Additional file 4: Supplementary Methods: Introduction of network construction algorithm 

Model
We assume that the joint probability mass function of the expression of m transcripts  may be represented by individual expression levels  and pairwise interactions (co-expressions) . This is usually stated in terms of the Gibbs measure [1], or the Hamiltonian of the system, as follows:

where Z is the normalization constant and  are potential functions.  Such assumptions have been exploited in many methods for building genetic co-expression networks [2] and also in the theory of Markov random fields [1]. 

Measure of co-expression
To quantify co-expression of transcripts we use the generalized one parameter family of Renyi divergence measures [3]: 

 where 
are probability vectors. For discrete distributions, the Renyi divergence shares a wide variety of properties with the standard Kullback-Leibler divergence [4] and the chi-square distance. We quantify the strength of pairwise interactions (RNA co-expression) by measuring the ‘distance’ (Renyi divergence) between the (marginalized) bivariate distribution of  and the product of its marginals:

Following the standard convention for , where the Kullback-Leibler divergence between the bivariate distribution and the product of its marginals is called ‘Mutual Information’, we call the above defined functionals ‘Renyi mutual information’.  It is important to note that the Renyi mutual information equals zero if and only if the bivariate distribution equals the product of its marginals (i.e. the expression levels of the two RNAs are independent).

The parameter  in the Renyi mutual information allows for up or down weighting of negative or positive dependencies in the considered two-dimensional contingency table corresponding to the empirical bivariate distribution [5–7].  Here, we aimed to investigate context-dependent co-expression patterns (the context being varying genetic and environmental backgrounds). Therefore, in addition to the resampling procedure (see Additional file 6), we investigated the impact of rare versus frequent bins in the contingency table on co-expression by changing the free parameter . We selected several different values of this parameter (ranging form 0.1 to 3) and observed that the degree distribution of the graph remained unchained whereas we observed a small stability of individual co-expressed pairs. It remains to be determined whether for specific, small scale systems of RNAs a higher (or lower) stability of interactions may be achieved via the choice of the  parameter.  Nevertheless, we find that the impact of frequent versus rare co-expressions may be changed by up- or down-weighting positive and negative dependencies using the free parameter[8].

Data Processing Inequality
Note that we assume that the probability mass function may be written in the Gibbs form with only first and second order interactions. In such a setting, Margolin et. al. used the standard Mutual Information as measure of co-expression (estimated via the Gaussian kernel method) and employed the Data Processing Inequality for pruning indirect interactions as part of the ARACNE algorithm for building co-expression networks [2]. We note that the Data Processing Inequality holds for the generalized Renyi divergence measures as well (see also Theorem 1 and Theorem 9 in van Erven & Harremoes, 2014) [9]. Accordingly, we also employ the Data Processing Inequality to prune ‘indirect’ edges from the full graph. Therefore, at each repetition of the resampling procedure our algorithm considers all triangles in the full graph and removes the ‘weakest’ edge (i.e. the co-expression with the lowest value) of each triangle, since, in the simplest Markov-type model, the information represented by the weakest edge in a triangle is explained by the two stronger ones (i.e. the weakest interaction is indirect).
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