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Spatial and
Metapopulation
Modelin

» 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
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Networks In spatial disease transmission

Mar 06 2009 ) Knowledge of animal movements can help us detect
and control livestock disease outbreaks

m
|
m
-
r
Colizza et al. PLOS Medicine 2007 Bajardi et al PLOS One 2009
Balcan et al PNAS 2009 Bajardi et al Proc Roy Soc Interface 2012

Tizzoni et al BMC Med 2012 Valdano et al PLOS Compute Bill 2015
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"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

Total cases:

96,893
3/5/2020
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2012—: MERS

before March 31
April 1- April 15

— April 16 - April 30

May 1-May 15

2009: HIN1pdm

The Spread Of The Zika Virus

Countries and territories with active Zika virus transmission” and reported cases

[0}
Reported active
transmission

. Zika case(s)
currently reported

o Zika reports
prior to 2015

@®®  source: Centers for Disease Control and Preventior
@statistacom  *As of February 2016

2014: Zik

I Ebola outbreaks

2014 outbreak*

1 peopleinfected
of whom: died
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1976-2013 "\ BOTSWANA & | 400 &
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~ 0
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Sources: WHO; IUCN
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2014: Ebola

96,893
3/5/2020

*To July 23rd

2020: SARS-CoV-2



Black Death, 14th century




Black Death pattern vs. ?
recent epidemics patterns




Acceleration
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Number of countries reporting at least one case
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COVID-19
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http://worldpop.org

But... 1889 flu pandemic

Valleron et al PNAS 2010
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Peak size
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Wave vs. non-local jumps

Black Death, 14th century

f Jone 350]

Coec 1315 18

A e S : R S . ! ‘ Total cases:
e i o emepss TR v 96,663
(5 \s (s S 3/5/2020




nature
Accelerated Article Preview

https://doi.org/10.1038/s41586-020-2293-x
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to contain COVID-19in China
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The effect of human mobility and control measures
on the COVID-19 epidemic in China
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Importation vs. persistence

*Invasion
~Coupled epidemics
Recolonization and synchrc



*Invasion




COVID-19 importation risk

Risk of importation per country, given 1 case imported to Europe

[Data up to 27/01/2020]
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Pullano et al Eurosurveillance 2020
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COVID-19 importation risk & preparedness
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Dengue importation risk
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Origin country
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Poongavanan et al The Lancet Planetary Health 2024
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COVID-19 observed invasion

Outflow from Wuhan
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From sequence data MPOX

Europe and the Americas

COVID-19
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Chikungunya observed invasion
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~Coupled epidemics




COVID-19 re-seeding

l0g10(wj)

week of Aug 19

BOUCHES-DU-RHONE

r=0.69
py=1.00e — 06

o 4 |
O
2 p
0 4
_2 .
-5 -4 -3 -2
log10 wj;

Mazzoli et al in preparation

l0g10(wj)

week of Aug 26

RHONE

py=2.31le—-02

2.0 -15 -1.0

log10 wj;

©EPI.cx-Iab.com

i Inserm




COVID-19 re-seeding
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Lemey et al Nature 2021
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Introductions vs. persistence
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HIV risk flow networks
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Recolonization and synchrc



Recolonization and synchrony
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Recolonization and synchrony

Aleta et al. Roy Soc Open Sci 2017



Recolonization

Dog rabies
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Colombi et al PLOS Negl Trop Dis 2020
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Global spread

Seasonal flu
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MODELS
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Mobility to inform spatial transmission
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Adapted from Buckee et al. 2021
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Models
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Models
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Colizza et al CR Biologies 2007
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Metapopulation models
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Colizza et al JTB 2008



Metapopulation models: a compromise

no structure:
homogeneous
mixing

metapopulation

=

LIBERIA

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

explicit structure

June 16
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Merler et al. 20§ 5
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Coupling across scales

Tizzoni et al PCB

i Inserm

Eubank et al Nature 20b4et al arxiv 2018
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D D time time type
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International scale

i Inserm

Air travel
* metropolitan areas
+ airport ‘basins of attraction’
« air travel flows (market/segment)

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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Country scale

Balcan et al. PNAS 2009

Air travel

Ground transportation (trains, buses, ..

Commuting
All movements: mobile phone data

Administrative subdivisions

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

)
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Country scale
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City scale
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Sporting goods stores T
Other general stores{ * + =+« « -
Hobby and toy storesf- = - =
Hardware stores{ -« -
Automotive parts stores{- -
Dep stores{ -
Gas stations
Pharmacies and drug stores
> .

| ,,7‘1‘46 Mobile phone data
Ay « cell towers, POls
/8 g « administrative divisions

-
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oNbsoO®

Number of events

o 2 4 ¢ 5 N’ Gonzalez et al. Nature 2008

T 10 o .

New car s - - 3 Distance (km) > 14 16 Blondel et al. EPJB Data Sci 2015
itional infections (per X individuals),

Ao armarea o ot rooponing. Service area delimit ™o Recorded path Chang et al Nature 2020

« Mobile phone tower +, Preferred position 7 ry~4 km
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Human vs. animal hosts

» Resident vs. non-resident

i Inserm
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Mobility NETWORK
FEATURES



Air transportation network
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] . | AIRPORT connections
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- . > long tail distributions
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k
B 10"
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e ™ Passenger Fluxes
L}
iy
% | 2 > long tail distributions
vl > >6 orders of magnitude
g
10°F
:

Colizza et al PNAS 2006, JTB 2008
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Air transportation network

City population vs. Airport traffic

N(T) ~ TO.S

> larger population <—> larger traffic

N(T)

Passenger Flux vs. airport connecti

Wij ~ (kikJ_)O.S

> hubs <—> larger traffic

2 MR TIT MEETEETTT MR MR ETTT PRI
10
10° 10" 10° 10° 10 10

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



Commuting

2
10 :iii:'..“ o T
10 B P COMMUTERS of a city
2 6F oy 3
a 107 "n ] > long tail distributions
-8 5_ 5] %
10 Total number of commuters BT
10 = per day
10' L vivium 1 PR [T ]
10°  10° 10" 10°
S
10 Fovme
-2 Bmg 3
10 ...... | -
T 10* oa,, Commuters between cities
By
o 10° .'-. - > long tail distributions
10-8 N:mf;er of commuters  “m_ > >5 orders of magnitude
10 gl’l eac)III CIOI’II'IeCtiOI'I 1 _I
10 4

10" 100 10

W

Balcan et al PNAS 2009
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Mobility from mobile phone data

SPATIAL AND METAPGPULATION |/
A m‘ﬂ /
MODELING \\\\{\\We&;‘;’."

LAB #1.
Mobility data introduction




Transportation of goods and animals
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Colizza et al PNAS 2006, Bajardi et al PLOS One 2011
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Freight transportation

> long tail distributions

Livestock movements

> long tail distributions



Across timescales
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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



Across timescales
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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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Mobility models




Mobility models

- 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

i Inserm
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Gravity model

NENY
Ty=C——

Barbosa et al., Physics Reports, 2018

> T flowi — j

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

» The distance function f(a’l-j) is commonly modeled
with a power-law or an exponential form

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

i Inserm
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Application to the US

« A gravity model for commuting in the US
« Airport basins of attraction (change of scale)

any
r= o
Y eﬂ dij
d (km) Parameter Estimate Standard Error  p-value R?
<300 o4 0.46 0.01 <2E—16 0.7972 105 e ot e
Y 0.64 0.01 <2E—-16 Distance (km) Distance (km)
B 0.0122 0.0002 <2E—-16 £ ' ' E
> 300 o 0.35 0.06 6.9TE—09 0.5369 | 1T
= =
2% 0.37 0.06 2.12E — 09 = =
=0 10
% %
lot?o-? 1cl) 1(;5 1-0“ 101?02 1.04 1Io5 1-08
Population of origin Population of destination

Balcan et al., PNAS, 2009
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Radiation model

1 m;m;
Tij - Oi m;
1 — v (mi + Sij)(mi + m; + Sij)

;—\,——-J

Normalization term

. The flow Tl-j depends on the opportunities

(m;, mj) available at the origin and at the

destination compared to those in the
surrounding area of the origin (s;;)

« Opportunities can be approximated by the
population size

Barbosa et al., Physics Reports, 2018
Simini et al., Nature, 2012
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ravity vs. radiation model

National mobility fluxes from New York County

Data census

Gravity

Radiation

Radiation

» Small fluxes...

Simini et al., Nature, 2012
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Gravity vs. radiation model

Gravity model

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

e Adjustable parameters and multiple
option for the distance function

e Widely used and accepted
framework

 Requires detailed mobility data for
calibration

e |nconsistent predictive power (e.g.,
overestimation in sparsely populated
areas)

e Needs for different calibration at
different scale

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

i Inserm
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CORONAVIRUS

Mobile phone data for informing public health actions _
across the COVID-19 pandemic life cycle Trodeling COVIDIS shrend,

Nuria Oliver'?, Bruno Lepri®3, Harald Sterly*, Renaud Lambiotte>®, Sébastien Deletaille’, not tracking citizens, says EC
Marco De Nadai®, Emmanuel Letouzé*®, Albert Ali Salah®®, Richard Benjamins'®"", Cssonsomss e | o S
Ciro Cattuto'*'3, Vittoria Colizza'*, Nicolas de Cordes'*, Samuel P. Fraiberger®'%2%, Till Koebe?'?, ' '
Sune Lehmann'®, Juan Murillo'®, Alex Pentland?’, Phuong N Pham*?', Frédéric Pivetta??,

Jari Saramiki?3, Samuel V. Scarpino?*, Michele Tizzoni'?, Stefaan Verhulst?®, Patrick Vinck*?'*

Mobile phone &&#

Aggregated mobility data
could help fight COVID-19

As the coronavirus disease 2019 (COVID-19) P E RS P ECT' V E

epidemic worsens, understanding the effec- = o OPEN
tiveness of public messaging and large-scale LS LU e

social distancing interventions is critical. . o .
Carchos 0. Bk Skt Bl S The use of mobile phone data to inform analysis
Chan*4, Mercé Crosas®, Francesca Dominici¢, Urs

Gasser’, Yonatan H. Grad?, Bryan Grenfell?, M. Of COVlD—19 pandemic epidemiology

Elizabeth Halloran®*°, Moritz U. G. Kraemer"%,

Marc Lipsitch?, C. Jessica E. Metcalf®, Lauren

Ancel Meyers®, T. Alex Perkins®, Mauricio Kyra H. Grantz!, Hannah R. Meredith® 7, Derek A. T. Cummings 2
Santillana®2, Samuel V. Scarpino’®, Cecile . 3 3 . 1 . 1
Viboud?, Amy Wesolowski®, Andrew Schroeder® C. Jessica E. Metcalf® >, Bryan T. Grenfell®, John R. Giles® ', Shruti Mehta', E
Sunil Solomon!, Alain Labrique?, Nishant Kishore® >, Caroline O. Buckee® °> & -
Amy Wesolowski® 1™ (())
7))
o
K]
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FEATURE IIH:!E

PHONE CALLS FOR GOOD?

Scientists have analysed call-detail records from tens of

millions of mobile-phone owners in ‘data for good’ projects .@ i
—in dozens of countries, according to published papers, : e
press releases and infqrmation'shared with Nature. AT
¢

HAITI T 8

Karolinska Institute researchers

tracked 1.9 million SIM cards
o to estimate population (
[é movements before and f
. after the 2010 earthquake. L
. |

X
SIERRA LEONE
Harvard and Flowminder
scientists used call
records from >1.6 million
subscribers to examine

travel restrictions during the
2014-16 Ebola outbreak.

® Call-detail records project

Nature ;.)ubllcatlons remain neutral
with regard to contested ]urISdIChOnal
claims in published maps.

Nature, May 2019

i Inserm

m TURKEY
- International teams
used call records from
1'million subscribers to
track Syrian refugees in a
humanitarian challenge.

= {2 million phone sbscnbers
“after the 2015 earthquake.

> KENYA \ s
A US team analysed call : 3 .
records from 14.9 million s Y
people to link travel
patterns with movements
of malaria parasites.
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Quantifying the Impact of Human
Mobility on Malaria

Amy Wesolowski,"?> Nathan Eagle,?* Andrew ]. Tatem,>®” David L. Smith,%2
Abdisalan M. Noor,”*° Robert W. Snow,**° Caroline O. Buckee****

Human movements contribute to the transmission of malaria on spatial scales that exceed the
limits of mosquito dispersal. Identifying the sources and sinks of imported infections due to
human travel and locating high-risk sites of parasite importation could greatly improve malaria
control programs. Here, we use spatially explicit mobile phone data and malaria prevalence
information from Kenya to identify the dynamics of human carriers that drive parasite importation
between regions. Our analysis identifies importation routes that contribute to malaria
epidemiology on regional spatial scales.

A

.

A

Mobile phone data highlights the role of mass
gatherings in the spreading of cholera outbreaks

Flavio Finger?, Tina Genolet?, Lorenzo Mari®, Guillaume Constantin de Magny®, Noé&l Magloire Manga®,
Andrea Rinaldo®*', and Enrico Bertuzzo™'

2Laboratory of Ecohydrology, Ecole Polytechnique Fédérale Lausanne, 1015 Lausanne, Switzerland; PDipartimento di Elettronica, Informazione e
Bioingegneria, Politecnico di Milano, 20133 Milano, ItaIX; “‘Maladies Infectieuses et Vecteurs: Ecologie, Génétique, Evolution et Contréle, Institute of
Research for Development, 64501 Montpellier, France; “Service des Maladies Infectieuses et Tropicales de I'Hopital de la Paix, Unité de Formation et de
Recherche en Sciences de la Santé, Université Assane Seck de Ziguinchor, 27000 Ziguinchor, Senegal; and ®Dipartimento dell’Ingegneria Civile, Edile ed
Ambientale, Universita di Padova, 35131 Padova, Italy

Predictability of population displacement
after the 2010 Haiti earthquake

Xin Lu**'?, Linus Bengtsson*'?, and Petter Holme>"<¢

2Department of Public Health Sciences, Karolinska Institutet, 17177 Stockholm, Sweden; ®Department of Sociology, Stockholm University, 10691
Stockholm, Sweden; ‘Department of Physics, Umed University, 90187 Ume3, Sweden; and “Department of Energy Science, Sungkyunkwan University,
Suwon 440-746, Korea

Edited by* H. Eugene Stanley, Boston University, Boston, MA, and approved May 16, 2012 (received for review March 6, 2012)



Mobility phone data: CDR

Blondel et al 2015

Ff —

anonymous ID

(%)

antenna ID

time stamp

Mobile Phones Data
Call Detail Records (CDRs)

T ((f&))

Maximen 2019
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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)

Arrival times differences Infection tree similarity
Seeds Paris
180 *¥O0 00 %00 10 <>
7 h
120 1 08k g @- Rennes
el @
60 - I 0.6 ® $
I A E e .®
0 - | el 0.4 -_*_0 ‘ .
] 4
-60 - 0.2 % i ¥
14 I L 0.0 I I L Barcelonnette
1.1 1.5 3.0 1.1 1.5 3.0
R, R

=== Mobile phones vs census
=== Radiation vs census

Tizzoni et al. PLoS Comput Biol, 2014
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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

. Download .
®@call - g @ OVNOaW ... ,
ca User's trajectory and Upload User's trajectory
Tu = <BBED> Tu = <BBBAAAEEEEDD>
o
T
A A | 4
@ L .
() (J “‘. .0.' . o. o E .\‘
: ¢ )
B g : Ry
L APSS B B _..D"'
C '...CO‘
CDRs XDRs

Pappalardo et al., EPJDataScience, 2021
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Mobility phone data: GPS

e From GPS ping

e Cluster of GPS pings are used to identify
individuals’ home location and POls

e Spatial aggregation at Census Tract,
County and State level

TRACK PLACE VISITS

L;j SAFEGRAPH

—
—

Mobile Phone Data User Trajectory Place Visitors

INFER POPULATION FLOWS

Dynamic SafeGraph Census Population
Population Visitor

Flows Flows SafeGraph Devices

Yuhao Et al., Scientific Data, 2020

SPATIAL AND METAPGPULATION
MODELING

LAB #1.
Mobility data introduction

i Inserm
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Beyond telcos

@SAFEGRAPH

Google COVID-19 Community Mobility Reports

T— TN TN 7
3] PN =4 3 ® =

See how your community is moving around
differently due to COVID-19

FACEBOOK Data for Good

#8
A\l 4
Movement Range Maps

Movement Range Maps inform researchers and public health experts about how
populations are responding to physical distancing measures. These datasets have
two different metrics: Change in Movement and Stay Put. The Change in
Movement metric looks at how much people are moving around and compares it
to a baseline period that predates most social distancing measures. The Stay Put

i Inserm

Stay Put
60%

40%

20%

0%

©EPicx-lab.com



SAFEGRAPH Why SafeGraph v Data v Resources v

Geospatial Data: A
Comprehensive Guide

https://www.safegraph.com/guides/geospatial-data

Docs [

i Inserm
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Resolution




Definition of patches, borders

» .
TEr
R -
HRS .
s :
i
£ - »
]
e.g. commuting e.g. air travel

but also

i !nserm
©EPIcx-lab.com

livestock farms —> « network approaches

* metapopulation



From individual movements to fluxes

@
(

Pullano et al medrxiv 2024

\ 2
:”.——-_‘—_T'-M.
{ mer {
» L
14:52 g ‘
,»/4\ 7
T@ S 055 RIS 505
ffe--0

Maximen 2019
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Home location, ...

Wl
SPATIAL AND METAPOPULATION W /

i
Wit
MODELING i

Mm |

/

LAB #1.
Use and analysis of mobility
data

-
-
-
"

Maximen 2019
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Time-varying mobility

> Changes in mobility over time

> Can we anticipate them

> What are the drivers

> Applications for social distancing

i Inserm
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Mobility changes during COVID-19 pdm

Week: Feb 21 - Feb 28 Week: Feb 29 - March 6 Week: March 7 - March 10
40 40
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http://covid19mm.github.io http://covid19mm.github.io

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



Mobility changes during COVID-19 pdm
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40_.
20
S
e
S
e
®
—
©
>
z
=
(o]
E _40 -
—60 - \ /—/‘// —0— national —— PAC —— GES —— NOR —— CVL —— BRE
\4/-5,/' — IDF HDF occ NAQ BFC —— PDL
ARA
_80 T T T T T T T

T T T T T T T T T T T T T T

weeks 2020

Di Domenico et al. BMC Med 2020, Nature 2021, Comms Med 2021. Sabbatini et al BMC Inf Dis 2024
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Mobility changes during COVID-19: lockdowns
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1st Wave 2nd Wave 3rd Wave

< -20] 20 -20] 20 -20] _20 OF
5 v/ ;é;é‘o O < Q:—A ; ¥/ c %
B —401 //F—40  —40 Q}é r—40  —407 é YO/“/;0~0-—40 2o
© H : : :

> : £
> —60 % % L 60  —601 F-60  —60{ L —60 <%
2 % 2% <5
3 2%
£ —801 t-80  —801 L-80  —801 -80 §¢

: 4 : : 2 >
/’ §Sc_hoolé Sc_hoolg ;Sc_hool
~100 —100 holidays 100 —100 L_iolidays hoidays| |

/ 1011 1213141516 17 1819 20 41424344 454647 4849505152 6 7 8 9 1011121314 1516
/ week (year 2020) week (year 2020) week (year 2021)

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

\ 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: space/time

@ radius of gyration: how far user’s visited locations are spread

mobility synchronization: temporal regularities related to when people leave their
residences (quantify travel rhythms of the populations)

First Second Third
national national | national
lockdown lockdown : lockdown
60 4 _ /i~ ' ! J
g T -
2 o \ P ,
7] I r | Noad
3 | | |
I | I
-100 - ! I '

Feb Apr Jun Aug Oct Dec Feb
2020 2020 2020 2020 2020 2020 2021

Qﬁ Mixed ﬁ Urban Qﬁ Rural

Santana et al. Nature Hum Behav 2023
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Second national: Third national
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lockdown | lockdown
1
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i Inserm

©EPIcx-lab.com



©EPIcx-lab.com

i Inserm

Mobility changes during COVID-19: persistence
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S s 5 2= 323538 °z°

s =]

<

2020

Pullano et al. JMIR Public Health Surv 2025



Mobility changes during COVID-19: persistence

Traffic (log)

Feb 3-9,2020 March 30-April 5, 2020 March 3-9, 2020 March 30-April 5,2020

Marseille

Paris

Pullano et al. Lancet Digit Health 2020
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Mobility changes during 2014 Ebola outbreak

Sierra Leone

Daily Number of Trips between X»
Freetown and Magbema, Kambia

Count of Chiefdom-pairs with
Travel Anomalies by Day
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Peak et al., Int J Epidemiology 2018
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Reduction in Travel

| 30-39%
] o
[ 50-50%
I 0-69%
B 0-79%

» Cumulative Ebola  ©
Cases (1 Dot =10) [~ Operation Northern Push

41
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‘Magbema Chiefdom, Kambia
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Mobility changes during 2014 Ebola outbreak

11 airline companies
18 countries
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HW38%

Poletto et al. Eurosurveillance 2014



Time-varying livestock movements

2011-10-10 Mon

2010

2009

2008

2007

2006

=4 N~ (= =] (=2 [
S [ =) [ [ =) —_—
o [ o [ o
(o] (o] (o] (o] (o]
I

0 02 04 06 08 1
fraction of common edges

Bajardi et al. PLOS One (2011)
Bajardi et al. J Roy Soc Interface (2012)
Valdano et al. PLOS Comput Biol (2015)
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Anticipating change (seasonality)

Livestock infections COVID-19

Risk measure for 2008 based on 2007

movement data + loyalty assessment Composite risk measure for summer 2021

based on 2020 summer mobility data

0.4
¢ T

Con loyal

0.3F l‘
disloyal : ~
- | b %
P P4 3
P 0.2} -
f o)

0 0.2 0.4 0.6 0.8 1
ow ik &) &) Y

Valdano et al., PLOS Comput Biol 2015 Mazzoli et al., J Travel Medicine 2021
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Identifying drivers for change

@ fle-de-France ® Occitanie
® Corse Bretagne

® Novuvelle-Aquitaine Normandie

@ Pays de la Loire

Centre-Val de Loire

Grand Est ® Provence-Alpes-Céte d'Azur @ Auvergne-Rhone-Alpes ® Bourgogne-Franche-Comté
® Hauts-de-France

r=0-91; p<0-0001
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Pullano et al. Lancet Digit Health 2020
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variation in the number of

Identifying drivers for change

people at workplaces (%)
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Pullano et al. Nature 2021

1% lockdown curfew - Oct

2™ lockdown curfew - Dec

> job sector
> house crowding

Pullano et al. The Lancet Digital Health 2020
Valdano et al. J Travel Medicine 2021
Tizzoni et al Nature Communications 2022
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mobility, % variation from pre-pandemic
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Risk assessment

> Importation risk

> Source size estimate

> Time of arrival

> [dentification of means of spatial
transmission

i Inserm
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Importation risk: single source




Importation risk: single source

N
L
\ it

AN

SN

~_
S

“‘
>N

. Importation risk of country & from city i:

~~
=~

MODELING \\\ i

SPATIAL AND METAPOPULATION \

SSO.

\\\\Q\{i{%\‘t’z‘w

-

i

ria — Aia

LAB #2.

Computing importation risk :
P 9 P [ Al-a: probability to travel from 1 to « if travel

== proportion of travelers I — « from travel data)
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Importation risk: multiple source

cpv
GMB
Importation risk Population density
(people per km?)
Clo
)
1x1025 D
&=
E
I 250
‘ 1x10%° Wl
=
@ ix10¢+ W
. 5]

<1x10" mE 1000

Gilbert et al The Lancet 2020

Importation risk
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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

Cumulative

incidence Passengers (millions)
Oo

CJix107 100
CJ1x10%

E1x10°

B 1x10°5° . 30

B 1x10° ®

Il 1x10*°

M -1x10*

Gilbert et al The Lancet 2020

. Importation risk of country & from city i:

en;A;,
r. =

. Importation risk of country (:

Raz Zria

n;: number of individuals leaving
e;: cumulate incidence in city
Aia: probability to travel from i to a if travel
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Dengue importation risk

I Asia [ South America [ East Africa [ Central Africa [0 West Africa Northern Africa [l Southern Africa

A Rawintroductions
Egypt

Senegal
Sudan

Ethiopia

Uganda

Nigeria

Cote d'lvoire

Rwanda

Tanzania

Ghana Benin

Poongavanan et al The Lancet Planetary Health 2024
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Source size estimate

COVID-19

17 January 2020 Imperial College London COVID-19 Response Team

Report 1: Estimating the potential total number of novel Coronavirus
cases in Wuhan City, China

Natsuko Imai, llaria Dorigatti, Anne Cori, Steven Riley, Neil M. Ferguson

WHO Collaborating Centre for Infectious Disease Modelling

MRC Centre for Global Infectious Disease Analysis

Abdul Latif Jameel Institute for Disease and Emergency Analytics (J-IDEA)
Imperial College London

Baseli Scenario 1 Scenario 2 Scenario 3 Scenario 4
Exported number of confirmed 3 3 3 2 4
cases*
Daily international passengers 3,301 3,301 3,301 3,301 3,301
travelling out of Wuhan
International airport®
Effective catchment population of 19 million 11 million 19 million 19 million 19 million
Wouhan airport
Detection window (days) 10 days 10 days 8 days 10 days 10 days
Estimated Total number of cases 1,723 996 2,155 1149 2,298
(95% Cl) (427 -4,471) | (246-2,586) | (535-5,590) | (190-3,549) | (712-5,341)

January 16, 2020:
* 41 cases in Wuhan
+ 2in Thailand
+ 1inJapan

1,723
(427-4,471)

det
] Idest

source — det
dest

w

det __ ""source—dest
Piest = N . At
source

Ij:stt: detected cases at destination
det .

P et probability that a case is detected at
destination

Weource—dest travel flow from source to
destination

N, 0 SOUrce population

At: mean time to detection
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Source size estimate

before March 31
——— April 1- April 15
— April 16 - April 30

| —— May1-May15

Fraser et al. Science 2009
Balcan et al PNAS 2009

MERS epidemic

i i
{@ World Health
&2 Organization

Poletto et al Eurosurveillance 2014
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Arrival time: two cities

Number of
passengers:
w
g Destination
Population: N Population: N

w
Travel probability: p = NAI

n—1
Probability arrival at time #: P(¢f; = nAf) = (1 —(1 —p)lo(”At)) xH(l — p)loliAn
i=1

Probability to travel at time £, Probability never traveled before
r 0.04 T T T T T T T T T
Suppose at tfe source: (1) = Iye

0.03

T 002

o

(1) = —7
0.01
0¢

Gautreau et al. JTB 2008
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Extensions

Line of cities

Network of cities

Gautreau et al. JTB 2008

Logarithm of traffic
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Arrival time

D 160 H1N1 (2009)

(&)
140 (o) @ V4

NS

[SeainjfNethertanas|

Brockmann et al. Science 2013

20

E 200
180
160
140
120

100

T, [days]

80

Alternative view: Effective distance

. dmn: distance between connected
patches

. D, : distance taking the path that
minimize the sum effective distances

Probability of travel

.= (1—1og}bmn) > 1

SARS (2003) dm

= min A(I")
r

D

mn
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MEtapopulation models

> Levins-type (no pop structure)
> Kernel transmission

> Explicit coupling

> Effective coupling



£ c
= O
u 5 8
#1: Levins type
| | =___.§
=0

dp; S S
= G(p)(1 = p) — p;E(p)
Rate of change in p;, Invasion rate C; of Eadeout rate E. of
the probability that population I from other . . i o
infection is present in pOpuIationsﬁ when pi r?gr?fr;::? pr?plrJ a;? l
population ¢ infection absent when infection pres

Viana et al. TREE 2014

Ecology <— —> Epidemiology

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



Chikungunya spread

¢
StuKitts and Nevis

@ Dominica
*
@ . Antigua and Barbuda
e

St. Martin
@ US Virgin Islands

.; Puerto Rico

walic

.

Haiti \
O

Cuba

Anguilla L French Guiana

. Saint Lucia
L)

Saint Vincent and the Grenadipes

Barbados

® Grenada

Cauchemez et al. Eurosurveillance 2014

A

i risk of transmission from
venue [ to venue J

/ [:O if 7 not invaded yet

: l=1 if # invaded

Force of invasion on location J
i|t<t

Assumed coupling
model or selected
through fitting
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http://www.influenzanet.eu

Rabies metapopulation dynamics

Tarime District Population
Musoma size (dogs)
District 50 - 200
® 200-350
@® 350-500
@ -s00
@ o
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[ ]
) [ ] L] o
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. .
. |
° g ]
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®: e District . - ® \

° {

* @ . . @ b
® \
\
\
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— L ] / Reserve |
[ 7 Grumeti | ——_
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\, S ) \ /
-
0 5 10 20 6 e fﬂj\\,g ~ A~
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I, ~ Bern|[l — e ‘]

Beyer et al. PRCB 2010, Vaccine 2012

98.3N
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Hazard rate

Cip = :B(
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|
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Livestock disease spread

2011-10-11 Tue

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

Wi, O farmj

ij
O /
farm [

Force of transmission I — |

A0 =1—(1 =)

. A:transmission rate per bovine
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#2: Kernel transmission

Force of infection for Sin i

effective spatial

transmission kernel )\Z — B Z f(M)IJ
J

between patches

potential interaction of
S from i with /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
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Synchrony and waves of flu spread

B Epidemic starting in California

Viboud et al. Science 2006

%

D
S

Gravity law
T1 D12
PP
d’

y

C,-j=9

Force of infection for Sin i

Ai =0 Li+ ZWCjin
J
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#3: Explicit coupling

dsS;
pop i dt
0@®
Q @ w, d Iz’
V) o~
@ O O
Wii ©_0a®
2o :O ’ i e
SPATIAL AND METAPOPULATION |/
it
MODELING \\\\&W‘QW . Flow balance for compartment X

LAB #3.

= > (djiX; — di; X;)
j

mobility rate on a link j-i




Data-driven coupling

W;;  #passengers from data

_ g y .
dZ] — ——— mobility rate on a link i-f

(
o D Wij
Di N,

mobility rate out of j

Colizza et al. JTB 2008

Markovian diffusion
empirically

wij = wjz-
Barrat et al. PNAS 2004
at equilibrium

N; = const

©EPIcx-lab.com
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non-Markovian diffusion

N; = const



#h: Effective coupling

non-Markovian mobility

subpop j '

subpop I K 0

\ ‘ @ residentini ¢
p .o @ residentinj
—— I

Adapted from Balcan et al. Nat Phys 2011
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Effective force of infection

non-Markovian mobility

J
E Force of infection for susceptibles in

_ . E v E T
J J
i N
LOCAL
INFECTION

(pii)

INFECTION
BROUGHT BY
VISITORS

(pii)

INFECTION
BROUGHT BY
RETURNING
RESIDENTS

(pi)

Pullano et al medrxiv 2024
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Effective force of infection

L
LOCAL I
INFECTION /11'1' — ﬁpiT
(Pi) Ni

I

INFECTION v ]
BROUGHT BY AV = ﬂpiip'iT
VISITORS Jt J N.
(pi) l

1
INFECTION ]
BROUGHT BY ;{r = pp;; L
RETURNING gy
RESIDENTS j
(pi)

Pullano et al medrxiv 2024

i Inserm

©EPIcx-lab.com



Markovian vs. individual mobility

Identity of each host and associated movements
» commuters in the UK
» cattle trade movement in the UK

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

(

5 - - : 0.21 . . . . .
—— Random movers o .
4.5 —— Commuters 1 < 02 _
—— Mixed o o

4t c —
. 8 0.19 B
g 3.5 1 2 \ _
= 3 ] 2 0.18f
£ GE) - \
5 = L
T 2 I 0.16} +
> oS L
o 1}
o 1 5 [ [0) £

3 0.15f
1 o
& 0.14f
0.5 =
1 0‘1 3 1 1 1 1 1
00 50 100 150 200 Random 0.25 0.5 0.75 Commuters
Time (days) Proportion Commuters

Keeling et al PNAS 2010
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Coupled epidemics




Coupled epidemics

--IIIIIII...

4- .
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Coupled epidemics

D
Mt

pop 3 ‘/
\ i

5 E \
SPATIAL AND METAPOPULATION \\ &,:,:‘,:‘."fw

i
MODELING \“ |
Vil

LAB #4.

Impact of connectivity on
disease outcomes
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Travel restrictions for
containment
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Travel restrictions for containment
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Pre-COVID observed travel reductions

After its initial outbreak in
February 2001, foot-and-mouth
disease took just two weeks

to spread across Britain.
310 m—
before March 31
April 1 - April 15
— April 16 - April 30
M — May 1-May 15 " 719% I—
" TRAVEL %
@ © 4 REDUCTION
oy
- L] L] L
2001: FMD 2002-2003: SARS 2009: HIN1 pdm 2014: WA Ebola
260 B ) Pasajeros transportados :Sng?zeozascién regular internacional 08
SARS Reltl sales (millones)
Air freight ==o==Empresas Extranjeras 2008
== Empresas Extranjeras 2009 0.6

Losses to tourism: 120 AN
est. $44billion INIAT Y

3
2

Traffic reduction
o
>

80
Shipping tonnage
40 - 8 0.2
Visitor arrivals
0 0
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COVID-19 travel restrictions

63 Mean cases by date of travel o Cases by date of travel
601 —— Mean cases by date of reporting e Cases by date of reporting
54 * Confirmed cases after 13/02

.............. Travel ban

304 Start of travel restriction

274 with Mainland China

Number of imported cases
w
w

4 FEB -

5 FEB

6 FEB

7 FEB

8 FEB -

9 FEB -
10 FEB
11 FEB
14 FEB
15 FEB
16 FEB -
17 FEB A
18 FEB
19 FEB
20 FEB
21 FEB
22 FEB
23 FEB
24 FEB
25 FEB

Pinotti et al PLOS Medicine 2020
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g
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<
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=
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S’ 10
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O »
D @
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—— Travel Reduction: 40% r=1.00
—— Travel Reduction: 90%

January 23
Wauhan flight travel ban

February 1
China travel
restrictions

/

100 —
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Chinazzi et al Science 2020

2o = infected travellers per week at start of intervention
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Clifford et al J Travel Med 2020
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BA.1 importation and travel restrictions

A 2021-11-30 2022-01-22
2021-11-27 New arrivals must isolate until negative PCR result Omicron BA.2 marked
Omicron BA.1 infection first by UKHSA as “Variant
detected in the UK (with travel 2021-12-15 Under Investigation”
history from South Africa) All countries removed from UK's travel red list vuny
[ | | ]
Christmas .
2021-11-21 2021-12-08 2022-01-07 2022-01-27 A Source location: — US === South Africa Top 20 US cities
First Omicron BA.1 genome “Plan B" announced (working from Pre-departure tests no “Plan B" lifted — -
identified in England home guidance and compulsery face | longer required for fully | and retumn to
retrospectively masks in some settings) vaccinated inbound “Plan A™ |
2021-11-26 I travellers 50 |
Al flights suspended from 8 southern African
countries (Soutn Atnca, Namibia, Lesotro, Eswatini, Zimbabwe and Ectswanal 40 |
[ ' 600 2
|
1 1
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§ | | larger than 50 == - |
= <<
3 -, | | 5t0 50 200 o o 400 11 Nov 25 Nov 09 Dec |
2 o0 Plpacaigie ) | ! smalller than 5 S g | |
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5 L ! 2 S
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E o 150 g (@) (26 NOV - 15 DEC 2021)
[e] . ! 0 ! =3 200 ! ! New York
5 100000 T ] 5 ! |
2 ~c | ] 3 |
g —F } 1 100 g | |
s 3
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’g — N i i 2 11 Nov 25 Nov 09 Dec 23 Dec 06 Jan 20 Jan 03 Feb
& E I
da . 0
Nov 11 Nov 25 Dec 09 Dec 23 Jan 06 Jan 20 Feb 03
Omicron BA.1 cases in England attributed to transmission lineages I bef I duri I ft
introduced at time (with reference to travel restrictions): efore uring after

Tsui et

al Science 2023
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Numerical findings
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2009 HIN1 pandemic
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& Cases

B ratalities

730 Cases
315 Fatalities

Sierra Leone

2014 WA Ebola outbreak

599 Cases
323 Fatalities

Liberia

WHO, Ebola Situation Report, Sept 18, 2014
http://www.statista.com/chart/2568/victims-of-the-2014-ebola-outbreak/

506 Cases
373 Fatalities

Guinea

August 9, 2014
1848 cases
~55% case fatality rate

Sept 18, 2014
5335 cases

13 Cases
2 Fatalities

]
1Nl
Nigeria
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2014 WA Ebola outbreak
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5335 cases
West Africa

1848 cases
Country

Guinea

Liberia

Nigeria

v Senegal

I Sierra Leone
_______ ------——-—-.-IlllIII I
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date

WHO, Ebola Situation Report, Sept 18, 2014
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Reaction

11 airline companies
18 countries

AFFECTED

w0 TRAVEL
REDUCTION

Poletto et al. Eurosurveillance 2014


http://www.influenzanet.eu

Model predictions
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Poletto et al. Eurosurveillance 2014



Model predictions

FIGURE 1

Modelled effect of travel restrictions on the risk of Ebola case importation for individual countries
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Back to the maths. . .

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




Back to the maths. . .

But is there a
threshold effect?

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




Metapopulation theory

100 b BN B
g World-wide airport network
Bl
2 ()
=10 Hgn gu®®
s "u, ...llll
0o oog
4 H0g
10 -
FEPEPETTTY EEEPEPIPTTTTY R NPT T P R
10" 10’ ) 10°

Barrat et al. PNAS 2004, Colizza et al. PNAS 2006
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Metapopulation theory

possible paths

of infection

P=> Dy (K —1)| 1 —
-

1

Ry

>‘kz’k

from micro to macro

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

0 1
D% D}, ...

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

P(k) ~ k=7
A ~ p(kk")?

connection k’-k
D1
Tk

Pkk’| 1—
(kI (1= =5

\ J
probability of finding
uninfected patch




Global invasion threshold

Ry
1 Ry

A:Iividual level
O

Colizza et al. PRL 2007, Nature Phys 2007, JTB 2008

<k2+20> _ <k1+29> pNoz
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> 1

<k1—|—0>2

L4

containment|  gpatial invasion

1

patch level

R,


http://www.influenzanet.eu
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Mobility threshold

Q(RO . 1)2 <k2+29> . <k1+29> B

mobility

disease population contacts

. (k1+7) pRg
p N <k2—|-26> _ <k1‘|’29> 2(R0 _ 1)2

Worldwide air transportation network

: Cre HOMogeneo

ST Heterogeneo
spatic) invasion Us network

Pc p

Colizza et al. PRL 2007, Nature Phys 2007, JTB 2008
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Back to the maths. . .

e

¥ ) — (B 2R, - 1

| y containment | invasion
|

Colizza et al PRL (2007),

Nat Phys (2007), JTB (2008). T it travel
reality




age structure

» children
@ adults
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Apolloni et al BMC Inf Dis 2013

multi-strain (flu)
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Poletto et al. PLOS Comp Biol 2013
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multi-transmission (MERS)
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pendence dependence
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Poletto et al BMC Inf Dis 2016

memory, length of stay A
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non-exp disease stages
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O
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c
Heterogeneous length of stay i
‘x
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= ©
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> O enhancing role of hubs

Tkaxa X A

< O suppressing role of hubs

Poletto et al. Sci Rep 2012, JTB 2013



Global invasion threshold

- Heterogeneous network
- Homogeneous network

Poletto et al. Sci Rep 2012, JTB 2013
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» children
@ adults

Apolloni et al BMC Inf Dis 2013
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Patch population stratification

Age Socio-economic ... ...

Structu re/

mixing, mobility




Age stratification

mixing

Mossong et al.
PLOS Med 2008
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Age and invasion/local transmission

Apolloni et al. BMC Inf Dis

2013

80

% H1N1 cases <20y
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Japan

Italy

initial stage of HIN1 pdm
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Age and invasion/local transmission

School
Holidays




School holidays

reduction of
human mobility §
+ new destinations |

social mixing
change
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Social mixing

weekday

school term

a /.8 14.3

14.0 7.3

school holida

7.3 12.3

Hens et al. 2009

weekend
12.5 6.0
6.0 10.9
10.9 7.2
7.2 8.6
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R, in space

regular weekend

regular weekday

2.38 1.17

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

7500 -

5000 -

2500-

national weekly incidence [cases/100,000]

De Luca et al. BMC Inf Dis 2018
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2 2
in the US:
- ‘o Ewing et al. 2017
3 3
§ 2 travel restrictions:
N & - Cooper et al, 2006

Epstein et al, 2007
- Hollingsworth et al, 2006
~~ no changes model 3l . Colizza et al, 2007
Bajardi et al, 2011
= = fravel changes model



