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Abstract. Reverse engineering gene regulatory networks (GRNs), also
known as network inference, refers to the process of reconstructing GRNs
from gene expression data. Biologists model a GRN as a directed graph
in which nodes represent genes and links show regulatory relationships
between the genes. By predicting the links to infer a GRN, biologists
can gain a better understanding of regulatory circuits and functional
elements in cells. Existing supervised GRN inference methods work
by building a feature-based classifier from gene expression data and
using the classifier to predict the links in GRNs. Observing that GRNs
are sparse graphs with few links between nodes, we propose here to
use under-sampling, over-sampling and boosting techniques to enhance
the prediction performance. Experimental results on different datasets
demonstrate the good performance of the proposed approach and its
superiority over the existing methods.

Keywords: Graph mining · Sampling methods · Boosting techniques ·
Supervised learning · Applications in biology and medicine

1 Introduction

Gene regulation is a series of processes that control gene expression and its
extent. The connections among genes and their regulatory molecules, usually
transcription factors, and a descriptive model of such connections, are known as
gene regulatory networks (GRNs). Elucidating GRNs is crucial to understand
the inner workings of the cell and the interactions among genes. Furthermore,
GRNs could be the basis to infer more complex networks, encompassing gene,
protein, and metabolic spaces, as well as the entangled and often over-looked
signaling pathways that interconnect them [2,3,12,13,16].

Existing GRN inference methods can be broadly categorized into two groups:
unsupervised and supervised [23]. Unsupervised methods infer GRNs based
solely on gene expression data. The accuracy of these methods is usually low. By
contrast, supervised methods use machine learning algorithms and training data
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to achieve higher accuracy. These methods work as follows. We represent a GRN
by a directed graph in which each node is a gene or transcription factor, and
a directed link or edge from node A to node B indicates that gene A regulates
the expression of gene B. The training data contains a partially known network
with known present edges and absent edges between nodes. These known present
edges are positive training examples, and the known absent edges are negative
training examples. We train a machine learning algorithm using the training
data and apply the trained model to predict the remaining unknown edges in
the network. With the predicted present and absent edges, we are able to infer
or construct a complete GRN.

GRNs are always sparse graphs. The ratio between the number of gene inter-
actions (i.e., edges or links) and the number of genes (i.e., nodes) falls between
1.5 and 2.75 regardless of the differences in phylogeny, phenotypic complexity,
life history, and the total number of genes in an organism [14]. Thus, all GRNs
have relatively few present edges and a lot of absent edges. This means there are
few positive examples and a lot of negative examples when modeling the GRN
inference problem as the link prediction problem described above. This poses an
imbalanced classification problem in which the positive class (i.e., the minority
class) is much smaller than the negative class (i.e., the majority class). However,
existing supervised GRN inference methods [9,17] do not take into consideration
the imbalanced datasets, and hence their performance is unsatisfactory.

In this paper, we present a new approach to supervised GRN inference.
We tackle the imbalanced classification problem by using sampling techniques,
including under-sampling and over-sampling, to obtain a balanced training set.
This balanced training set, containing the same number of positive and nega-
tive training examples, is used to train a machine learning algorithm to make
predictions. Furthermore, we develop several boosting techniques to enhance
the prediction performance. As our experimental results show later, this new
approach outperforms the existing supervised GRN inference methods [9,17].

The rest of this paper is organized as follows. Section 2 transforms the GRN
inference problem to a link prediction problem in which we infer a GRN by
predicting the links in the GRN. We then present several sampling and boost-
ing techniques for enhancing the link prediction performance. Section 3 reports
experimental results, comparing our approach with the existing methods [9,17].
Section 4 concludes the paper and points out some directions for future research.

2 Methods

2.1 Problem Statement

We are given n genes where each gene has p expression values. The gene expres-
sion profile of these n genes is denoted by G ⊆ Rn×p, which contains n rows,
each row corresponding to a gene, and p columns, each column corresponding to
an expression value [9,17,18,20,22]. In addition, we are given known regulatory
relationships or links among some genes. Suppose these known regulatory rela-
tionships are stored in a matrix X ⊆ Rm×3, which forms the training dataset.
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X 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 expression of the tar-
get gene or −1 if the TF is known not to regulate the expression of the target
gene. The matrix X represents a partially observed or known gene regulatory
network for the n genes. If the label of a row in X is +1, then the TF in that
row regulates the expression of the target gene in that row, and hence that row
represents a directed link or edge of the network. That row is a positive training
example. If the label of a row in X is −1, then there is no link between the
corresponding TF and target gene in that row. That row is a negative training
example. The positive and negative training examples in X are used to train
a machine learning or classification algorithm. There are much more negative
training examples than positive training examples in X.

The test dataset contains ordered pairs of genes (g1, g2) where the regulatory
relationship between g1 and g2 is unknown. Given a test example, i.e., an ordered
pair of genes (g1, g2) in the test dataset, the goal of link prediction is to use the
trained classifier to predict the label of the test example. The predicted label is
either +1 (i.e., a directed link is predicted to be present from g1 to g2) or −1
(i.e., a directed link is predicted to be absent from g1 to g2). Here, the present
link means g1 (a transcription factor) regulates the expression of g2 (a target
gene) whereas the absent link means g1 does not regulate the expression of g2.

2.2 Feature Vector Construction

To perform training and prediction, we construct a feature matrix D ⊆ Rq×2p

with q feature vectors based on the gene expression profile G. Let g1 and g2 be
two genes. Let g11 , g

2
1 , ..., g

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

2
2 , ..., g

p
2

be the gene expression values of g2. The feature vector of the ordered pair of
genes (g1, g2), denoted Dd, is stored in the feature matrix D and constructed by
concatenating their gene expression values as follows:

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

p
1 , g

1
2 , g

2
2 , ..., g

p
2) (1)

Thus, the ordered pair of genes (g1, g2) corresponds to a point in 2p-dimensional
space. Each training and test example is represented by a 2p-dimensional feature
vector. For a positive training example, the label of its feature vector is +1. For
a negative training example, the label of its feature vector is −1. For a test
example, the label of its feature vector is unknown and to be predicted. This
feature vector construction method has been widely used by existing supervised
GRN inference methods [9,17,18,20,22].

2.3 Under-Sampling

Given is a training dataset X that is the union of two disjoint subsets X+ and
X−. X+ is the minority class, containing positive training examples (i.e., known
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present links). X− is the majority class, containing negative training examples
(i.e., known absent links). X+ is much smaller than X−. Our under-sampling
method works as follows [10,11,15]. It samples a random subset Xs

− ⊆ X− such
that the size of Xs

− is equal to the size of X+ (i.e., |Xs
−| = |X+|). Thus, Xs =

X+ ∪Xs
− forms a balanced dataset. We then use Xs to train a machine learning

algorithm. The trained model will be used to predict the labels of test examples.

2.4 Over-Sampling

Our over-sampling method is based on SMOTE [4,6,10]. Given is the training
dataset X = X+ ∪ X− as described above. Our over-sampling method creates a
new dataset X++ that contains all examples in X+ and many synthetic examples
generated as follows. For each example xi ∈ X+, we select h-nearest neighbors
of xi, where

h =
⌊

1.1 × |X−|
|X+|

⌋
(2)

Here, Euclidean distances are calculated to find the h-nearest neighbors. Denote
these h-nearest neighbors as xr, 1 ≤ r ≤ h.

A new synthetic example xnew along the line between xi and xr, 1 ≤ r ≤ h,
is created as follows:

xnew = xi + (xr − xi) × δ (3)

where δ ∈ (0, 1) is a random number. We add xnew to X++. We continue gen-
erating and adding such synthetic examples to X++ until X++ is larger than
X−. Then a random subset Xs

++ ⊆ X++ is selected such that the size of Xs
++

is equal to the size of X− (i.e., |Xs
++| = |X−|). Thus, Xs = Xs

++ ∪ X− forms a
balanced dataset. We then use Xs to train a machine learning algorithm. The
trained model will be used to predict the labels of test examples.

2.5 Boosting

We further improve the performance of our link prediction algorithms through
boosting. Boosting algorithms such as AdaBoost [8,21,25,26], described below,
have been used in various domains with great success. We use a weighted
decision tree [1] as the base learning algorithm and create a strong classifier
through an iterative procedure as follows. Let X be the set of training examples
{x1, x2, ..., xm}. The label associated with example xi is yi such that

yi =
{

+1 if xi is a positive example (i.e., present link)
−1 if xi is a negative example (i.e., absent link) (4)

Initially, in iteration 1, each example is assigned an equal weight, i.e., W1(xi) =
1
m , 1 ≤ i ≤ m. In iteration k, 1 ≤ k ≤ K, AdaBoost generates a base learner
(i.e., model) Hk by calling the base learning algorithm on the training set X
with weights Wk. Then Hk is used to classify each training example xi as either
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+1 (i.e., xi is a predicted present link) or −1 (i.e., xi is a predicted absent link).
That is,

Hk(xi) =
{

+1 if Hk classifies xi as a positive example (i.e., present link)
−1 if Hk classifies xi as a negative example (i.e., absent link) (5)

Let Ek = {xi|Hk(xi) �= yi}. The error εk of Hk is:

εk =
∑

xi∈ Ek

Wk(xi) (6)

The weight αk of Hk is:

αk =
1
2

ln
(

1 − εk

εk

)
(7)

AdaBoost then updates the weight of each training example xi, 1 ≤ i ≤ m, as
follows:

Wk+1(xi) =

{
Wk(xi)

Zk
× e−αk ifHk(xi) = yi

Wk(xi)
Zk

× eαk ifHk(xi) �= yi

=
Wk(xi) exp(−αkyiHk(xi))

Zk
(8)

where Zk is a normalization factor chosen so that Wk+1 is normally distributed.
The weights of incorrectly classified examples will increase in iteration k + 1.
Then, in iteration k + 1, AdaBoost generates a base learner Hk+1 by calling
the base learning algorithm again on the training set X with weights Wk+1.
Such a process is repeated K times. Using this technique, each weak classifier
Hk+1 should have greater accuracy than its predecessor Hk. The final, strong
classifier H is derived by combining the votes of the weighted weak classifiers
Hk, 1 ≤ k ≤ K, where the weight αk of a weak classifier Hk is calculated as
shown in Eq. (7).

Specifically, given an unlabeled test example x̂, H(x̂) is calculated as follows:

H(x̂) = sign
( K∑

k=1

αkHk(x̂)
)

(9)

The sign function indicates that if the sum of the results of the weighted K
weak classifiers is greater than or equal to zero, then H classifies x̂ as +1 (i.e., x̂
is a predicted present link); otherwise H classifies x̂ as −1 (i.e., x̂ is a predicted
absent link).

We propose to extend AdaBoost by modifying Eq. (8) to obtain the following
variants:
Boost I:

Wk+1(xi) =

{
e−αk

Zk
if Hk(xi) = yi

eαk

Zk
if Hk(xi) �= yi

=
exp(−αkyiHk(xi))

Zk
(10)



68 T. Turki and J.T.L. Wang

Boost II:

Wk+1(xi) =
exp

(
−

( k∑
j=1

αjHj(xi)
)
yi

)

Zk
(11)

Boost III:

Wk+1(xi) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

C×eαk

Zk
if Hk(xi) = −1 and yi = +1

e−αk

Zk
if Hk(xi) = +1 and yi = +1

eαk

Zk
if Hk(xi) = +1 and yi = −1

e−αk

Zk
if Hk(xi) = −1 and yi = −1

(12)

where C is the number of examples in the majority class (i.e., negative class)
divided by the number of examples in the minority class (i.e., positive class) in
the training set.

Each one of the above variants is taken as a new boosting technique. Boost
I is a simplified version of AdaBoost. For each training example xi, 1 ≤ i ≤ m,
Boost I does not consider Wk(xi) when calculating Wk+1(xi). Boost II is an
accumulative version of AdaBoost. It considers all weak classifiers Hj , 1 ≤ j ≤ k,
obtained in the previous k iterations when calculating the weight Wk+1(xi).
Specifically, Boost II will increase the weight of a training example xi in iteration
k + 1 if the majority of the weak classifiers obtained in the previous k iterations
incorrectly classify xi. Boost III can be regarded as a cost-sensitive boosting
technique. For an imbalanced dataset, positive examples (i.e., those with labels
of +1) are much fewer than negative examples (i.e., those with labels of −1).
Our objective here is to improve the classification performance on the minority
(i.e., positive) class. Hence we introduce the cost C, giving more weights to
misclassified examples in the minority class where the examples are classified
as negative though they have labels of +1. For a training example xi that is
correctly classified in iteration k, we decrease its weight in iteration k + 1 so
that the next classifier Hk+1 pays less attention to xi while focusing more on
the other examples that are incorrectly classified in iteration k.

2.6 The Proposed Approach

Figure 1 presents an overview of our approach. In (A), we are given a training
set containing imbalanced labeled links. These labeled links include few posi-
tive examples (i.e., known present links with labels of +1) and a lot of negative
examples (i.e., known absent links with labels of −1). In addition, we are given
a test set in which each test example is an unlabeled ordered gene pair. We con-
struct feature vectors for both training examples and test examples as described
in Sect. 2.2. In (B), we apply a sampling technique, either under-sampling as
described in Sect. 2.3 or over-sampling as described in Sect. 2.4, to the training
set to obtain a balanced training set. In (C), we apply a boosting technique
as described in Sect. 2.5 to the balanced training set to learn K models (weak
classifiers). These models predict the labels of the test examples. In (D), we take
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the weighted majority vote from the weak classifiers as shown in Equation (9)
to make final predictions of the labels of the test examples. A test example is a
predicted present link if its predicted label is +1; a test example is a predicted
absent link if its predicted label is −1.

Unlabeled 
Gene Pairs

Test Set

Final 
Predictions

A B

Balanced 
Labeled Links

C D

Training Set

Fig. 1. The proposed approach for link prediction in gene regulatory networks.

3 Experiments and Results

3.1 Datasets

We used GeneNetWeaver [19] to generate the datasets related to yeast and E.
coli. GeneNetWeaver has been widely used to generate benchmark datasets for
evaluating GRN inference tools. Specifically we built four different networks for
each organism where the networks contained 50, 100, 150, 200 genes (or nodes)
respectively. Table 1 presents details of the yeast networks, showing the number
of nodes (edges, respectively) in each network. The present edges or links in a
network form positive examples. The absent edges or links in a network form
negative examples. Table 2 presents details of the E. coli networks.

Table 1. Yeast networks used in the experiments.

Network Directed #Nodes #Edges #Positive examples #Negative examples

Yeast 50 Yes 50 63 63 2387

Yeast 100 Yes 100 281 281 9619

Yeast 150 Yes 150 333 333 22017

Yeast 200 Yes 200 517 517 39283

For each network, we generated three files of gene expression data. These
files were labeled as knockouts, knockdowns and multifactorial, respectively.



70 T. Turki and J.T.L. Wang

Table 2. E. coli networks used in the experiments.

Network Directed #Nodes #Edges #Positive examples #Negative examples

E. coli 50 Yes 50 68 68 2382

E. coli 100 Yes 100 177 177 9723

E. coli 150 Yes 150 270 270 22080

E. coli 200 Yes 200 415 415 39385

A knockout is a technique to deactivate the expression of a gene, which is sim-
ulated by setting the transcription rate of this gene to zero [9]. A knockdown is
a technique to reduce the expression of a gene, which is simulated by reducing
the transcription rate of this gene by half [9]. Multifactorial perturbations are
simulated by randomly increasing or decreasing the activation of the genes in a
network simultaneously [9]. Totally there were twelve gene expression datasets
for yeast and E. coli respectively.

3.2 Experimental Methodology

We compared our proposed approach with existing supervised GRN inference
methods [9,17]. The existing methods employ support vector machines (SVM)
and use the same feature vector construction method as ours (cf. Sect. 2.2); how-
ever, they lack sampling and boosting techniques. Table 3 lists the abbreviations
of the fifteen algorithms that we evaluated and compared in this study where
twelve algorithms are boosting-related and three algorithms are SVM-related.

The performance of each algorithm was evaluated through 10-fold cross val-
idation. The positive examples (negative examples, respectively) were evenly
distributed to the ten folds. When testing a fold, the Area Under the ROC
Curve (AUC) of an algorithm was calculated where the AUC is defined as

AUC =
1
2

×
(

TP
TP + FN

+
TN

TN + FP

)
(13)

Here TP (FP, TN, FN, respectively) denotes the number of true positives (false
positives, true negatives, false negatives, respectively) for the test set. A true
positive (true negative, respectively) is a predicted present link (a predicted
absent link, respectively) that is indeed a known present link (a known absent
link, respectively). A false positive (false negative, respectively) is a predicted
present link (a predicted absent link, respectively) that is in fact a known absent
link (a known present link, respectively). For each algorithm, the mean AUC,
denoted MAUC, over the ten folds was computed and recorded. The higher
MAUC an algorithm has, the better performance that algorithm achieves.

3.3 Experimental Results

We first conducted experiments to evaluate the performance of SVM with differ-
ent kernel functions, including the linear kernel, polynomial kernel of degree 2,
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Table 3. Abbreviations of the fifteen algorithms studied in this paper.

Abbreviation Algorithm

AdaBoost AdaBoost technique

AdaBoost+U AdaBoost with under-sampling technique

AdaBoost+O AdaBoost with over-sampling technique

Boost I Boost I technique

Boost I+U Boost I with under-sampling technique

Boost I+O Boost I with over-sampling technique

Boost II Boost II technique

Boost II+U Boost II with under-sampling technique

Boost II+O Boost II with over-sampling technique

Boost III Boost III technique

Boost III+U Boost III with under-sampling technique

Boost III+O Boost III with over-sampling technique

SVM SVM technique

SVM+U SVM with under-sampling technique

SVM+O SVM with over-sampling technique

Gaussian kernel, and sigmoid kernel. It was observed that the Gaussian kernel
performed the best. In subsequent experiments, we fixed the SVM kernel at the
Gaussian kernel.

Figure 2 shows the AMAUC values of the three SVM-related algorithms,
namely SVM, SVM+U, SVM+O, on the twelve yeast datasets used in the exper-
iments. For each algorithm, the AMAUC was calculated by taking the average
of the MAUC values the algorithm received over the twelve yeast datasets. It
can be seen from Fig. 2 that SVM+U performed better than SVM+O and SVM.
Figure 3 shows the AMAUC values of the twelve boosting-related algorithms on
the twelve yeast datasets used in the experiments. It can be seen from Fig. 3
that Boost III+U performed the best on the twelve yeast datasets.

Table 4 shows the MAUC values of Boost III+U and SVM+U, and compares
them with the existing approaches using SVM only [9,17] on the twelve yeast
datasets. For each dataset, the algorithm with the best performance (i.e., the
highest MAUC) is shown in bold. It can be seen from Table 4 that Boost III+U
has the best overall performance on the yeast datasets, and beats the existing
approaches using SVM only [9,17].

Figure 4 shows the AMAUC values of the three SVM-related algorithms,
namely SVM, SVM+U, SVM+O, on the twelve E. coli datasets used in the
experiments. It can be seen that SVM+O outperformed SVM+U and SVM.
Figure 5 shows the AMAUC values of the twelve boosting-related algorithms on
the twelve E. coli datasets used in the experiments. It can be seen from Fig. 5 that
Boost II+U performed the best among the twelve boosting-related algorithms.
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SVM+U SVM+O SVM

Fig. 2. AMAUC values of three SVM-related algorithms on twelve yeast datasets.

0.45

0.5

0.55

0.6

0.65

0.7

Boost III+U Boost I+U Boost II+U AdaBoost+U Boost I+O Boost III+O

Boost III Boost II Adaboost Boost I Boost II+O AdaBoost+O

Fig. 3. AMAUC values of twelve boosting-related algorithms on twelve yeast datasets.

Table 5 shows the MAUC values of Boost II+U and SVM+O, and compares
them with the existing approaches using SVM only [9,17] on the twelve E. coli
datasets. It can be seen from Table 5 that Boost II+U has the best overall
performance on the E. coli datasets, and beats the existing approaches using
SVM only [9,17].

To summarize, one of our proposed boosting methods coupled with the under-
sampling technique achieves the best performance among all the fifteen algo-
rithms studied in this paper on the yeast and E. coli datasets respectively. For
the yeast datasets, this proposed boosting method is Boost III. For the E. coli
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Table 4. MAUC values of three algorithms on twelve yeast datasets.

Dataset Boost III+U SVM+U SVM

Yeast 50 knockouts 0.709 0.802 0.534

Yeast 50 knockdowns 0.664 0.790 0.529

Yeast 50 multifactorial 0.679 0.736 0.526

Yeast 100 knockouts 0.729 0.638 0.487

Yeast 100 knockdowns 0.706 0.690 0.489

Yeast 100 multifactorial 0.701 0.639 0.472

Yeast 150 knockouts 0.633 0.529 0.486

Yeast 150 knockdowns 0.673 0.519 0.494

Yeast 150 multifactorial 0.680 0.538 0.474

Yeast 200 knockouts 0.599 0.622 0.490

Yeast 200 knockdowns 0.612 0.623 0.490

Yeast 200 multifactorial 0.608 0.540 0.471

AMAUC 0.666 0.638 0.495

0.5

0.52

0.54

0.56

0.58

0.6

0.62

0.64

0.66

0.68

0.7

SVM+O SVM+U SVM

Fig. 4. AMAUC values of three SVM-related algorithms on twelve E. coli datasets.

datasets, this proposed boosting method is Boost II. Both boosting methods cou-
pled with the under-sampling technique are superior to the existing approaches
using SVM only [9,17].

Our boosting techniques are based on a weighted decision tree [1]. We
have combined the boosting techniques with other machine learning algorithms
including random forests [5], SVM with the linear kernel, SVM with the sigmoid
kernel, SVM with the Gaussian kernel, and SVM with the polynomial kernel of
degree 2. However, the performance of these other machine learning algorithms
is inferior to the performance of the weighted decision tree used in this paper.
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0.75

Boost II+U AdaBoost+U Boost III+U Boost I+U Boost I+O Boost III+O

AdaBoost+O Boost II+O Boost III Boost I Boost II AdaBoost

Fig. 5. AMAUC values of twelve boosting-related algorithms on twelve E. coli datasets.

Table 5. MAUC values of three algorithms on twelve E. coli datasets.

Dataset Boost II+U SVM+O SVM

E. coli 50 knockouts 0.872 0.767 0.669

E. coli 50 knockdowns 0.866 0.776 0.505

E. coli 50 multifactorial 0.879 0.819 0.706

E. coli 100 knockouts 0.770 0.708 0.493

E. coli 100 knockdowns 0.758 0.712 0.492

E. coli 100 multifactorial 0.750 0.711 0.490

E. coli 150 knockouts 0.625 0.567 0.498

E. coli 150 knockdowns 0.597 0.596 0.500

E. coli 150 multifactorial 0.636 0.584 0.508

E. coli 200 knockouts 0.702 0.683 0.504

E. coli 200 knockdowns 0.705 0.682 0.495

E. coli 200 multifactorial 0.678 0.666 0.495

AMAUC 0.736 0.689 0.529

As a consequence, the results from the other machine learning algorithms are
not reported here.

To evaluate the effectiveness of the proposed sampling and boosting tech-
niques, we have also tested and compared the following four algorithms: (i)
the weighted decision tree without boosting and sampling techniques; (ii) the
weighted decision tree with boosting techniques only; (iii) the weighted decision
tree with sampling techniques only; and (iv) the weighted decision tree with
both boosting and sampling techniques. The results from the yeast and E. coli
datasets are similar. For example, for the yeast datasets, the AMAUC value
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for the weighted decision tree without boosting and sampling techniques is 0.45.
This is lower than the existing approaches using SVM only (with AMAUC being
0.495 as shown in Table 4). When the weighted decision tree is coupled with only
the Boost III technique, its AMAUC value is 0.53. When the weighted decision
tree is coupled with only the under-sampling technique, its AMAUC value is
0.61. When the weighted decision tree is coupled with both Boost III and under-
sampling techniques, its AMAUC value is 0.666 as shown in Table 4, which is
much higher than the AMAUC value of 0.45 achieved by the weighted decision
tree without boosting and sampling techniques.

4 Conclusion and Future Work

In this paper we present a new approach to gene network inference through
regulatory link prediction. Our approach uses a weighted decision tree as the base
learning algorithm coupled with sampling and boosting techniques to improve
prediction performance. Experimental results demonstrated the superiority of
the proposed approach over existing methods [9,17], and the effectiveness of our
sampling and boosting techniques.

Moving forward, we are extending the techniques described here to miRNA-
mediated regulatory networks. In addition to their importance as regulatory
elements in gene expression, the capacity of miRNAs to be transported from cell
to cell implicates them in a panoply of pathophysiological processes that include
antiviral defense, tumorigenesis, lipometabolism and glucose metabolism [25,26].
This role in disease complicates our understanding of translational regulation
via endogenous miRNAs. In addition, miRNAs seem to be present in differ-
ent types of foods with potential implications on human health and disease.
Understanding the biogenesis, transport and mechanisms of action of miRNAs
on their target genes would result in possible therapies. Thus, reverse engineer-
ing of miRNA-mediated regulatory networks would contribute to human health
improvement and disease treatment. We are exploring new ways for inferring
such networks. We are also investigating other algorithms such as guided reg-
ularized random forests (GRRF) [7,24] and compare them with the weighted
decision tree employed here.
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