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lag Markovian processes
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Silini R & Masoller C, Sci. Rep. 11, 8423 (2021) https://github.com/riccardosilini/pTE
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Schreiber, T. and Schmitz, 
A.: Surrogate time series, 
Physica D, 142(3–4), 346–
382, 2000. 
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Data Generating Processes

Some examples…
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Climate Indices: 
Monthly Atmospheric 
& Ocean Time-Series
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Build causality networks
With lags 1, 3, 6 months
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Contain useful information to improve the prediction of PDO

Some examples…



What

WHERE to get the 
information from

Information used to predict 
the future of a variable

Information-theoretic 
causality measures are 
computationally expensive

Approximation with a 
normal distribution

Fast and effective metric to 
find information transfer
- Good for linear and weakly 

nonlinear processes
- Good for relatively short time 

series

- Silini R, Tirabassi G., Barreiro M, 
Ferranti L & Masoller C, 
Clim. Dyn. (2022) , under review. 
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