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1. Abstract

Power-law distributions are widely recognized in complex systems’ physics as indicative of underlying complexity of interaction networks and critical
macroscopic behavior. In this work, we examine how power-law behavior arises in delay distributions within a multi-level hierarchical network of moving
agents in presence of simple priority rules. Using the Italian railway systems as case study, we introduce Laplacian fluctuations into the dynamics and
find that local trains experience significantly more frequent and larger delays than high-speed ones which can be interpolated by a power-law. We
propose a queue-based dynamical model which accurately reproduces the observed power-law exponent characterizing the Italian local train delays.
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full data range, with a lower decay rate. Conversely, local trains still obey a power-law distribution,
but with a shallower exponent (Italian: —3.69, German: —2.74) resulting in a heavier tail.
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comparison between the Italian and German datasets further highlights how operational policies

- g imprint themselves on delay statistics.
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