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Abstract. The inference of gene regulatory networks (GRNs) from
expression profiles is a great challenge in bioinformatics due to the curse
of dimensionality. For this reason, several methods that perform data
integration have been developed to reduce the estimation error of the
inference. However, it is not completely formulated how to use each
type of biological information available. This work address this issue
by proposing feature selection approach in order to integrate biological
data and evaluate three types of biological information regarding their
effect on the similarity of inferred GRNs. The proposed feature selection
method is based on sequential forward floating selection (SFFS) search
algorithm and the mean conditional entropy (MCE) as criterion function.
An expression dataset was built as an additional contribution of this work
containing 22746 genes and 1206 experiments regarding A. thaliana. The
experimental results achieve 39% of GRNs improvement in average when
compared to non-use of biological data integration. Besides, the results
showed that the improvement is associated to a specific type of biological
information: the cellular localization, which is a valuable and informa-
tion for the development of new experiments and indicates an important
insight for investigation.

Keywords: Gene regulatory networks · Feature selection · Data inte-
gration · Bioinformatics · Arabidopsis thaliana

1 Introduction

One of the main challenges in bioinformatics is to perform the reverse engineering
of GRNs (gene regulatory networks) from expression profiles [2]. Since the genes
and their corresponding proteins are only part of a whole biological system, it is
important to discover the network of interactions between the cell components to
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better understand how the systems work. Furthermore, such knowledge can be
useful to perform intervention and control of the system[23]. The development of
techniques such as DNA microarrays, SAGE and RNA-Seq [29] allowed studying
the dynamic of the cell in a scale that was unfeasible with the previous methods.
Since the interaction between the genes works as a network that produces the
observed expression, the idea is to perform a reverse engineering in order to
recover the network from the expression profiles.

The search space of possible networks is huge. Thus, the inference can be
modeled as a feature selection problem, where a criterion function is used to
evaluate a subset of predictor genes (features) that better classify the state of
a given target gene based on the expression values [16,17]. In this way, the
inference consists in searching for a subset of predictors for each target.

A GRN can be modeled as Bayesian Networks [12], Boolean Networks [8],
Probabilistic Boolean Networks (PBN) [25] or Probabilistic Genetic Network
(PGN) [3]. Also, distinct criterion function can be used for inference. Some
criterion function as Pearson correlation [26] are limited to the evaluation of
pairs of genes and the combinatorial regulation of multiple predictors cannot be
assessed. The Coefficient of Determination (CoD) [13] is not limited to a number
of variables and allows to model the multivariate nature of the regulation. Other
criterion functions are based on information theory such as Mutual Information
[22], Tsallis Entropy [19] and Mean Conditional Entropy (MCE) [18].

One of the main limitations of the inference is the high dimensionality. For
this reason, it is important the development of new methods that take into
account other information than the expression profiles in order to reduce the
intrinsic estimation error of the inference and to recover plausible biological
networks.

Distinct approaches have been proposed to implement data integration in
GNs. Some works evaluate the data integration in biological networks [20,21,28].
Other methods perform a clustering analysis to identify groups of genes related
to some particular property [7]. Other methods include known information about
the topological properties of the network such as degree of connectivity, average
path length and other local and global characteristics [16,27].

However, a methodology to define how to select the biological information in
order to reduce error on inference is still not completely formulated. Moreover,
the study of distinct biological information can reveal the contribution of each
one in the inference and favor the discovery of new biological knowledge such
as biological information that are decisive to characterize the network together
with the system dynamic. This work proposes a feature selection approach in
order to evaluate a GRNs inference model based on a criterion function that
encodes multivalued biological features applied on the A. thaliana organism.
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2 Materials and Methods

2.1 Gold Standard Network

The gold standard network is the directed graph with the known physical direct
interactions between each predictor (TF) and their target genes. The Arabidopsis
thaliana gold standard network (AtRegNet) was obtained from AGRIS (The
Arabidopsis Gene Regulatory Information Server) [30] on which each interaction
is verified in at least one experimental approach. The graph has 8154 genes of
which 67 are predictors and 8131 are target genes, comprising 11481 edges.

Expression Data. All expression data were obtained from GEO [4] and only
samples of the platform GPL198 (Affymetrix Arabidopsis ATH1 Genome Array)
were selected. The chip contains 22810 probe sets that were mapped to genes
through annotation data from TAIR [15], Gene Ontology [1] and TIGR [5]. A
probe set is a collection of sequences (probes) used to identify a gene sequence
and to measure its expression.

The GEO files containing the expression samples were obtained through the
R Bioconductor, GEOquery and Biobase [6]. The files in SOFT format were
acquired in three types: GDS (GEO Dataset, 13 files), GSE (GEO Series, 58
files) and GSM (GEO Samples, 109 files), each one with a set of expression
experiments. The files were preprocessed to obtain the expression values and to
filter out samples with missing data. Thus the 180 files resulted on a table with
22746 genes and 1206 experiments.

Biological Information. A set of features associated to each probe set in the
expression data where obtained from TAIR, KEGG [14] and NCBI [11]. For
each probe set a corresponding locus identifier (TAIR) and a NCBI gene id
were obtained. Then, the biological information associated to the NCBI gene
id were obtained from the NCBI and features associated to the locus identifier
were obtained from TAIR and KEGG. The dataset contains 23593 annotated
elements and 15 features related to several biological aspects.

2.2 GRNs Inference

To infer the GRN it is necessary determine the best subset of predictors for
each target gene. Thus, in a dataset with n transcription factors there are 2n

possible subset of predictors for each gene. Since the search space is huge, the
sequential forward floating selection (SFFS)[24] algorithm was adopted to search
for the best solution. The criterion function evaluates each subset by taking into
account both the expression values and the biological information on the dataset.
The expression value part is evaluated computing the mean conditional entropy
(MCE) [18]. The MCE is computed as the average of the entropies of a target
gene Y given the values of the predictors X (Eq. 1).

H(Y |X) =
∑

x∈X

H(Y |x)P (x). (1)
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The MCE take into account only the expression values. Because the small
number of samples it is common the occurrence of many ties between distinct
set of predictors. Thus, only the expression data is commonly insufficient to
determine a suitable solution. For this reason, the proposed criterion function
includes a term related to another type of feature, i.e., a biological information.

F (Y,X) = α[H(Y |X)] + β[D(Y,X)], (2)

where D(Y,X) is equals to 1 when the biological information of the gene Y is
equals to X in the biological data set D. The parameters α and β defines the
weight of each type of information where β ∈ (0, 1) and α = 1 − β. Thus, with
the proposed feature selection approach the SFFS will search for the subset of
predictors that not just minimize the entropy, but also for those that are coherent
to the other biological aspects of the target gene.

3 Results and Discussion

Data Preprocessing. The expression data are represented in a table with
the variables (genes) in rows and the expression samples s(i) in columns. The
expression values of the genes of each sample s(i), s(i) ∈ R, were normalized by
the normal transformation, defined as follows:

η[s(i)] =
s(i) − E[s(i)]

σ[s(i)]
, (3)

where σ[s(i)] is the standard deviation of s(i) and E[s(i)] is the expectation of
s(i). The normalized data where discretized into three levels {-1,0,+1} through
a threshold mapping

s(i) =

⎧
⎨

⎩

−1 α < l
0 l ≤ α ≤ h

+1 α > h
(4)

where, α is the expression value of the sample s, of the gene g.

Biological Features. The annotation of genes on public databases makes
available several types of information, which refer to distinct aspects. They can
be descriptive, some times adopting conventional terms to classify the gene as
belonging to a category, for example, to a specific biological pathway, a known
function, to cite but a few. Thus, in this work were adopted three features related
to physical aspects and to the activity of the gene: (i) cellular location, (ii) path-
way and (iii) function. Then, since all annotated features into the databases are
attributes of type nominal, the value of each feature was indexed by an integer
value resulting on a dataset with 20817 unique annotated pairs (probe set, gene
locus) Table 1.

Intersection Between Datasets. To evaluate the proposed approach, the
subset of genes in the intersection of the three datasets (gold standard network,
expression and biological information) was adopted, resulting on 5974 Gene locus
(Table 2).
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Table 1. Biological information available on public databases.

Database Feature Number of distinct values

TAIR function 121
TAIR located in 6
KEGG pathway 128

Table 2. The validation dataset comprises 5974 genes.

Dataset Description Quantity

Gold standard network Edges 8589
Expression data Samples 1206

Biological features Features 3

Evaluation of the Inference. In order to measure the effectiveness of the
proposed approach it was adopted the Similarity between the gold standard and
the inferred network, which was presented by [9] and is widely used for validation
of methods of GNs inference. The validation is based on a confusion matrix, as
described in Table 3. The Similarity is computed as presented in (Eq. 5) and the
normalized value relative to the inference based only on expression data(α = 1),
defined as follows:

Table 3. Confusion matrix. TP = true positive, FN = false negative, FP = false
positive, TN = true negative.

Edge Inferred Not Inferred

Present TP FN
Absent FP TN

Similarity =
√

precision × recall =

√
TP

TP + FP
× TP

TP + FN
. (5)

The experimental results have presented distinct performance for the three
types of biological information (Figure 1(a)). In particular, the localization
improves the similarity while pathway and function increased the error of the
inference. For cellular localization, the curve increases from β varying from 0.1 to
0.7 and decreases for values greater than 0.7. This indicates that the expression
combined to cellular localization can improve the similarity and that the use of
only one type of data can limit the inference. The improvement varies according
to the threshold, being higher for small values. The average improvement when
the same weight is given to both expression and biological information ( i.e.
β = 0.5) is 39.1%.

The other two biological information presented a negative effect in similarity.
A possible explanation is that the gold standard regulatory network refers to
physical interactions and metabolic pathway and gene function refers to other
type of relationship. The localization refers to a physical space on the cell where
genes acts, metabolic pathway is more generic than localization and refers to
the biological pathway the genes are related (not necessarily the genes are in
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Fig. 1. Evaluation of the data integration of three types of biological information: Func-
tion, Metabolic pathway and Cellular localization. Weight = 0 means only expression.
Weight = 1 means only biological information.

the same local or interacts physically each other) and, an even more generic
than metabolic pathway is the gene function. Thus, several proteins can have
the same molecular function or acts in common metabolic pathways and can be
an explanation for the decreasing in similarity. This points to the importance of
the correct feature selection that can reduce the estimation error, specially in
this type of multilevel data integration.

Figure 1(b) shows the improvement in similarity. Results show the similarity
increases more and faster for lower thresholds and that both expression and
localization are important. For weight of biological information over 0.7 the
similarity decreases faster despite of the threshold.

Another important issue is the validation of GNs inference. Here, we adopted
the validation regarding to a know network, which useful to evaluate the inferen-
tial perspective as pointed by [10]. The validation of methods of data integration
is still an problem to be solved in GNs inference.

4 Conclusions

This work presented a feature selection approach for integration of distinct
datasets based on expression data and biological information for the inference of
gene regulatory networks, which is based on SFFS search algorithm and MCE
criterion function. An expression dataset was built as an additional contribution
of this work containing 22746 genes and 1206 experiments regarding A. thaliana.
The dataset was composed with a gold standard network, expression data and
biological features were assembled and the proposed approach was applied on the
composed dataset. The results showed the increasing on the similarity (average
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39%) of the recovered network when the criterion function is based on cellu-
lar localization. Also, the results showed that the performance is better when
expression and cellular localization are combined instead of the use of each one
only, which is a valuable information for the development of new experiments
and indicates an important insight for investigation.

The evaluation of GNs inference is commonly performed based on the know
links of a gold-standard network. However, other biological information could be
also used to validate the inference methods. Thus, as future work it is suggest
the investigation of validation measures that take into account distinct biological
data. Also, the inclusion of more types of biological information and to perform
the proposed approach using these biological information can be considered as a
further work. Moreover, would be also important to evaluate the best set of the
parameters (weight of biological information and the threshold of the criterion
function).
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