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The inference of complex networks is a challenging problem not only in biolog-
ical sciences, but also in a wide range of disciplines such as chemistry, technology,
economics or sociology. Several methods have been proposed in the literature to
solve this problem [4, 5], being MIDER (network inference with Mutual Infor-
mation Distance and Entropy Reduction) one of the most accurate methods [7].
MIDER is a data-driven statistical method that uses information theory as a
way to relate the individuals within the network.

When no prior knowledge is introduced, the reconstruction of complex net-
works depends on the available data. In many cases, the data collection repre-
sents a challenge, due to the existence of missing data. While many different
methodologies have been developed for the inference task, they seldom address
the missing data issue. Latent Variable-based (LV) methods can be used to im-
pute the missing values considering the whole structure of the data set. In this
way, a set of latent variables, linear combinations of the original ones, are built
based on the relationships among variables, explaining the main features of the
data. Using these new variables, an imputation can be performed based on the
values of the variable with missing data and the values of the other ones.

Here we propose to add a new functional module on the existing MIDER
toolbox, devoted to handle missing data. If the toolbox detects that the raw
data has missing values, an adapted version of the LV missing data method
Trimmed Scores Regression (TSR) [2] is applied in order to fill the holes in the
data set coherently with the latent structure of data. This method begins with
an initial mean imputation of the missing values. Then, a regression model is
fitted between the unknown part of the data set and the latent variables of the
known part. The original missing values are substituted by the estimations of
the model and another regression model is fitted again. Finally, this procedure
is iterated until the values of the estimations converge.

This methodology is tested in four well-known benchmark problems from the
MIDER original paper [7]. The first benchmark problem is a small chain of three
reactions between four species [6]. The second one is the so-called IRMA (In vivo
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Reverse-engineering and Modeling Assessment) [3]. The third problem models
the first steps of a glycolytic pathway [1]. The last one was generated for the
DREAM4 challenge3 and consists of time series from the 10-node network 1.

Additionally, a comparative study is carried out between TSR and other
missing data approaches: Complete Case analysis (CC), inconditional Mean Im-
putation (MI), Linear Interpolation (LI) and Iterative Algorithm (IA) [8]. CC
is equivalent to discard the observations with missing data, MI and LI are uni-
variate imputation methods, and IA is a LV method which imputes the missing
values iteratively, based on a LV model of the whole dataset, until convergence.
Incremental percentages of missing values are simulated in each benchmark prob-
lem, and then the network is inferred using each missing data method plus
MIDER. Finally, the reconstructed network is compared with the MIDER recon-
struction with complete data. Precision and recall of the reconstructed network
are selected as performance criteria.

From the comparative study the following statements can be made. First, tra-
ditional approaches used by practitioners (CC, LI and MI) have problems when
the datasets have high percentages of missing values and when the complexity of
the network increases. Both IA and TSR are able to impute the missing values in
all datasets for all percentages, achieving TSR a significantly better performance
in terms of precision and recall.

By extending MIDER with this new functionality we have combined two dif-
ferent approaches for data analysis: information-theoretic and variance-based.
The joint use of both methodologies increases significantly the number of datasets
that can be used for network inference.
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