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What is Causal Discovery? How to Build a Causal Network

Step 1 - Collect data

Causal discovery uses data to determine which factors influence

others. It allows us to separate cause from coincidence. Gather biological data such as gene
expression, protein levels, or patient
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We apply these methods to biological data where identifying

hidden effects is important for understanding and developing Alink @ —>  meansthat @ causes

treatments for disease. If we were trying to reduce rates of We test the ability of tMIIC' (temporal Multivariate Information-
sunburn, it is important to know that stopping ice cream sales based Inductive Causation) to reconstruct known networks from
won’t help. time series data.

tMIIC: Causal Discovery for Time Series Data
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Improving Causal Discovery Conclusions
Our work shows that temporal causal discovery works best when data is - . o
collected at appropriate intervals. Infrequent measurements mean important ldentifying causal.relatlonshlps 'S iImportant
details are missed. Too frequent, and noise may obscure meaningful patterns. for understanding complex biological
systems and can provide a starting point for

Best mathematical models.
performance

Our work has shown that causal discovery
erfarmance methods are effective at this task, and their

performance can be optimized, for example
by inputting data taken at intervals that best
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