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cascades. Here, we apply a novel method to identify master regulatory genes linked to epilepsy.

|. Reproducible Inference of a Boolean Network

First, our work focus on combining public data sources to design an end-to-end pipeline for the synthesis of a dynamic gene regulatory
network, starting from a subset of genes. This network models the regulatory dynamics in a well-chosen cell line.
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R TR N In the application to epilepsy, we considered the gene module M30 associated with
LINCS L1000 [3] @ Bi"a”zaﬂ”"”dmw' epileptic de novo mutations [7/], and gene expression data from neural progenitor and
il m neuroblastoma cell lines.
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Figure 1. The Boolean network identification pipeline. o
(A) data collection. (B) data processing. (C) inference. Figure 2. Inferred network resulting from the M30 gene module.

Il. Dynamic Detection of Master Reqgulators I1l. Validation of master regulator candidates
Second, we defined the concept of “gene influence”, in terms of Fig. 3 (left) displays the Spearman’s p correlation heatmap between spread
transcriptomic Impact of gene perturbation In this network, values, network centrality measures (Control Centrality [10]), and scores
called spread value. For any gene n and initial state |, associated with the pathogenicity of genes (pLI [11], RVIS [12], EDS [13]) In

M30. Spread values are consistent and both correlated with network-
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o L Figure 3. Correlation with network centrality and gene pathogenicity measures
olas,a®)=1- Eg ja i) = a”li] (left), pathway enrichment analysis (ORA) on candidates (right).

Finally, we applied an influence maximization algorithm [9] to retrieve ccl 406 3.0 40 BESSSEENSOEE 3.0 350 30 30 20 40 BESOm™.°
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Figure 4. Top genes for spread value (center) with associated Control Centrality
(CC, top) and pLI score (bottom).
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This approach, which combines the synthesis of a Boolean network and

Influence maximization, can generically be applied to any disease. Discussion
This methodology allows a reproducible detection of master regulators, introducing

To adapt this pipeline to another disease, one needs to change the gene for the first time a measure which takes into account transcriptional cascades

subset and the cell line(s) on which the network should be built, as well as on gene expression. It reduces the amount of data needed as input, which Is one
the set of Initial network states for the detection of master regulators. of the main caveats of researching on rare diseases.




