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Spatial and 
Metapopulation 
Modeling
‣ LECTURE #1 (3h)

• Examples of spatial transmission 
• Invasion, coupled epidemics, synchrony 
• Role of networks, types of models 
• Mobility data (mobile, app-based) 
• Metapopulation models
• Integrating models & data
• Metapopulation models for control strategies

‣ LECTURE #2 (1h). 
• Applications for public health: case study 



LECTURE #1. 
Mobility networks and spatial 
disease transmission

Spatial and 
Metapopulation 
Modeling
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Networks in spatial disease transmission

Colizza et al. PLOS Medicine 2007
Balcan et al PNAS 2009
Tizzoni et al BMC Med 2012

Bajardi et al PLOS One 2009
Bajardi et al Proc Roy Soc Interface 2012
Valdano et al PLOS Compute Bill 2015



“Professional epidemiologists appear oblivious to 
where the epidemic is, asking only when numbers 
will appear along the time horizon.” (geographer 
Peter Gould, 1991) 
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Spatial disease transmission
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2014: Ebola

2001: FMD

2002-2003: SARS

2012—: MERS

2009: H1N1pdm

2014: Zika

2020: SARS-CoV-2





Black Death pattern vs. 
recent epidemics patterns ?
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COVID-19
H1N1pdm

worldpop.org

Acceleration
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http://worldpop.org


But… 1889 flu pandemic

Valleron et al PNAS 2010
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Wave vs. non-local jumps
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‣invasion
‣Coupled epidemics
‣Recolonization and synchrony

Importation vs. persistence
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‣invasion
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Pullano et al Eurosurveillance 2020

Risk of importation per country, given 1 case imported to Europe Relative risk by airport*
[Data up to 27/01/2020]

*Only the top 4 airports with largest contributions are shown
Outside EuropeRisk < 0.01%
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Reported imported cases

COVID-19 importation risk
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Gilbert et al The Lancet 2020

COVID-19 importation risk & preparedness

OECD
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Dengue importation risk

Poongavanan et al The Lancet Planetary Health 2024
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Jia et al Nature 2020

COVID-19 observed invasion
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Pullano et al JMIR Public Health Surv 2025

COVID-19 observed invasion
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Lemey et al Nature Communications 2020

From sequence data
COVID-19

MPOX

Paredes et al Cell 2024

SARS-CoV-2 variants

Graf et al Nature Communications 2024
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June 15, 2014
16 areas reporting

>1 autochthonous case

Cauchemez et al. Eurosurveillance 2014

Chikungunya observed invasion
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‣Coupled epidemics
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Mazzoli et al in preparation

COVID-19 re-seeding
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Lemey et al Nature 2021

COVID-19 re-seeding
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Lemey et al Nature 2021

Introductions vs. persistence
COVID-19
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2009 H1N1 flu pdm

Bajardi et al PLOS One 2011
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HIV risk flow networks

Valdano et al. Nature Comms 2021
Valdano et al. The Lancet HIV 2022
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Cholera 

Trevisin et al J Roc Soc Interface 2022
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‣Recolonization and synchrony
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Aleta et al. Roy Soc Open Sci 2017
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Recolonization and synchrony
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S I R

Recolonization and synchrony

Aleta et al. Roy Soc Open Sci 2017
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S I R

Recolonization

Dog rabies

Colombi et al PLOS Negl Trop Dis 2020
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Global spread

Parino et al PNAS Nexus 2025

Langedijk et al Nature Comms 2024

RSV

Seasonal flu
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MODELS DATA
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Mobility to inform spatial transmission

Adapted from Buckee et al. 2021
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Models

Colizza et al CR Biologies 2007

Homogeneous 
mixing

Population 
structure

Contact network Metapopulation Agent-based
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Models

Homogeneous 
mixing

Population 
structure

Contact network Metapopulation Agent-based

Colizza et al CR Biologies 2007
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Metapopulation models

Colizza et al JTB 2008
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no structure: 
homogeneous 
mixing

metapopulation

 discrete entities in space: patches, subpopulations
 interaction between populations : coupling, flows

Merler et al. 2015

explicit structure

Metapopulation models: a compromise
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Colizza et al PNAS 2006 Balcan et al PNAS 2007 Du et al arxiv 2018Eubank et al Nature 2004

Maximen Nature 

Tizzoni et al PCB 

Coupling across scales
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 Air travel
• metropolitan areas
• airport ‘basins of attraction’
• air travel flows (market/segment)

International scale

Rvachec, Longini 1985, Longini 1988
Grais et al 2003, Flahault et al 1991, Hufnagel et al 2004
Colizza et al PNAS 2006, PLOS Med 2007
Balcan et al PNAS 2009
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Balcan et al. PNAS 2009

Country scale

Crepey et al Am J Epic 2007
Balcan et al PNAS 2009
Tizzoni et al. PLOS Comput Biol 2014
Wesolowski et al Science 2012
Deville et al PNAS 2014
Lai et al JTM 2019

• Air travel
• Ground transportation (trains, buses, …)
• Commuting
• All movements: mobile phone data

• Administrative subdivisions
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Country scale
Dogs movements

livestock movements

Bats migration

Colombi et al PLOS Negl Trop Dis 2020

Colombi et al Sci Rep 2019

Woolhouse et al. 2005, Christley et al 2005, Bigras-
Poulin et al 2006, Ortiz-Pelaez et al 2006, Kao et al 
2007, Natale et al 2009, Vernon et al 2009, Bajardi et 
al 2009, Rautureau et al 2010, Volkova et al 2010
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Eubank et al. Nature 2004

Gonzalez et al. Nature 2008
Blondel et al. EPJB Data Sci 2015
Chang et al Nature 2020

Batty. Dialogues in Hum. Geo. 2013
Du et al arxiv 2018

City scale

Survey data
• locations…?

Public transportation data
• stations…?

Mobile phone data
• cell towers, POIs
• administrative divisions
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‣ Resident vs. non-resident
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Human vs. animal hosts ?



Mobility NETWORK 
FEATURES



AIRPORT connections

‣ long tail distributions

Passenger Fluxes

Air transportation network

‣ long tail distributions
‣ >6 orders of magnitude

P(k) ∼ k−1.8

Colizza et al PNAS 2006, JTB 2008
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Air transportation network

City population vs. Airport traffic

Passenger Flux vs. airport connections

N(T ) ∼ T 0.5

‣ larger population <—> larger traffic

wij ∼ (kikj)0.5

‣ hubs <—> larger traffic

Barrat et al PNAS 2004, Colizza et al PNAS 2006, JTB 2008
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Commuting

Balcan et al PNAS 2009

COMMUTERS of a city

Commuters between cities
‣ long tail distributions
‣ >5 orders of magnitude

‣ long tail distributions
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Mobility from mobile phone data

?
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Transportation of goods and animals

Colizza et al PNAS 2006, Bajardi et al PLOS One 2011 

P
(k

in
)

Freight transportation
‣ long tail distributions

Livestock movements
‣ long tail distributions
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Christley et al 2005, Volkova et al 2010, Natale et al 2009, Rautureau et al 2010, Bajardi et al PLOS One 2011 
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Across timescales

Christley et al 2005, Volkova et al 2010, Natale et al 2009, Rautureau et al 2010, Bajardi et al PLOS One 2011 
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Mobility models
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• What they do: capture and reproduce the spatiotemporal structures of 
human trajectories based on various factors such as population 
distribution, geographical distance, socio-economic factors, …

• WHY:
• Understanding the mechanisms
• Handling incomplete data
• Generate synthetic mobility where data are not available

Mobility models
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Barbosa et al., Physics Reports, 2018

Tij = C
Nα

i Nγ
j

f(dij)

‣ : flow 


‣ Analogous to Newton's law of gravitation where the 
populations represent masses


‣ The distance function  is commonly modeled 
with a power-law or an exponential form


‣ Other socio-economic factors can be used as 
masses or distances

Tij i → j

f (dij)

Gravity model
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Balcan et al., PNAS, 2009

54 H. Barbosa et al. / Physics Reports 734 (2018) 1–74

Fig. 43. In (a), air transport network zoomed in for the US. In (b), commuting network in the same area. In both cases, the link weights are plotted using
a heatmap code. In (c)–(f), comparison between flows coming from commuting data wD and those produced with a gravity model wM with the aim of
extrapolating short-range mobility in zones where the data was not available.
Source: Figure from [166].

network, and short-range mobility obtained from either census commuting data or estimated using the gravity law [167].
Fig. 43 displays the different components of the model.

Most notably, GLEaM was used to study the propagation patterns of the 2009 H1N1 influenza pandemic in real time. The
pandemic started in a small population ofMexico early in that year [382], and its unfolding received attention ofmassmedia
as well as the scientific community, which brought unprecedented details on the characteristics of the first imported cases
in several countries. This information allowed for the calibration of the infectivity and the seasonality in GLEaM in early May
2009 [381]. Once calibrated, the model predicted the disease propagation patterns: essentially, the arrival and prevalence
peak times for the rest of the countries of the world, predictions that were later validated, after the full surveillance reports
were available in 2012 [358]. Additionally, themodel helped estimate the actual initial number of cases present inMexico in
the early stages of the disease [383]. Ever since, the model has become an important tool for subsequent studies that takes
its results as a baseline (see, for example [352,363]) and has been also used to assess the risk of spreading of new emerging
health threats [384,362,385].

The flexibility of themultilevel framework inherent in themodel allows for the quantitative assessment of the differences
between short-range and long-range traveling on the disease propagation. In particular it was determined that travel
restrictions via decrease of the air traffic (or temporary quarantines) can at best delay the disease spread by a few days or
weeks. Unless one totally shuts down the network, or severely restricts it (which of course carries a massive economic cost)
global propagation is almost guaranteed [386,385]. Newer versions of such models factor in facets of human behavior, such
as the tendency of people to restrict contacts and travel when made aware of the existence of a dangerous disease [387],
as well as heterogeneity in the population (age, gender, socioeconomic indicators) and its effect on travel patterns [388].
Possible future directions regarding these models include the possibility of feeding them with real-time ICT collected data
onmobility [389,390,20,391] or hybrid frameworks that merge aspects of agent-based andmetapopulation modeling [372].

5.3. Virtual-scale

5.3.1. Web (online) mobility
Ostensibly, physical human mobility and virtual navigation are indeed activities of very distinct nature, yet there are a

number of reasons why the latter can be cast in the context of the former. Indeed, many daily activities that occurred in
specific physical locations, such as work, study, leisure, financial transactions, purchasing, are now increasingly migrating
towards being conducted online.Moreover, theworldwideweb (www)has a humanitarian and social role, in the sense that it
helps individuals and populations with limitedmobility to have access (albeit virtually) to locations, people and information
hitherto unreachable. For instance, the disabled [392–394] and the elderly [395–397], at an individual level, for whom the
www represents a means of overcoming their physical limitations, or even entire populations, whose mobility is restricted
for political or geographical reasons, for which the www is their only access to the outside world [398]. In this section we
present an overview of the recent empirical evidence on the statistical similarities between virtual and physical navigation.

In the context of this parallel between virtual and physicalmobility,we differentiate two classes of activities that although
related, have practical and functional distinctions, that is, mobility in virtual spaces (for example, World ofWarcraft, Second
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• A gravity model for commuting in the US
• Airport basins of attraction (change of scale) 
 

Tij = C
Nα

i N γ
j

eβdij

Application to the US
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Barbosa et al., Physics Reports, 2018
Simini et al., Nature, 2012

38 H. Barbosa et al. / Physics Reports 734 (2018) 1–74

Fig. 27. Schematic of the radiation model. (a) Commuting flows in two pairs of counties, one in Utah (UT) and the other in Alabama (AL), with similar
origin (m, blue) and destination (n, green) populations and comparable distance r between them (see bottom left table). Number of travelers in the data,
as predicted by the gravity model and finally for the radiation model shown as upper right inset. The definition of the radiation model: (b) An individual
(e.g. living in Saratoga County, NY) applies for jobs in all counties and collects potential employment offers. The number of job opportunities in each county
is chosen to be proportional to the resident population. Each offers attractiveness (benefit) is represented by a random variable with distribution p(z), the
numbers placed in each county representing the best offer among the jobs in that area. Each county is marked in green (red) if its best offer is better (lower)
than the best offer in the home county. (c) An individual accepts the closest job that offers better benefits than his home county.
Source: Figure from [42].

of opportunities [168]. In the original version of the radiation model, the number of opportunities is approximated by the
population, but the total inflows Dj to each destination can also be used [158,159,168]. The great advantage of the radiation
model compared with other spatial interaction models is the absence of a parameter to calibrate with observed data. In
particular, the flows defined in Eq. (55) are independent of the fitness distribution p(z). However, this advantage represents
also a limitation since the model does not seem to be very robust to changes in the spatial scale [158,168,43,159]. To
overcome this drawback, a radiation model with opportunities’ selection [187] and an extended radiation model [188] have
been proposed. In this extended version, the conditional probability to perform a trip between two locations according to the
spatial distribution of opportunities is derived under the survival analysis framework introducing a parameter ↵ to control
the effect of the number of opportunities between the source and the destination on the location choice. The addition of this
scaling parameter seems to greatly improve the performance of the model, and similar to the gravity model, its value can be
inferred from the scale of the study region according to the homogeneity of the opportunities’ spatial distribution [188,159].

An interpretation of the radiation model in the context of job search and, consequently, for the formation of commuting
flownetworks has been given in [189]. The basic components are individuals residingwithin a demarcated geographical area,
who are seeking employment. Job locations are uniformly distributed in space and characterized by a fitness parameter z,
which itself is drawn from a distribution that includes aspects such as wage and worker-convenience. Individuals have
a certain tolerance level, z⇤, and will search in a progressively increasing radius from their residence, with the search
terminating at the first instance of the condition z > z⇤. Using extremevalue statistics, it is possible to determine the distance
distribution, P(r), between residence and job places, which is independent of the distribution of z (for non-pathological
cases), and was calculated to be of the form

P(r) = 2 ⇢ ⇡ r
(1 + ⇢ ⇡ r2)2

, (56)

• The flow  depends on the opportunities 
( ) available at the origin and at the 
destination compared to those in the 
surrounding area of the origin ( )

• Opportunities can be approximated by the 
population size

Tij
mi, mj

sij

Tij = Oi
1

1 − mi

M

mimj

(mi + sij)(mi + mj + sij)

Radiation model

Normalization term
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Simini et al., Nature, 2012
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Figure 2 | Comparing the predictions of the
radiation model and the gravity law. a, National
mobility fluxes with more than ten travellers
originating from New York County (left panels)
and the high intensity fluxes (over 1,100 travellers)
within the state of New York (right panels). Arrows
represent commuters fluxes, the colour capturing
flux intensity: black, 10 individuals (fluxes below
ten travellers are not shown for clarity), white,
.10,000 individuals. The top panels display the
fluxes reported in US census 2000, the central
panels display the fluxes fitted by the gravity law
with14 f(r) 5 rc, and the bottom panels display the
fluxes predicted by the radiation model.
b–d, Comparing the measured flux, Tdata

ij , with the
predicted flux, TGM

ij and TRad
ij , for each pair of

counties. We compare the census data with two
formulations of the gravity law, f(r) 5 edr (c) and
f(r) 5 rc (b), and with the radiation model (d). Grey
points are scatter plot for each pair of counties. A
box is coloured green if the line y 5 x lies between
the 9th and the 91st percentiles in that bin and is
red otherwise. The black circles correspond to the
mean number of predicted travellers in that bin.
e, Probability of a trip between two counties that
are at distance r (in km) from each other, Pdist(r).
f, Probability of a trip towards a county with
population n, Pdest(n). g, The number of
commuters in a county, Ti, is proportional to its
population, mi. h–j, Conditional probability
p(T | m,n,r) to observe a flow of T individuals from
a location with population m to a location with
population n at a distance r for three triplets
(m,n,r). The gravity law predicts a highly peaked
distribution around the average value Th imnr , in
disagreement with census data and the radiation
model, which both show a broad distribution.
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Figure 2 | Comparing the predictions of the
radiation model and the gravity law. a, National
mobility fluxes with more than ten travellers
originating from New York County (left panels)
and the high intensity fluxes (over 1,100 travellers)
within the state of New York (right panels). Arrows
represent commuters fluxes, the colour capturing
flux intensity: black, 10 individuals (fluxes below
ten travellers are not shown for clarity), white,
.10,000 individuals. The top panels display the
fluxes reported in US census 2000, the central
panels display the fluxes fitted by the gravity law
with14 f(r) 5 rc, and the bottom panels display the
fluxes predicted by the radiation model.
b–d, Comparing the measured flux, Tdata

ij , with the
predicted flux, TGM

ij and TRad
ij , for each pair of

counties. We compare the census data with two
formulations of the gravity law, f(r) 5 edr (c) and
f(r) 5 rc (b), and with the radiation model (d). Grey
points are scatter plot for each pair of counties. A
box is coloured green if the line y 5 x lies between
the 9th and the 91st percentiles in that bin and is
red otherwise. The black circles correspond to the
mean number of predicted travellers in that bin.
e, Probability of a trip between two counties that
are at distance r (in km) from each other, Pdist(r).
f, Probability of a trip towards a county with
population n, Pdest(n). g, The number of
commuters in a county, Ti, is proportional to its
population, mi. h–j, Conditional probability
p(T | m,n,r) to observe a flow of T individuals from
a location with population m to a location with
population n at a distance r for three triplets
(m,n,r). The gravity law predicts a highly peaked
distribution around the average value Th imnr , in
disagreement with census data and the radiation
model, which both show a broad distribution.
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National mobility fluxes from New York County

Gravity vs. radiation model

‣ Small fluxes…
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Gravity vs. radiation model

Simini et al., Nature, 2012

Radiation Model 

• Based on population (or opportunities) 
and distances of source and destination


• Requires only population data 


• Intervening opportunities between 
source and destination


• Parameter-free (no need for 
calibration) 

• Accurate in diverse scenarios and large-
scale predictions 


• Less precise for short-distance trips


• Assumes uniform distribution of 
opportunities

Gravity model  

• Based on population (or socio 
economic factors) and distances of 
source and destination


• Adjustable parameters and multiple 
option for the distance function


• Widely used and accepted 
framework


• Requires detailed mobility data for 
calibration 

• Inconsistent predictive power (e.g., 
overestimation in sparsely populated 
areas)


• Needs for different calibration at 
different scale
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Nature, May 2019
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anonymous ID

Blondel et al 2015

Mobile Phones Data
Call Detail Records (CDRs)

Maximen 2019

time stamp 
      

antenna ID

time stamp 
      

antenna ID

anonymous ID

Mobility phone data: CDR
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Mobility phone data for routine displacements
‣ CDR captures 87% of the empirical flow, is highly correlated, but systematically 

overestimate  faster epidemic with order preserved


‣ Adjustment needed (on census data, on epidemic data)

‣ Proxy/models perform differently at different resolution scales. Radiation model 

showing higher accuracy for central seed (the opposite for peripheral locations)

→

enabling advancements in our predictive capacity [53,54].
Previous work has focused on testing mobility models’ perfor-
mance in reproducing the movements of individuals [18,19], and
its impact on epidemic simulation modeling results when fully
supported by data [19]. The full knowledge of mobility data from
national statistics is however largely limited to few regions of the
world [14], whereas in many others it may not be routinely
collected nor accessible. If mobility models often require
aggregated input data from national statistics on movement habits
[18] or the full mobility census database [19] for the fitting
procedure, mobile phone data may be thought as an ideal
alternative candidate for a proxy of human movements in absence
of (complete and/or high-resolution) mobility data from official
sources [24,26,27].

To systematically test this hypothesis exploiting the full
resolution of both the proxy data and the official census data for
commuting, we have compared these two datasets in three
European countries and performed a rigorous assessment of the

adequacy of proxy commuting patterns – extracted from mobile
phone data or synthetically modeled – to reproduce the
spatiotemporal spread of an emerging ILI infection.

Mobility data from mobile phones is able to capture well the
fluxes of the commuting patterns of the countries under study,
reproducing the large fluctuations in the travel flows observed in
the census networks. In all countries the intersection between the
two networks includes the vast majority of the commuting flows
and the correlation measured on links’ traffic and nodes’ total
fluxes of incoming or outgoing commuters is high (though not
statistically equivalent). This suggests that mobile phone data can
be used as a surrogate tracking the commuting patterns of a given
country, identifying the relative importance of its mobility
connections in terms of flows’ magnitude, with a resolution that
is equivalent to the one adopted by official census surveys or
higher. This is a particularly relevant result for data-poor
situations, where census data may not be available and official
statistics may not be enough to correctly inform a mobility model.

Figure 4. Epidemic spreading. Comparing the epidemic behavior on the census network and two proxy networks, mobile phone (red symbols)
and radiation model (blue symbols), in Portugal (top panels), Spain (middle) and France (bottom). a, d, g Jaccard similarity index measured between
the epidemic infection tree of the census network and the infection tree of the proxy network, for three values of the basic reproduction number R0 .
Each symbol corresponds to a different initial infection seed, displayed on the map (right panels). b, e, h Differences between the arrival times in the
census network and in the proxy network, for different values of R0 and infection seed. Box plots indicate the 90% reference range, measured on all
the network nodes. c, f, i Comparing the arrival times in the mobile phone network tmp

a with those in the census network tc
a , for R0~1:5 and the

epidemic starting from the capital city. Red points are scatter plot for each node of the network and we subtracted the average systematic difference
SDtaT from each tmp

a .
doi:10.1371/journal.pcbi.1003716.g004
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is equivalent to the one adopted by official census surveys or
higher. This is a particularly relevant result for data-poor
situations, where census data may not be available and official
statistics may not be enough to correctly inform a mobility model.

Figure 4. Epidemic spreading. Comparing the epidemic behavior on the census network and two proxy networks, mobile phone (red symbols)
and radiation model (blue symbols), in Portugal (top panels), Spain (middle) and France (bottom). a, d, g Jaccard similarity index measured between
the epidemic infection tree of the census network and the infection tree of the proxy network, for three values of the basic reproduction number R0 .
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its impact on epidemic simulation modeling results when fully
supported by data [19]. The full knowledge of mobility data from
national statistics is however largely limited to few regions of the
world [14], whereas in many others it may not be routinely
collected nor accessible. If mobility models often require
aggregated input data from national statistics on movement habits
[18] or the full mobility census database [19] for the fitting
procedure, mobile phone data may be thought as an ideal
alternative candidate for a proxy of human movements in absence
of (complete and/or high-resolution) mobility data from official
sources [24,26,27].

To systematically test this hypothesis exploiting the full
resolution of both the proxy data and the official census data for
commuting, we have compared these two datasets in three
European countries and performed a rigorous assessment of the

adequacy of proxy commuting patterns – extracted from mobile
phone data or synthetically modeled – to reproduce the
spatiotemporal spread of an emerging ILI infection.

Mobility data from mobile phones is able to capture well the
fluxes of the commuting patterns of the countries under study,
reproducing the large fluctuations in the travel flows observed in
the census networks. In all countries the intersection between the
two networks includes the vast majority of the commuting flows
and the correlation measured on links’ traffic and nodes’ total
fluxes of incoming or outgoing commuters is high (though not
statistically equivalent). This suggests that mobile phone data can
be used as a surrogate tracking the commuting patterns of a given
country, identifying the relative importance of its mobility
connections in terms of flows’ magnitude, with a resolution that
is equivalent to the one adopted by official census surveys or
higher. This is a particularly relevant result for data-poor
situations, where census data may not be available and official
statistics may not be enough to correctly inform a mobility model.

Figure 4. Epidemic spreading. Comparing the epidemic behavior on the census network and two proxy networks, mobile phone (red symbols)
and radiation model (blue symbols), in Portugal (top panels), Spain (middle) and France (bottom). a, d, g Jaccard similarity index measured between
the epidemic infection tree of the census network and the infection tree of the proxy network, for three values of the basic reproduction number R0 .
Each symbol corresponds to a different initial infection seed, displayed on the map (right panels). b, e, h Differences between the arrival times in the
census network and in the proxy network, for different values of R0 and infection seed. Box plots indicate the 90% reference range, measured on all
the network nodes. c, f, i Comparing the arrival times in the mobile phone network tmp

a with those in the census network tc
a , for R0~1:5 and the

epidemic starting from the capital city. Red points are scatter plot for each node of the network and we subtracted the average systematic difference
SDtaT from each tmp
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doi:10.1371/journal.pcbi.1003716.g004
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Mobility phone data: XDR
• eXtended Detail records of mobile phone usage


• They include comprehensive data beyond basic call and data logs. 


• XDR data are usually related to a download/upload operations

Pappalardo et al. EPJ Data Science           ( 2021)  10:29 Page 4 of 19

Figure 1 Illustrative example of Call Detail Records (CDRs), eXtended Detail Records (XDRs) and Control Plane
Records (CPRs) of a user u. The hexagons represent mobile phone towers and black dots the positions where
the user starts a call (CDRs), a download/upload operation (XDRs), or a network event (CPRs). Red dots
indicate calls, green dots indicate download/upload operations, blue dots, green squares and green triangles
indicate network events. The dotted line indicates the real movement of the user, from the left to the right,
within each panel. The dark grey tower indicates the tower in which the user has the highest number of
records. From this example, we observe that: 1) CDRs are the most sparse and CPRs the most dense data
stream; 2) when u does not perform any call or download/upload operation in the area covered by a tower,
there is no information about the user’s position in CDRs and XDRs; 3) CPRs is the only type of records that can
describe all the towers u passed through

Figure 2 Position of antennas (black dots) and presence of our 65 users in the largest urban area of Santiago
de Chile. Antennas cluster in regions with more demand, and become sparser in regions with less demand.
The noticeable line of antennas in the middle of the map are those that fall in the wealthier/financial
comunas (a large administrative unit, represented in our map with black lines)

An XDR is a tuple (n, t, A, k); in contrast to CDRs, there is only one antenna A involved, n
is the caller’s identifier, t is a timestamp of when the record is created and k is the amount
of downloaded information (in kilobytes). Finally, a CPR is a tuple (n, t, A, e), where each
e ∈ E is an “event” of the network. There are many possible control plane events, such
as “handovers” (when a new antenna is pushed on the device), the “(re-)activation” of a
phone, etc.

For the period under investigation, we have 19,234 CDRs, 43,607 XDRs and 772,871
CPRs. Figure 3a compares the number of records in our dataset of the three streams. For
CPRs, October 5 is missing (see Fig. 3), and there are 13 days only. CPRs are the most

Pappalardo et al., EPJDataScience, 2021
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Yuhao Et al., Scientific Data, 2020

• From GPS ping 

• Cluster of GPS pings are used to identify 

individuals’ home location and POIs

• Spatial aggregation at Census Tract, 

County and State level

Mobility phone data: GPS
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Beyond telcos
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69

https://www.safegraph.com/guides/geospatial-data
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Resolution
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e.g. commuting e.g. air travel
but also

livestock farms —> • network approaches
• metapopulation

Definition of patches, borders
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?

Maximen 2019

Pullano et al medrxiv 2024

From individual movements to fluxes
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Maximen 2019

Home location, …
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Time-varying mobility
‣Changes in mobility over time 
‣Can we anticipate them 
‣What are the drivers 
‣Applications for social distancing
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Mobility changes during COVID-19 pdm

Pepe et al., First report COVID-19 Mobility Monitoring project 
2020

Italy
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Mobility changes during COVID-19 pdm

Di Domenico et al. BMC Med 2020, Nature 2021, Comms Med 2021. Sabbatini et al BMC Inf Dis 2024

France
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Pullano et al. Lancet Digit Health 2020

Mobility changes during COVID-19 pdm: strata
France
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to account for evidence of a higher risk aversion behavior of the
older age class compared to other age classes8.

Alpha variant. Genomic and virological surveillance to identify
specific mutations are in place in France since the start of 2021 to
monitor variants over time. The first large-scale genome

sequencing initiative (called Flash1 survey) was conducted on
January 7–8 and analyzed all positive samples provided by par-
ticipating laboratories29. The proportion of the Alpha variant in
Île-de-France was estimated to be 6.9%, compared to the national
estimate of 3.3%, making Île-de-France the region with the
highest penetration registered in the country. Flash surveys are
performed on average every two weeks on a sample of sequences.

a b c

d e f

g h i

Fig. 1 COVID-19 pandemic waves in Île-de-France, with associated mobility reductions, social distancing, risk perception, and psychosocial burden. a–c
Weekly hospital admissions in Île-de-France during the first (a; weeks 10–20, March 2–May 17, 2020), second (b; weeks 41–52, October 5–December 27,
2020), and third (c; weeks 6–16, February 8–April 25, 2021) pandemic wave. Dots refer to data; filled dots correspond to the data used to fit the model,
void dots correspond to data outside the inference window. Curves and shaded areas correspond to median fitted trajectories and 95% probability ranges,
obtained from n= 250 independent stochastic runs. Horizontal dashed lines refer to the peak of the first and second wave in the region. d–f Mobility
reduction in Île-de-France during the first (d), second (e), and third (f) pandemic wave. Yellow histograms represent the variation of mobility with respect
to prepandemic levels, based on the number of trips extracted from mobile phone data12. Blue curves show the estimated change in presence at workplace
locations over time with respect to prepandemic levels based on Google location-history data15. Shaded rectangles in the plots of the first two rows
correspond to social distancing measures (strict lockdown in the first wave, moderate lockdown in the second wave, strengthened measures in the third
wave). The second week of the second lockdown and the third week of the strengthened measures against the third wave have lower mobility and
presence at workplaces due to bank holidays in the week. Vertical dotted gray lines correspond to school holiday periods. g–i Percentage of individuals
avoiding crowded public places16 (g), percentage of individuals scared to contract COVID-1916 and prevalence of anxiety in the context of COVID-19
epidemic (h)17 as functions of time; scattered plot between the percentage of individuals scared to contract COVID-19 and the percentage of individuals
avoiding crowded places (i) in the time period October 2020–April 2021 (full time period shown in Supplementary Fig. S5), with the results of a Pearson
correlation test (effect size 0.71, p-value < 10−3). Results for these indicators refer to the national scale. Shaded rectangles in panels g, h correspond to
social distancing measures as in panels a–f.

COMMUNICATIONS MEDICINE | https://doi.org/10.1038/s43856-021-00057-5 ARTICLE

COMMUNICATIONS MEDICINE | ����� ������(2021)�1:57� | https://doi.org/10.1038/s43856-021-00057-5 |www.nature.com/commsmed 3

1st Wave 2nd Wave 3rd Wave

Reduction in number of trips from 
mobile phone data
 Estimated change in presence at 

workplace locations based on Google 
location-history data

social distancing measures

Di Domenico et al. BMC Med 2020, Nature 2021, Comms Med 2021. Sabbatini et al BMC Inf Dis 2024

Mobility changes during COVID-19: lockdowns
France
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differences in the urban–rural and spatio-temporal response of the 
local authorities (scatter plots in Fig. 2c,d). In the spatial dimension, 
we can see the same behaviour for urban and rural areas, charac-
terized by a reduction in the mobility levels in the week before and  
the first week of lockdown. The shift between the baseline and the  
first/second lockdown indicates that the radius during the first week 
was substantially smaller than the week before these lockdowns.

In the temporal dimension, however, the differences between the 
mobility levels in the week before the lockdown and the first week of 
lockdown (first scatter plot in Fig. 2d) are less dramatic than observed 
in the spatial dimension. Nonetheless, compared with the baseline, we 
can still see a reduction in the synchronization values for urban and 
rural areas, especially in the second and third lockdowns (baseline 
plot in Fig. 2d).

As discussed, the number of trips has decreased across all the 
urban–rural groups during the pandemic. Since work-related activities  
often create the necessity to leave home, the rise in home working 
and unemployment rate contributes to the reduction in the mobility 
levels96. Next, we study the relationship between the spatio-temporal 
mobility metrics and the unemployment rate for areas with different 
levels of urbanization, both before and during the pandemic. We esti-
mate the size of the unemployed population based on the unemploy-
ment claimant count (data from the Office for National Statistics (ONS), 
available at ons.gov.uk/employmentandlabourmarket, accessed on  
1 June 2023).

We divided the time series of the radius of gyration and mobility  
synchronization into pre-pandemic (from April 2019 to February 2020) 

and pandemic (from April 2020 to February 2021) periods, and we 
analysed the Kendall Tau correlation between them and unemploy-
ment claimant count.

At first glance, the positive correlation between the radius of 
gyration and the unemployment rate (Fig. 3a,b) seems to be disso-
nant from previous works25,97. However, this result can be due to a rise 
in the unemployment rate and the spatial mobility levels before the 
pandemic. For the pandemic period, although the lockdowns have 
reduced the radius during specific periods, we see in Fig. 1 a period 
between April and August 2020 when the radius increased, making 
the correlation positive.

While the correlation between the spatial dimension of mobility 
and unemployment drops only marginally, preserving the positive sign 
and affecting more urban than rural areas, the correlation between the 
time dimension of mobility and unemployment drops considerably, 
becoming negative and impacting more rural districts than the urban 
(Fig. 3c,d).

The same explanation applies to mobility synchronization 
in the pre-pandemic period. During the pandemic, we can see that  
the spatio-temporal dimensions display different patterns between 
May and November, and the temporal one does not present the same 
steep recovery as the spatial between April and August 2020. The 
oscillations in the patterns of the temporal dimension impacted  
the correlation with unemployment, making it negative.

We argued that work trips contribute to the creation of  
our mobility patterns. Moreover, the type of occupation, among other 
socio-demographic characteristics, also influences those patterns98.  
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Fig. 2 | Radius of gyration and mobility synchronization of English local 
authorities grouped according to the urban–rural classification. a, The 
urban–rural classification of the English local authorities. b, The differences  
in the number of out-of-home trips for the different urban–rural groups.  

Notice that, after the first lockdown, urban local authorities started to present 
negative values in their curve. c,d, Time series with variations on the radius of 
gyration (c) and mobility synchronization (d) compared with the baseline  
year (2019).
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differences in the urban–rural and spatio-temporal response of the 
local authorities (scatter plots in Fig. 2c,d). In the spatial dimension, 
we can see the same behaviour for urban and rural areas, charac-
terized by a reduction in the mobility levels in the week before and  
the first week of lockdown. The shift between the baseline and the  
first/second lockdown indicates that the radius during the first week 
was substantially smaller than the week before these lockdowns.

In the temporal dimension, however, the differences between the 
mobility levels in the week before the lockdown and the first week of 
lockdown (first scatter plot in Fig. 2d) are less dramatic than observed 
in the spatial dimension. Nonetheless, compared with the baseline, we 
can still see a reduction in the synchronization values for urban and 
rural areas, especially in the second and third lockdowns (baseline 
plot in Fig. 2d).

As discussed, the number of trips has decreased across all the 
urban–rural groups during the pandemic. Since work-related activities  
often create the necessity to leave home, the rise in home working 
and unemployment rate contributes to the reduction in the mobility 
levels96. Next, we study the relationship between the spatio-temporal 
mobility metrics and the unemployment rate for areas with different 
levels of urbanization, both before and during the pandemic. We esti-
mate the size of the unemployed population based on the unemploy-
ment claimant count (data from the Office for National Statistics (ONS), 
available at ons.gov.uk/employmentandlabourmarket, accessed on  
1 June 2023).

We divided the time series of the radius of gyration and mobility  
synchronization into pre-pandemic (from April 2019 to February 2020) 

and pandemic (from April 2020 to February 2021) periods, and we 
analysed the Kendall Tau correlation between them and unemploy-
ment claimant count.

At first glance, the positive correlation between the radius of 
gyration and the unemployment rate (Fig. 3a,b) seems to be disso-
nant from previous works25,97. However, this result can be due to a rise 
in the unemployment rate and the spatial mobility levels before the 
pandemic. For the pandemic period, although the lockdowns have 
reduced the radius during specific periods, we see in Fig. 1 a period 
between April and August 2020 when the radius increased, making 
the correlation positive.

While the correlation between the spatial dimension of mobility 
and unemployment drops only marginally, preserving the positive sign 
and affecting more urban than rural areas, the correlation between the 
time dimension of mobility and unemployment drops considerably, 
becoming negative and impacting more rural districts than the urban 
(Fig. 3c,d).

The same explanation applies to mobility synchronization 
in the pre-pandemic period. During the pandemic, we can see that  
the spatio-temporal dimensions display different patterns between 
May and November, and the temporal one does not present the same 
steep recovery as the spatial between April and August 2020. The 
oscillations in the patterns of the temporal dimension impacted  
the correlation with unemployment, making it negative.

We argued that work trips contribute to the creation of  
our mobility patterns. Moreover, the type of occupation, among other 
socio-demographic characteristics, also influences those patterns98.  
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Fig. 2 | Radius of gyration and mobility synchronization of English local 
authorities grouped according to the urban–rural classification. a, The 
urban–rural classification of the English local authorities. b, The differences  
in the number of out-of-home trips for the different urban–rural groups.  

Notice that, after the first lockdown, urban local authorities started to present 
negative values in their curve. c,d, Time series with variations on the radius of 
gyration (c) and mobility synchronization (d) compared with the baseline  
year (2019).
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differences in the urban–rural and spatio-temporal response of the 
local authorities (scatter plots in Fig. 2c,d). In the spatial dimension, 
we can see the same behaviour for urban and rural areas, charac-
terized by a reduction in the mobility levels in the week before and  
the first week of lockdown. The shift between the baseline and the  
first/second lockdown indicates that the radius during the first week 
was substantially smaller than the week before these lockdowns.

In the temporal dimension, however, the differences between the 
mobility levels in the week before the lockdown and the first week of 
lockdown (first scatter plot in Fig. 2d) are less dramatic than observed 
in the spatial dimension. Nonetheless, compared with the baseline, we 
can still see a reduction in the synchronization values for urban and 
rural areas, especially in the second and third lockdowns (baseline 
plot in Fig. 2d).

As discussed, the number of trips has decreased across all the 
urban–rural groups during the pandemic. Since work-related activities  
often create the necessity to leave home, the rise in home working 
and unemployment rate contributes to the reduction in the mobility 
levels96. Next, we study the relationship between the spatio-temporal 
mobility metrics and the unemployment rate for areas with different 
levels of urbanization, both before and during the pandemic. We esti-
mate the size of the unemployed population based on the unemploy-
ment claimant count (data from the Office for National Statistics (ONS), 
available at ons.gov.uk/employmentandlabourmarket, accessed on  
1 June 2023).

We divided the time series of the radius of gyration and mobility  
synchronization into pre-pandemic (from April 2019 to February 2020) 

and pandemic (from April 2020 to February 2021) periods, and we 
analysed the Kendall Tau correlation between them and unemploy-
ment claimant count.

At first glance, the positive correlation between the radius of 
gyration and the unemployment rate (Fig. 3a,b) seems to be disso-
nant from previous works25,97. However, this result can be due to a rise 
in the unemployment rate and the spatial mobility levels before the 
pandemic. For the pandemic period, although the lockdowns have 
reduced the radius during specific periods, we see in Fig. 1 a period 
between April and August 2020 when the radius increased, making 
the correlation positive.

While the correlation between the spatial dimension of mobility 
and unemployment drops only marginally, preserving the positive sign 
and affecting more urban than rural areas, the correlation between the 
time dimension of mobility and unemployment drops considerably, 
becoming negative and impacting more rural districts than the urban 
(Fig. 3c,d).

The same explanation applies to mobility synchronization 
in the pre-pandemic period. During the pandemic, we can see that  
the spatio-temporal dimensions display different patterns between 
May and November, and the temporal one does not present the same 
steep recovery as the spatial between April and August 2020. The 
oscillations in the patterns of the temporal dimension impacted  
the correlation with unemployment, making it negative.

We argued that work trips contribute to the creation of  
our mobility patterns. Moreover, the type of occupation, among other 
socio-demographic characteristics, also influences those patterns98.  
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Fig. 2 | Radius of gyration and mobility synchronization of English local 
authorities grouped according to the urban–rural classification. a, The 
urban–rural classification of the English local authorities. b, The differences  
in the number of out-of-home trips for the different urban–rural groups.  

Notice that, after the first lockdown, urban local authorities started to present 
negative values in their curve. c,d, Time series with variations on the radius of 
gyration (c) and mobility synchronization (d) compared with the baseline  
year (2019).
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differences in the urban–rural and spatio-temporal response of the 
local authorities (scatter plots in Fig. 2c,d). In the spatial dimension, 
we can see the same behaviour for urban and rural areas, charac-
terized by a reduction in the mobility levels in the week before and  
the first week of lockdown. The shift between the baseline and the  
first/second lockdown indicates that the radius during the first week 
was substantially smaller than the week before these lockdowns.

In the temporal dimension, however, the differences between the 
mobility levels in the week before the lockdown and the first week of 
lockdown (first scatter plot in Fig. 2d) are less dramatic than observed 
in the spatial dimension. Nonetheless, compared with the baseline, we 
can still see a reduction in the synchronization values for urban and 
rural areas, especially in the second and third lockdowns (baseline 
plot in Fig. 2d).

As discussed, the number of trips has decreased across all the 
urban–rural groups during the pandemic. Since work-related activities  
often create the necessity to leave home, the rise in home working 
and unemployment rate contributes to the reduction in the mobility 
levels96. Next, we study the relationship between the spatio-temporal 
mobility metrics and the unemployment rate for areas with different 
levels of urbanization, both before and during the pandemic. We esti-
mate the size of the unemployed population based on the unemploy-
ment claimant count (data from the Office for National Statistics (ONS), 
available at ons.gov.uk/employmentandlabourmarket, accessed on  
1 June 2023).

We divided the time series of the radius of gyration and mobility  
synchronization into pre-pandemic (from April 2019 to February 2020) 

and pandemic (from April 2020 to February 2021) periods, and we 
analysed the Kendall Tau correlation between them and unemploy-
ment claimant count.

At first glance, the positive correlation between the radius of 
gyration and the unemployment rate (Fig. 3a,b) seems to be disso-
nant from previous works25,97. However, this result can be due to a rise 
in the unemployment rate and the spatial mobility levels before the 
pandemic. For the pandemic period, although the lockdowns have 
reduced the radius during specific periods, we see in Fig. 1 a period 
between April and August 2020 when the radius increased, making 
the correlation positive.

While the correlation between the spatial dimension of mobility 
and unemployment drops only marginally, preserving the positive sign 
and affecting more urban than rural areas, the correlation between the 
time dimension of mobility and unemployment drops considerably, 
becoming negative and impacting more rural districts than the urban 
(Fig. 3c,d).

The same explanation applies to mobility synchronization 
in the pre-pandemic period. During the pandemic, we can see that  
the spatio-temporal dimensions display different patterns between 
May and November, and the temporal one does not present the same 
steep recovery as the spatial between April and August 2020. The 
oscillations in the patterns of the temporal dimension impacted  
the correlation with unemployment, making it negative.

We argued that work trips contribute to the creation of  
our mobility patterns. Moreover, the type of occupation, among other 
socio-demographic characteristics, also influences those patterns98.  
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Fig. 2 | Radius of gyration and mobility synchronization of English local 
authorities grouped according to the urban–rural classification. a, The 
urban–rural classification of the English local authorities. b, The differences  
in the number of out-of-home trips for the different urban–rural groups.  

Notice that, after the first lockdown, urban local authorities started to present 
negative values in their curve. c,d, Time series with variations on the radius of 
gyration (c) and mobility synchronization (d) compared with the baseline  
year (2019).
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differences in the urban–rural and spatio-temporal response of the 
local authorities (scatter plots in Fig. 2c,d). In the spatial dimension, 
we can see the same behaviour for urban and rural areas, charac-
terized by a reduction in the mobility levels in the week before and  
the first week of lockdown. The shift between the baseline and the  
first/second lockdown indicates that the radius during the first week 
was substantially smaller than the week before these lockdowns.

In the temporal dimension, however, the differences between the 
mobility levels in the week before the lockdown and the first week of 
lockdown (first scatter plot in Fig. 2d) are less dramatic than observed 
in the spatial dimension. Nonetheless, compared with the baseline, we 
can still see a reduction in the synchronization values for urban and 
rural areas, especially in the second and third lockdowns (baseline 
plot in Fig. 2d).

As discussed, the number of trips has decreased across all the 
urban–rural groups during the pandemic. Since work-related activities  
often create the necessity to leave home, the rise in home working 
and unemployment rate contributes to the reduction in the mobility 
levels96. Next, we study the relationship between the spatio-temporal 
mobility metrics and the unemployment rate for areas with different 
levels of urbanization, both before and during the pandemic. We esti-
mate the size of the unemployed population based on the unemploy-
ment claimant count (data from the Office for National Statistics (ONS), 
available at ons.gov.uk/employmentandlabourmarket, accessed on  
1 June 2023).

We divided the time series of the radius of gyration and mobility  
synchronization into pre-pandemic (from April 2019 to February 2020) 

and pandemic (from April 2020 to February 2021) periods, and we 
analysed the Kendall Tau correlation between them and unemploy-
ment claimant count.

At first glance, the positive correlation between the radius of 
gyration and the unemployment rate (Fig. 3a,b) seems to be disso-
nant from previous works25,97. However, this result can be due to a rise 
in the unemployment rate and the spatial mobility levels before the 
pandemic. For the pandemic period, although the lockdowns have 
reduced the radius during specific periods, we see in Fig. 1 a period 
between April and August 2020 when the radius increased, making 
the correlation positive.

While the correlation between the spatial dimension of mobility 
and unemployment drops only marginally, preserving the positive sign 
and affecting more urban than rural areas, the correlation between the 
time dimension of mobility and unemployment drops considerably, 
becoming negative and impacting more rural districts than the urban 
(Fig. 3c,d).

The same explanation applies to mobility synchronization 
in the pre-pandemic period. During the pandemic, we can see that  
the spatio-temporal dimensions display different patterns between 
May and November, and the temporal one does not present the same 
steep recovery as the spatial between April and August 2020. The 
oscillations in the patterns of the temporal dimension impacted  
the correlation with unemployment, making it negative.

We argued that work trips contribute to the creation of  
our mobility patterns. Moreover, the type of occupation, among other 
socio-demographic characteristics, also influences those patterns98.  
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Fig. 2 | Radius of gyration and mobility synchronization of English local 
authorities grouped according to the urban–rural classification. a, The 
urban–rural classification of the English local authorities. b, The differences  
in the number of out-of-home trips for the different urban–rural groups.  

Notice that, after the first lockdown, urban local authorities started to present 
negative values in their curve. c,d, Time series with variations on the radius of 
gyration (c) and mobility synchronization (d) compared with the baseline  
year (2019).
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differences in the urban–rural and spatio-temporal response of the 
local authorities (scatter plots in Fig. 2c,d). In the spatial dimension, 
we can see the same behaviour for urban and rural areas, charac-
terized by a reduction in the mobility levels in the week before and  
the first week of lockdown. The shift between the baseline and the  
first/second lockdown indicates that the radius during the first week 
was substantially smaller than the week before these lockdowns.

In the temporal dimension, however, the differences between the 
mobility levels in the week before the lockdown and the first week of 
lockdown (first scatter plot in Fig. 2d) are less dramatic than observed 
in the spatial dimension. Nonetheless, compared with the baseline, we 
can still see a reduction in the synchronization values for urban and 
rural areas, especially in the second and third lockdowns (baseline 
plot in Fig. 2d).

As discussed, the number of trips has decreased across all the 
urban–rural groups during the pandemic. Since work-related activities  
often create the necessity to leave home, the rise in home working 
and unemployment rate contributes to the reduction in the mobility 
levels96. Next, we study the relationship between the spatio-temporal 
mobility metrics and the unemployment rate for areas with different 
levels of urbanization, both before and during the pandemic. We esti-
mate the size of the unemployed population based on the unemploy-
ment claimant count (data from the Office for National Statistics (ONS), 
available at ons.gov.uk/employmentandlabourmarket, accessed on  
1 June 2023).

We divided the time series of the radius of gyration and mobility  
synchronization into pre-pandemic (from April 2019 to February 2020) 

and pandemic (from April 2020 to February 2021) periods, and we 
analysed the Kendall Tau correlation between them and unemploy-
ment claimant count.

At first glance, the positive correlation between the radius of 
gyration and the unemployment rate (Fig. 3a,b) seems to be disso-
nant from previous works25,97. However, this result can be due to a rise 
in the unemployment rate and the spatial mobility levels before the 
pandemic. For the pandemic period, although the lockdowns have 
reduced the radius during specific periods, we see in Fig. 1 a period 
between April and August 2020 when the radius increased, making 
the correlation positive.

While the correlation between the spatial dimension of mobility 
and unemployment drops only marginally, preserving the positive sign 
and affecting more urban than rural areas, the correlation between the 
time dimension of mobility and unemployment drops considerably, 
becoming negative and impacting more rural districts than the urban 
(Fig. 3c,d).

The same explanation applies to mobility synchronization 
in the pre-pandemic period. During the pandemic, we can see that  
the spatio-temporal dimensions display different patterns between 
May and November, and the temporal one does not present the same 
steep recovery as the spatial between April and August 2020. The 
oscillations in the patterns of the temporal dimension impacted  
the correlation with unemployment, making it negative.

We argued that work trips contribute to the creation of  
our mobility patterns. Moreover, the type of occupation, among other 
socio-demographic characteristics, also influences those patterns98.  
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Fig. 2 | Radius of gyration and mobility synchronization of English local 
authorities grouped according to the urban–rural classification. a, The 
urban–rural classification of the English local authorities. b, The differences  
in the number of out-of-home trips for the different urban–rural groups.  

Notice that, after the first lockdown, urban local authorities started to present 
negative values in their curve. c,d, Time series with variations on the radius of 
gyration (c) and mobility synchronization (d) compared with the baseline  
year (2019).

Santana et al. Nature Hum Behav 2023
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Mobility changes during COVID-19: persistence

A B C

Figure 2: Temporal stability in intercounty mobility. (A) The monthly degree distribution of the inter-
county network show significant variability but are consistent across months. (B) The persistence probability of
links is illustrated, denoting the likelihood that a connection existing in 2019 remains present in 2020 and 2021.
The plot provides a breakdown for di↵erent link types: urban-urban (UU), urban-rural (UR), rural-urban (RU),
and rural-rural (RR) links. (C) Distribution of coupling probabilities in the connectivity network by month. We
highlighted in darkred i) April, 2020 (LD) that represents the peak time of number of US states in lockdown,
and November, 2020 (SD) that represents the period when social distancing recommendations were in place.

Spatial stability of the intercounty connectivity network

To identify the geographic scale at which mobility is highly connected, we detect clusters of
counties that are more connected via mobility within the cluster than outside the clusters,
we use a network community detection algorithm. Our hypothesis was that this partitioning
of the US would be at a geographic scale larger than 3143 US counties but smaller than 50
US states or 10 HHS regions. Indeed, we find that based on human mobility, the US can be
partitioned into around 100 regions that split most US states into multiple clusters (Figure 3).
We also find that these clusters are highly spatially contiguous and respect state boundaries
(with a similarity measured by normalized mutual information (NMI) as 0.82). Furthermore,
these regions demonstrate stability over time (NMI = 0.95) despite the perturbations of the
early phases of the COVID pandemic (Figure 3B and in Figure S9-10). Thus, we identify a
persistent geographic partitioning of the US in which clusters are more connected within than
between, and hypothesize that the relevance of mobility to the spatial di↵usion of infectious
diseases occurs at a mesoscale.

Implications for metapopulation disease models

After analyzing the stability of mobility patterns in both space and time, we evaluated how the
spatiotemporal scale of human mobility a↵ects our ability to e↵ectively model metapopulation
dynamics of disease. To address this, we integrate the connectivity network into a spatially
explicit metapopulation model, with the goal of simulating the national spread of the initial
wave of SARS-CoV-2 in the US. To understand the role of the geographic scale of mobility on
disease dynamics, we integrate networks into the disease model that always at the US county
level, but are homogenized at di↵erent spatial scales to represent missing information at di↵erent
scales. To investigate the influence of temporal scale on model e↵ectiveness, we inform the model
with either a time-evolving connectivity network or a static connectivity network representing
mobility from March, 2020 (without loss of generalizability given the temporal stability of the
network we discuss above). In all cases, we measured goodness of fit by comparing the model
predicted time of arrival of disease in a county to the observed time of arrival of the disease.

In Figure 4A, we demonstrate that a metapopulation disease model informed by a county-
level intercounty connectivity network is highly predictive of observed early COVID-19 spatial
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Likelihood that existing connections remain 
present

UU urban-urban / UR urban-rural
RU rural-urban / RR: rural-rural
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Figure 6: Outgoing egocentric 
networks of the ten most 
populated cities in France 
during baseline week 
(starting Feb 3, 2020) and 
during lockdown week, 
starting March 30
Locations are coloured by 
incoming traffic from the 
selected city. Solid lines 
indicate links that persisted 
during lockdown. Dashed lines 
are links that disappeared. 
Both types of locations were 
selected to be the top ranked 
by traffic during the baseline 
week. The circles contain 95% 
of the outgoing traffic from 
the respective city.
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Mobility changes during COVID-19: persistence
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Mobility changes during 2014 Ebola outbreak

Peak et al., Int J Epidemiology 2018
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Mobility changes during 2014 Ebola outbreak
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Anticipating change (seasonality)

Livestock infections COVID-19
Composite risk measure for summer 2021 
based on 2020 summer mobility data
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Identifying drivers for change
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Risk assessment
‣ Importation risk 
‣Source size estimate 
‣Time of arrival 
‣ Identification of means of spatial 

transmission
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Importation risk: single source

©
EP

Ic
x-

la
b.

co
m



<1%

AFFECTED
AREA

Importation risk: single source

• Importation risk of country  from city 𝑖: 

   : probability to travel from  to  if travel 
    (== proportion of travelers  from travel data)

α
riα = Aiα

Aiα i α
i → α
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Gilbert et al The Lancet 2020

OECD

Importation risk: multiple source
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Importation risk: multiple source

COVID-19 incidence in China as of Feb 11, 2020, and 
annual volume of outflow passenger per airport

• Importation risk of country  from city 𝑖: 

• Importation risk of country :  

 

 
 

: number of individuals leaving  
: cumulate incidence in city  

: probability to travel from  to  if travel 

α

riα =
einiAiα

∑j ejnj

α
Rα = ∑

i

riα

ni i
ei i
Aiα i α
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Dengue importation risk

Poongavanan et al The Lancet Planetary Health 2024

©
EP

Ic
x-

la
b.

co
m



Source size estimate

January 16, 2020:
• 41 cases in Wuhan
• 2 in Thailand
• 1 in Japan

1,723
(427-4,471)

Isource =
Idet
dest

pdet
dest

pdet
dest =

wsource→dest

Nsource
. Δt

: detected cases at destination  

: probability that a case is detected at 
destination  

: travel flow from source to 
destination  

: source population
: mean time to detection

Idet
dest

pdet
dest

wsource→dest

Nsource
Δt

COVID-19
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Fraser et al. Science 2009
Balcan et al PNAS 2009

Poletto et al Eurosurveillance 2014 

Source size estimate

2009 H1N1 pandemic MERS epidemic
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Travel probability: 

Probability arrival at time :  

 

Suppose at the source:   
 

 

 

p =
w
N

Δt

t P(t1 = nΔt) = (1 − (1 − p)I0(nΔt)) ×
n−1

∏
i=1

(1 − p)I0(iΔt)

I(t) = I0eλt

⟨t⟩ =
1
λ (ln ( Nλ

w ) − γ)

Gautreau et al. JTB 2008

Source Destination
w

Number of  
passengers:

Population: N Population: N

Probability to travel at time t1 Probability never traveled before

Arrival time: two cities

the first city by N0 ¼ N, the number of infectious
individuals in city 0 by I0 ¼ I . The probability to jump
from 0 to 1 during the time interval Dt is p ¼ ðw=NÞDt. The
initial condition is given by I0ðt ¼ 0Þ ¼ I0, I1ðt ¼ 0Þ ¼ 0,
i.e. infectious individuals are present only in city 0. We
consider that the travel events occur as instantaneous
jumps (of probability p for each individual) at discretized
times. The probability that the first infectious individual
arrives at time t1 ¼ t ¼ nDt in city 1 is then given by

Pðt1 ¼ nDtÞ ¼ ð1$ ð1$ pÞ½I0ðnDtÞ&Þ '
Yn$1

i¼1
ð1$ pÞ½I0ðiDtÞ&, ð4Þ

which expresses the fact that at least one successful ‘‘jump’’
from 0 to 1 of an infectious individual occurs at time nDt,
and none at previous times. In Eq. (4), the quantity ½I0&
denotes the integer part of I0. In order to obtain the
probability density of the arrival time in city 1, we first note
that in real-world systems the number of travelers is usually
small with respect to the total population of a city: p ¼
wDt=N51 (with any reasonable Dt). In this limit, Eq. (4)
becomes

Pðt1 ¼ tÞ ¼ p½I0ðtÞ&e$p
P

0oion
½I0ðiDtÞ&. (5)

We will also assume that the travel probability is
sufficiently small so that the number of infectious
individuals I0ðtÞ in the city 0 grows substantially before
the city 1 is contaminated. Writing 15I0ðtÞ5N (the second
inequality is due to the fact that in realistic cases only small
fractions of the population are contaminated), we thus
consider the following approximation: ½I &ðtÞ ( I0ðtÞ ( I0elt

(as long as tot1). Using as well the standard approxima-
tion Dt

P
0oion ½I0ðiDtÞ& ¼

R t
0 I0ðtÞdt, we obtain for I0 ¼ 1

PðtÞdt ¼
w

N
elt$ðw=NlÞelt

YðtÞdt, (6)

where YðtÞ is the Heavyside function which ensures
the positivity of the arrival time. The distribution (6)
is a Gumbel distribution with average ht1i ¼ ð1=lÞ
ðlnðNl=wÞ $ gÞ, where g is the Euler constant. The
contribution of the negative t in the distribution has to
be negligible before 1, which reads

R 0
$1 PðtÞdt ¼ w=Nl51.

This range of validity corresponds also to the hypothesis
of lht1ib1 (the time to increase I0 by one individual is
small with respect to the time scale of the epidemic arrival
in city 1).

Fig. 1 displays the results of numerical simulations of the
propagation between two cities, using discrete stochastic
travel events as described in Section 2. The whole
distribution of arrival times in the second city shows a
very good agreement with the form (6), obtained through
the continuous approximations detailed above. When
w=ðNlÞ is not small enough, stronger deviations are
obtained; this is expected since the hypothesis 15I0ðtÞ for
tot1 is less valid. Nonetheless, the overall shape of the
distribution is still in good agreement (Inset of Fig. 1).

3.2. One-dimensional line

We now consider a one-dimensional line of subpopula-
tions iX0, with an initial condition given by one infectious
individual in city 0. We denote by wi the travel flux between
city i and city i þ 1, ti the arrival time of the first infectious
in city i, and Di ¼ ti $ ti$1 (t0 ¼ 0). The quantity tn is thus
the sum of the random variables Di for i ¼ 1; . . . ; n, and the
average is given by htni ¼

P
i¼1;...;nhDii. These random

variables Di are a priori correlated and not identically
distributed which implies that the central limit theorem
cannot be used in general.

3.2.1. Homogeneous line
In the case of a homogeneous line with uniform

populations and weights (Ni ¼ N, wi ¼ w), one expects
that the distributions of Dn becomes independent of n at
large n, with a well-defined average limn!1hDni ¼ hDi, so
that tn ( nhDi. The issue then is the computation of hDi.
Two time scales only are present: N=w which represents the
average time for an individual to travel from one city to the
next, and 1=l which represents the typical transmission
time of the disease. Dimensional analysis thus implies that
the adimensional quantity lhDi has the form

lhDi ¼ F
w

Nl

! "
. (7)

In order to estimate the unknown function F, a first
possibility is to consider that at large n the spread consists
in an evolving epidemic front obeying the continuous
equation qtIðx; tÞ ¼ lSI þ wq2xIðx; tÞ. Looking for a travel-
ing wave solution (Murray, 2004) leads to a front speed
v ¼ 2

ffiffiffiffiffiffiffiffiffiffiffiffiffi
lw=N

p
, and thus to

hDifront (
1

2l

ffiffiffiffiffiffiffi
Nl
w

r
. (8)
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Extensions

Source i j kLine of cities

Network of cities Source w

Gautreau et al. JTB 2008
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arrive at node m, we define the effective distance
dnm from a node n to a connected node m as

dmn ¼ ð1 − logPmnÞ ≥ 1 ð4Þ

This concept of effective distance reflects the
idea that a small fraction of traffic n→m is effec-
tively equivalent to a large distance, and vice versa.
As explained in more detail in the supplemen-
tary text, the logarithm is a consequence of the
requirement that effective lengths are additive,
whereas probabilities along multistep paths are
multiplicative. Eq. 4 defines a quasi-distance,which
is generally asymmetric, i.e., dmn ≠ dnm. The lack
of symmetry is analogous to a road network of one-
way streets, where the shortest distance fromA toB
may differ from the one from B to A. This asym-
metry captures the effect that a randomly seeded
disease in a peripheral node of the network has a
higher probability of being transmitted to a well-
connected hub than vice versa (figs. S8 to S10).
More properties of effective distance as defined
by Eq. 4 are discussed in the supplementary text.
On the basis of effective distance, we can define
the directed length lðGÞ of an ordered path

G ¼ fn1,…,nLg as the sum of effective lengths
along the legs of the path. Moreover, we define
the effective distance Dmn from an arbitrary ref-
erence node n to another node m in the network
by the length of the shortest path from n to m:

Dmn ¼ min
G

lðGÞ ð5Þ

Again, we typically haveDmn ≠ Dnm. From
the perspective of a chosen origin node n, the set
of shortest paths to all other nodes constitutes a
shortest path treeYn (Fig. 2A), illustrating themost
probable sequence of paths from the root node n
to the other nodes.

Effective Distance Perspective Reveals
Hidden Pattern Geometry
The key question is how, compared to the con-
ventional geographic representation, the same
spreading process evolves on the shortest path
tree. Figure 2B portrays this comparison. We see
that the effective distance representation has no-
table advantages: It reveals simple coherent wave
fronts, whereas spatiotemporal patterns in geo-
graphical space are complex, incoherent, and hard

to understand. This is a generic feature that is
robust against variations in epidemic parameters
and true for any choice of the OL (figs. S11 and
S12). Using effective distance, one can thus cal-
culate the spreading speed and arrival times of a
disease, and determine functional relationships
between epidemiological and mobility parameters.
The dynamic simplicity in the new representation
is much more than just a trivial visual rearrange-
ment of the spatiotemporal pattern. Simple prop-
agating waves in the new perspective imply that
the contagion process is dominated by most prob-
able paths, as this is the underlying assumption in
the derivation of Eq. 5. Also, effective distance
and the shortest path trees only depend on the
static mobility matrix P. This implies that, on a
spatial scale described by the metapopulation
model (Eq. 3), the complexity of the spatiotemporal
pattern is largely determined by the structure of
the mobility component in Eq. 3 and not by the
nonlinearities or the disease-specific, epidemio-
logical rate parameters of the model.

Figure 2C presents the correlation of arrival
times Ta with effective distances Deff for the
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Fig. 2. Understanding global contagion phenomena using effective
distance. (A) The structure of the shortest path tree (in gray) from Hong Kong
(central node). Radial distance represents effective distance Deff as defined by
Eqs. 4 and 5. Nodes are colored according to the same scheme as in Fig. 1A. (B)
The sequence (from left to right) of panels depicts the time course of a simulated
model disease with initial outbreak in Hong Kong (HKG), for the same param-
eter set as used in Fig. 1B. Prevalence is reflected by the redness of the symbols.
Each panel compares the state of the system in the conventional geographic
representation (bottom) with the effective distance representation (top). The
complex spatial pattern in the conventional view is equivalent to a homoge-

neous wave that propagates outwards at constant effective speed in the effective
distance representation. (C) Epidemic arrival time Ta versus effective distance
Deff for the same simulated epidemic as in (B). In contrast to geographic distance
(Fig. 1C), effective distance correlates strongly with arrival time (R2 = 0.973), i.e.,
effective distance is an excellent predictor of arrival times. (D and E) Linear
relationship between effective distance and arrival time for the 2009 H1N1
pandemic (D) and the 2003 SARS epidemic (E). The arrival time data are the
same as in Fig. 1, D and E. The effective distance was computed from the proj-
ected global mobility network between countries. As in the model system, we
observe a strong correlation between arrival time and effective distance.
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Alternative view: Effective distance 

• : distance between connected 
patches 

• : distance taking the path that 
minimize the sum effective distances

dmn

Dmn

dmn = (1 − log Pmn) ≥ 1

Dmn = min
Γ

λ(Γ)

Probability of travel 

Arrival time

arrive at node m, we define the effective distance
dnm from a node n to a connected node m as

dmn ¼ ð1 − logPmnÞ ≥ 1 ð4Þ

This concept of effective distance reflects the
idea that a small fraction of traffic n→m is effec-
tively equivalent to a large distance, and vice versa.
As explained in more detail in the supplemen-
tary text, the logarithm is a consequence of the
requirement that effective lengths are additive,
whereas probabilities along multistep paths are
multiplicative. Eq. 4 defines a quasi-distance,which
is generally asymmetric, i.e., dmn ≠ dnm. The lack
of symmetry is analogous to a road network of one-
way streets, where the shortest distance fromA toB
may differ from the one from B to A. This asym-
metry captures the effect that a randomly seeded
disease in a peripheral node of the network has a
higher probability of being transmitted to a well-
connected hub than vice versa (figs. S8 to S10).
More properties of effective distance as defined
by Eq. 4 are discussed in the supplementary text.
On the basis of effective distance, we can define
the directed length lðGÞ of an ordered path

G ¼ fn1,…,nLg as the sum of effective lengths
along the legs of the path. Moreover, we define
the effective distance Dmn from an arbitrary ref-
erence node n to another node m in the network
by the length of the shortest path from n to m:

Dmn ¼ min
G

lðGÞ ð5Þ

Again, we typically haveDmn ≠ Dnm. From
the perspective of a chosen origin node n, the set
of shortest paths to all other nodes constitutes a
shortest path treeYn (Fig. 2A), illustrating themost
probable sequence of paths from the root node n
to the other nodes.

Effective Distance Perspective Reveals
Hidden Pattern Geometry
The key question is how, compared to the con-
ventional geographic representation, the same
spreading process evolves on the shortest path
tree. Figure 2B portrays this comparison. We see
that the effective distance representation has no-
table advantages: It reveals simple coherent wave
fronts, whereas spatiotemporal patterns in geo-
graphical space are complex, incoherent, and hard

to understand. This is a generic feature that is
robust against variations in epidemic parameters
and true for any choice of the OL (figs. S11 and
S12). Using effective distance, one can thus cal-
culate the spreading speed and arrival times of a
disease, and determine functional relationships
between epidemiological and mobility parameters.
The dynamic simplicity in the new representation
is much more than just a trivial visual rearrange-
ment of the spatiotemporal pattern. Simple prop-
agating waves in the new perspective imply that
the contagion process is dominated by most prob-
able paths, as this is the underlying assumption in
the derivation of Eq. 5. Also, effective distance
and the shortest path trees only depend on the
static mobility matrix P. This implies that, on a
spatial scale described by the metapopulation
model (Eq. 3), the complexity of the spatiotemporal
pattern is largely determined by the structure of
the mobility component in Eq. 3 and not by the
nonlinearities or the disease-specific, epidemio-
logical rate parameters of the model.

Figure 2C presents the correlation of arrival
times Ta with effective distances Deff for the
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Fig. 2. Understanding global contagion phenomena using effective
distance. (A) The structure of the shortest path tree (in gray) from Hong Kong
(central node). Radial distance represents effective distance Deff as defined by
Eqs. 4 and 5. Nodes are colored according to the same scheme as in Fig. 1A. (B)
The sequence (from left to right) of panels depicts the time course of a simulated
model disease with initial outbreak in Hong Kong (HKG), for the same param-
eter set as used in Fig. 1B. Prevalence is reflected by the redness of the symbols.
Each panel compares the state of the system in the conventional geographic
representation (bottom) with the effective distance representation (top). The
complex spatial pattern in the conventional view is equivalent to a homoge-

neous wave that propagates outwards at constant effective speed in the effective
distance representation. (C) Epidemic arrival time Ta versus effective distance
Deff for the same simulated epidemic as in (B). In contrast to geographic distance
(Fig. 1C), effective distance correlates strongly with arrival time (R2 = 0.973), i.e.,
effective distance is an excellent predictor of arrival times. (D and E) Linear
relationship between effective distance and arrival time for the 2009 H1N1
pandemic (D) and the 2003 SARS epidemic (E). The arrival time data are the
same as in Fig. 1, D and E. The effective distance was computed from the proj-
ected global mobility network between countries. As in the model system, we
observe a strong correlation between arrival time and effective distance.
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‣Levins-type (no pop structure) 
‣Kernel transmission 
‣Explicit coupling 
‣Effective coupling

MEtapopulation models
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Viana et al. TREE 2014

Grenfell et al. TREE 1997
Levins Bull Entomol Soc Am 1969

Ecology <——> Epidemiology

#1: Levins type
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dpi

dt
= Ci( ⃗p)(1 − pi) − piEi( ⃗p)

Rate of change in , 
the probability that 
infection is present in 
population 

pi

i

Invasion rate  of 
population  from other 
populations  when 
infection absent

Ci
i

⃗p
Fadeout rate  of 
pathogen in population  
when infection present

Ei
i



Cauchemez et al. Eurosurveillance 2014

Chikungunya spread

Λj(t) = ∑
i|ti<t

λi→j
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Assumed coupling 
model or selected 
through fitting

 :  risk of transmission from     
           venue  to venue 
λi→j

i j

Ii
=0 if  not invaded yeti
=1 if  invadedi

Force of invasion on location j

http://www.influenzanet.eu


Beyer et al. PRCB 2010, Vaccine 2012

Infectious state of village i at time t

Hazard rate

Rabies metapopulation dynamics
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Livestock disease spread
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Λij(t) = 1 − (1 − λ)wij

wij

farm i

farm j

Force of transmission i → j

• : transmission rate per bovineλ

Bajardi et al. PLOS One 2011
Bajardi et al. Roy Soc Interface 2012 
Valdano et al. PLOS Comp Biol 2015
Darbon et al. Prev Vet Med 2018



k

Force of infection for S in i

potential interaction of 
S from i with I from j

Grenfell et al. Nature 2001 —> measles
Hall et al. Epidemiol Infect 2007 —> smallpox
Viboud et al. Science 2006 —> flu
Keeling et al. PNAS 2010

�i = �
X

j

f(M)Ij
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#2: Kernel transmission

effective spatial 
transmission kernel 
between patches
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Viboud et al. Science 2006

Gravity law

Force of infection for S in i

�i = �

0

@Ii +
X

j

�CjiIj

1

A
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Synchrony and waves of flu spread
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pop j 

pop i 

wij

pop l

wjl

wlj

dIi
dt

= �Si
Ii
Ni

� µIi + ⌦I
i
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dSi

dt
= ��Si

Ii
Ni

+ ⌦S
i
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Flow balance for compartment X

⌦X
i =

X

j

(djiXj � dijXi)
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mobility rate on a link j-i

wji

#3: Explicit coupling

Colizza et al. PNAS 2006
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#passengers from data

mobility rate on a link i-j

Colizza et al. JTB 2008

wij
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pi =

P
j wij

Ni
<latexit sha1_base64="P/XAltIm01KoyumeJe2TUcdk4QE=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFclUQE3QhFN66kgn1AE8JkOmmnnZmEmYlSQlZu/BU3LhRx6ze482+ctllo64ELh3Pu5d57woRRpR3n21pYXFpeWS2tldc3Nre27Z3dpopTiUkDxyyW7RApwqggDU01I+1EEsRDRlrh8Grst+6JVDQWd3qUEJ+jnqARxUgbKbAPkoBeeJFEOPNUyoMBfAgyOsjz7CageWBXnKozAZwnbkEqoEA9sL+8boxTToTGDCnVcZ1E+xmSmmJG8rKXKpIgPEQ90jFUIE6Un03eyOGRUbowiqUpoeFE/T2RIa7UiIemkyPdV7PeWPzP66Q6OvczKpJUE4Gni6KUQR3DcSawSyXBmo0MQVhScyvEfWQy0Sa5sgnBnX15njRPqq5TdW9PK7XLIo4S2AeH4Bi44AzUwDWogwbA4BE8g1fwZj1ZL9a79TFtXbCKmT3wB9bnDwqTmXs=</latexit><latexit sha1_base64="P/XAltIm01KoyumeJe2TUcdk4QE=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFclUQE3QhFN66kgn1AE8JkOmmnnZmEmYlSQlZu/BU3LhRx6ze482+ctllo64ELh3Pu5d57woRRpR3n21pYXFpeWS2tldc3Nre27Z3dpopTiUkDxyyW7RApwqggDU01I+1EEsRDRlrh8Grst+6JVDQWd3qUEJ+jnqARxUgbKbAPkoBeeJFEOPNUyoMBfAgyOsjz7CageWBXnKozAZwnbkEqoEA9sL+8boxTToTGDCnVcZ1E+xmSmmJG8rKXKpIgPEQ90jFUIE6Un03eyOGRUbowiqUpoeFE/T2RIa7UiIemkyPdV7PeWPzP66Q6OvczKpJUE4Gni6KUQR3DcSawSyXBmo0MQVhScyvEfWQy0Sa5sgnBnX15njRPqq5TdW9PK7XLIo4S2AeH4Bi44AzUwDWogwbA4BE8g1fwZj1ZL9a79TFtXbCKmT3wB9bnDwqTmXs=</latexit><latexit sha1_base64="P/XAltIm01KoyumeJe2TUcdk4QE=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFclUQE3QhFN66kgn1AE8JkOmmnnZmEmYlSQlZu/BU3LhRx6ze482+ctllo64ELh3Pu5d57woRRpR3n21pYXFpeWS2tldc3Nre27Z3dpopTiUkDxyyW7RApwqggDU01I+1EEsRDRlrh8Grst+6JVDQWd3qUEJ+jnqARxUgbKbAPkoBeeJFEOPNUyoMBfAgyOsjz7CageWBXnKozAZwnbkEqoEA9sL+8boxTToTGDCnVcZ1E+xmSmmJG8rKXKpIgPEQ90jFUIE6Un03eyOGRUbowiqUpoeFE/T2RIa7UiIemkyPdV7PeWPzP66Q6OvczKpJUE4Gni6KUQR3DcSawSyXBmo0MQVhScyvEfWQy0Sa5sgnBnX15njRPqq5TdW9PK7XLIo4S2AeH4Bi44AzUwDWogwbA4BE8g1fwZj1ZL9a79TFtXbCKmT3wB9bnDwqTmXs=</latexit><latexit sha1_base64="P/XAltIm01KoyumeJe2TUcdk4QE=">AAACBnicbVDLSsNAFJ34rPUVdSnCYBFclUQE3QhFN66kgn1AE8JkOmmnnZmEmYlSQlZu/BU3LhRx6ze482+ctllo64ELh3Pu5d57woRRpR3n21pYXFpeWS2tldc3Nre27Z3dpopTiUkDxyyW7RApwqggDU01I+1EEsRDRlrh8Grst+6JVDQWd3qUEJ+jnqARxUgbKbAPkoBeeJFEOPNUyoMBfAgyOsjz7CageWBXnKozAZwnbkEqoEA9sL+8boxTToTGDCnVcZ1E+xmSmmJG8rKXKpIgPEQ90jFUIE6Un03eyOGRUbowiqUpoeFE/T2RIa7UiIemkyPdV7PeWPzP66Q6OvczKpJUE4Gni6KUQR3DcSawSyXBmo0MQVhScyvEfWQy0Sa5sgnBnX15njRPqq5TdW9PK7XLIo4S2AeH4Bi44AzUwDWogwbA4BE8g1fwZj1ZL9a79TFtXbCKmT3wB9bnDwqTmXs=</latexit>

dij =
wij

Ni
<latexit sha1_base64="jk0JPEbPmYTa6V7PthEu1ATbEkc=">AAACAnicbVDLSsNAFL2pr1pfUVfiZrAIrkoigm6EohtXUsE+oA1hMpm0YycPZiZKCcGNv+LGhSJu/Qp3/o3TtAttPXDhzDn3MvceL+FMKsv6NkoLi0vLK+XVytr6xuaWub3TknEqCG2SmMei42FJOYtoUzHFaScRFIcep21veDn22/dUSBZHt2qUUCfE/YgFjGClJdfc892M3eXnvUBgkj0Ujzy7dlnumlWrZhVA88SekipM0XDNr54fkzSkkSIcS9m1rUQ5GRaKEU7zSi+VNMFkiPu0q2mEQyqdrDghR4da8VEQC12RQoX6eyLDoZSj0NOdIVYDOeuNxf+8bqqCMydjUZIqGpHJR0HKkYrROA/kM0GJ4iNNMBFM74rIAOswlE6tokOwZ0+eJ63jmm3V7JuTav1iGkcZ9uEAjsCGU6jDFTSgCQQe4Rle4c14Ml6Md+Nj0loypjO78AfG5w9lhJgP</latexit><latexit sha1_base64="jk0JPEbPmYTa6V7PthEu1ATbEkc=">AAACAnicbVDLSsNAFL2pr1pfUVfiZrAIrkoigm6EohtXUsE+oA1hMpm0YycPZiZKCcGNv+LGhSJu/Qp3/o3TtAttPXDhzDn3MvceL+FMKsv6NkoLi0vLK+XVytr6xuaWub3TknEqCG2SmMei42FJOYtoUzHFaScRFIcep21veDn22/dUSBZHt2qUUCfE/YgFjGClJdfc892M3eXnvUBgkj0Ujzy7dlnumlWrZhVA88SekipM0XDNr54fkzSkkSIcS9m1rUQ5GRaKEU7zSi+VNMFkiPu0q2mEQyqdrDghR4da8VEQC12RQoX6eyLDoZSj0NOdIVYDOeuNxf+8bqqCMydjUZIqGpHJR0HKkYrROA/kM0GJ4iNNMBFM74rIAOswlE6tokOwZ0+eJ63jmm3V7JuTav1iGkcZ9uEAjsCGU6jDFTSgCQQe4Rle4c14Ml6Md+Nj0loypjO78AfG5w9lhJgP</latexit><latexit sha1_base64="jk0JPEbPmYTa6V7PthEu1ATbEkc=">AAACAnicbVDLSsNAFL2pr1pfUVfiZrAIrkoigm6EohtXUsE+oA1hMpm0YycPZiZKCcGNv+LGhSJu/Qp3/o3TtAttPXDhzDn3MvceL+FMKsv6NkoLi0vLK+XVytr6xuaWub3TknEqCG2SmMei42FJOYtoUzHFaScRFIcep21veDn22/dUSBZHt2qUUCfE/YgFjGClJdfc892M3eXnvUBgkj0Ujzy7dlnumlWrZhVA88SekipM0XDNr54fkzSkkSIcS9m1rUQ5GRaKEU7zSi+VNMFkiPu0q2mEQyqdrDghR4da8VEQC12RQoX6eyLDoZSj0NOdIVYDOeuNxf+8bqqCMydjUZIqGpHJR0HKkYrROA/kM0GJ4iNNMBFM74rIAOswlE6tokOwZ0+eJ63jmm3V7JuTav1iGkcZ9uEAjsCGU6jDFTSgCQQe4Rle4c14Ml6Md+Nj0loypjO78AfG5w9lhJgP</latexit><latexit sha1_base64="jk0JPEbPmYTa6V7PthEu1ATbEkc=">AAACAnicbVDLSsNAFL2pr1pfUVfiZrAIrkoigm6EohtXUsE+oA1hMpm0YycPZiZKCcGNv+LGhSJu/Qp3/o3TtAttPXDhzDn3MvceL+FMKsv6NkoLi0vLK+XVytr6xuaWub3TknEqCG2SmMei42FJOYtoUzHFaScRFIcep21veDn22/dUSBZHt2qUUCfE/YgFjGClJdfc892M3eXnvUBgkj0Ujzy7dlnumlWrZhVA88SekipM0XDNr54fkzSkkSIcS9m1rUQ5GRaKEU7zSi+VNMFkiPu0q2mEQyqdrDghR4da8VEQC12RQoX6eyLDoZSj0NOdIVYDOeuNxf+8bqqCMydjUZIqGpHJR0HKkYrROA/kM0GJ4iNNMBFM74rIAOswlE6tokOwZ0+eJ63jmm3V7JuTav1iGkcZ9uEAjsCGU6jDFTSgCQQe4Rle4c14Ml6Md+Nj0loypjO78AfG5w9lhJgP</latexit>

mobility rate out of i

empirically
wij = wji

<latexit sha1_base64="2IcaT8WqjFYqxANsR3Xym8jFIIQ=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoBuh6MZlBfuAdiiZNNOmTTJjkqmUYb7DjQtF3Pox7vwb03YWWj1wuYdz7iU3J4g508Z1v5zCyura+kZxs7S1vbO7V94/aOooUYQ2SMQj1Q6wppxJ2jDMcNqOFcUi4LQVjG9mfmtClWaRvDfTmPoCDyQLGcHGSv5jL2Wj7Mq2Ect65YpbdedAf4mXkwrkqPfKn91+RBJBpSEca93x3Nj4KVaGEU6zUjfRNMZkjAe0Y6nEgmo/nR+doROr9FEYKVvSoLn6cyPFQuupCOykwGaol72Z+J/XSUx46adMxomhkiweChOOTIRmCaA+U5QYPrUEE8XsrYgMscLE2JxKNgRv+ct/SfOs6rlV7+68UrvO4yjCERzDKXhwATW4hTo0gMADPMELvDoT59l5c94XowUn3zmEX3A+vgFhbZJ7</latexit><latexit sha1_base64="2IcaT8WqjFYqxANsR3Xym8jFIIQ=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoBuh6MZlBfuAdiiZNNOmTTJjkqmUYb7DjQtF3Pox7vwb03YWWj1wuYdz7iU3J4g508Z1v5zCyura+kZxs7S1vbO7V94/aOooUYQ2SMQj1Q6wppxJ2jDMcNqOFcUi4LQVjG9mfmtClWaRvDfTmPoCDyQLGcHGSv5jL2Wj7Mq2Ect65YpbdedAf4mXkwrkqPfKn91+RBJBpSEca93x3Nj4KVaGEU6zUjfRNMZkjAe0Y6nEgmo/nR+doROr9FEYKVvSoLn6cyPFQuupCOykwGaol72Z+J/XSUx46adMxomhkiweChOOTIRmCaA+U5QYPrUEE8XsrYgMscLE2JxKNgRv+ct/SfOs6rlV7+68UrvO4yjCERzDKXhwATW4hTo0gMADPMELvDoT59l5c94XowUn3zmEX3A+vgFhbZJ7</latexit><latexit sha1_base64="2IcaT8WqjFYqxANsR3Xym8jFIIQ=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoBuh6MZlBfuAdiiZNNOmTTJjkqmUYb7DjQtF3Pox7vwb03YWWj1wuYdz7iU3J4g508Z1v5zCyura+kZxs7S1vbO7V94/aOooUYQ2SMQj1Q6wppxJ2jDMcNqOFcUi4LQVjG9mfmtClWaRvDfTmPoCDyQLGcHGSv5jL2Wj7Mq2Ect65YpbdedAf4mXkwrkqPfKn91+RBJBpSEca93x3Nj4KVaGEU6zUjfRNMZkjAe0Y6nEgmo/nR+doROr9FEYKVvSoLn6cyPFQuupCOykwGaol72Z+J/XSUx46adMxomhkiweChOOTIRmCaA+U5QYPrUEE8XsrYgMscLE2JxKNgRv+ct/SfOs6rlV7+68UrvO4yjCERzDKXhwATW4hTo0gMADPMELvDoT59l5c94XowUn3zmEX3A+vgFhbZJ7</latexit><latexit sha1_base64="2IcaT8WqjFYqxANsR3Xym8jFIIQ=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoBuh6MZlBfuAdiiZNNOmTTJjkqmUYb7DjQtF3Pox7vwb03YWWj1wuYdz7iU3J4g508Z1v5zCyura+kZxs7S1vbO7V94/aOooUYQ2SMQj1Q6wppxJ2jDMcNqOFcUi4LQVjG9mfmtClWaRvDfTmPoCDyQLGcHGSv5jL2Wj7Mq2Ect65YpbdedAf4mXkwrkqPfKn91+RBJBpSEca93x3Nj4KVaGEU6zUjfRNMZkjAe0Y6nEgmo/nR+doROr9FEYKVvSoLn6cyPFQuupCOykwGaol72Z+J/XSUx46adMxomhkiweChOOTIRmCaA+U5QYPrUEE8XsrYgMscLE2JxKNgRv+ct/SfOs6rlV7+68UrvO4yjCERzDKXhwATW4hTo0gMADPMELvDoT59l5c94XowUn3zmEX3A+vgFhbZJ7</latexit>

at equilibrium

Ni = const
<latexit sha1_base64="7pXqIxnLKVna4rBGxsT7y5C0bsw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoBch6MWTRDAPSZYwO5lNhsxjmZkVwpKv8OJBEa9+jjf/xkmyB00saCiquunuihLOjPX9b6+wsrq2vlHcLG1t7+zulfcPmkalmtAGUVzpdoQN5UzShmWW03aiKRYRp61odDP1W09UG6bkgx0nNBR4IFnMCLZOerzrsSuipLG9csWv+jOgZRLkpAI56r3yV7evSCqotIRjYzqBn9gww9oywumk1E0NTTAZ4QHtOCqxoCbMZgdP0IlT+ihW2pW0aKb+nsiwMGYsItcpsB2aRW8q/ud1UhtfhhmTSWqpJPNFccqRVWj6PeozTYnlY0cw0czdisgQa0ysy6jkQggWX14mzbNq4FeD+/NK7TqPowhHcAynEMAF1OAW6tAAAgKe4RXePO29eO/ex7y14OUzh/AH3ucPqcuQTg==</latexit><latexit sha1_base64="7pXqIxnLKVna4rBGxsT7y5C0bsw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoBch6MWTRDAPSZYwO5lNhsxjmZkVwpKv8OJBEa9+jjf/xkmyB00saCiquunuihLOjPX9b6+wsrq2vlHcLG1t7+zulfcPmkalmtAGUVzpdoQN5UzShmWW03aiKRYRp61odDP1W09UG6bkgx0nNBR4IFnMCLZOerzrsSuipLG9csWv+jOgZRLkpAI56r3yV7evSCqotIRjYzqBn9gww9oywumk1E0NTTAZ4QHtOCqxoCbMZgdP0IlT+ihW2pW0aKb+nsiwMGYsItcpsB2aRW8q/ud1UhtfhhmTSWqpJPNFccqRVWj6PeozTYnlY0cw0czdisgQa0ysy6jkQggWX14mzbNq4FeD+/NK7TqPowhHcAynEMAF1OAW6tAAAgKe4RXePO29eO/ex7y14OUzh/AH3ucPqcuQTg==</latexit><latexit sha1_base64="7pXqIxnLKVna4rBGxsT7y5C0bsw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoBch6MWTRDAPSZYwO5lNhsxjmZkVwpKv8OJBEa9+jjf/xkmyB00saCiquunuihLOjPX9b6+wsrq2vlHcLG1t7+zulfcPmkalmtAGUVzpdoQN5UzShmWW03aiKRYRp61odDP1W09UG6bkgx0nNBR4IFnMCLZOerzrsSuipLG9csWv+jOgZRLkpAI56r3yV7evSCqotIRjYzqBn9gww9oywumk1E0NTTAZ4QHtOCqxoCbMZgdP0IlT+ihW2pW0aKb+nsiwMGYsItcpsB2aRW8q/ud1UhtfhhmTSWqpJPNFccqRVWj6PeozTYnlY0cw0czdisgQa0ysy6jkQggWX14mzbNq4FeD+/NK7TqPowhHcAynEMAF1OAW6tAAAgKe4RXePO29eO/ex7y14OUzh/AH3ucPqcuQTg==</latexit><latexit sha1_base64="7pXqIxnLKVna4rBGxsT7y5C0bsw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoBch6MWTRDAPSZYwO5lNhsxjmZkVwpKv8OJBEa9+jjf/xkmyB00saCiquunuihLOjPX9b6+wsrq2vlHcLG1t7+zulfcPmkalmtAGUVzpdoQN5UzShmWW03aiKRYRp61odDP1W09UG6bkgx0nNBR4IFnMCLZOerzrsSuipLG9csWv+jOgZRLkpAI56r3yV7evSCqotIRjYzqBn9gww9oywumk1E0NTTAZ4QHtOCqxoCbMZgdP0IlT+ihW2pW0aKb+nsiwMGYsItcpsB2aRW8q/ud1UhtfhhmTSWqpJPNFccqRVWj6PeozTYnlY0cw0czdisgQa0ysy6jkQggWX14mzbNq4FeD+/NK7TqPowhHcAynEMAF1OAW6tAAAgKe4RXePO29eO/ex7y14OUzh/AH3ucPqcuQTg==</latexit>

Barrat et al. PNAS 2004

Data-driven coupling

Markovian diffusion non-Markovian diffusion

Ni = const
<latexit sha1_base64="7pXqIxnLKVna4rBGxsT7y5C0bsw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoBch6MWTRDAPSZYwO5lNhsxjmZkVwpKv8OJBEa9+jjf/xkmyB00saCiquunuihLOjPX9b6+wsrq2vlHcLG1t7+zulfcPmkalmtAGUVzpdoQN5UzShmWW03aiKRYRp61odDP1W09UG6bkgx0nNBR4IFnMCLZOerzrsSuipLG9csWv+jOgZRLkpAI56r3yV7evSCqotIRjYzqBn9gww9oywumk1E0NTTAZ4QHtOCqxoCbMZgdP0IlT+ihW2pW0aKb+nsiwMGYsItcpsB2aRW8q/ud1UhtfhhmTSWqpJPNFccqRVWj6PeozTYnlY0cw0czdisgQa0ysy6jkQggWX14mzbNq4FeD+/NK7TqPowhHcAynEMAF1OAW6tAAAgKe4RXePO29eO/ex7y14OUzh/AH3ucPqcuQTg==</latexit><latexit sha1_base64="7pXqIxnLKVna4rBGxsT7y5C0bsw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoBch6MWTRDAPSZYwO5lNhsxjmZkVwpKv8OJBEa9+jjf/xkmyB00saCiquunuihLOjPX9b6+wsrq2vlHcLG1t7+zulfcPmkalmtAGUVzpdoQN5UzShmWW03aiKRYRp61odDP1W09UG6bkgx0nNBR4IFnMCLZOerzrsSuipLG9csWv+jOgZRLkpAI56r3yV7evSCqotIRjYzqBn9gww9oywumk1E0NTTAZ4QHtOCqxoCbMZgdP0IlT+ihW2pW0aKb+nsiwMGYsItcpsB2aRW8q/ud1UhtfhhmTSWqpJPNFccqRVWj6PeozTYnlY0cw0czdisgQa0ysy6jkQggWX14mzbNq4FeD+/NK7TqPowhHcAynEMAF1OAW6tAAAgKe4RXePO29eO/ex7y14OUzh/AH3ucPqcuQTg==</latexit><latexit sha1_base64="7pXqIxnLKVna4rBGxsT7y5C0bsw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoBch6MWTRDAPSZYwO5lNhsxjmZkVwpKv8OJBEa9+jjf/xkmyB00saCiquunuihLOjPX9b6+wsrq2vlHcLG1t7+zulfcPmkalmtAGUVzpdoQN5UzShmWW03aiKRYRp61odDP1W09UG6bkgx0nNBR4IFnMCLZOerzrsSuipLG9csWv+jOgZRLkpAI56r3yV7evSCqotIRjYzqBn9gww9oywumk1E0NTTAZ4QHtOCqxoCbMZgdP0IlT+ihW2pW0aKb+nsiwMGYsItcpsB2aRW8q/ud1UhtfhhmTSWqpJPNFccqRVWj6PeozTYnlY0cw0czdisgQa0ysy6jkQggWX14mzbNq4FeD+/NK7TqPowhHcAynEMAF1OAW6tAAAgKe4RXePO29eO/ex7y14OUzh/AH3ucPqcuQTg==</latexit><latexit sha1_base64="7pXqIxnLKVna4rBGxsT7y5C0bsw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoBch6MWTRDAPSZYwO5lNhsxjmZkVwpKv8OJBEa9+jjf/xkmyB00saCiquunuihLOjPX9b6+wsrq2vlHcLG1t7+zulfcPmkalmtAGUVzpdoQN5UzShmWW03aiKRYRp61odDP1W09UG6bkgx0nNBR4IFnMCLZOerzrsSuipLG9csWv+jOgZRLkpAI56r3yV7evSCqotIRjYzqBn9gww9oywumk1E0NTTAZ4QHtOCqxoCbMZgdP0IlT+ihW2pW0aKb+nsiwMGYsItcpsB2aRW8q/ud1UhtfhhmTSWqpJPNFccqRVWj6PeozTYnlY0cw0czdisgQa0ysy6jkQggWX14mzbNq4FeD+/NK7TqPowhHcAynEMAF1OAW6tAAAgKe4RXePO29eO/ex7y14OUzh/AH3ucPqcuQTg==</latexit>
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Adapted from Balcan et al. Nat Phys 2011 

#4: Effective coupling

non-Markovian mobility
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non-Markovian mobility
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Effective force of infection

LOCAL
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(pii) 

INFECTION
BROUGHT BY
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RETURNING
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(pij) 
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Identity of each host and associated movements
» commuters in the UK
» cattle trade movement in the UK

Keeling et al PNAS 2010

• ‘random’ = Markovian
• ‘commuters’ = non-Markovian, individual level

Markovian vs. individual mobility
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Coupled epidemics
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pop j 

pop i 

wij
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pop l
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Coupled epidemics
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Travel restrictions for 
containment
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<1%

AFFECTED
AREA

Travel restrictions for containment
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Singapore Mexico

Pre-COVID observed travel reductions

2014: WA Ebola2002-2003: SARS

UK

Losses to tourism:
est. $44billion

2001: FMD 2009: H1N1 pdm
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Pinotti et al PLOS Medicine 2020

Chinazzi et al Science 2020

Clifford et al J Travel Med 2020

COVID-19 travel restrictions
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BA.1 importation and travel restrictions

Tsui et al Science 2023
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Hollingsworth et al. Nature 2006; Cooper et al. PLOS Medicine 2006; Colizza et al. PLOS Medicine 2007; Bajardi et al. PLOS One 2019; Poletto 
et al. Eurosurveillance 2014

Numerical findings

Pandemic flu PREPAREDNESS

Travel restrictions as a non-medical intervention measure for a 
pandemic with R0 = 1.9 starting in Hanoi in October

©
EP

Ic
x-

la
b.

co
m



2009 H1N1 pandemic

Bajardi et al PLOS One 2011

‣ No containment

‣ Gained delay of the order of days
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August 9, 2014
1848 cases

~55% case fatality rate

http://www.statista.com/chart/2568/victims-of-the-2014-ebola-outbreak/

Sept 18, 2014
5335 cases

WHO, Ebola Situation Report, Sept 18, 2014
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WHO, Ebola Situation Report, Sept 18, 2014

date

West Africa    

no
. c

as
es

    
    

  1848 cases

5335 cases
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Poletto et al. Eurosurveillance 2014
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Reaction
11 airline companies 
18 countries

http://www.influenzanet.eu


<1%
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Poletto et al. Eurosurveillance 2014

Model predictions
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Poletto et al. Eurosurveillance 2014

Model predictions
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1

Scalia-Tomba et al. Math Biosci 2008
Gautreau et al. JTB 2008

<1%

AFFECTED
AREA

Back to the maths…

©
EP

Ic
x-

la
b.

co
m



1

Scalia-Tomba et al. Math Biosci 2008
Gautreau et al. JTB 2008

<1%

AFFECTED
AREA

Back to the maths…
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But is there a 
threshold effect?
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Barrat et al. PNAS 2004, Colizza et al. PNAS 2006
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n=0
n=1

n=2 n=3 #infected patches of degree k at 
generation n=0, 1, ...

branching process

D0
k, D

1
k, . . .

<latexit sha1_base64="IQhkho92W+D3YjOc7cH9McRhS2M=">AAAB/XicbVDLSgMxFM3UV62v8bFzEyyCi1JmRNBlURcuK9gHtOOQyWTa0EwyJBmhDsVfceNCEbf+hzv/xkw7C209cLmHc+4lNydIGFXacb6t0tLyyupaeb2ysbm1vWPv7rWVSCUmLSyYkN0AKcIoJy1NNSPdRBIUB4x0gtFV7nceiFRU8Ds9TogXowGnEcVIG8m3D6790b1Tg3lza7DPQqGVb1edujMFXCRuQaqgQNO3v/qhwGlMuMYMKdVznUR7GZKaYkYmlX6qSILwCA1Iz1COYqK8bHr9BB4bJYSRkKa4hlP190aGYqXGcWAmY6SHat7Lxf+8XqqjCy+jPEk14Xj2UJQyqAXMo4AhlQRrNjYEYUnNrRAPkURYm8AqJgR3/suLpH1ad526e3tWbVwWcZTBITgCJ8AF56ABbkATtAAGj+AZvII368l6sd6tj9loySp29sEfWJ8/NT6Txg==</latexit><latexit sha1_base64="IQhkho92W+D3YjOc7cH9McRhS2M=">AAAB/XicbVDLSgMxFM3UV62v8bFzEyyCi1JmRNBlURcuK9gHtOOQyWTa0EwyJBmhDsVfceNCEbf+hzv/xkw7C209cLmHc+4lNydIGFXacb6t0tLyyupaeb2ysbm1vWPv7rWVSCUmLSyYkN0AKcIoJy1NNSPdRBIUB4x0gtFV7nceiFRU8Ds9TogXowGnEcVIG8m3D6790b1Tg3lza7DPQqGVb1edujMFXCRuQaqgQNO3v/qhwGlMuMYMKdVznUR7GZKaYkYmlX6qSILwCA1Iz1COYqK8bHr9BB4bJYSRkKa4hlP190aGYqXGcWAmY6SHat7Lxf+8XqqjCy+jPEk14Xj2UJQyqAXMo4AhlQRrNjYEYUnNrRAPkURYm8AqJgR3/suLpH1ad526e3tWbVwWcZTBITgCJ8AF56ABbkATtAAGj+AZvII368l6sd6tj9loySp29sEfWJ8/NT6Txg==</latexit><latexit sha1_base64="IQhkho92W+D3YjOc7cH9McRhS2M=">AAAB/XicbVDLSgMxFM3UV62v8bFzEyyCi1JmRNBlURcuK9gHtOOQyWTa0EwyJBmhDsVfceNCEbf+hzv/xkw7C209cLmHc+4lNydIGFXacb6t0tLyyupaeb2ysbm1vWPv7rWVSCUmLSyYkN0AKcIoJy1NNSPdRBIUB4x0gtFV7nceiFRU8Ds9TogXowGnEcVIG8m3D6790b1Tg3lza7DPQqGVb1edujMFXCRuQaqgQNO3v/qhwGlMuMYMKdVznUR7GZKaYkYmlX6qSILwCA1Iz1COYqK8bHr9BB4bJYSRkKa4hlP190aGYqXGcWAmY6SHat7Lxf+8XqqjCy+jPEk14Xj2UJQyqAXMo4AhlQRrNjYEYUnNrRAPkURYm8AqJgR3/suLpH1ad526e3tWbVwWcZTBITgCJ8AF56ABbkATtAAGj+AZvII368l6sd6tj9loySp29sEfWJ8/NT6Txg==</latexit><latexit sha1_base64="IQhkho92W+D3YjOc7cH9McRhS2M=">AAAB/XicbVDLSgMxFM3UV62v8bFzEyyCi1JmRNBlURcuK9gHtOOQyWTa0EwyJBmhDsVfceNCEbf+hzv/xkw7C209cLmHc+4lNydIGFXacb6t0tLyyupaeb2ysbm1vWPv7rWVSCUmLSyYkN0AKcIoJy1NNSPdRBIUB4x0gtFV7nceiFRU8Ds9TogXowGnEcVIG8m3D6790b1Tg3lza7DPQqGVb1edujMFXCRuQaqgQNO3v/qhwGlMuMYMKdVznUR7GZKaYkYmlX6qSILwCA1Iz1COYqK8bHr9BB4bJYSRkKa4hlP190aGYqXGcWAmY6SHat7Lxf+8XqqjCy+jPEk14Xj2UJQyqAXMo4AhlQRrNjYEYUnNrRAPkURYm8AqJgR3/suLpH1ad526e3tWbVwWcZTBITgCJ8AF56ABbkATtAAGj+AZvII368l6sd6tj9loySp29sEfWJ8/NT6Txg==</latexit>

Colizza et al PRL 2007, JTB 2008; Bajardi et al PLoS ONE 2011

from micro to macro
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Colizza et al. PRL 2007, Nature Phys 2007, JTB 2008
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Back to the maths…
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Heterogeneous length of stay
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Global invasion threshold
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Patch population stratification



mixing
Mossong et al. 
PLOS Med 2008
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Age stratification



Air travel DATA (reference)

Apolloni et al. BMC Inf Dis 
2013
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Age and mobility

Pullano et al. Lancet Digit Health 2020

Mobile phone data (1st covid lockdown)
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Age and invasion/local transmission

Apolloni et al. BMC Inf Dis 
2013
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Age and invasion/local transmission
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Social mixing
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De Luca et al. BMC Inf Dis 2018
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mixing changes model travel changes model

in the US: 
• Ewing et al. 2017

travel restrictions:
• Cooper et al, 2006
• Epstein et al, 2007
• Hollingsworth et al, 2006
• Colizza et al, 2007
• Bajardi et al, 2011

De Luca et al. BMC Inf Dis 2018
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Impact of mobility vs. contacts

regular weekday modelno changes model    


