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Discovering causal effects is at the core of scientific investigation but remains
challenging when mostly observational data is available. In essence, causal dis-
covery infers cause-effect relations from specific correlation patterns involving
at least three variables, which goes beyond the popular notion that pairwise
correlation does not imply causation. In principle, causal insights may also help
improve the explainability and generalizability of AI methods. Yet, in practice,
causal representations have been difficult to learn and interpret, in particular,
for high dimensional data such as state-of-the-art biological and biomedical data.

Single-cell transcriptomics and bioimaging techniques produce massive amounts
of gene expression and cell imaging data at single cell resolution. However, this
wealth of high-dimensional biological data remains largely under-explored due
to the lack of unsupervised methods and tools to interpret them without precon-
ceived hypothesis. This highlights the need to develop novel Machine Learning
strategies to better exploit the richness and complexity of the information con-
tained in high-dimensional biological and biomedical data.

In this talk, I will outline some network reconstruction methods and applica-
tions to a broad range of biological and clinical datasets. In particular, our
group has developed a reliable and scalable causal discovery method, MIIC
(https://miic.curie.fr), to learn cause-effect relationships in a variety of bio-
logical or biomedical data, from single-cell transcriptomic data [1,2,3,4] and live-
cell imaging data [5] to clinical data from medical records of patients [6,7,8,9].
MIIC combines multivariate information analysis with interpretable graphical
models [10,11,12] and outperform other methods on a broad range of bench-
mark datasets, in particular on complex non-linear, categorical or mixed-type
datasets [9,10]. MIIC has also been recently integrated in the CausalXtract tool
[5] to analyze live-cell time-lapse images of tumor-on-chip data, as well as in the
CausalCCC tool [1] to reconstructs gene interaction pathways across multiple
interacting cell types from single-cell or spatial transcriptomic data.
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