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* Detecting properties that can influence dynamic processes unfolding on
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* Guiding the development of higher order evolving network models
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Figure 4 Comparison of facet size distributions. We show the facet size distributions (top) and their
Jensen-Shannon divergence (bottom right) for all categories, ordered by max s value. We find three main
blocks of categories, which we highlight with different colors (bottom left).
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Here, we propose methods to characterize
simultaneously the temporal and
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orders.
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Characterization of temporal and topological
properties of events

* Relation of topological and temporal distance of events with different
orders

* Analysis of the topological overlap of events with different orders

 Temporal correlation of events with different orders overlapping in
topology



Which higher-order evolving networks?

Network | A | | Z| |&] T dt | contacttype
Primary School (PS) 242 12704 | 106877 | 3099 20s | physical
High School 2013 (HS2013) 327 7818 | 172031 | 7371 | 20s | physical
Hypertext 2009 (HT2009) 113 2434 | 19037 | 7227 | 20s | physical
[nfectious (Infectious) 410 3350 | 14275 | 1422 | 20s | physical
Workplace 2015 (WP2) 217 4909 | 73820 | 20947 | 20s | physical
SFHH Conterence (SFHH) 403 10541 | 54306 | 3800 | 20s | physical
Hospital (Hospital) 75 1825 | 27835 | 16027 | 20s | physical
High School 2012 (HS2012) 180 2645 | 42105 | 14115 | 20s | physical
High energy physics, lattice (hep-lat) | 10598 | 11588 | 18267 10809 | 1d | collaboration
Nuclear physics, theory (nucl-th) 25246 | 27094 | 39511 10620 | 1d | collaboration
Quantitative biology (g-bio) 45645 | 22978 | 25973 10704 | 1d | collaboration
Quantitative finance (g-fin) 7509 | 6192 | 7577 9027 1d | collaboration
Quantum physics (quant-ph) 56036 | 70119 | 88769 10600 | 1d | collaboration
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Take home messages

* In physical contacts, events of different orders close In
time tend to happen also close in topology

* In every considered networks, events of different orders
overlap in component nodes

* |In physical contacts, events with different orders
overlapping in component nodes are correlated in

time
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