1.00 0.46 0.03 0.00 0.01 - 0.10 0.04

E. coli 50 knockdowns 0.06 0.07 0.46 0.01 0.01 0.01 - 0.46 0.04

E. coli 50 multifactorial 0.06 0.49 0.46 0.08 0.01 0.04 - 0.04 0.04

E. coli 100 knockouts 0.08 0.04 0.01 0.01 0.00 0.01 - 0.68 0.04

E. coli 100 knockdowns 0.02 0.16 0.01 0.01 0.01 0.01 - 0.27 0.04

E. coli 100 multifactorial 0.67 0.22 0.17 0.67 0.11 0.06 - 0.79 0.17

E. coli 150 knockouts - 0.10 0.25 - 0.02 0.06 0.65 0.04 0.65

E. coli 150 knockdowns - 0.04 0.17 - 0.06 0.06 1.00 0.10 1.00

E. coli 150 multifactorial - 0.06 1.00 - 0.10 1.00 1.00 0.10 1.00

E. coli 200 knockouts 0.91 0.50 0.46 0.91 0.68 - 0.41 0.03 0.46

E. coli 200 knockdowns 0.89 0.50 0.27 0.75 - 0.46 0.46 0.11 0.68

E. coli 200 multifactorial 0.67 0.09 0.14 0.67 - 0.28 0.13 0.13 0.20

E. coli 250 knockouts - 0.02 0.23 0.65 0.00 0.12 0.71 0.12 0.05

E. coli 250 knockdowns 0.17 0.02 0.02 - 0.02 0.02 0.10 0.02 0.01

E. coli 250 multifactorial 1.00 0.02 0.01 - 0.01 0.01 0.72 0.01 0.02

These results show that using random forests with the proposed topolog-
ical features alone or combined with gene expression data performed well. In
particular, the RF + All algorithm achieved the best performance on 14 out of
all 30 datasets. This is far better than the SVM + Ge algorithm used by the
existing supervised network inference methods [3,6,9,19], which achieved the
best performance on one dataset only (i.e., the E. coli 200 knockouts dataset in
Table 6).

It is worth pointing out that, for a fixed dataset size (e.g., 200), the SVM+To
algorithm always yielded the same mean balanced error rate (MBER) regardless
of which technique (knockout, knockdown or multifactorial) was used to generate
the gene expression profiles. This happens because these different gene expression
profiles correspond to the same network, and SVM+To uses only the topological
features extracted from the network without considering the gene expression
data. On the other hand, due to the randomness introduced in random forests
and neural networks, RF+To and NN+To yielded different MBERs even for the
same network.

4 Conclusion

We present a new approach to network inference through link prediction with
topological features. Our experimental results showed that using the topologi-
cal features alone or combined with gene expression data performs better than
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the existing network inference methods that use only gene expression data. Our
work assumes that there are exactly the same number of positive examples (i.e.,
links that are present) and negative examples (i.e., links that are missing) in
the datasets. In many biological networks, however, negative datasets (majority
class) are usually much larger than positive datasets (minority class). In future
work we plan to extend our previously developed imbalanced classification algo-
rithms and boosting algorithms [26,29,30] to tackle the imbalanced link predic-
tion problem for gene network construction. We have adopted default parameter
settings for the three machine learning algorithms studied in the paper. We also
plan to explore other parameter settings (e.g., different kernels with different
parameter values in SVMs) in the future.
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