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How can we measure them? 

RFID tags 

Smartphone Bluetooth 

Hospital records 

Public transportation 

Sensor nodes 

Wi-fi routers 

Cell phone towers 

. . . 

Co-tagged in images 

Sexual contacts  

Internet dating 
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Contact sequences

i 

2 
6 
2 
10 
7 
3 
5 
2 
7 
10

j 

4 
8 
8 
11 
2 
5 
3 
10 
3 
2

t 

10 
10 
15 
20 
22 
25 
30 
30 
31 
34



Temporal networks

Timelines of nodes
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Temporal networks

Annotated graphs
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Temporal network 
epidemiology



Temporal nwk. epidemiology
Step 1: Compartmental models
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Step 1: Compartmental models



time

Temporal nwk. epidemiology
Step 2: Contact patterns
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Rocha, Liljeros, Holme, 2010. PNAS 107: 5706-5711. 
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Time matters
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a b s t r a c t

A great variety of systems in nature, society and technology – from the web of sexual

contacts to the Internet, from the nervous system to power grids – can be modeled as

graphs of vertices coupled by edges. The network structure, describing how the graph is

wired, helps us understand, predict and optimize the behavior of dynamical systems. In

many cases, however, the edges are not continuously active. As an example, in networks

of communication via e-mail, text messages, or phone calls, edges represent sequences

of instantaneous or practically instantaneous contacts. In some cases, edges are active for

non-negligible periods of time: e.g., the proximity patterns of inpatients at hospitals can

be represented by a graph where an edge between two individuals is on throughout the

time they are at the same ward. Like network topology, the temporal structure of edge

activations can affect dynamics of systems interacting through the network, from disease

contagion on the network of patients to information diffusion over an e-mail network. In

this review, we present the emergent field of temporal networks, and discuss methods

for analyzing topological and temporal structure and models for elucidating their relation

to the behavior of dynamical systems. In the light of traditional network theory, one can

see this framework as moving the information of when things happen from the dynamical

system on the network, to the network itself. Since fundamental properties, such as the

transitivity of edges, do not necessarily hold in temporal networks, many of thesemethods

need to be quite different from those for static networks. The study of temporal networks is

very interdisciplinary in nature. Reflecting this, even the object of study has many names—

temporal graphs, evolving graphs, time-varying graphs, time-aggregated graphs, time-

stamped graphs, dynamic networks, dynamic graphs, dynamical graphs, and so on. This

review covers different fields where temporal graphs are considered, but does not attempt

to unify related terminology—rather, we want to make papers readable across disciplines.

© 2012 Elsevier B.V. All rights reserved.
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Fat-tailed interevent time distributions

Slowing down of spreading.
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But both the cell 
phone and the 
prostitution data are 
bursty. So why are 
they diferent w.r.t. 
spreading?
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precursors: 

P Holme, 2003. Network dynamics 
of ongoing social relationships. 
Europhys. Lett. 64:427–433. 

G Miritello, R Lara, M Cebrian, E 
Moro, 2013. Limited communication 
capacity unveils strategies for 
human interaction. Sci. Rep. 3:1560.
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Reference models
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SIR on prostitution data
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SIR, average deviations
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More temporal structures

…a no-brain (low-brain?) approach

P. Holme, 2016. 
Temporal network structures controlling 

disease spreading. 
Phys. Rev. E 94, 022305.
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Ridiculograms (time)
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Network structures
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Chose a person at random.

Neighborhood vaccination 
Cohen, Havlin, ben Avraham, 2002.



Ask her to name a friend.

Neighborhood vaccination 
Cohen, Havlin, ben Avraham, 2002.



Vaccinate the friend.

Neighborhood vaccination 
Cohen, Havlin, ben Avraham, 2002.
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Other results



Future

Visualization. 

Important temporal-network measures.* 

Mesoscopic structures.* 

Finite-size scaling (how to scale up results to 

populations). 

Generative models. 

New kinds of data. 

*beyond generalizations from static networks 
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