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We have developed an innovative method that combines single-cell RNA sequencing (scRNAseq) data and prior biological knowledge to accurately infer Boolean
networks (BNs) in the context of human embryonic development. By integrating gene expression data and addressing computational challenges associated with
heterogeneous scRNAseq data, our method sheds light on the regulatory interactions that drive cellular decisions during embryonic development. In contrast to
existing statistical tools like pseudo-time analysis [1] or modeling methods [2,3], our approach allows for the distinction of different developmental stages by identifying
stage-specific regulatory mechanisms, in the form Boolean network families, which consider heterogeneous and multiple cellular gene expression at each stage
without the need for perturbations in the system.
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APPLICATION ON THE TROPHECTODERM MATURATION

Objective: distinguish regulatory mechanisms between medium and late trophectoderm (TE).
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