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Summary

Keywords cholera, covid-19, epidemi-
ology, public health, ecohydrology, infectious
disease dynamics, SIR, mathematical modeling,
statistical inference, optimal control.

Emerging and existing infectious diseases pose a constant threat to individuals
and communities across the world. In many cases, the burden of these diseases is
preventable through public health interventions. However, taking the right de-
cisions and designing eective policies is an intricate task: epidemics are complex
phenomena resulting from the interaction between the environment, pathogens,
individuals, and societies. Modeling oers a principled way to reason about infec-
tious disease dynamics from scarce and biased information and to guide decision-
makers towards eective policies.

This thesis tackles selected topics in cholera and covid-19 modeling towards
informed public-health decisions. These two contrasting diseases were associated
by a twist of fate, but also through the lens of a commonmodeling approach:
compartmental, SIR-based, models are conditioned on the available evidence
using computer-age statistical inference frameworks. A set of ve models is de-
veloped, each tackling a dierent facet of the spread and control of these two
infectious diseases. Each model aims at answering questions related to either the
understanding of the mechanisms behind disease transmission, the projection
of the future dynamics under dierent scenarios, or the assessment of the eec-
tiveness of past interventions. Moreover, a novel application of epidemiological
models to the formal design of control policies is proposed. Optimal control pro-
vides a rigorous framework to identify the most eective control measures under
a set of operational constraints, providing a benchmark on what it is possible to
achieve with the available resources.

The results presented in this thesis range from scientic insight on the relation-
ship between cholera and rainfall in Juba, South Sudan to the COVID Scenario
Pipeline which produces reports used to inform the response to the covid-19
pandemic of dierent governmental entities. Furthermore, the eectiveness of the
non-pharmaceutical interventions against covid-19 in Switzerland is evaluated;
and so is the probability of eliminating cholera fromHaiti under dierent scenar-
ios of mass vaccination campaigns. Finally, the development of an optimal control
framework towards the eective spatial allocation of vaccines against SARS-CoV-2
in Italy closes this conversation of models.

The present thesis demonstrates how infectious disease modeling enables
informed decision-making by projecting the uncertainties under the light of the
available evidence. It also highlights the eort needed to tailor the models and
inference methods to the specicities of the transmission setting and the research
question considered. From insights on transmission pathways to weekly reports
aimed at decision-makers, it explores dierent applications of infectious disease
modeling. Methods developed along the way enrich the toolbox available to
modelers, to guide policy decisions further towards a reduction of the burden of
infectious diseases on communities.





Résumé

Mot-clés choléra, covid-19, épidemiolo-
gie, santé publique, écohydrologie, dynamique
des maladies infectieuses, SIR, modélisa-
tion mathématique, inférence statistique,
commande optimale.

Existantes ou émergentes, les maladies infectieuses constituent une menace
constante sur les individus et les communautés du monde entier. Dans de nom-
breux cas, le fardeau de ces maladies peut être évité grâce à des interventions de
santé publique. Cependant, prendre les bonnes décisions et concevoir des poli-
tiques ecaces sont des tâches diciles : les épidémies sont des phénomènes
complexes résultant de l’interaction entre l’environnement, les agents pathogènes,
les individus et les sociétés. La modélisation ore un moyen pour raisonner sur la
dynamique de ces maladies à partir d’informations rares et biaisées, et ainsi guider
les décideurs vers des politiques ecaces.

Cette thèse aborde la modélisation du choléra et de la covid-19 pour la prise
de décisions de santé publique éclairées. Ces deux maladies très diérentes ont été
associées ici par le hasard des événements, mais aussi par le biais d’une approche
analytique commune: des modèles compartimentaux, basés sur le SIR, sont
conditionnés par les données disponibles en utilisant des méthodes d’inférence
statistique modernes. Un ensemble de cinq modèles y est développé, chacun abor-
dant des facettes diérentes de la propagation et du contrôle de ces deux maladies.
Chaque modèle cherche à répondre à des questions liées soit à la compréhension
des mécanismes de transmission, soit à la projection de la dynamique future selon
diérents scénarios, ou encore à l’évaluation de l’ecacité d’interventions passées.
En outre, une nouvelle application des modèles épidémiologiques y est proposée:
la conception formelle de politiques d’allocation de ressource de contrôle. La com-
mande optimale ore un cadre rigoureux pour identier les mesures de contrôle
les plus ecaces tout en respectant les contraintes opérationnelles, ce qui permet
de déterminer ce qu’il est possible d’atteindre avec les ressources disponibles.

Les résultats présentés dans cette thèse vont de la compréhension scientique
de la relation entre le choléra et les précipitations à Juba, au Sud-Soudan, à la
COVID Scenario Pipeline qui produit des rapports utilisés par diérentes en-
tités gouvernementales pour répondre à la pandémie de covid-19 . En outre,
l’ecacité des interventions non-pharmaceutiques contre la covid-19 en Suisse
est évaluée, de même que la probabilité d’éliminer le choléra d’Haïti selon dif-
férents scénarios de campagnes de vaccination de masse. Enn, le développement
d’un outil de commande optimale qui produit une allocation spatiale ecace des
vaccins contre le SRAS-CoV-2 en Italie clôt cette conversation de modèles.

La présente thèse montre comment la modélisation des maladies infectieuses
permet une prise de décision éclairée en projetant les incertitudes à la lumière
des données disponibles. Elle souligne également l’eort nécessaire pour adapter
les modèles et les méthodes d’inférence aux spécicités du contexte de transmis-
sion et de la question de recherche considérée. De la compréhension des voies de
transmission aux rapports hebdomadaires destinés aux décideurs, elle explore les
diérentes applications de la modélisation des maladies infectieuses. Les méthodes
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développées en cours de route enrichissent la boîte à outils mise à disposition de
la communauté scientique, an de mieux orienter la prise de décisions avec pour
but une réduction durable du fardeau des maladies infectieuses sur les commu-
nautés.
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Introduction

Context

Centuries after the rst cholera pandemics and 160 years after the realization that
safe drinking water and adequate sanitation prevent its transmission, cholera
remains a threat to millions living in hotspots or at-risk areas. The recent emer-
gence of the new coronavirus disease 2019, covid-19, and the strain it put on
the world’s most advanced healthcare systems recalls the constant risks posed by
emerging diseases.

Public-health policies have proven the eectiveness of interventions against
infectious diseases, showing that many deaths are preventable, and in some cases
elimination is possible. In the ght against infectious diseases, a series of suc-
cesses – attributable to e.g. hygiene, vaccines, antibiotics, safe drinking water, ... –
brought the hope of a global and durable reduction of the burden. Especially in
privileged communities, long-term improvements have been achieved for many
of the diseases that have shaped the history of humanity. While these progresses
show that infectious diseases are not a necessary fate, setbacks on the control of
existing and emerging pathogens remind us of the ongoing threat they pose to
public health. Indeed, the current global health picture is marked by inequalities
in the distribution of the burden, which disproportionally piles up on already
impoverished communities, in conict zones, or after natural disasters. Today,
communicable diseases cause approx. 15% of global deaths every year1, and nearly

1 Roth et al., “Global, Regional, and National
Age-Sex-Specic Mortality for 282 Causes
of Death in 195 Countries and Territories,
1980–2017: A Systematic Analysis for the
Global Burden of Disease Study 2017” in: The
Lancet (2018), tab. 1, excl. non-transmissible
neonatal and maternal diseases and nutritional
diseases, pre-covid-19 estimates.1/3 of all child deaths are caused by pneumonia and diarrhoea alone2.
2 WHO, Ending Preventable Child Deaths

from Pneumonia and Diarrhoea by 2025 - The

Integrated Global Action Plan for Pneumonia

and Diarrhoea (GAPPD) (2013), i. e. 2m deaths
among under 5, every year.

As a consequence of the covid-19 pandemic, the present thesis associate
two antipodean diseases. Cholera, one of the most ancient recorded disease3, has

3 History of pre-pandemic cholera is uncertain
but numerous accounts of the disease are
supposed from as early as 400 bce. See Byrne,
Encyclopedia of Pestilence, Pandemics, and

Plagues: A-M (2008), p. 95.

caused 7 pandemics in the modern era. In contrast, covid-19 earliest known
onset of symptoms is on December 1, 2019. The pathogen for cholera is a bacteria,
Vibrio Cholerae, responsible for heavy watery diarrhea, whereas SARS-CoV-2,
covid-19’s pathogen, is a virus responsible for respiratory infections. Cholera
belongs to the neglected tropical diseases, a class of understudied infections while
the covid-19 pandemic has sparked an unprecedented accumulation of scientic
evidence4. Other dierences between the two diseases include the posited trans- 4 With more than 190’000 peer-reviewed

papers and many more preprints, websites,
and reports published at the time of writing.
Estimation from: COVID-19 Open Access
Project, Living Evidence on COVID-19 (2020).

mission routes (fecal-oral vs. respiratory) and the aected communities (“poorest
of the poor”, higher severity on children vs. global, higher severity on elders).
Despite these dierences, cholera and covid-19 shares a burden that echoes un-
equal access to care, disproportionately aecting stigmatized communities, and
mechanisms that make their transmission sustainable in populations and cause
pandemics with a regretfully high toll on human lives. Both cholera and covid-
19 are infectious diseases – with the potential of starting epidemics and pandemics.

Epidemics – the rapid spread of an infectious disease in a population – are
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complex phenomena resulting from the interactions between pathogens, envi-
ronment, societies, and individuals5. The mitigation of the spread of infectious 5 Rinaldo, Gatto, et al.,River Networks as

Ecological Corridors: Species, Populations,

Pathogens (2020); Buckee et al., “Thinking
Clearly about Social Aspects of Infectious
Disease Transmission” in: Nature (2021);
Heesterbeek et al., “Modeling Infectious
Disease Dynamics in the Complex Landscape
of Global Health” in: Science (2015).

disease epidemics presents challenges across every dimension of environmental
and human health; to prevent spillover events, to block transmission routes, and
to protect or treat every person appropriately. One of the challenges of designing
eective public-health policies is dealing with the uncertainties that plague every
facet of disease transmission. Only biased and sometimes scarce information is
available to reason on complex systems with multi-factorial interactions.

Models – conceptual representations of systems – are tools for us to reason
about the world. Historically, conceptual models of the propagation of diseases,
from divine retribution to miasma theory, have motivated more (quarantine)
or less (persecution) eective approaches to the control of these pests. Scientic
breakthroughs in biology and medicine, with the identication of pathogens and
their transmission routes, provided a new look at contamination and opened the
path for improved preventive interventions and treatments. Novel statistical mod-
eling approaches6 developed in the 20th century – and continuously improved 6 Freedman, “From Association to Causation:

Some Remarks on the History of Statistics” in:
Statistical Science (1999).

ever since7 – provide a formal framework to reasons about the propagation of a
7 Gelman et al.,What Are theMost Important

Statistical Ideas of the Past 50 Years? (2021).

disease in a population. Models enable one to deal with biases on data collection,
to account for epistemic uncertainties, to encompass uncertainties in the transmis-
sion dynamics. It becomes possible to simulate the disease spread in the aected
populations and to study the impact of intervention policies in a principled way.
The toolbox was further reinforced by advances in mechanistic modeling applied
to disease transmission, starting from SIR compartmental models8, which divide 8 Kermack et al., “A Contribution to the

Mathematical Theory of Epidemics” in:
Proceedings of the Royal Society A (1927);
Anderson et al., “Population Biology of
Infectious Diseases: Part I” in: Nature (1979).

the population depending on their status with respect to the disease. And recent
advances in computing power proved a paradigm shift in dealing with the available
evidence to accurately simulate complex systems.

Modeling infectious diseases

The present thesis explores compartmental models as an approach to infectious
disease transmission, and as tools to guide intervention strategies. Each of the
presented research works strives to answer a series of research questions, all be-
ing variations of the same theme: how do infectious diseases spread? how can we
prevent them from spreading? These questions are answered using extensively
computer-age modeling and inference methods, in an interactive process repre-
sented in g. 1. Given a question and information in the form of observations
(data) and knowledge, statistical inference is performed in four steps:

Model design One or more model(s) of disease transmission are designed.
Choices on what to include and how to express the supposed dynamics depend
on the underlying knowledge of the processes and the available data. An epidemi-
ological model considers a subset of the known transmission processes that are
relevant to answer the research or policy questions9. A set of 5 models, see tab. 1, is 9 “Since all models are wrong the scientist

must be alert to what is importantly wrong.
It is inappropriate to be concerned about
mice when there are tigers aboard.” from
Box, “Science and Statistics” in: Journal of the
American Statistical Association (1976).

proposed in this thesis, with features that depend on the disease, the context, the
possible control measures, and the uncertainties associated with the observations
and the processes by themselves. Some models have stochastic transitions while
others are mostly deterministic, some models consider human mobility as uxes
between regions whereas others assume a well-mixed population. Despite the
foregoing dierences, all the models presented in this thesis are compartmental
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with some mechanistic components10; all are based on the SIR model. It means 10 The opposite would be empirical models,
which aim at reproducing observations rather
than the relationship between the parts of the
systemmodeled.

that individuals are characterized by their status with respect to the disease. In a
population, some individuals start susceptible S to the disease and might become
infected and infectious I . After some time they turn recoveredR: they are im-
mune to infection and do not contribute to transmission anymore. Additional
compartments may be dened depending on the objective of the exercise. In tab. 1,
the principal compartments of the considered models are indicated: exposed E
(incubating, infectious or not), asymptomatic A (infectious with no symptoms),
H indicate compartments that represent the healthcare facilities (hospitalization,
ICUs),V the compartments for vaccinated individuals, and nally B the modeling
of an environmental bacteria reservoir for cholera models11. In these models, some 11 In this table, the exponents denote the

number of sub-compartments of the same type
used to model non-exponential distributions of
the residence times in that compartment, using
the linear-chain trick.

states are observed through a reporting process (e.g. infected I may be reported as
incident cases), but most are unobserved. Likewise, some parameters are xed to
values (or distribution of values) that are knownmore or less precisely, while many
others are left unknown.

Scienti�c �ndings

Research question

Policy question

Data Data collection

Policy advices

Scienti�c
understanding Model design Model insights

Model �t

Model adaptation

Optimal control

(+ data analysis)

g. 1: Processes for infectious disease
modeling. The numerous feedback
loops make this procedure iterative.
All boxes save for data collection were
explored in this thesis. The central
gure represents an agent-based
model of disease transmission in a
random graph (by Thomas Fry, a
master student supervised during this
thesis, with permission).

Model fit Fitting conditions the model on the observed data. It allows one
to infer unobserved states and parameters from reported quantities, such as the
reduction of transmission during lockdown from hospitalization and deaths.
A panel of methods for tting a model to data has been developed. Usually,
computer-age statistical inference relies on thousands of model simulations to
explore the high dimensional parameter and state spaces; each realization being
evaluated against the data. The inner working of the tting algorithms varies
depending on the formal framework it is built on, but also on numerous com-
putational methods it uses to make inference tractable for complex problems. In
this thesis, two classes of methods are used: Bayesian methods based onMarkov
chainMonte Carlo (MCMC) derivatives and frequentist Iterated Filtering (IF)
methods. Fitting the model allows one to uncover previously unknown transmis-
sion parameters and unobservable states. As such, it requires a high degree of care
as inferred features may be caused by modeling artifacts instead of real epidemic
features. Moreover, results may misrepresent the uncertainties associated with the
process and these methods fail more or less gracefully, thus it is possible to obtain
results that seem reliable but are invariably wrong.
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Model adaptation An evaluation of the fit of the model and the implica-
tions on the results is done by performing visuals and formal checks. More often
than not, it is necessary to adapt either the tting procedure or the model struc-
ture. It could be the inclusion or the removal of a process from the model. Or
perhaps choosing to account for a particular dynamic in a more or less explicit
way. Models are lossy compressions of reality (from an information theory point
of view), and choices on the processes to be included, and how to include them
are the cornerstone of epidemiological modeling. Indeed despite its recent for-
malism, statistical inference remains an art, uncomfortably dependent on the
practitioners, their backgrounds, and their expectation12. The cycle design→fit→ 12 Multi-modeling studies – where several

modelers are tasked to answer the same
question – uncover the importance of the
choices while performing statistical inference
and mitigate the issues linked to opinionated
model design.

adapt is then repeated until the predictive accuracy is deemed satisfying for the
goal of the exercise.

Model insights Armed with a reliable model whose parameters and states
are consistent with data and knowledge about an epidemic, it is now possible
to answer the research questions. A model that reproduces observed dynamics
may accurately represent epidemiological processes. It can be used as a substitute
for experiments: it enables to simulate dierent intervention scenarios and to
evaluate the impact of past or planned policies on a virtual system. This sets the
range of expectations one can have with regard to the real-world consequences of
modeled policies. In some cases, the model is designed to replicate the mechanistic
relationships between the epidemiological processes, and several dierent models
might be compared to identify which transmission routes are responsible for the
observed dynamics. Finally, the communication of model results ought to come
with proper awareness of the limitations, as models are always incomplete and
biased in reproducing the real epidemiological dynamics. It provides an additional
opportunity for feedback towards an eventual adaptation of the model13. 13 Heesterbeek et al., “Modeling Infectious

Disease Dynamics in the Complex Landscape
of Global Health” in: Science (2015).

Optimal control Another application of epidemiological models explored
in this thesis is their integration with optimal control methods to search for the
best intervention against an infectious disease. Optimal control methods are recent
mathematical optimization procedures extending the calculus of variations to
enable the derivation of control policies for dynamical systems. While technical
adaptations are necessary to perform optimal control on epidemiological models,
this rigorous framework identies the most eective control measures under a set
of operational constraints, discovering non-intuitive features and policies. These
optimal interventions exploit every feature of the complex interactions modeled,
allowing to e.g. best allocate a limited vaccine supply in space and time. Such
tools, currently in their infancy and requiring accurate models, are promising
as reasoning aid, uncovering another facet of disease transmission, and for the
eective allocation of control resources in the ght against epidemics.

Thesis aim and outline

The present thesis has been developed within the Swiss National Foundation
project “Optimal control of intervention strategies for waterborne disease epi-
demics (snf 200021–172578)”. Its initial goal was to develop a decision support
system for the real-time design of optimal intervention strategies against cholera,
which includes an operational forecasting tool coupled with an optimal control
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Chapter Disease Compartments Processes Nspatial Fit Aim Reference

2 Cholera SEIR+B Stochastic – IF-like explain Lemaitre, Pasetto, Perez-Saez, et al.,
“Rainfall as a Driver of Epidemic Cholera:
Comparative Model Assessments of the
Eect of Intra-Seasonal Precipitation
Events” in: Acta Tropica (2019)

2 Cholera SEIR+B Deterministic – MCMC-like explain Lemaitre, Pasetto, Perez-Saez, et al.,
“Rainfall as a Driver of Epidemic Cholera:
Comparative Model Assessments of the
Eect of Intra-Seasonal Precipitation
Events” in: Acta Tropica (2019)

3 Cholera SEAIR3+V Stochastic 10 IF-like project
(scenarios)

Lee et al., “Achieving Coordinated National
Immunity and Cholera Elimination in Haiti
through Vaccination: AModelling Study”
in: The Lancet Global Health (2020)

4 covid-19 SEI3R+VH Stochastic 3’000+ MCMC-like project
(scenarios)

Lemaitre, Grantz, et al., “A Scenario Mod-
eling Pipeline for COVID-19 Emergency
Planning” in: Scientific Reports (2021)

5 covid-19 SEI3R+H Stochastic – IF-like infer Lemaitre, Perez-Saez, et al., “Assessing
the Impact of Non-Pharmaceutical
Interventions on SARS-CoV-2 Transmission
in Switzerland” in: Swiss MedicalWeekly
(2020)

6 covid-19 SEIAR+VH Deterministic 107 MCMC-like optimal
control

Lemaitre, Pasetto, Zanon, et al., “Opti-
mizing the Spatio-Temporal Allocation of
COVID-19 Vaccines: Italy as a Case Study”
in:medRxiv (2021)

tab. 1: Summary of the compartmen-
tal models described in this thesis.solver. This framework has been developed, albeit for covid-19 transmission in

Italy, and is presented in Chapter 6.
The work presented extensively builds on the ECHO laboratory expertise on

the spatially-explicit modeling of cholera transmission14. The group has developed

14 and waterborne diseases in general; see:
Rinaldo, Gatto, et al.,River Networks as

Ecological Corridors: Species, Populations,

Pathogens (2020); Rinaldo, Bertuzzo, Mari,
et al., “Reassessment of the 2010–2011 Haiti
Cholera Outbreak and Rainfall-Driven
Multiseason Projections” in: Proceedings of the
National Academy of Sciences (2012)

over a decade a rainfall-mediated, spatially explicit cholera model that has inspired
each of the other models presented in this thesis. The original model is presented
in Chapter 1 with a short introduction on the ancient disease that is cholera and
its sorrowful history.

Cholera is the focus of two additional chapters. The explanatory power of
two existing models linking cholera transmission with rainfall is compared in
Chapter 2, through the analysis of an outbreak in Juba, South Sudan. In
Chapter 3, a scenario planning estimation of the probability of eliminating
cholera fromHaiti through a mass vaccination campaign is presented; this work
has been carried within the framework of a multi-modeling study with other
groups, and input from the ministry of health of Haiti.

The remaining chapters focus on covid-19. In Chapter 4, some facets of
dealing with uncertainties from an emerging disease pandemic are uncovered,
with a focus on a pipeline for scenario modeling that has been used to inform
governments, in the United States and other countries. Using data collected while
participating in the covid-19 response, it was possible to estimate the impact
of early interventions against covid-19 in Switzerland, this study is presented
in Chapter 5. And nally, in Chapter 6 a spatially explicit epidemiological
model for the Italian epidemic is integrated within an optimal control framework
in order to discover the optimal strategy for vaccine allocation.





Chapter 1

A modelling oriented primer on cholera

Cholera is an acute intestinal infection causing severe diarrhea that may lead to
dehydration, and sometimes death. The global burden of cholera is dicult to es-
timate as the majority of cases are not reported. It is estimated that 3 million cases
and 95’000 deaths occur every year, with millions more at risk in endemic areas
(around 50 countries)1. Despite its household name, cholera belongs to the ne-

1 Ali et al., “Updated Global Burden of Cholera
in Endemic Countries” in: PLoS Neglected

Tropical Diseases (2015).
glected tropical diseases group: our understanding of many important aspects of
cholera clinical course and transmission is still limited. A political will to eliminate
this ancient disease has recently arisen. TheWorld Health Organization (WHO)
initiated the Global Task Force for Cholera Control (GTFCC), which provides a
concrete path towards the elimination of cholera by 20302. The consensus is that

2 Elimination being dened as a 90% reduction
of cholera deaths per year, see gtfcc.org.

to reach this goal in endemic countries, there must be substantial long-term im-
provements in safe water distribution systems, adequate sanitation, and accessible
hygiene education. Moreover, in the event of a cholera outbreak, timely interven-
tions such as vaccination campaigns are crucial to limit the spread of the disease,
and access to proper treatments reduces the toll of the disease on communities.

History and epidemiology

g. 1.1: Original map by John Snow. Stacked
rectangles represent cholera cases of the 1854
Broad Street outbreak (London). The work of
John Snow convinced the authorities to close
the contaminated water pump (circled in red),
leading to a decrease in mortality. Lithography
by Charles Chens, in Snow,On theMode of

Communication of Cholera (1855), p. 54.

Humanity and cholera share a long history, with supposed mentions as early as
the 5th century bce. The disease became more widely known in the modern era.
From 1817 to 1923, six successive pandemics occurred, all originated in the delta
of the Ganges river but taking dierent paths across the world. Cholera spread
around the world owing to the nascent mobility, leaving 10s of millions dead
across countries and continents. Scientic developments sped up during the third
cholera pandemic (1846-60). In 1854, a cholera outbreak in Broad Street (Soho,
London) was studied by physician John Snow who led an impressive early work
in spatial epidemiology applied to public health. Analyzing the contamination
pattern among residents (g. 1.1), Snow postulated that cholera spreads through
water contaminated by an infectious agent, instead of foul air3. Simultaneously,

3 At the time, the accepted mode of contam-
ination for cholera and many other diseases
was through miasma, bad air contaminated by
organic matter. Chasing odor justied urban
planning along streets and river banks in Paris
and London. But also in Lausanne, where
rivers Flon and Louve were covered in 1832 in
response to a cholera outbreak. Cholera is the
name of a savory dish from Valais, a testimony
of the strong impression cholera left on the
Swiss.

Italian microbiologist Filippo Pacini isolated the bacterium in Florence4. Thirty

4 Pacini,Osservazioni microscopiche e deduzioni

patologiche sul Cholera asiatico (1854).

years after Pacini, German scientist Robert Koch independently rediscovered the
cholera pathogen after investigations in Egypt and India. He rst positedVibrios
causative relationship with the disease. Finally, a hundred years later, Indian
researcher Sambhu Nath De discovered the cholera toxin in 19595.

5 De et al., “An Experimental Study of the
Action of Cholera Toxin” in: The Journal of
Pathology and Bacteriology (1951).

Throughout a seventh pandemic from 1961 onward, cholera spread in several

gtfcc.org
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waves, through Asia in the 1960s, reaching Africa and the Middle East in the 1970s
and the Americas in 19916. Improvement in sanitation and hygiene spared higher- 6 Mutreja et al., “Evidence for Several Waves of

Global Transmission in the Seventh Cholera
Pandemic” in: Nature (2011).

income countries from the disease, and cholera became a burden of the poorest
communities of the Global South. Series of outbreaks (e.g. Zimbabwe 2008, Haïti
2010, Yemen 2016), continuous transmission in endemic countries, and millions at
risk keep this ancient disease an ongoing public health issue.

The span of this thesis was marked by a cholera outbreak in Yemen (2016–
2021) – a humanitarian crisis with 2.5m suspected cases and nearly 4’000 deaths
– an outbreak in Zimbabwe, a are-up in Algeria, in addition to many seasonal
outbreaks and sustained endemic cholera transmission in Asia and sub-Saharan
Africa. But also the last conrmed cholera case of Haiti, in early 2019, bringing
an end to a 9 years epidemic and the hope of cholera elimination from its last
foothold in the Americas.

While the number of cholera cases doubled from 2018 to 2019 to nearly a
million, reported cholera deaths decreased to less than 2’000 in 2019, with Africa
reporting its lowest numbers since the 2000s. Eorts towards the improvement
of sanitary conditions and reactive vaccinations campaigns (24m doses of cholera
vaccines were distributed in 2019) aim at further reducing the toll of cholera7. 7 see WHO, “Cholera, 2019” in:Weekly

Epidemiological Record (2020) and previous
Weekly Epidemiological Records about cholera.

The following sections highlight some relevant aspects of cholera transmission,
while further details about the biological and medical features of cholera are
outside the scope of this thesis.

Pathogen

g. 1.2: Scanning electron microscope image
ofVibrio cholerae, a gram-negative rod-shaped
bacteria (Public domain image by Ronald
Taylor, Tom Kirn, Louisa Howard).

Pathogen Cholera is an infection caused by a waterborne bacteria: theVibrio
cholerae (g. 1.2). While many serogroups ofV. cholerae can secrete the cholera
toxin responsible for massive watery diarrhea, only serogroups O139 and O1 are
responsible for disease epidemics. O1 is causing most of the recent epidemics and
is divided into two biotypes: Classical O1 and El Tor, which are both divided into
three serotypes: Ogawa, Inaba, and the rare Hikojima8. Cholera classication

8 Kaper et al., “Cholera” in: ClinicalMicrobiol-

ogy Reviews (1995).

has its importance as it aects many epidemiological characteristics e.g., El Tor
survives longer in water and has a higher asymptomatic/symptomatic ratio9. The

9 WHO, “Cholera Vaccines: WHO Position
Paper” (2017).

current cholera pandemic is mainly caused by El Tor, while the Classical derivative
caused the previous fth and sixth pandemics, and its transmission is now limited
to the Ganges delta10.

10 Nair et al., “Cholera Due to Altered El Tor
Strains of Vibrio Cholerae O1 in Bangladesh”
in: Journal of ClinicalMicrobiology (2006);
Domman et al., “Dening Endemic Cholera
at Three Levels of Spatiotemporal Resolution
within Bangladesh” in: Nature Genetics (2018).

Environmental reservoir V. cholerae has for natural habitat some aquatic
ecosystems, in particular brackish waters and estuaries. There is no marine host,
but complex ecological association processes take place in the aquatic medium,
and natural genetic transformation is enabled by chitin, the polymer constituting
the crustacean exoskeleton11. There is no consensus on how longV. cholerae

11 Reidl et al., “Vibrio Cholerae and Cholera:
Out of the Water and into the Host” in: FEMS

Microbiology Reviews (2002); Meibom et al.,
“Chitin Induces Natural Competence in
Vibrio Cholerae” in: Science (2005).

remains infectious in water and under which conditions it can reproduce12. In

12 Mavian et al., “Toxigenic Vibrio Cholerae
Evolution and Establishment of Reservoirs
in Aquatic Ecosystems” in: Proceedings of the
National Academy of Sciences (2020).

cholera epidemics, it is dicult to isolate the importance of the natural bacteria
reservoir compared to the freshly introducedVibrios excreted by infected persons,
though the latter is suspected to drive transmission during outbreaks.

Climatic drivers Cholera epidemics express marked seasonal patterns that
might have dierent shapes in dierent countries. A complex and unclear associ-
ation between precipitation and cholera infections has been put forward in many
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research works. After Hurricane Matthew and heavy rainfall in October 2016,
cholera ared up after a low transmission episode in Haiti13. Similarly, cholera in 13 Pasetto, Finger, Camacho, et al., “Near Real-

Time Forecasting for Cholera DecisionMaking
in Haiti after Hurricane Matthew” in: PLOS
Computational Biology (2018).

many African countries follows a seasonal trend, with the higher transmission dur-
ing the rainy season14. Rainfall might play a major role in water contamination, for

14 Baracchini et al., “Seasonality in Cholera
Dynamics: A Rainfall-DrivenModel Explains
the Wide Range of Patterns in Endemic Areas”
in: Advances inWater Resources (2017).

instance through the washout of open-air defecation and raw sewage circulation
in the environment. A literature review about studies investigating the relation-
ship between cholera and rainfall is provided in Chapter 2. Temperature, water
acidity, sunlight, and other environmental factors have also been shown to aect
the survival and reproduction ofV. cholerae in water bodies. Hence, macroclimate
phenomena such as the El Niño Southern Oscillation have been associated with
changes in transmission, even if no causal link could be established15,16.

15 Pascual et al., “Cholera Dynamics and El
Niño-Southern Oscillation” in: Science (2000).

16 Marc Lipsitch and Cécile Viboud beautifully
describe the diculty evaluating the environ-
mental factors in disease transmission, writing
for inuenza: “This potpourri of possible
mechanisms places us in a kind of Popperian
purgatory, in which data in support of every
hypothesis exist, yet none of the hypotheses
has been subjected to tests that are rigorous
enough to reject it.”. Quote from Lipsitch and
Viboud, “Inuenza Seasonality: Lifting the
Fog” in: Proceedings of the National Academy

of Sciences (2009)

Cholera and the human

Disease A human host becomes infected through the ingestion of a critical
dose ofV. cholerae17,18. The susceptibility depends on many factors such as gastric

17 Kaper et al., “Cholera” in: ClinicalMicrobiol-

ogy Reviews (1995).
18 Nelson et al., “Cholera Transmission: The
Host, Pathogen and Bacteriophage Dynamic”
in: Nature reviews. Microbiology (2009).

acidity and age, with children under 5 much more likely to become infected19. V.

19 Sack, Sack, Nair, et al., “Cholera” in: The
Lancet (2004).

cholerae colonizes the small intestine for an incubation period lasting 12 hours to
5 days20 before symptoms. Then, a wide range of outcomes are possible. Most of

20 Azman, Rudolph, et al., “The Incubation
Period of Cholera: A Systematic Review” in:
Journal of Infection (2013).

the time the infection is asymptomatic. On the other end of the spectrum severe
infection (or cholera gravis), characterized by vomiting and profuse rice water diar-
rhea, occurs in 1% to 15% of the cases. Many stages of mild infections lie in between
these extremes. Unless tested in a laboratory, symptoms are indistinguishable from
those of numerous other infections causing diarrhea17,18,21. The severity of the

21 King, Ionides, et al., “Inapparent Infections
and Cholera Dynamics” in: Nature (2008);van
de Linde et al., “Observations on the Spread of
Cholera in Hong Kong, 1961-63” in: Bulletin
of theWorld Health Organization (1965);
Mccormack et al., “A Community Study of
Inapparent Cholera Infections” in: American

Journal of Epidemiology (1969)

symptoms correlates with the quantity ofV. cholerae ingested22, and depends

22 Brouwer et al., “Dose-Response Relation-
ships for Environmentally Mediated Infectious
Disease TransmissionModels” in: PLOS
Computational Biology (2017).

on the cholera strain and personal characteristics, age, immunity, pregnancy,
blood type23, ...Treatment is crucial: severely infected individuals might lose up

23 WHO, “Cholera Vaccines: WHO Position
Paper” (2017); Azman, Rudolph, et al., “The
Incubation Period of Cholera: A Systematic
Review” in: Journal of Infection (2013).

to 20 liters of water through diarrhea in a day and may die within hours. If left
untreated, severe cases mortality reaches up to 60% but proper therapy lowers it
below 1%24.

24 Luquero, Rondy, et al., “Mortality Rates
during Cholera Epidemic, Haiti, 2010–2011”
in: Emerging Infectious Diseases (2016).

Shedding and transmission The number of bacteria shed by an infec-
tious individual varies with the intensity of the infection. It is estimated to range
from 103 to 109 Vibrios per gram of stool for asymptomatic infected and severely
infected individual respectively18. Similarly, the duration of the shedding pe-
riod typically ranges from a day up to two weeks17,18. Transmission occurs along
the fecal-oral route (consumption of contaminated water or food, contact with
fomites), but contamination is also possible from the aquatic reservoirs, through
ingestion of water or seafood. The principle mechanism of transmission is the in-
take of water contaminated by the untreated feces of other infectious individuals.
In fact, freshly shedVibriosmay be in a hyper-infectious state, which could be of
great importance in driving epidemic transmission25. Asymptomatic individu- 25 Butler et al., “Cholera Stool Bacteria Repress

Chemotaxis to Increase Infectivity” in:
MolecularMicrobiology (2006).

als remain mobile and are thought to transmit cholera, thus may be important
vectors for cholera dissemination.

Human mobility and hydrological transport Spatial spread of
cholera outbreaks may occur through two networks. V. choleraemay be trans-
ported through the river network. An example is the start of the 2010 Haiti epi-
demic along the Artibonite river26. Human mobility also plays a major role in the 26 Piarroux et al., “Understanding the Cholera

Epidemic, Haiti” in: Emerging Infectious

Diseases (2011).
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spreading of the infections possibly due to the large proportion of asymptomatic
that transport and transmit cholera across regions. Indeed, also in Haiti cholera
was brought into the state by infected United Nations peacekeepers27. 27 Piarroux et al., “Understanding the Cholera

Epidemic, Haiti” in: Emerging Infectious

Diseases (2011).
Immunity Infected individuals that recover from the infection are immunized
againstV. cholerae of the same serogroup. The duration of acquired immunity is
dicult to estimate and depends on many factors. Acquired immunity has been
reported to range from few months to several years, with most recent estimates
ranging from 2 to 10 years, possibly depending on the virulence of the infection28. 28 Levine et al., “Duration of Infection-

Derived Immunity to Cholera” in: The Journal
of Infectious Diseases (1981); Kaper et al.,
“Cholera” in: ClinicalMicrobiology Reviews

(1995); Woodward, “Cholera Reinfection in
Man” in: The Journal of Infectious Diseases

(1971); Glass et al., “Seroepidemiological
Studies of EI Tor Cholera in Bangladesh:
Association of Serum Antibody Levels with
Protection” in: The Journal of Infectious
Diseases (1985); Clemens et al., “Biotype as
Determinant of Natural Immunising Eect of
Cholera” in: The Lancet (1991); Leung et al.,
“Protection Aorded by Previous Vibrio
Cholerae Infection against Subsequent Disease
and Infection: A Review” in: PLOS Neglected

Tropical Diseases (2021).

Interventions against cholera

Interventions against cholera may be preventive or concern the treatment of
infected individuals. Case management and treatment plays an important role in
reducing the transmission and the toll of the epidemic and mainly consists of:

Oral (or Intravenous) Rehydratation Therapy The main treatment for cholera
consists of replacing uids as fast as they are lost. Despite its simplicity, it is very
eective in reducing mortality. Fluids with the same electrolyte composition
must be administered29. Re-hydration is usually done in treatment centers but

29 Kühn et al., “Glucose- but Not Rice-Based
Oral Rehydration Therapy Enhances the
Production of Virulence Determinants in the
Human Pathogen Vibrio Cholerae” in: PLOS
Neglected Tropical Diseases (2014).

may take place at the patient home. This dierentiation might determine if
stools contribute to the infection cycle or are properly disposed of.

Antibiotics reduce the severity and the duration of the infection. WHO recom-
mends their use only for the most severe cases as antibiotic resistance ofV.
cholerae is raising worldwide30.

30 Sack, Sack, and Chaignat, “Getting Serious
about Cholera” in: New England Journal of

Medicine (2006).
Prevention measures may be carried out before and during the outbreak, and

are described below.

Surveillance and reporting During an outbreak, surveillance consists of
the timely detection and reporting of new cases. In many countries where out-
breaks occur annually during the rainy season, the observation of past epidemics
provides insight on the severity and timing of the new infections, that can be used
for preparation31. While possible, environmental monitoring forV. Cholerae in the 31 Baracchini et al., “Seasonality in Cholera

Dynamics: A Rainfall-DrivenModel Explains
the Wide Range of Patterns in Endemic Areas”
in: Advances inWater Resources (2017).

water has never succeeded to warn about an upcoming epidemic.
Since without laboratory equipment it is impossible to distinguish cholera

from another pathogen in a patient with acute watery diarrhea, there has been an
eort to standardize the clinical denition of a suspected cholera case. A suspected
case combines acute watery diarrhea and severe dehydration, the latter condition
being dropped in case of an outbreak. This diagnosis may be precised using rapid
diagnosis tests (RTDs), with a pretty high sensibility but low sensitivity. Precise
identication is obtained through culture, the current gold standard32. RTDs and 32 Camacho et al., “Cholera Epidemic in

Yemen, 2016–18: An Analysis of Surveillance
Data” in: The Lancet Global Health (2018)
and CDC,Diagnosis and Detection | Cholera |

CDC (2018)

culture are not always available, especially during an outbreak, and over-reporting
due to the misclassication of other diarrheal diseases is possible. Conversely,
under-reporting might also occur as transmission settings might be isolated or
plagued with conicts or natural disasters. WHO guidelines recommend that,
when a patient enters a treatment center, his name, address, sex, age (over or below
5), and symptoms are recorded33. 33 WHO, “First Steps for Managing an Out-

break of Acute Diarrhoea” (2010).

WaSH Water, Sanitation and Hygiene (WaSH) is a broad term that encom-
passes many intervention strategies which are key to the long-term control of
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cholera. Improved sanitary conditions brought cholera elimination in rst-world
countries. WaSH is divided into short and long-termmeasures. Short term strate-
gies involve sterilization, decontamination, hand washing, education sessions,
and water purication and ltering (chlorination, ...)34. Long-term sanitation

34 Rebaudet, Bulit, Gaudart, Michel, Gazin,
Evers, Beaulieu, Abedi, Osei, Barrais, Pierre,
Moore, Boncy, Adrien, Beigbeder, et al., “The
National Alert-Response Strategy against
Cholera in Haiti: A Four-Year Assessment
of Its Implementation” in: bioRxiv (2018);
Fewtrell et al., “Water, Sanitation, and Hygiene
Interventions to Reduce Diarrhoea in Less
Developed Countries: A Systematic Review
andMeta-Analysis” in: The Lancet Infectious
Diseases (2005).

strategies involve the construction of infrastructures for fecal sludge management,
sewage systems, toilets, and access to safe water sources. From a modeling point of
view, WaSH reduces exposure (water purication, sari ltration35) and shedding

35 Colwell et al., “Reduction of Cholera in
Bangladeshi Villages by Simple Filtration” in:
Proceedings of the National Academy of Sciences

(2003).

(sewage and fecal sludge management). By its nature and the possible long-term
eects, WaSH improvement is dicult to quantify in modeling frameworks.

Vaccination is a safe and eective way to protect individuals from cholera
and to reduce the propagation of the epidemic. It can be used in a preventive or
reactive way. Several vaccines exist for cholera, with dierent characteristics. As of
today, two main oral cholera vaccines (OCVs) are used in vaccination campaigns
around the world: WC-rBS and BivWC36. The main characteristics of these two

36 Another vaccine, Vaxchora, was recently
approved by the FDA, mostly for travelers.

vaccines are shown in tab. 1.1.
Vaccines can either be administered in a targeted fashion or to the whole pop-

ulation in mass vaccination campaigns, either preventively or reactively during
outbreaks37. Despite the eorts to build a worldwide vaccine stockpile, the de-

37 See this interesting thread on the surprisingly
recent history of reactive vaccination.

mand for cholera vaccine vastly exceeds the supply38.

38 Parker et al., “Adapting to the Global
Shortage of Cholera Vaccines: Targeted Single
Dose Cholera Vaccine in Response to an
Outbreak in South Sudan” in: The Lancet.
Infectious Diseases (2017); Seidlein et al.,
“Preventing Cholera Outbreaks through Early
Targeted Interventions” in: PLOSMedicine

(2018).

Generic Name BiWC WC-rBS

Commercial name mORCVAX, Shanchol, Euvi-
chol, Cholvax

Dukoral

Target strain O1 yes (classical, El Tor, Ogawa,
Inaba)

yes (classical, El Tor, Ogawa,
Inaba), also target a cholera toxin

Target strain O139 yes no
Doses 2 doses, 2 weeks apart 2 doses (3 for children) 1–6 weeks

apart
Field eectiveness between 37% and 87% for two

years
78% protection 1–6 months after
vaccination

Age > 1 year > 2 year
Usage Mass vaccination, Global OCV

stockpile, 25m doses adminis-
tered

Mainly for travelers (> 1M doses
administered)

Protection length 3 years (1 dose: short term protec-
tion)

2 years

Constraints – needs buer solution
Price per dose 1.85$ 5.25$
Usage Since 1998 in most recent out-

breaks
Between 1997 and 2009 in
Uganda, Tanzania, Indonesia, ...

tab. 1.1: Characteristic of existing oral
cholera vaccines. Field eectiveness
and vaccine ecacy are dicult to
evaluate and hence omitted from this
table. See WHO, “Cholera Vaccines:
WHO Position Paper” (2017), Bi,
Ferreras, et al., “Protection against
Cholera from KilledWhole-Cell
Oral Cholera Vaccines: A Systematic
Review andMeta-Analysis” in: The
Lancet Infectious Diseases (2017)(and
WHO 2017a; Azman, Rumunu, et al.
2016; Luquero, Grout, Ciglenecki,
Sakoba, Traore, Heile, Dialo, et al.
2013; WHO 2009; Luquero, Grout,
Ciglenecki, Sakoba, Traore, Heile,
Diallo, et al. 2014; Qadri et al. 2018;
Azman, Luquero, Ciglenecki, et al.
2015; Tohme et al. 2015).

ECHO’s cholera model

Cholera has been the subject of modeling studies since the rst attempt by Ca-
passo and Paveri-Fontana39,40, and cholera modeling has received renewed atten-

39 Capasso et al., “AMathematical Model
for the 1973 Cholera Epidemic in the Eu-
ropeanMediterranean Region” in: Revue
D’epidemiologie Et De Sante Publique (1979).
40 For an overview of the history of cholera
modeling, from SI to SIR to SIRB, the reader
is referred to Rinaldo, Gatto, et al.,River
Networks as Ecological Corridors: Species,

Populations, Pathogens (2020).
tion during the 2010 outbreak in Haiti. Most of recent cholera modeling literature
focuses on phenomenological (or statistical) models with dierent degrees of
mechanistic processes41, but numerous mechanistic cholera models are proposed, 41 Azman, Luquero, Rodrigues, et al. 2012;

Finger et al. 2018; Camacho et al. 2018; Lessler,
Moore, et al. 2018; Koelle et al. 2004.

diering in the way they account for the epidemiological processes42.
42 Kirpich, Weppelmann, Yang, Jr, et al.
2017; Tuite, Tien, et al. 2011; Chao et al. 2011;
Kirpich, Weppelmann, Yang, Ali, et al. 2015.
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A spatially-explicit model has been developed at the ECHO laboratory in
the past 10 years43. It has been used to studies on the dynamics of several cholera 43 Bertuzzo, Azaele, et al., “On the Space-Time

Evolution of a Cholera Epidemic” in:Water

Resources Research (2008).
epidemics, such as in South Africa in 200044, Senegal in 2005, Haiti from 2010 to

44 Mari, Bertuzzo, Righetto, et al., “Modelling
Cholera Epidemics: The Role of Waterways,
HumanMobility and Sanitation” in: Journal of
The Royal Society Interface (2012).

201945, Democratic Republic of the Congo from 2004 to 2011 and many others46.

45 Bertuzzo, Mari L., et al., “Prediction of
the Spatial Evolution and Eects of Control
Measures for the Unfolding Haiti Cholera
Outbreak” in: Geophysical Research Letters
(2011); Bertuzzo, Finger, et al., “On the
Probability of Extinction of the Haiti Cholera
Epidemic” in: Stochastic Environmental

Research and Risk Assessment (2016).
46 Finger et al., “The Potential Impact of Case-
Area Targeted Interventions in Response to
Cholera Outbreaks: AModeling Study” in:
PLOSMedicine (2018).

A complete formulation of the model is presented here, including vaccination and
human and hydrologic mobility47. This model has inspired to a various degree all

47 Bertuzzo, Finger, et al., “On the Probability
of Extinction of the Haiti Cholera Epidemic”
in: Stochastic Environmental Research and Risk

Assessment (2016); Pasetto, Finger, Camacho,
et al., “Near Real-Time Forecasting for Cholera
DecisionMaking in Haiti after Hurricane
Matthew” in: PLOS Computational Biology

(2018).

the other models described in this thesis.
The area potentially concerned by the epidemic is divided into n regions. The

sub-regions, dened by political boundaries or geomorphological features (like
watersheds48), are represented as connected nodes. Each of the n nodes represent a

48 Bertuzzo, Finger, et al., “On the Probability
of Extinction of the Haiti Cholera Epidemic”
in: Stochastic Environmental Research and Risk

Assessment (2016).

human community with populationHi , i = 1, . . . , n.
The model is a variation of the SIR model introduced rst by Kermack and

McKendrick49, with additional compartments for the vaccinated individuals and

49 Kermack et al., “A Contribution to the
Mathematical Theory of Epidemics” in:
Proceedings of the Royal Society A (1927).

the bacteria concentration in the environment. At time t and for each node i, the
individuals are divided into six compartments:

• Si (t): susceptible individuals have no immunity and may enter in contact with
the bacteria and become infected (symptomatic or not),

• Ii (t): infected and infectious individual, that shed bacteria into the community
reservoir,

• Ri (t): recovered are temporally immune, and don’t participate in disease
transmission,

• V S
i (t): vaccinated susceptible (as the oral cholera vaccines do no oer total

protection against infection),

• V I
i (t): vaccinated infected,

• VR
i (t): vaccinated recovered.

In addition, the model considers the bacterial concentration ofV. cholerae in
the water reservoir of the community, Bi (t).

The n nodes are connected by both human mobility and pathogen transport
through water. Individuals commute from node i to node j with probabilityQij .
Bacteria are transported along with the river network from node i to node j with
probability Pij .

The cholera dynamics are described by the following set of coupled ordinary
dierential equations:

dIi
dt

= σFi (t)Si − (γ + µ + α)Ii (1.1)

dRi

dt
= (1 − σ)Fi (t)Si + γIi − (ρ + µ + νi (t)

Si +Ri
)Ri (1.2)

dV S
i

dt
= νi (t)

Si
Si +Ri

− µV S
i (1.3)

dV I
i

dt
= σ (1 − η)Fi (t)V S

i − (γ + µ + α)V I
i (1.4)

dVR
i

dt
= νi (t)

Ri

Si +Ri
+ (1 − σ) (1 − η)Fi (t)V S

i + γV I
i − (µ + ρv)VR

i (1.5)

dBi
dt

= −µBBi +
p

Wi
[1 + λJi (t)]

©«(1 −m) (Ii +V I
i ) +m

n∑︁
j=1

Qij (Ij +V I
j )

ª®¬ − l
©«Bi −

n∑︁
j=1

Pji
Wj

Wi
Bj

ª®¬ . (1.6)
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Here demographic equilibrium is assumed, hence the populationHi of each
node is assumed to be constant, which implies that the number of susceptible
individuals at time t is Si (t) = Hi − Ii (t) −Ri (t) −V S

i (t) −V I
i (t) −VR

i (t), but
it is also possible to model dSidt dynamically.

The force of infection represents the rate at which an individual enters in
contact with the disease. It is written as:

Fi (t) = β

(1 −m) Bi
K + Bi

+m
n∑︁
j=1

Qij

Bj

K + Bj

 . (1.7)

The parameter β represents the maximum exposure rate (and is proportional to
the basic reproduction numberR0, see Chapter 5), which may vary in time due
to non-pharmaceutical interventions or the awareness of the population50. The 50 Bertuzzo, Finger, et al., “On the Probability

of Extinction of the Haiti Cholera Epidemic”
in: Stochastic Environmental Research and Risk

Assessment (2016).

fraction Bi/(K + Bi)51 is the probability of becoming infected due to the exposure

51 In the classical SIR model, this fraction
would be I

H , a mass action reaction on the
proportion of infected in the population.

to a concentration Bi ofV. cholerae,K being the half-saturation constant52. The

52 Codeço, “Endemic and Epidemic Dy-
namics of Cholera: The Role of the Aquatic
Reservoir” in: BMC Infectious Diseases (2001).

force of infection in a given node depends for a fraction (1 − m) to the local
concentration ofV. cholerae Bi . The remaining fractionm, the community-
level probability that individuals travel outside their node, are exposed to the
concentration Bj of the remote communities.

The human mobility is encoded in matrixQ, whereQij represents the proba-
bility that a mobile individual living in node i reaches j as a destination. Because
of human mobility, a susceptible individual residing at node i can be exposed
to pathogens in the destination community j. In the lack of detailed mobility
data, the probabilitiesQij can be estimated through a gravity model of human
mobility53: 53 Erlander et al., The GravityModel in

Transportation Analysis: Theory and Extensions

(1990).
Qij =

Hje
−dij/D∑n

k≠i Hke−dik/D
, (1.8)

where the attractiveness of node j depends on its population sizeHj , while the
deterrence factor is assumed to be dependent on the distance dij between the two
communities via an exponential kernel (with shape factorD).

Individuals are removed from the susceptible compartment S at rate F (t).
A fraction σ of the infected individuals develops symptoms, passing from com-
partment S to I and shedV. cholerae into the reservoir at rate θ. The remaining
fraction (1 − σ) does not develop symptoms and does not contribute to the dis-
ease transmission54, and is considered temporally immune, thus passing from 54 In the model presented in Chapter 3,

asymptomatic individuals are assumed to
contribute to disease transmission, and are
explicitly modeled in a compartment A.

compartment S toR. Symptomatic infected individuals recover at a rate γ55, or die

55 Hence the mean infectious period is 1
γ [du-

ration]. Correspondingly the life expectancy
without cholera would be 1

µ .

due to cholera or other causes at rates α or µ, respectively. Recovered individuals
lose their immunity at rate ρ, the average rate of loss of immunity for individuals
that previously had been asymptomatic or symptomatic, or die at a rate µ. In both
cases, they return to susceptible (death is associated with the birth of a susceptible
to keep the population constant).

The environmental concentration ofV. cholerae Bi may increase due to in-
fected individuals sheddingVibrios and hydrologic travel. As for the force of infec-
tion, bacterial shedding is proportional for a fraction 1 −m on the local infected
individuals and for a fractionm on the infected individuals moving according to
the mobility network. The increase in bacteria concentration is modeled with the
rate p/Wi , where p is the rate at which bacteria excreted by an infected individual
reach and contaminate the local water reservoir of volumeWi (assumed to be
proportional to population size, i.e.,Wi = cHi

56). Rainfall-induced runo might 56 Rinaldo, Bertuzzo, Mari, et al., “Reassess-
ment of the 2010–2011 Haiti Cholera Outbreak
and Rainfall-DrivenMultiseason Projections”
in: Proceedings of the National Academy of

Sciences (2012).



30 phd thesis: infectious disease dynamics modeling towards informed control decisions

cause additional pathogen loads to enter the water reservoir due to eects such
as the overow of pit latrines and washout of open-air defecation sites. The con-
tamination rate p is thus intensied by the rainfall intensity Ji (t) via a coecient
λ57. By introducing the dimensionless bacterial concentrations B∗i = Bi/K , it is 57 Rinaldo, Bertuzzo, Mari, et al., “Reassess-

ment of the 2010–2011 Haiti Cholera Outbreak
and Rainfall-DrivenMultiseason Projections”
in: Proceedings of the National Academy of

Sciences (2012); Righetto et al., “Rainfall Medi-
ations in the Spreading of Epidemic Cholera”
in: Advances inWater Resources (2013).

possible to group three model parameters into a single shedding intensity ratio
θ = p/(cK)58. Bacteria undergo hydrologic dispersal at a rate l: pathogens travel

58 Bertuzzo, Azaele, et al., “On the Space-Time
Evolution of a Cholera Epidemic” in:Water

Resources Research (2008).

from node i to j with probability Pij , which is assumed to be one if node j is the
downstream nearest neighborhood i, and zero otherwise. V. cholerae decays at rate
µB in the water reservoir.

The estimation of the local incidence is computed integrating over the new
symptomatic individuals,

dCi

dt
= σFiSi , (1.9)

During the vaccination campaign, oral cholera vaccines doses are distributed at
rate νi (t) to susceptible and recovered individuals, which enter the compartments
V S andVR. As the OCV provides a partial immunity having ecacy η, 0 ≤ η ≤
1, vaccinated susceptibles (V S) can become infected (V I ) through a decreased
force of infection of a factor (1 − η) with respect to non-vaccinated individuals.
Vaccinated infected individuals behave exactly like infected ones, but are placed
in a dierent compartment to exclude them from future vaccination campaigns.
After recovering at rate γ, they lose their vaccine protection at rate ρv.

Derivations of this model are used in the next 2 chapters. Hydrological trans-
port is always neglected (Pij = 0,∀i, j), and other dierences are:

• in Chapter 2: the model is very similar, with only one spatial node. Com-
partment for the incubating individuals E andVE are added because of the
higher temporal resolution of the date. Moreover, a precise non-linear formu-
lation of the eect of rainfall is developed. The force of infection is further
generalized to encompass non-linear rainfall eects and human-to-human
transmission. Finally, alongside the present ordinary dierential equations
formulation, a version of the model with stochastic transitions is developed to
better deal with low incidence data.

• in Chapter 3: the model is also a very similar stochastic translation of the
present model, with mobility (but no hydrological transport) implemented as
human-to-human transmission. Shedding (infectious) asymptomatic are mod-
eled in an additional compartment A. The eect of vaccination is described
very precisely with vaccine ecacy waning over time. As the eect of synchro-
nized immunity is sought after, the time spent recovered is more accurately
represented as an erlang distribution with parameter 3. The rainfall uses the
same non-linear eect introduced in Chapter 2.

The covid-19 models proposed later are very dierent but share some features
e.g. the mobility formulation is close in Chapter 4 and Chapter 6, and more
generally the general structure is similar across all compartmental models.



Chapter 2

Rainfall as a driver of epidemic cholera:
comparative assessments of the effect of
intra-seasonal precipitation events

The correlation between cholera epidemics and climatic drivers, in particular seasonal tropical rainfall, has been studied in a
variety of contexts. Several mechanistic models have included rainfall as a driver of cholera transmission by focusing on two
possible pathways: either by increasing exposure to contaminated water (e.g. due to worsening sanitary conditions during wa-
ter excess) or by increased water contamination with freshly excreted bacteria (e.g. due to washout of open-air defecation sites
or overows). In this chapter, the explanatory power of these dierent model structures is assessed by formal model compari-
son using deterministic and stochastic models of the type susceptible-infected-recovered-bacteria (SIRB). The incorporation of
rainfall eects is generalized using a nonlinear function that can increase or decrease the relative importance of large precipita-
tion events. The modeling framework is applied to the daily epidemiological data collected during the 2015 cholera outbreak in
Juba, South Sudan. This epidemic is characterized by a particular intra-seasonal double peak of incidence in apparent relation
with particularly strong rainfall events. Results suggest that rainfall-based models in both their deterministic and stochastic
formulations outperformmodels that do not account for rainfall. In fact, classical SIRBmodels are not able to reproduce the
second peak, suggesting it was rainfall-driven. Moreover stronger support is found for rainfall acting on increased exposure
rather than on exacerbated water contamination. Although these results are context-specic, they stress the importance of a
systematic and comprehensive appraisal of transmission pathways and their environmental forcings when embarking on the
modeling of epidemic cholera.

This section is adapted from: Joseph Lemaitre, Damiano Pasetto, Javier Perez-Saez, Carla Sciarra, Joseph Francis Wamala,
and Andrea Rinaldo. “Rainfall as a Driver of Epidemic Cholera: Comparative Model Assessments of the Eect of Intra-
Seasonal Precipitation Events”. In: Acta Tropica 190 (Feb. 1, 2019), pp. 235–243, referred in the following as the postprint, and
its supplementary information as si.

Rainfall and the transmission of cholera

Twomain exposure pathways fuel cholera transmission across endemic and epi-
demic settings. First, an indirect exposure occurs from consumption of water
contaminated by untreated sewage; rainfall and the ensuing hydrologic trans-
port processes might play a role in water contamination, for instance through the
washout of open-air defecation sites and sewage circulation in the environment.
Alternatively, direct, or human-to-human exposure occurs when the bacteria is
transmitted from an infectious individual directly to a susceptible one, for exam-
ple via contaminated food or fomite. In this case, environmental factors do not
play a major role, except for transmission changes due to behavior modications.
The mechanism behind the transmission of cholera has been postulated to be a
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combination of environmentally-mediated and direct exposures1. 1 Sugimoto et al. 2014; Bi, Azman, et al. 2016;
Lessler, Salje, et al. 2016; Rinaldo, Bertuzzo,
Blokesch, et al. 2017.

Cholera and Rainfall The relationship between dierent climatic and en-
vironmental factors and the transmission of cholera has long been studied. Works
linking cholera outbreaks to anomalies in the El Niño Southern Oscillation2 have

2 Colwell 1996; Pascual et al. 2000; Hashizume,
Chaves, et al. 2013.

paved the way for a new eld in epidemiological research.

g. 2.1: Daily cholera cases (red) and daily
rainfall (blue) in Haiti from September 15, 2010
to October 16, 2011. It highlights the visual
correlation between heavy rainfall event and
cholera outbreaks. Adapted from Gaudart
et al., “Spatio-Temporal Dynamics of Cholera
during the First Year of the Epidemic in Haiti”
in: PLOS Neglected Tropical Diseases (2013).

Previous studies have highlighted the role of climatic drivers on cholera dynam-
ics, mostly focusing on climate change eects on disease spread3 or on the impacts

3 Rinaldo, Bertuzzo, Blokesch, et al. 2017;
Hashizume, Armstrong, et al. 2008; Magny,
Thiaw, et al. 2012; Rodó et al. 2013; Ramírez
et al. 2016; Vezzulli, Grande, et al. 2016.

of spatial and temporal heterogeneities4. The eect of temperature on cholera

4 Reiner et al. 2012; Baker-Austin et al. 2013;
Vezzulli, Colwell, et al. 2013; Cash et al. 2014;
Escobar et al. 2015; Vezzulli, Pezzati, et al. 2015;
Perez-Saez, King, et al. 2017.

transmission has been described (though mainly through the lense ofVibros sur-
vival and ecology in natural environments), but for rainfall, it remains to be fully
elucidated, possibly due to the multiple ways in which it can inuence transmis-
sion at the local and regional scales5. Indeed, intense rainfall events have been

5 Rinaldo, Bertuzzo, Mari, et al. 2012; Eisen-
berg, Kujbida, et al. 2013; Baracchini et al.
2017.

shown to alter infection risk through a variety of potential mechanisms, including:
ooding, leading to sewage contamination of water sources6; increased hydrologic

6 Ruiz-Moreno et al. 2007; Hashizume,
Armstrong, et al. 2008.

transport-driven iron availability in environmental waters that enhances pathogen
survival and the expression of toxins7; dry spells inducing persistent low water lev-

7 Lipp et al. 2002; Faruque et al. 2005; Hill et al.
2011.

els leading to increased use of unsafe water sources8; and crowding during strong

8 Rebaudet, Sudre, et al. 2013b.

ood events9.

9 Reiner et al. 2012.

Most countries where associations between rainfall and cholera risk have been
studied experience endemic cholera transmission. Empirical studies have shown a
range of correlations, both positive and negative, endowed with time lags ranging
from weeks to months10. In general, rainfall has been found to increase cholera

10 Ruiz-Moreno et al. 2007; Emch et al. 2008;
Magny, Thiaw, et al. 2012.

transmission, but there is evidence of the inverse, possibly due to pathogen di-
lution11. Such variability reects the variety of potential mechanisms whereby

11 Ruiz-Moreno et al. 2007.

rainfall may alter infection risk. Similarly, a clear empirical correlation between in-
tense rainfall and enhanced transmission is found in several regions hit by cholera
epidemics12 (g. 2.1). Results therein showed that at all spatial scales and loca-

12 Magny, Murtugudde, et al. 2008; Magny,
Thiaw, et al. 2012; Rebaudet, Sudre, et al.
2013b; Rebaudet, Sudre, et al. 2013a; Jutla et al.
2013, but Haiti is treated specically in the next
chapter.

tions examined, tropical storms were correlated with increased cholera incidence
with lags of the order of a few days. As a consequence, accounting for the related
forcing of dynamic models resulted in improved ts of reported incidence.

Properly incorporating the eects of rainfall in mathematical models of cholera
transmission is thus paramount to discriminate among the above-mentioned alter-
native transmission pathways, thus unlocking a predictive framework to evaluate
the potentially rainfall-sensitive ecacy of available intervention strategies in en-
demic and epidemic settings. This becomes critically important when evaluating
the number of averted infections by deploying vaccines, as was done in the after-
math of the passage of Hurricane Matthew13, or considering optimal deployment 13 Pasetto, Finger, Rinaldo, et al. 2017.

in space and time.
The eect of rainfall on indirect cholera transmission has been accounted for in

two main fashions in recent mathematical models. On one side, a contamination-
centered approach suggesting that bursts of infections could be linked to increased
contamination of the water compartment14, as in the ECHOmodel presented 14 Rinaldo, Bertuzzo, Mari, et al. 2012.

in Chapter 2. This process conceptualizes the washout of open-air defecation
sites by hydrologic transport. The same ‘transport’ eect may be realized by sewer
collectors’ overows. In fact, both mechanisms have the net eect of charging
progressively the bacterial concentration in the water reservoir15. Pathogens’ loads 15 Codeço 2001.

are washed out from a hydrologic catchment enclosing human settlements and
their infective individuals shedding bacteria. Therein, pathogen survival and thus
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the toxicity of their loads depend on hydrologic residence time distributions16. 16 Rinaldo, Bertuzzo, Mari, et al. 2012; Rinaldo,
Bertuzzo, Blokesch, et al. 2017.Such loads increase as a function of rainfall, which acts as a proxy of runo vol-

umes. The second approach is exposure-centered and employs a rainfall-dependent
exposure rate subsuming both pathogen availability and the probability of the
ingestion of contaminated water during wet spells17. Although both approaches 17 Eisenberg, Kujbida, et al. 2013.

are physically plausible, they have not been compared directly on the same datasets
within a formal statistical framework, which would allow to highlight their respec-
tive merits and further recommendations for their use in dierent settings.

In this chapter, the explanatory power of these dierent types of rainfall-driven
mechanistic models applied to a cholera outbreak in South Sudan is compared.
The link between rainfall and cholera during the outbreak recorded in Juba in 2015
when an intra-seasonal peak of cholera cases was recorded possibly in correspon-
dence to intense precipitation events is quantitatively examined. The analysis of
the lagged relationship between rainfall rates and revamped cholera incidence is
addressed via dynamical compartmental models considered both in deterministic
and stochastic versions incorporating both direct (human-to-human) and indirect
(water-to-human) disease transmission, and rainfall eects on both contamination
and exposure.

Case study: the 2015 cholera outbreak in Juba, South Sudan

g. 2.2: Reported cholera cases (dots)
and precipitation (bars) during the
2015 cholera epidemic in Juba. The
timing of the vaccination campaign is
highlighted in yellow.

In the past years, South Sudan had been struck by several cholera outbreaks18. 18 More details on the history of cholera in
South Sudan are found in: Sciarra et al.,
MathematicalModeling of Cholera Epidemics

in South Sudan (2018)

Here the analysis focuses on the 2015 outbreak in Juba, when a particular double
peak of cholera cases was associated with a strong intra-seasonal precipitation
event (g. 2.2). Access was granted to epidemiological records for the 2014 and
2015 cholera epidemics that include daily cholera incident cases and hospitaliza-
tion at the second-lowest administrative level (Payams), reported by the Ministry
of Health of South Sudan. The cases in the 7 Payams that constitute the adminis-
trative area of Juba have been aggregated to obtain the reported time series for the
county level. The population data for Juba county is taken from the South Sudan
National Bureau of Statistics19. Daily rainfall estimates for years 2014 and 2015

19 SSNBS, Population Projections for South
Sudan by County 2015 - 2020 (2015).

were obtained from the Climate Data Library20. In 2015, 167’377 OCV doses were

20 IRI/LDEO, “Climate Data Library” (2016),
with a resolution of 0.1◦ , rainfall was averaged
over the study area.

distributed in the county of Juba during 6 days of a mass vaccination campaign
started on July 31, 201521, and are taken into account in the model.

21 Abubakar et al., “The First Use of the
Global Oral Cholera Vaccine Emergency
Stockpile: Lessons from South Sudan” in:
PLOSMedicine (2015); Azman, Parker, et al.,
“Eectiveness of One Dose of Oral Cholera
Vaccine in Response to an Outbreak: A
Case-Cohort Study” in: The Lancet Global
Health (2016); Parker et al., “Adapting to the
Global Shortage of Cholera Vaccines: Targeted
Single Dose Cholera Vaccine in Response to
an Outbreak in South Sudan” in: The Lancet
Infectious Diseases (2017).
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Cholera models

Generalized cholera model

The proposed model is inspired by the model presented in the previous chapter:
we have the susceptible S, infected I , and recoveredR compartments for individ-
uals, with an additional variable B describing the concentration of the bacteria in
the environment. Previous modelling exercises had considered rainfall intensity
J (t) either to i) multiplicatively increase water contaminationwith bacteria shed
by infected individuals22, or ii) assumed that the rainfall multiplicatively increases 22 Bertuzzo, Finger, et al., “On the Probability

of Extinction of the Haiti Cholera Epidemic”
in: Stochastic Environmental Research and Risk

Assessment (2016); Pasetto, Finger, Rinaldo,
et al., “Real-Time Projections of Cholera
Outbreaks through Data Assimilation and
Rainfall Forecasting” in: Advances inWater

Resources (2017).

the exposure to contaminated water23. A generalized formulation of these cholera-

23 Eisenberg, Kujbida, et al., “Examining
Rainfall and Cholera Dynamics in Haiti
Using Statistical and Dynamic Modeling
Approaches” in: Epidemics (2013).

forced models, wherein both formulations are nested, is proposed. It enables
the systematic comparison of the eect of rainfall through these two dierent
transmission pathways.

The model described in Chapter 1 was designed to deal with weekly data.
Here, given the daily temporal resolution at which incidence data was available
for the 2015 Juba epidemic, a compartment of exposed individuals E is added
to the model structure. It describes the incubation period: the lag between the
time of exposure and the onset of the symptoms. Moreover, to account for the
vaccination campaigns that were deployed in Juba in August 2015, four compart-
ments (V S ,V E ,V I , andVR) are added to describe the dynamics of vaccinated
individuals and their removal from the pool of susceptibles.

The proposed generalized cholera model is described in g. 2.3, and formulated
as:

symbol signication
α cholera induced mortality
µ natural mortality
σ symptomatic fraction
γ infectious period
ρ duration of immunity
ρv duration of vaccine protection
η vaccine ecacy
θ shedding rate
µB bacteria decay in water
J (t) rainfall
Reminder of the parameters already de-

scribed in Chapter 1 (p. 28).

S (t) = H − I (t) − E(t) −R(t) −V S (t) −V E (t) −V I (t) −VR (t) (2.1)
dE

dt
= σF (t)S − (ϕ + µ + ν)E (2.2)

dI

dt
= ϕE − (γ + µ + α)I (2.3)

dR

dt
= (1 − σ)F (t)S + γI − (ρ + µ + ν)R (2.4)

dB

dt
= −µBB + θ

[
1 + fc (J (t))

]
(I +V I ) (2.5)

dV S

dt
= νS − µV S + ρvV

R − (1 − η)F (t)V S (2.6)

dV E

dt
= νE + σ (1 − η)F (t)V S − (ϕ + µ)V E (2.7)

dV I

dt
= ϕV E − (γ + α + µ)V I (2.8)

dVR

dt
= νR − (µ + ρv)VR + γV I + (1 − σ) (1 − η)F (t)V S , (2.9)

where F (t) takes into account both human-to-human transmission and nonlinear
water-to-human transmission:

F (t) = βB

[
B

K + B

] (
1 + fe (J (t))

)
︸                        ︷︷                        ︸

indirect transmission

+ βI
(I +V I )

H︸    ︷︷    ︸
direct transmission

. (2.10)

The notation is consistent with Chapter 1 and we refer the reader to the de-
scription of the processes provided on p. 28, and reminded in the margin. In
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addition to the previously described dynamics, exposed individuals become symp-
tomatic infected at a rate ϕ, which corresponds to an average incubation period of
1/ϕ ≈ 1.5 days24. As few reliable data on changes in Juba’s population are available 24 Azman, Rudolph, et al., “The Incubation

Period of Cholera: A Systematic Review” in:
Journal of Infection (2013).

for the years of interest, the total populationH is assumed to be constant, as in
(2.1).

Moreover, the eect of rainfall is more precisely described. Functions fc (J (t))
and fe (J (t)) account for the rainfall eect respectively by increasing the bacteria
contamination in the water reservoir or directly through amplifying the exposure
in the force of infection. With the objective of assessing the importance of rain-

g. 2.3: Transition diagram for the
dierent cholera models considered,
with the dierent variations me, mr,
and mec indicated.

fall on cholera transmission, a generalization of the linear relation found in the
litterature25 is proposed, by using a nonlinear function form for fc,e (J (t)): 25 Specically the reference exposure (Eisen-

berg, Kujbida, et al. 2013) and contamination
(Rinaldo, Bertuzzo, Mari, et al. 2012) models.

fc,e (J (t)) = λc,e

(
J (t)

maxt J (t)

)αc,e
, (2.11)

g. 2.4:
(

Jt
Jmax

)α
for dierent values of α. For

α = 1, the linear model described in previous
works is obtained, and larger α corresponds
to an increased relative importance of heavy
rainfall events.

where the subscripts c,e respectively denote the eect of rainfall on exposure
and contamination,maxt J (t) is the maximum recorded rainfall intensity during
the epidemic, and the αc,e ≥ 0 controls for the relative importance of dierent
rainfall intensities in their eect on the force of infection. Indeed, since the ratio

J (t)
maxt J (t) ∈ [0, 1], for αc,e � 1 the ratio will tend to 0 for all small precipitation
events, leaving only the eect of the strongest events, whereas for αc,e < 1 all
precipitation events will be assigned a similar weight in the force of infection (g.
2.4). The formulations found in litterature are recovered by setting αc,e = 1. The
exibility allowed by eqn. (2.11) allows to discriminate between rainfall eects
along a continuum from acting on disease transmission regardless of intensity to
a threshold-like eect for the largest events which could be associated to severe
ooding causing damages to the city’s water and sanitary system, for instance
leading to sewer overow.

Competing transmission models

The relevance of the two rainfall-driven transmission pathways is assessed here by
comparing the following models:
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• mn SIRBmodel without rainfall: λc = λe = 0, βI = 0, as the null hypothesis
for the importance of rainfall.

• mc SIRBmodel where for rainfall enhances the contamination of the water
reservoir: λe = 0, βI = 0.

• me SIRBmodel where rainfall increases the exposure to bacteria: λc = 0,
βI = 0.

• mec SIRBmodel combining both approaches mc and me (βI = 0). Both
ways of accounting rainfall play a role simultaneously.

memodels uses a similar transmission pathway
as in Eisenberg, Kujbida, et al. (2013), whereas
mcmodels were described in Rinaldo,
Bertuzzo, Mari, et al. (2012). These models
were adapted to the generalized conguration,
e. g. in eqn. (2.10) precipitation enters in the
term

(
1 + fE (J (t))

)
which entails water-to-

human transmission also when J (t) = 0,
unlike the published version. The steps take to
adapt these models are left in the postprint si,
section 1.

Model λc αc λe αe βI

mn – – – – –
mnh – – – – ×
mc × × – – –
me – – × × –
mch × × – – ×
meh – – × × ×
mec × × × × –
mech × × × × ×

tab. 2.1: Parameters considered in the
eight compared models. λ and α char-
acterize the functional forms consid-
ering the precipitation eqn. (2.11). βI
is the exposure for human-to-human
transmission. A dash – indicate that
the parameter is set to zero, whereas a
cross × indicate that the parameter is
used.

For each model is explored the possibility of adding explicitly direct, human-
to-human transmission (βI > 0), which is indicated with anH at the end of the
model name: mnh, mch, meh, and mech. The dierent parameters associated
with the considered models are summarized in tab. 2.1.

The eight models are compared on the basis of their ability to match the time
series of daily reported cases during the cholera epidemic in Juba of 2015. The
postprint si, tab. 1 summarizes which parameters are calibrated for each model
and their prior distribution. The degrees of freedom of the models, np, vary from
np = 7 for mn to np = 12 for mech. Given the low number of daily reported
cases and their ensuing variability, a stochastic equivalent is also implemented26 26 The sole dierence in formulation is the

introduction of overdispersion in the infection
process. The force of infection is multiplied
by a time-continuous white noise process, as
detailed in the eqns. (3.1)–(3.2).

of the deterministic ODE system, eqns. (2.1)-(2.9), formulated as a continuous-
time partially observedMarkov process model, accounting for both demographic
and disease transmission stochasticities27. The generalized stochastic model is

27 Bretó, He, et al., “Time Series Analysis via
Mechanistic Models” in: The Annals of Applied
Statistics (2009).

structured exactly like the deterministic one and a similar stochastic model is
presented in the next chapter. Hence stochastic model equations are left in the
postprint si.

Models calibration
For details about xed and calibrated pa-
rameters, along with prior and posterior
distributions, the reader is referred to the
supplementary information of Lemaitre,
Pasetto, Perez-Saez, et al., “Rainfall as a Driver
of Epidemic Cholera: Comparative Model
Assessments of the Eect of Intra-Seasonal
Precipitation Events” in: Acta Tropica (2019).

Initial conditions The history of cholera epidemics in South Sudan, and
particularly in Juba, plays an important role in the determination of the size of
susceptible and recovered compartments at the beginning of the 2015 epidemic.
These two compartments are also largely impacted by the rate of immunity loss
ρ of the recovered individuals and by the probability of asymptomatic infection
1 − σ28. The initial conditions must therefore be estimated for each parameter set

28 in the literature, values range from σ =

0.5, meaning one asymptomatic per each
symptomatic infected, to less than σ = 0.01,
corresponding to more than 99 asymptomatic
infected per each symptomatic infected (Fung
2014).

considered during calibration.
To take into account the uncertainty associated with the immunity landscape

of Juba, the initial number of recovered individuals in April 2014 is calibrated for
each model. Then, the detailed daily data of suspected cases during 2014 is used
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to estimate the associated number of recovered individuals at the start of the 2015
epidemic. Suspected cases in 2014 are scaled to the reporting fraction and undergo
an exponential decay with an average time of immunity loss 1/ρ29. Simulations are 29 Something similar has been done in (Pasetto,

Finger, Rinaldo, et al. 2017).then initialized on June 5, 2015 considering two exposed individuals, two infected,
and the associated steady-state bacteria concentration.

Calibration Calibration of the deterministic model is performed using a
Markov ChainMonte Carlo based algorithm30 , which draws samples from the 30 Dierential Evolution Adaptive Metropolis,

dream (Vrugt 2016), was developed to
explore high-dimensional parameter spaces.
Given the parameters’ prior distribution,
dream searches and selects new samples in the
posterior distribution by using multiple mcmc
chains that run in parallel and that jointly
contribute to the computation of the proposal
parameter samples. Mcmc chains converge
toward the posterior probability distribution
based on the log-likelihood function of the
data given the model output.

posterior distribution of the parameters. Inference on the stochastic model is
performed using a frequentist iterated ltering algorithm31. Both model were t

31 MIF (Ionides et al. 2015) is a frequentist-based
approach for identifying the maximum like-
lihood estimation. It has proved successful
even for a range of complex models of cholera
dynamics (King, Ionides, et al. 2008; Barac-
chini et al. 2017). TheMIF2 algorithm, which
employs iterated Bayes maps, is implemented
in the R package pomp (King, Nguyen, et al.
2015).

against the daily reported cases accounting for over- or under- reporting, and as-
suming a Poisson likelyhood32. Each datapoint at reporting date ti , yti , is assumed

32 Camacho et al. 2018.

to belong to a Poisson distribution centered on the modeled incidence Cti
33 and its

33 Cti is computed as in eqn. (1.9), but for
the E → I transition. For the deterministic
model: Cti =

∫ ti+1
ti

ϕ
(
E (t) +VE (t)

)
dt. For

the stochastic model the reporting process is
described as Cti = [NEI (ti+1) −NEI (ti) ] +
[NVEV I (ti+1) −NVEV I (ti) ], whereNAB

denotes the stochastic counting process of
transitions between classes A and B .

associated parameter vector θ altered by the reporting rate ε, as:

yti ∼ Poisson
(
ε Cti (θ)

)
, ε > 0, (2.12)

Models were then compared using the Bayesian Information Criterion (BIC),
Bayes factors, and the likelihood ratio test for the nested models.

Results

Model selection of rainfall effects on cholera transmission

The summary statistics of the deterministic and stochastic models considered in
the study are given in tab. 2.2. Overall, the stochastic models outperform their
deterministic counterparts for all model structures by ≈ 40 log-likelihood units.
Both model types agree on the signicance of rainfall in explaining the time series
of daily reported cases, in particular through the increased exposure pathway, al-
though the specic ordering of the models diers between model types. The BFs
for the deterministic models suggest a strong support for model mec, followed
by model me (BF−1

ME,MEH = 0.16), with very little support for all other models
(BF−1

·,MEH < 10−2 for all other models thanME). For the stochastic model, the
BFs estimated with the BIC suggest the strongest support for model me, with the
basic SIRBmodel coming in second with 5 times less evidence (BF−1

MN ,ME ≈ 0.15).
When considering only the BIC, model me ranks rst for both the deterministic
and the stochastic formulations. Interestingly, all models that include human-to-
human transmission present smaller or equal log-likelihoods than their counter-
parts with only the bacteria compartment, which suggests that the data does not
support both environmental and human-to-human transmission within the set of
the models considered here.

The results of the nested LR-tests conrm the statistical signicance of in-
cluding rainfall in the cholera transmission models, with the eect on exposure
better supported by the data in both model types than the eect on contamina-
tion. In the deterministic case, the extension of the basic SIRB (model mn) with
rainfall eects were signicant for all direct comparisons (g. 2.5,a). The addition
of human-to-human transmission was not signicant mostly due to the above-
mentioned lower estimate of the log-likelihood in these models. When consider-
ing only a single eect of rainfall (either increasing exposure or contamination),
me outperforms mc in terms of likelihood for the same number of parameters.
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Deterministic Stochastic

Model n ℓ̂ BIC BF−1 n
ℓ̂

(s.e.)
BIC BF−1

mn 7 −368.62 770.27 3.1 × 10−5 8 −326.45
(0.105) 690.65 1.5 × 10−1

mnh 8 −368.95 775.64 1.1 × 10−9 9 −327.52
(0.052) 697.51 4.7 × 10−3

mc 9 −358.32 759.11 5.5 × 10−3 10 −323.50
(0.037) 696.01 2.5 × 10−2

mch 10 −359.06 765.30 1.7 × 10−4 11 −324.89
(0.041) 701.68 5.9 × 10−4

me 9 −356.96 756.40 1.6 × 10−1 10 −319.81
(0.035) 687.38 1

meh 10 −358.06 763.30 6.3 × 10−4 11 −320.64
(0.030) 693.18 4.1 × 10−2

mec 11 −356.87 765.64 1 12 −320.17
(0.031) 696.96 6.2 × 10−3

mech 12 −357.55 771.73 2.4 × 10−6 13 −320.38
(0.024) 702.09 4.8 × 10−4

tab. 2.2: Model comparison statis-
tics. For each model is reported its
number of parameters n, the asso-
ciated estimated log-likelihood ℓ̂
(and its Monte Carlo standard error
for the stochastic model), and the
inverse of the Bayes Factor (BF−1)
with respect to the model with the
largest evidence. The BFs for the
deterministic models were computed
directly from the parameters pos-
teriors, whereas for the stochastic
models they were estimated with
the Bayesian Information Criterion
(BIC) as BFi ≈ e

1
2 (BICi−BICmin) . The

BIC for the deterministic models
was computed using the maximum
log-likelihood value visited with the
MCMC algorithm across chains.

Interestingly, the inclusion of rainfall-induced contamination in model me is re-
jected due to the very limited increase of the estimated log-likelihood of mec, in
contrast with the BFs favoring the latter. Model me is thus the one retained by the
LR-tests in the deterministic set of models. In the case of the stochastic models,
the LR-tests also highlight the importance of the eect of rainfall on exposure
rather than on contamination (g. 2.5,b). In fact, the much stronger performance
of mn in comparison with its deterministic counterpart relative to all other model
structures imposes a stronger condition for retaining additional transmission pro-
cesses. Indeed, both models mc and mch were rejected when compared to mn,
thus only models with rainfall-driven exposure were retained. As in the determin-
istic case, model me is the one nally retained due to the lack of signicance of the
inclusion of additional transmission processes. Note that the conclusion based on
the LR-tests for the deterministic models should be taken with caution because
the mcmc algorithm used for calibration does not directly aim at maximizing the
likelihood, but rather at sampling from the posterior distribution of the param-
eters given the data and the model. Moreover, the best likelihood visited by the
chains when sampling the posteriors that are used in the LR-tests is not a formal
estimate of the models’ likelihood. However, the fact that the LR-tests applied to
both model types agree with the selection of me supports their use in both cases.

Both statistical methods for model comparison therefore agree about the im-
portance of the eect of intra-seasonal rainfall on the exposure to transmission
during the 2015 cholera epidemic in Juba. For the deterministic type of mod-
els, the BFs suggest stronger support for model mec, and the LR-tests for me,
whereas for the stochastic models both the BIC-based estimates of BFs and the
LR-tests favor me.

Intra-seasonal rainfall events and the 2015 Juba epidemic

The comparison between the estimated output cases computed by the basic SIRB
model (mn) and the most signicant rainfall-based processes (mec and me for
the deterministic and stochastic types, respectively) highlight the importance of
rainfall in retrieving the second epidemiological peak (g. 2.6). Both deterministic
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g. 2.5: Likelihood ratio tests of
model nesting. The LL-tests were
computed for each nested pair of
models {M0,M1}, with parameter
vectors θ0, θ1, for which at least on
of the parameters that is not null is
θ1 is equal to 0 in θ0. Each model is
labeled with its associated estimated
maximum log-likelihood value, ℓ̂ ,
for the deterministic (A) and the
stochastic (B) models, and linked
based on whether the likelihood ratio
is signicantly (full black lines) or
not (dashed gray lines) at the 5% level.
The absence of lines indicates a lower
ℓ̂ for the more complex model.

and stochastic models t well the general trend of the data, but they underesti-
mate the large number of reported cases on July 19 (65 cases). Instead, the more
complex models me and mec follow the SIRB dynamics and then are forced by
the precipitation that occurred on July 18 (33 mm/d) toward the epidemiological
peak.

Model calibration results suggest that precipitations with smaller intensities
did not have a strong impact on cholera transmission during the 2015 epidemic in
Juba. The exponents αc and αe were found to be systematically larger than 1. Thus,
in the considered epidemic, the nonlinear function used to account for rainfall in
the model, eqn. (2.11), helps to isolate the contribution of the largest rainfall.

The best measures of t computed for the stochastic me (see tab. 2.2) are thus
explained by a larger sensitivity to precipitation, which causes the match between
the mean of the simulated cases and the data during the second peak.

Comparing the two model types, stochastic results have a larger 95% condence
interval, which better encompasses most of the data. In particular, both epidemi-
ological peaks are well captured by the stochastic models, while the deterministic
results systematically underestimate them. Two factors contribute to this result:
the intrinsic stochastic nature of the model, which requires the simulation of
various model runs for the same set of parameters, and the noise that necessarily
perturbs the force of the infection yielding an overdispersion in infections. The
standard deviation of such (assumed white) noise is estimated in each stochas-
tic model, and it is interesting to note that the MLE obtained forME is slightly
smaller than inMN (0.028 versus 0.022), highlighting again that the data are
retrieved with a lower uncertainty when rainfall is included in the model. This is
evident in g. 2.6, where the width of the 95% condence interval of models me
and mec is smaller with respect to mn.

Finally, despite having dierent BFs, the deterministic models me and mec
are qualitatively similar in terms of output response, indicating that the recorded
changes in the log-likelihood function do not correspond to qualitative changes in
the output.
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g. 2.6: Simulations of the mn (A-B),
me (C-D) and mec (E-F) models.
Simulations for the deterministic ver-
sions (A,C,E) are given by the mean
(blue dashed line), median (blue full
line) and 95% simulation envelops
(blue ribbon) of 100 simulations of
the measurement model for each
trajectory from 100 samples from
the posteriors of model parameters
against reported daily cholera cases
(red line and dots). Simulations from
the stochastic models (B, D, F) are
given for 10’000 simulations of the
stochastic process and measurement
models.

Discussion

In this chapter, a general mechanistic SIRB-based epidemiological model is de-
veloped to evaluate the relevance of rainfall in the amplication of cholera trans-
mission, focusing on the 2015 Juba outbreak. Two rainfall-based transmission
processes were compared: the direct increase of the exposure to the contaminated
water (model me)34, and the increase of water contamination by ooded open 34 Eisenberg, Kujbida, et al., “Examining

Rainfall and Cholera Dynamics in Haiti
Using Statistical and Dynamic Modeling
Approaches” in: Epidemics (2013).

defecation sites (model mc)35. In addition, human-to-human transmission is

35 Rinaldo, Bertuzzo, Mari, et al., “Reassess-
ment of the 2010–2011 Haiti Cholera Outbreak
and Rainfall-DrivenMultiseason Projections”
in: Proceedings of the National Academy of

Sciences (2012).

considered (models’ name with h).
Regarding the epidemiological model, this study introduced two innovations

with respect to previous modeling attempts of cholera epidemics36. First, the

36 Bertuzzo, Finger, et al., “On the Probability
of Extinction of the Haiti Cholera Epidemic”
in: Stochastic Environmental Research and Risk

Assessment (2016); Pasetto, Finger, Rinaldo,
et al., “Real-Time Projections of Cholera
Outbreaks through Data Assimilation and
Rainfall Forecasting” in: Advances inWater

Resources (2017).

focus on daily incidence data, as opposed to weekly epidemiological reports com-
monly used in cholera studies, motivated the introduction of a compartment of
exposed individuals, eqn. (2.2), to account for the incubation period of the disease
and, thus, the lag between the possibly rainfall-driven infection process and the
manifestation of the symptoms resulting in the time-series of daily reported cases
at our disposal. Second, a non-linear version of rainfall driver, in the form of a
power-law controlled by a single parameter, was introduced to generalize the pre-
vious linear dependence. Such formulation has the exibility to either emphasize
the impact of the largest rainfall events or give equal weight to all non-zero rainfall
intensities.

All model assumptions were compared for both deterministic and stochastic
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model types, to draw more general conclusions. The statistics and tests used to
compare the model results (tab. 2.2 and g. 2.5) supported the signicance of
rainfall eects during the 2015 epidemic in Juba. In fact, results showed that for
both model types there exists a signicant positive eect of including rainfall
drivers, in particular because standard SIRBmodels were not able to reproduce
the second epidemiological peak of reported cases that occurred in July during
the recession period. All models considering rainfall, instead, showed an increase
of the number of cases in correspondence of the second peak, which was due
to the large rainfall rates that occurred during the previous days (g. 2.6). This
dierence in the simulated responses of models considering (or not) rainfall lead
to stronger support for rainfall-based models. Due to the small variations among
the likelihoods of rainfall-based models, however, it is not straightforward to
conclude the best way to include the rainfall eect (tab. 2.2). Models with the
minimum BIC were those considering the increase in exposure (model me) for
both the stochastic and the deterministic model types. For the deterministic
models, the computation of the Bayes Factors (BFs), which should provide a
direct estimation of the model probability, suggested the selection of the model
combining exposure and contamination processes (model mec). However, this
information criterion might be unstable due to numerical issues and oscillations
in the mcmc used for calibration37. Because the models’ outputs were similar 37 Raftery et al., “Estimating the Integrated

Likelihood via Posterior Simulation Using the
Harmonic Mean Identity” (2007).

for mec and me (g. 2.6), it is advised to select the approach endowed with less
parameters38, in this case me, as indicated by the BIC. Note that the inclusion 38 in an attempt to maximize the model

predictive accuracy we want to reduce potential
overtting.

of human-to-human transmission was not statistically relevant in this modeling
exercise.

It is also possible that the stochastic model
has benetted from improved identiability.
It has been shown that stochastic models
can often extract more information about
parameters than deterministic counterparts,
see: Browning et al., “Identiability Analysis
for Stochastic Dierential EquationModels
in Systems Biology” in: Journal of The Royal
Society Interface (2020).

The comparison between the likelihoods of the two models’ types (determin-
istic and stochastic) showed that considering the stochasticity of the processes
improves the model results (tab. 2.2). This suggests that also deterministic models
should include a stochastic term in the computation of the force of infection,
eqn. (2.10), which might increase the exibility of the outputs.

Several limitations should be considered when analyzing the present results.
The calibration exercise attempted in this study considered daily rainfall and
cholera reported cases, which are characterized by signicant random uctuations
that might partly cloud the description of the underlying infection processes.
Small random delays in reporting could change the infection curve and thus the
eect of rainfall. This issue was partially addressed by considering the exposed
compartment, eqn. (2.2), for simulation of the incubation period, and unknown
reporting rate ε for the observed cases.

Here, it is aimed to reproduce the epidemic by modeling epidemiological trans-
mission processes. While non-linear rainfall eects and possible over-reporting
are taken into account, human mobility eect39 is not considered, which could

39 Gatto, Mari, et al., “Generalized Reproduc-
tion Numbers and the Prediction of Patterns
inWaterborne Disease” in: Proceedings of the
National Academy of Sciences (2012); Bertuzzo,
Casagrandi, et al., “On Spatially Explicit
Models of Cholera Epidemics” in: Journal
of The Royal Society Interface (2010); Mari,
Bertuzzo, Finger, et al., “On the Predictive
Ability of Mechanistic Models for the Haitian
Cholera Epidemic” in: Journal of The Royal
Society Interface (2015); Perez-Saez, King, et al.,
“Climate-Driven Endemic Cholera Is Modu-
lated by HumanMobility in a Megacity” in:
Advances inWater Resources (2017).

help modeling the importation of infected individual. Moreover, in this model
asymptomatic infected individuals do not contribute transmission. From a model-
ing viewpoint, these unaccounted processes were compensated by the calibration
procedure, at the loss of predictive power.

The prior bounds to be assigned to parameters are typically wide40 because the
40 Akman et al., “Examination of Models for
Cholera: Insights into Model Comparison
Methods” in: Letters in Biomathematics (2016).

rates governing transmission processes are highly dependent on the specic epi-
demiological context so that somewhat contradictory values had been estimated
in the literature. These considerations, together with the intrinsic noise aecting
recorded cases, underlie the possibility that some of the model parameters might
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be unidentiable41, in the sense that dierent parameter combinations would 41 Eisenberg, Robertson, et al., “Identiability
and Estimation of Multiple Transmission
Pathways in Cholera andWaterborne Disease”
in: Journal of Theoretical Biology (2013).

yield the same model output (also called equinality).
The lack of available data prevented us to include the eects of the overall

eorts towards WaSH improvement in this study, but vaccination is implemented
in order to eliminate one possible covariate of the rainfall eect. Despite these
limitations, the proposed model comparison using both a deterministic and
a stochastic model gave coherent results. The agreement of the two modeling
types strengthened the results regarding the importance of rainfall patterns to
signicantly aect the development of cholera cases in time.

Overall, the ndings of the study are consistent with the lessons learned in
South Sudan with most of the transmission starting with the onset of the rainy
season. In 2016 and 2017, cases in the dry season were observed and associated to
the overexploitation of scarce water resources by nomadic herdsmen. This sug-
gests that, as already observed, a general assessment of the relationship between
precipitation and general waterborne or water-based disease infections is far from
obvious and surely case-dependent. It has been argued, for example, that in the do-
main of water-based parasitic infections rainfall could not only boost disease trans-
mission but also reduce it substantially42, e.g. by increasing water ow (which in

42 McCreesh and Booth, “Challenges in
Predicting the Eects of Climate Change
on SchistosomaMansoni and Schistosoma
Haematobium Transmission Potential.” in:
Trends in parasitology. (2013).

turn decreases habitat suitability in water). Rainfall patterns may also drastically
aect human activities related to water contacts, thus potentially altering expo-
sure and transmission risk43. To that end, a hydrology-driven assessment cannot 43 Lai, Biedermann, et al., “Spatial Distribution

of Schistosomiasis and Treatment Needs in
Sub-Saharan Africa: A Systematic Review
and Geostatistical Analysis” in: The Lancet.
Infectious Diseases (2015).

ignore certain characteristics, in particular the ephemeral or permanent nature of
the waterways fostering contacts among pathogens and hosts44. Also, temporal

44 Perez-Saez, Mande, et al., “Hydrology and
Density Feedbacks Control the Ecology of
Intermediate Hosts of Schistosomiasis across
Habitats in Seasonal Climates” in: Proceedings
of the National Academy of Sciences (2016).

uctuations of rainfall patterns may be particularly important in determining the
seasonality of transmission45.

45 Bertuzzo, Mari, Righetto, et al., “Hydro-
climatology of Dual-Peak Annual Cholera
Incidence: Insights from a Spatially Explicit
Model” in: Geophysical Research Letters (2012);
Bertuzzo, Mari L., et al., “Prediction of the
Spatial Evolution and Eects of Control
Measures for the Unfolding Haiti Cholera
Outbreak” in: Geophysical Research Letters
(2011); McCreesh, Nikulin, et al., “Predicting
the Eects of Climate Change on Schistosoma
Mansoni Transmission in Eastern Africa” in:
Parasites & Vectors (2015); Perez-Saez, Mande,
et al., “Hydrology and Density Feedbacks
Control the Ecology of Intermediate Hosts of
Schistosomiasis across Habitats in Seasonal Cli-
mates” in: Proceedings of the National Academy

of Sciences (2016).



Chapter 3

Estimating the probability of
eliminating cholera fromHaiti
through a mass vaccination campaign

This chapter describes a model developed for a multi-modeling study. Four teams with existing experience in modeling cholera
in Haiti were tasked to model scenarios of mass vaccination administration towards cholera immunity. The timing was meant
to take advantage of the low incidence to aect the endemicity of cholera in Haiti to achieve elimination. The multi-model
study was led by Elizabeth C. Lee and has been published as:

Elizabeth C Lee, Dennis L Chao, Joseph C Lemaitre, Laura Matrajt, Damiano Pasetto, Javier Perez-Saez, Flavio Finger,
Andrea Rinaldo, Jonathan D Sugimoto, M Elizabeth Halloran, Ira M Longini, Ralph Ternier, Kenia Vissieres, Andrew S
Azman, Justin Lessler, and Louise C Ivers. “Achieving Coordinated National Immunity and Cholera Elimination in Haiti
through Vaccination: AModelling Study”. In: The Lancet Global Health 8.8 (Aug. 1, 2020), e1081–e1089

For this collaborative eort, a hiddenMarkov model of cholera transmission is developed, with specic modeling choices to
account for vaccination and to gather information on elimination timing and probability. The present chapter is adapted from
Supplement 3 of the aforementioned publication, which focuses on the model designed by our team. The reader is referred to
the publication by Lee et al. for the modeling exercise results and the comparison between models predictions.

Cholera in Haiti In January 2010, an earthquake hit Haiti, disrupting
healthcare and water infrastructure and displacing a million persons. Ten months
later, Cholera (V. Cholerae of serogroup O1, serotype Ogawa and biotype El Tor)
was introduced in Haiti by United Nation peacekeeper soldiers1. This introduc-

1 Frerichs et al., “Nepalese Origin of Cholera
Epidemic in Haiti” in: ClinicalMicrobiology

and Infection (2012); Piarroux et al., “Under-
standing the Cholera Epidemic, Haiti” in:
Emerging Infectious Diseases (2011).

tion in a naive population caused a major outbreak, totaling 820’000 reported
cases and 10’000 death, most of them occurring in the rst two years2. Since

2 Barzilay et al., “Cholera Surveillance during
the Haiti Epidemic—The First 2 Years” in:
New England Journal ofMedicine (2013).

2016, cases decreased steadily and nally, the last cholera (culture) conrmed case
occurred in early 20193. In Haiti, cholera exhibited a seasonal pattern with two 3 Mitchell et al., PAHO/WHO | Haiti Reaches

One-Year Free of Cholera (2020).annual peaks and its burden was spread among every department (g. 3.1).

Description of the model

General principles The cholera model adopted to study the Haitian
epidemic is a stochastic compartmental model applied at the level of the ten
Haitian departments. The model is based on a Partially-ObservedMarkov Process
(POMP), simulating the stochastic transitions between compartments as discrete
events. It is the stochastic translation of a deterministic SIRBmodel based on
ordinary dierential equations which has been extensively used to simulate the
Haitian cholera epidemic in previous studies4 and is described in Chapter 1.

4 Rinaldo, Bertuzzo, Mari, et al., “Reassess-
ment of the 2010–2011 Haiti Cholera Outbreak
and Rainfall-DrivenMultiseason Projections”
in: Proceedings of the National Academy of

Sciences (2012); Bertuzzo, Finger, et al., “On the
Probability of Extinction of the Haiti Cholera
Epidemic” in: Stochastic Environmental Re-

search and Risk Assessment (2016); Pasetto,
Finger, Camacho, et al., “Near Real-Time
Forecasting for Cholera DecisionMaking in
Haiti after Hurricane Matthew” in: PLOS
Computational Biology (2018).
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g. 3.1: Weekly incident cases and
rainfall in the ten departments of
Haiti from 2010 to 2019. Note that
the rst two years are shown with a
dierent scale. The ressurgence in
2016 is linked to hurricane Matthew
(Pasetto, Finger, Camacho, et al.
2018; Khan et al. 2017). The season-
ality pattern is evident especially in
Artibonite.

The model subdivides the population of each department5 into compartments

5 The case data was provided for the ten
departments of Haiti, so the model spatial unit
was chosen to be the department. Other teams
decided either the same scale, coarser (national
for Lee et al.) or ner (1km grid for Chao et al.).

counting the number of individuals at the dierent stages of the disease. In ad-
dition to susceptible S, symptomatic infected I , and recovered individualsR,
a compartment for infectious asymptomatic A is added for this exercise. As in
previous chapters, an environmental compartment describing the bacterial con-
centration B in the local environment is used to estimate the force of infection.
Precipitation is an important environmental driver of cholera transmission6, es-

6 Camacho et al., “Cholera Epidemic in Yemen,
2016–18: An Analysis of Surveillance Data” in:
The Lancet Global Health (2018).

pecially in Haiti7. As done in the contamination formulation in Chapter 2,

7 Rinaldo, Bertuzzo, Mari, et al. 2012.

rainfall increases the rate at which bacteria shed by infected individuals enter the
environmental reservoir and thus increases the bacterial concentration and nally
the force of infection. A diagram of the model is given in g. 3.2.

Model dynamics

The following cholera dynamics are included in the model:

Force of Infection and mobility The force of infection in each department con-
tains as an additional term the number of cholera cases in the rest of Haiti.
This allows for a possible introduction of cholera due to human mobility be-
tween departments. The force of infection in each department is composed
of two parts. The rst is related to the local bacterial concentration of the de-
partment. The second is related to case importation from other departments
through human-to-human transmission. The corresponding equation for the
ith department reads:

The force of infection uses indirect (water-
mediated) local transmission but direct
(human-to-human) transmission for mobility
exchanges. One of the reasons behind this
discrepancy is technical: scalability issues linked
to particle depletion hinder iterated ltering
performance. Thus, it becomes very hard to
calibrate a spatial model. To alleviate this issue,
a custom procedure has been developed (see
below) that was only tractable with a simple
mobility link. Instead today, the choice would
be to use the improved methods that have
been developed for spatial inference on pomp
models (Asfaw et al. 2021; Park and Ionides
2020).

F i
0 (t) = βi

Bi (t)
1 + Bi (t)

+ ci
∑︁
j≠i

(Ij (t) +Aj (t)).
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The rst term in the sum represents local transmission governed by the
department-specic exposure parameter βi which multiplies the logistic dose-
response of the re-scaled local bacterial concentration B = B∗/K , where B∗

is the unscaled concentration of vibrios andK the half-saturation constant
of the logistic function B∗i (t)

K+B∗i (t)
. Case importation from other departments

is given by the sum of the asymptomatically and symptomatically infected in
department j, modulated by a parameter ci which represents the intensity of
case introduction from other departments in Haiti to department i.

Rainfall We account for rainfall through the contamination pathway described
in the previous chapter, using the same non-linear relationship. Rainfall in-
creases the amount ofVibrios per infected individual that contaminates the
water reservoir. In Haiti, rainfall was empirically associated with resurgence of
cholera infections in many research works8 8 Gaudart et al. 2013; Bertuzzo, Finger, et al.

2016; Adams 2012; Periago et al. 2012; Adams
2013; Rinaldo, Bertuzzo, Mari, et al. 2012;
Eisenberg, Kujbida, et al. 2013; Kirpich,
Weppelmann, Yang, Ali, et al. 2015.

Symptoms A proportion σ of infected individuals become symptomatic, and
1 − σ remain (shedding, hence infectious) asymptomatic and transitions into
compartment A (instead ofR in the previous chapters, because past model
formulation did not account for shedding asymptomatic).

Shedding Both symptomatic and asymptomatic infected individuals shed bac-
teria. The shedding rate of asymptomatics, θA, is modeled as a fraction of the
shedding rate of symptomatic individuals θI 9. 9 Kühn et al., “Glucose- but Not Rice-Based

Oral Rehydration Therapy Enhances the
Production of Virulence Determinants in the
Human Pathogen Vibrio Cholerae” in: PLOS
Neglected Tropical Diseases (2014).

Recovery rate The recovery rate is the same for both asymptomatic and symp-
tomatic individuals (γI = γA = 0.2 d−1)10.

10 Kaper et al., “Cholera” in: ClinicalMicrobi-

ology Reviews (1995); Codeço, “Endemic and
Epidemic Dynamics of Cholera: The Role of
the Aquatic Reservoir” in: BMC Infectious

Diseases (2001).

Acquired immunity Individuals acquire natural immunity and remain in the
recovered compartment (R) for a period that lasts for 1/ρ = 8 years on average,
before reintegrating the susceptible compartment11.

11 This was surprisingly consistent across teams,
with values ranging from 5 to 8 years.Erlang-distributed immunity loss Tomodel extinction through coordinated im-

munity, it is needed to better approximate distribution that typically character-
izes the duration of immunity12. Instead of a exponential distribution, recov- 12 King, Ionides, et al., “Inapparent Infections

and Cholera Dynamics” in: Nature (2008).ered individuals pass through a succession of three separate recovered compart-
ments (R1,R2,R3) characterized by the same transition rate ρ1 = ρ2 = ρ3 = 3ρ.
Hence the duration of immunity is Erlang-distributed.

Bacterial dynamics The size of the bacterial reservoir is proportional to the
population densityDi of the department. This is another dierence with
respect to past models which used population. The goal is to better capture the
risk posed by cholera in slums and dense urban areas such as Port-au-Prince.
Bacteria die at rate µB (with a mean persistence, calibrated, of less than three
days). Rainfall inuences the bacteria concentration by increasing the rate at
which bacteria enter the environmental reservoir.

Reporting process The reported cases are modeled by a negative binomial distri-
bution with dispersion parameter p. Over- or under-reporting is accounted for
through the reporting parameter ε.

Stochasticity Overdispersion in the infection process is introduced by
multiplying the force of infection F0 by a time-continuous white noise process
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ξ (t) dened as the dierentiation of an integrated noise process ξ (t) = d
dtΓ(t),

here taken to be have a Gamma distribution with mean Δt and variance σ2Δt13: 13 Bretó and Ionides, “CompoundMarkov
Counting Processes and Their Applications
to Modeling Innitesimally Over-Dispersed
Systems” in: Stochastic Processes and their
Applications (2011).

ξ (t) = Γ(t + Δt) − Γ(t) ∼ Gamma
(
Δt

σ2
, σ2

)
. (3.1)

Since ξ (t) is non-negative it can serve as a multiplicative noise on the force of
infection:

Fi (t) = F i
0 (t)ξ (t), (3.2)

which yields to over-dispersion in the transitions.

g. 3.2: Schematic diagram of the
cholera transmission processes in
a single department. Dynamics of
vaccinated compartments are not
shown.

Vaccination dynamics The estimated vaccine ecacy was waning from
76% over 60 months for adults, and conservatively assumed to not protect after 5
years. These assumptions were shared across modeling teams. At each vaccination
campaign, the available vaccine doses are uniformly distributed among susceptible
S, asymptomatic infected A and recoveredR1,R2,R3 individuals. The rate of
vaccination is denoted with rV . Individuals can receive either one or two doses of
OCV, which yield ecacies of η1d (t) and η2d (t), respectively. These parameters
are common across modeling teams and the reader is referred to the manuscript
for their time-varying values. There is no age structure but the ecacy is set to
be the population-weighted average of estimated ecacy for those under 5 years
old and those over 5 years old. The model considers ten additional compartments
for each vaccination campaign, in order to distinguish among individuals who
received one (compartmentsV S

1d,V
A
1d,V

Rk

1d , k =1, 2, 3) or two (compartmentsV S
2d,

VA
2d,V

Rk

2d , k =1, 2, 3) doses of OCV. Vaccinated susceptible individuals (V S
1d and

V S
2d) have a lower probability to become infected (and thus entering classes I or

A) than non-vaccinated susceptibles. This is modeled through the multiplicative
reduction of the force of infection by a factor (1 − η1d (t)) or (1 − η2d (t)) respec-
tively. The vaccination campaign window is split equally between departments
(i.e for a vaccination campaign of 5 years duration, each department will be vac-
cinated during a 6 month period). Vaccine ecacy starts waning after the rst
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half of the duration of the department’s vaccination campaign. For example, if for
department i the vaccination campaign j spans from t

i,j
a to ti,j

b
, then:

ηi,j (t) =


η0 (0) if t < t
i,j
a + t

i,j
b
−ti,ja
2

η0 (t − (ti,ja + t
i,j
b
−ti,ja
2 )) if t > t

i,j
a + t

i,j
b
−ti,ja
2 ,

(3.3)

where η0 (t) is the scenario dependent vaccine ecacy as dened in the meta-
supplement. The rates at which individuals leave compartmentsVA andVRk

(k =1, 2, 3) are equivalent to A andRi . Individuals enter the compartmentV S

with a vaccine ecacy reduced according to the amount of time they spent inVA

andVRk . The actual deployment of the vaccine doses in shown in g. 3.4.

Other interventions WaSH and other intervention eorts are not explicitly
considered in the model, but their impact is implicitly taken into account by cali-
brating the exposure rates βi to disease incidence that occurred while interventions
were taking place. βi is modeled to be constant in time, meaning that changes in
number or type of interventions or population behavior over time are not taken
into account.

Model equations

The model is implemented as a stochastic counting process14. LetNAB (t) be the 14 Bretó, He, et al., “Time Series Analysis via
Mechanistic Models” in: The Annals of Applied
Statistics (2009).

number of individuals transiting between compartments A,B ∈ X in the time
interval [0, t) whereX is the state vector,

X = {S, I ,A,Rk,V S
j,1d,V

A
j,1d,V

Rk

j,1d,V
S
j,2d,V

A
j,2d,V

Rk

j,2d} for j = 1, ..., J , and k = 1, 2, 3,

and J is the number of vaccination campaigns in the department. The number of
transitions during a time-step Δt is ΔNAB (t) = NAB (t + Δt) −NAB (t). Given
the state of the system at time t,Xt , and a force of infection Fj (t) the transition
rates read (transitions are written only for one dose of OCV and one vaccination
campaign to shorten the equations):

P
[
ΔNSI (t) = 1 | Xt

]
= σFj (t)S (t)Δt + o(Δt) (3.4)

P
[
ΔNSA (t) = 1 | Xt

]
= (1 − σ)Fj (t)S (t)Δt + o(Δt) (3.5)

P
[
ΔNSV S

1d
(t) = 1 | Xt

]
= rV1d (t)S (t)Δt + o(Δt) (3.6)

P
[
ΔNS• (t) = 1 | Xt

]
= µS (t)Δt + o(Δt) (3.7)

P
[
ΔNIR1 (t) = 1 | Xt

]
= γI (t)Δt + o(Δt) (3.8)

P
[
ΔNI• (t) = 1 | Xt

]
= (µ + α)I (t)Δt + o(Δt) (3.9)

P
[
ΔNAR1 (t) = 1 | Xt

]
= γA(t)Δt + o(Δt) (3.10)

P
[
ΔNAVA

1d
(t) = 1 | Xt

]
= rV1d (t)A(t)Δt + o(Δt) (3.11)

P
[
ΔNA• (t) = 1 | Xt

]
= µA(t)Δt + o(Δt) (3.12)

P
[
ΔNRkRk+1 (t) = 1 | Xt

]
= 3ρRk (t)Δt + o(Δt), k = 1, 2 (3.13)

P
[
ΔNR3S (t) = 1 | Xt

]
= 3ρR3 (t)Δt + o(Δt) (3.14)

P

[
ΔN

RkV
Rk
1d
(t) = 1 | Xt

]
= rV1d (t)Rk (t)Δt + o(Δt), k = 1, 2, 3 (3.15)

P
[
ΔNRk• (t) = 1 | Xt

]
= µRk (t)Δt + o(Δt), k = 1, 2, 3 (3.16)
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P
[
ΔNV S

1dI
(t) = 1 | Xt

]
= σ (1 − η

i,j
1d (t))Fj (t)V

S
1d (t)Δt + o(Δt) (3.17)

P
[
ΔNV S

1dA
(t) = 1 | Xt

]
= (1 − σ) (1 − η

i,j
1d (t))Fj (t)V

S
1d (t)Δt + o(Δt) (3.18)

P
[
ΔNV S

1d•
(t) = 1 | Xt

]
= µV S

1d (t)Δt + o(Δt) (3.19)

P
[
ΔN

VA
1dV

R1
1d
(t) = 1 | Xt

]
= γVA

1d (t)Δt + o(Δt) (3.20)

P
[
ΔNVA

1d•
(t) = 1 | Xt

]
= µVA

1d (t)Δt + o(Δt) (3.21)

P
[
ΔNVRkVRk+1 (t) = 1 | Xt

]
= 3ρVRk (t)Δt + o(Δt), k = 1, 2 (3.22)

P
[
ΔN

V
R3
1d V S

1d
(t) = 1 | Xt

]
= 3ρVR3

1d (t)Δt + o(Δt) (3.23)

P
[
ΔNVRk• (t) = 1 | Xt

]
= µVRk (t)Δt + o(Δt), k = 1, 2, 3, (3.24)

assuming that P[ΔNXY > 1 | Xt] = o(Δt) ∀X ,Y ∈ X and P[ΔNX• > 1 |
Xt] = o(Δt) ∀X ∈ X . Note that P

[
ΔNX• (t) = 1 | Xt

]
denotes probability

that individuals die and it is governed by the same parameter µ for all compart-
ments except I .

The ensuing stochastic variations of the state variables are:

ΔI (t) = ΔNSI (t) − ΔNIR1 (t) − ΔNI• (t) (3.25)

ΔA(t) = ΔNSA (t) − ΔNAR1 (t) − ΔNAVA (t) − ΔNA• (t) (3.26)

ΔR1 (t) = ΔNIR1 (t) + ΔNAR1 (t) − ΔNR1R2 (t) − ΔNR1VR1 (t) − ΔNR1• (t) (3.27)

ΔR2 (t) = ΔNR1R2 (t) − ΔNR2R3 (t) − ΔNR2VR2 (t) − ΔNR2• (t) (3.28)

ΔR3 (t) = ΔNR2R3 (t) − ΔNR3S (t) − ΔNR3V
R3 (t) − ΔNR3• (t) (3.29)

ΔV S (t) = ΔNSV S (t) − ΔNV S I (t) − ΔNV SA (t) − ΔNV S• (t) (3.30)

ΔVA (t) = ΔNAVA (t) − ΔNVAVR1 (t) − ΔNVA• (t) (3.31)

ΔVR1 (t) = ΔNR1VR1 (t) + ΔNVAVR1 (t) − ΔNVR1VR2 (t) − ΔNVR1• (t) (3.32)

ΔVR2 (t) = ΔNR2VR2 (t) + ΔNVR1VR2 (t) − ΔNVR2VR3 (t) − ΔNR2• (t) (3.33)

ΔVR3 (t) = ΔNR3V
R3 (t) + ΔNVR2VR3 (t) − ΔNVR3V S (t) − ΔNVR3• (t) (3.34)

S (t) = Hi −
∑︁

X ∈X \{S }
X (t), (3.35)

where the equation for S (t) enforces a constant total population. The rescaled
bacterial concentration B is necessary to estimate the force of infection and is
computed using the following dierential equation:

dB

dt
= −µBB + (1 + λ (J (t))r)Di [θI I + θAA] , (3.36)

where J (t) is the precipitation over time andDi is the average population density
of the department15. Parameter µB expresses the mortality rate of the bacteria in 15 total department population over department

area. It is assumed that density is more impor-
tant than population size, a change from the
historical model described in Chapter 1

the environment, θI and θA are the shedding rates of symptomatic and asymp-
tomatic infected individuals, and λ and r are the parameters of the power-law that
controls the non-linear impact of precipitation, as in Chapter 2. The model
was simulated with a constant time-step of 4.8h, and the dierential equation for
the bacterial concentration was integrated using a Runge-Kutta 4 scheme.

Let C (tj) denote the number of people that develop symptoms and seek
healthcare during the observation interval [tj , tj+1) (i.e. the true incidence). Thus:

C (tj) = [NSI (tj+1) −NSI (tj)] + [NV S I (tj+1) −NV S I (tj)]. (3.37)
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OurMarkov process formulation requires a measurement model linking
the time series of the reported incidence to C (tj) as the observed variable to the
process model in eqn. (3.4)–(3.35). A negative-binomial measurement model
accounting for over- or under-reporting of cholera incidence is chosen, i.e.

cases(tj) ∼ NB(ε(t)C (tj), p).

where ε(t) > 0 represents the proportion of cases reported. To account for the
change of the case denition that occurred on January 1, 2018, the reporting rate
changes over time:

ε(t) =
{

ε1 if t < Jan 1st, 2018
ε2 otherwise.

(3.38)

The parameters of the model are shown in tab. 3.1.

Parameter Calibration Value or bound Unit description

βi (×10 dept.) yes [0,∞] – Exposure
ci (×10 dept.) yes [0,∞] – Force of infection in dept. i from cases in other depts.
ε1 yes [0, 2] – reporting fraction before January 1, 2018
ε2 yes [0, 2] – reporting fraction after January 1, 2018
σw yes [0, 0.1] – std-dev of the perturbation of F (t)
p yes [0,∞] – dispersion parameter of reporting
θI yes [0,∞] – Shedding sympt.
θA yes [0, θI ] – Shedding asympt.
µB yes [0,∞] d−1 Bacterial mortality in environment
r yes [0,∞] – Exponent rainfall
λ yes [0,∞] – Coef. rainfall
ρ no 1/(8 · 365) d−1 Loss of immunity (Levine et al., 1981 and Koelle et al, 2004)
σ no 0.25 – Symptomatic/exposed
α no 0.004 d−1 Mortality due to cholera (Bertuzzo et al., 2008)
γ no 1/5 d−1 Recovery rate sympt. (Kaper, 1995)
k no 3 – number of recovered compartments
µ no 1/(63.6 · 365) d−1 mortality rate from life expectancy (World bank, 2017)
η1d (t), η2d (t) no as in spec. – Vaccine ecacy for 1 and 2 doses

tab. 3.1: Model parameters

Calibration of the model

Data Remote-sensed precipitation estimates fromNASA’s TRMM and GPM
missions are used16. Rainfall measurements are provided on a regular grid. To get 16 TRMM 3B42 RTDerived Daily Product

(Human et al. 2007) is used fromOctober
2010 toMarch 2015, and GPM from from
April 2015 to December 2019.

a value for each department, the measurements are averaged over the extent of the
department. The time series of future rainfall up to the year 2030 is constructed
by sampling from the past 20 years of data with replacement blocks of 15 days. To
keep the correct seasonality the day of the year of each block is preserved.

Fitting procedure The model is calibrated separately for each department
on the weekly reported cases fromMarch 1, 2014 to January 1, 2019. The cali-
bration procedure is based on a frequentist multiple iterated ltering algorithm
(MIF2)17. The initial conditions onMarch 1, 2014 are derived by enforcing the 17 Ionides et al., “Inference for Dynamic and

Latent Variable Models via Iterated, Perturbed
Bayes Maps” in: Proceedings of the National

Academy of Sciences (2015).

model dynamics on the reported cases from the start of the epidemic in 2010.
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TheMIF2 algorithm performance deteriorates quickly with the spatial dimen-
sion of the model as the number of particles needed for calibration increases
exponentially18,19. To address this problem each department is rst calibrated 18 Park and Ionides, AGuided Intermediate

Resampling Particle Filter for Inference on High

Dimensional Systems (2017).
19 As mentioned, new methods have addressed
these limitations (Asfaw et al. 2021; Park and
Ionides 2020)

independently. In a second step, using the departmental calibration as a starting
point, the entire spatial model is calibrated. The department-specic calibration
procedure is as follow:

1. All unknown parameters are calibrated on the reported cases of Artibonite,
where the epidemic had a clear seasonal dynamic from 2014 to 2018 with a
suciently large number of cases, thus providing a good signal for the model.
This allows to calibrate the unknown epidemiological and rainfall-related
parameters on the most informative time series available.

2. For the other nine departments, the most sensitive parameters are calibrated:
the exposure βi and the mobility parameter ci only, while xing the remaining
parameters to their best t found for Artibonite.

3. The large, rainfall unrelated cholera outbreak in the Ouest department in 2015–
2016 (mainly Port-au-Prince)20 is excluded from the calibration since it is not 20 unpublished eld investigations speak of

the notable contribution of the vandalism of
main water pipes by gangs (Rebaudet, Bulit,
Gaudart, Michel, Gazin, Evers, Beaulieu,
Abedi, Osei, Barrais, Pierre, Moore, Boncy,
Adrien, Beigbeder, et al. 2018).

part of the endemic dynamics that are the focus of this study.

During this phase, the mobility coecients ci are calibrated using the reported
cholera cases (data) from the other departments (appropriately scaled with the
reporting rate and symptomatic fraction). After visual convergence is reached

g. 3.3: Visual assessment of model
t for the selected parameters set.
The median (blue line) and the q025
and q975 quantiles (shaded area) over
1000 realization of the stochastic
model are shown. Weekly reported
cholera cases are shown as black dots.

in each department, the departmental best ts are taken as starting points for a
country-wide calibration. This mainly aects the mobility parameter ci , which
governs the departmental interdependence, as it is now calibrated on the actual
simulated incidence from other departments. The resulting model t is shown in
g. 3.3.
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Results and discussion

The common outputs for the exercise are the distribution of time to elimination
and the probability of elimination in dierent scenarios. The results are presented
below for the six following scenarios, also shared across modeling teams:

• No vaccination status quo.

• National over 2 years a nation-wide OCV campaign over 2 years, to
reach a coverage of 70% of the population with two doses, 10% with one dose,
leaving 20% unvaccinated.

• National over 5 years a nation-wide OCV campaign reaching the same
coverage, but with a slower deployment over 5 years.

• 2 Departments over 2 years Campaign focusing only on Centre and
Artibonite, the two departments with the highest recent incidence of cholera.
Vaccines are deployed to reach the same coverage as above, over 2 years.

• 3 Departments over 2 years Same as above, but with the addition of
Ouest department.

• National over 2 years, high coverage same as the National over 2
years, but reaching a much higher coverage of 95% two doses, 1.67% one dose,
and 3.33% unvaccinated individuals.

These scenarios are summarized in g. 3.4 in terms of the cumulative number of
doses deployed.
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g. 3.4: Rate of vaccine doses deploy-
ment in each considered scenarios.

The results in terms of probability of elimination and incidence are shown in
g. 3.5. Only a limited long-term impact of the 2 departments scenarios is Only results from our model are presented

here. Due to the diculty of the exercise, the
results across teams were quite dierent, and
the reader is referred to Lee et al. (2020) and
its supplement to compare the results with the
other modeling teams.

projected. However, all national scenarios considered were projected to lead
to elimination, despite the limited vaccine ecacy and coverage. The 2 depart-
ments and 3 departments scenarios exhibit a probability of elimination of
about 9.6% and 48% respectively (compared to 4.1% in the status quo scenario).
The important impact of adding Ouest to the campaign is due to the depart-
ment’s population, around 4m, which represents about 40% of the Haitian pop-
ulation. While a slower timing decreases slightly the probability of elimination,
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it is noted that coverage is far more important than speed for these vaccination
campaigns.
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g. 3.5: Modeling results for the con-
sidered mass vaccination campaign
scenarios, with the weekly reported
cases (median and 95% condence
interval), and cumulative probability
of elimination over time. The timing
of the vaccine distribution in each
scenario is highlighted in yellow.

Haiti has seen no laboratory-conrmed cases of cholera since February 2019.
This has sparked claims of cholera elimination, which would mean that the Amer-
icas would be free from Cholera. However, in the model results, the probability of
elimination in the no vaccination scenario is very low (4.1%). It is always very dif-
cult to predict or explain disease transmissions, and it is even harder for elimina-
tion. Possible explanations for the discrepancy observed between what is projected
by the model and what happened are (i) issues in the model design, especially con-
cerning the mobility acting as a constant additive pressure for the introduction of
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cholera cases, hence lowering the probability of extinction; this was done purpose-
fully to sustain transmission as it improved model t and it was not believed Haiti
to be close to elimination at that time, (ii) transmission parameters values error
might have biased the estimate of the susceptible population onMarch 1, 2014, as
the absence of serosurveys makes the correct estimation of this quantity critical,
(iii) not giving enough weight to the decrease in reported cases from 201721, (iv)

21 a 90% decrease of reporting is necessary for
the model to replicate the decline in cases.
However, it is highly unlikely that the observed
decrease in cases is solely due to changes in the
reporting process.WaSH interventions and rapid response teams that have been put in place in Haiti

and whose activities have intensied in the last few years22 might have played a role 22 Rebaudet, Bulit, Gaudart, Michel, Gazin,
Evers, Beaulieu, Abedi, Osei, Barrais, Pierre,
Moore, Boncy, Adrien, Guillaume, et al., “The
Case-Area Targeted Rapid Response Strategy
to Control Cholera in Haiti: A Four-Year
Implementation Study” in: PLOS Neglected

Tropical Diseases (2019).

in disease elimination.
Further work must be performed to study the reasons behind the surprising

(to us and other modeling groups, one year before) elimination of cholera from
Haiti, and to assess all factors, includingWaSH interventions, environmental
drivers, and socio-economic changes in a unied modeling framework. The
eort to investigate this (using the same methods presented for covid-19 in
Chapter 5) have been started, but the project has been disrupted owing to
covid-19 pandemic, which is the focus of the three remaining chapters.





Chapter 4

A scenario modeling pipeline for covid-19
emergency planning

Coronavirus disease 2019 (covid-19) has caused strain on health systems worldwide due to its high mortality rate and the
large portion of cases requiring critical care and mechanical ventilation. During these uncertain times, public health decision-
makers, from city health departments to federal agencies, sought the use of epidemiological models for decision support in
allocating resources, developing non-pharmaceutical interventions, and characterizing the dynamics of covid-19 in their
jurisdictions. In response, a exible scenario modeling pipeline was developed, that could quickly tailor models for decision-
makers seeking to compare projections of epidemic trajectories and healthcare impacts frommultiple intervention scenarios
in dierent locations. Here, the components and congurable features of the COVID Scenario Pipeline are presented. Model
limitations and active areas of development to meet ever-changing decision-maker needs are also presented.

This chapter presents a modeling pipeline tailored for the response to covid-19. The COVID Scenario Pipeline is an
ongoing project, still actively developed, and many improvements have been added since the version presented in this thesis,
where a perspective from July 2020 is taken. The state of knowledge on the SARS-CoV-2 and covid-19 was rapidly expand-
ing, and the present chapter highlights the challenges of dealing with such uncertainties. This chapter is based on: Joseph C.
Lemaitre, Kyra H. Grantz, Joshua Kaminsky, Hannah R. Meredith, Shaun A. Truelove, Stephen A. Lauer, Lindsay T. Kee-
gan, Sam Shah, JoshWills, Kathryn Kaminsky, Javier Perez-Saez, Justin Lessler, and Elizabeth C. Lee. “A Scenario Modeling
Pipeline for COVID-19 Emergency Planning”. In: Scientific Reports 11.1 (1 Apr. 6, 2021), p. 7534, where Kyra H. Grantz, Joshua
Kaminsky, Hannah R. Meredith, Shaun A. Truelove contributed equally. It is referred in the following as the postprint (and its
supplementary information as si)

Introduction

In late 2019, the virus responsible for coronavirus disease 2019 (covid-19) was
detected inWuhan, China1. Since its emergence, SARS-CoV-2 has spread rapidly, 1 Zhu et al., “A Novel Coronavirus from

Patients with Pneumonia in China, 2019” in:
New England Journal ofMedicine (2020).

causing signicant morbidity and mortality and prompting theWorld Health
Organization to declare a pandemic onMarch 11, 20202. With 4.07m conrmed 2 WHO,WHODirector-General’s Opening

Remarks at theMedia Briefing on COVID-19

(2020).
deaths and 190m conrmed cases as of July 2021, it is one of the deadliest pan-
demics in history. In addition to its signicant individual health impacts, covid-
19 has put considerable strain on health systems, as a large fraction of cases requires
mechanical ventilation or critical care3. In every stage of the pandemic thus far, 3 Huang et al., “Clinical Features of Patients

Infected with 2019 Novel Coronavirus in
Wuhan, China” in: The Lancet (2020).

there has been a need for exible decision support tools that can be used to model
and compare critical planning scenarios.

Epidemiological models have played an important role in shaping public
health policy and interventions throughout the pandemic. The methods used
have ranged widely—from agent-based modeling approaches that simulate the
global movement of individuals and their contacts in household, workplace, and
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leisure settings4, to population-level models that incorporate features like age- 4 Ferguson et al.,Report 9: Impact of non-

pharmaceutical interventions (NPIs) to reduce

COVID19 mortality and healthcare demand in:
20 (2020).

specic transmission, asymptomatic and pre-symptomatic transmission, and
metapopulation structure5, to curve tting approaches that use data from early in

5 Chinazzi et al., “The Eect of Travel Re-
strictions on the Spread of the 2019 Novel
Coronavirus (COVID-19) Outbreak” in:
Science (2020); Branas et al., “Flattening the
Curve before It Flattens Us: Hospital Critical
Care Capacity Limits andMortality from
Novel Coronavirus (SARS-CoV2) Cases in US
Counties” in:medRxiv (2020); Moghadas et
al., “Projecting Hospital Utilization during the
COVID-19 Outbreaks in the United States” in:
Proceedings of the National Academy of Sciences

(2020); Davies et al., “Age-Dependent Eects
in the Transmission and Control of COVID-19
Epidemics” in: NatureMedicine (2020).

the covid-19 pandemic to project future burden6. Likewise, the goals of these

6 IHME et al., “Forecasting the Impact of the
First Wave of the COVID-19 Pandemic on
Hospital Demand and Deaths for the USA
and European Economic Area Countries” in:
medRxiv (2020).

models have varied widely, from assessing importation risk, estimating the fraction
of cases attributable to transmission from unobserved infections, projecting the
impact of non-pharmaceutical interventions that target dierent populations, and
forecasting the needs of the healthcare system.

Within this space, there was a need for a modeling pipeline that could provide
exible but sophisticated epidemiological models to decision-makers who needed
to plan and compare specic interventions. Here a scenario modeling pipeline is
detailed: a modular framework that projects epidemic trajectories and health care
impacts under dierent suites of interventions in order to aid in scenario plan-
ning. The exibility of this approach has allowed us to provide rapid support to
multiple organizations at the same time while customizing the pipeline models to
situation-specic questions and data. This framework has been used to provide
tailored estimates of the relative impacts of dierent scenarios of disease trans-
mission, severity, and control, thus guiding intervention policies in several states,
countries, and humanitarian aid settings.

Methods

Pipeline at a glance

g. 4.1: Overview of the pipeline.
The pipeline has four modules, each
with specic inputs that can be spec-
ied by the user. First, it identies
when and in which model locations
epidemics are seeded using an air
importation model or conrmed case
data. Second, the epidemic seeding
events are used to initiate the dis-
ease transmission model, which is
informed by epidemiological assump-
tions and intervention scenarios. The
disease transmission model produces
daily incident infection counts and
infection prevalence. Next, health
outcomes like hospitalizations and
ICU admissions are calculated from
these infection counts according to
assumptions about health outcome
risks and infection fatality ratios.
Finally, these health outcomes may
be summarized using templates and
functions from the report generation
component of the pipeline.

The pipeline consists of multiple modular components designed to run in
sequence to produce results and reports focused on policy-relevant outcomes
in any set of geographic locations (i.e., multiple countries, a single country, a
set of subnational administrative units, or a single sub-national administrative
unit) (g. 4.1). While the pipeline was developed to be extended, the current
core components are (1) epidemic seeding, (2) the transmission model, (3) health
outcome generation engine, and (4) report generation.

These modular components of the pipeline t together because each is com-
posed of multiple pieces: an input format, an output format, one or more code
libraries (where applicable), and a runner script. The standardized input and
output formats ensure that components may be switched out according to user
preference without impacting other phases.

The pipeline runs these components in sequence, according to the speci-
cations outlined in a conguration le. This makes it easy to add or modify a
component. To add a component, its input format is specied, and incorporate
its dependencies. When appropriate, entire components may be substituted with
data from outside of the pipeline, provided that the data meet the input formats
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required by the next pipeline phase.

Module 1: Epidemic seeding and initialization.

“Epidemic seeding” refers to how the disease transmission module is initialized
with infected individuals. A seeding module must produce one or more seeding
les that specify an added number of incident cases occurring due to “seeding”
at particular dates and locations. The pipeline currently contains two epidemic
seeding options: (1) seeding according to rst case appearance in data, and (2)
seeding according to an air travel importation model.

Seeding according to earliest identified cases This seeding option
enables users to seed the model according to covid-19 case data. It currently sup-
ports user-supplied data and downloads from two commonly used public sources,
the Johns Hopkins University Center for Systems Science and Engineering (JHU-
CSSE) covid-19 Dashboard7 and USAFacts, a database that collates data from 7 Dong et al., “An Interactive Web-Based

Dashboard to Track COVID-19 in Real Time”
in: The Lancet Infectious Diseases (2020).

US state health departments8. Drawing from the user-specied data source, this
8 USAFacts,US COVID-19 Cases and Deaths by

State (2021).

option identies the rst ve days that cases were reported in each modeled loca-
tion. It is assumed that conrmed cases were infected a user-specied number of
days prior to when they were reported, and that there is a user-specied ratio of
infections to conrmed cases. Seed infections are, hence, created in each modeled
location on the estimated days of infection for the rst 5 days with reported cases;
they are drawn stochastically from a Poisson distribution where the mean is the
product of the number of reported cases and the user-specied ratio.

Seeding according to an air importation model A previously pub-
lished model of measles importation was adapted to model the rate of covid-19
importation to specic locations due to air travel9. This seeding option, available 9 Truelove, Mier-y-Teran-Romero, et al.,

“Epidemics, Air Travel, and Elimination in a
GlobalizedWorld: The Case of Measles” in:
medRxiv (2020).

in the Github repository “HopkinsIDD/covidImportation”, uses complete
itinerary (origin to nal destination) air travel volume data fromOAG10 for all

10 OAG, Flight Data in OAG (2020).airports in the world, source location populations, and source location incidence
data, to inform a model with which absolute counts of importation are estimated
on a daily basis into airports11. 11 Truelove, Lauer, et al.,HopkinsIDD/covidIm-

portation: Initial Release of covidImportation R

Package (2020).
Geographic areas surrounding airports are classied spatially into “airport

catchment areas” with a Voronoi tessellation of space in reference to the latitude
and longitude coordinates of the airport12 (g. 4.2). When there are multiple 12 Balcan et al., “Modeling the Spatial Spread of

Infectious Diseases: The GLobal Epidemic and
Mobility Computational Model” in: Journal of
Computational Science (2010).

airports within close proximity, the user may specify a threshold distance under
which airports may be grouped into a single cluster that is dened by its centroid.
The probability of importation is assigned to each intersection of a Voronoi
tile and an administrative unit boundary. This probability is calculated as the
proportion of the airport catchment area population that lives in that intersection,
assuming that population is distributed evenly by area. All air importations on a
given day are then aggregated to the administrative unit level and seeded into the
epidemic model as newly infected individuals.

g. 4.2: A possible tessellation of airports in
China, where the country is divided in regions
depending on the closest airport.

Module 2: Transmission model and intervention scenarios.

The disease transmission module takes in seeding information and produces an
epidemic model output le that contains, at minimum for subsequent module
compatibility, daily counts of incident infections, indexed to their time of symp-

HopkinsIDD/covidImportation
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tom onset. The currently implemented default transmission module comprises a
metapopulation model with stochastic Susceptible-Exposed-Infected-Recovered
(SEIR) disease dynamics. The model for SARS-CoV-2 transmission is

now entirely congurable to any compart-
mental model following an arbitrary transition
graph. It allows for multi-strain, age-stratied
models or models with vaccinated compart-
ments.

Disease dynamics The core model is a modied SEIR compartmental model
where the time in the “Infected” compartment follows an Erlang distribution
(i.e., the infected compartment is split into k compartments) to produce more
realistic infectious periods where the chance of recovery depends on the time
since infection13, and a coecient (α) can be set to help the model approximate 13 Yan and Chowell,QuantitativeMethods

for Investigating Infectious Disease Outbreaks

(2019).
non-homogeneous mixing between susceptible and infected individuals and
non-exponential growth14. By default k is set to 3 compartments. The transition 14 Finkenstädt et al., “A Stochastic Model for

Extinction and Recurrence of Epidemics: Esti-
mation and Inference for Measles Outbreaks”
in: Biostatistics (2002).

of individuals between disease compartments is simulated stochastically with
binomial random draws:

Early 2020, COVID Scenario Pipeline runs
where parametrized based on the serial interval
and the basic reproductive number of covid-
19 as follow:
Serial Interval The serial interval (SI)

represents the interval between two subsequent
infections. Here σ and γ are parameterized with
estimates of the range of the serial interval or
generation time, such that:

SI =
1
2

(
1
γ

)
+ 1
σ
, (4.1)

where it is assumed that the average infection
occurs halfway through an index case’s
infectious period. For SARS-CoV-2, the serial
interval was estimated to be in range 6.5 − 8.2,
from: Bi, Wu, et al., “Epidemiology and
Transmission of COVID-19 in 391 Cases and
1286 of Their Close Contacts in Shenzhen,
China: A Retrospective Cohort Study” in: The
Lancet Infectious Diseases (2020), tab. S4.
The basic reproductive number

R0 is the number of newly infected caused by
an infected in a fully susceptible population.
It has been estimated in the range 2 – 3 from
early modeling works Riou et al., “Pattern
of Early Human-to-Human Transmission
of Wuhan 2019 Novel Coronavirus (2019-
nCoV), December 2019 to January 2020”
in: Eurosurveillance (2020) (this work also
characterizes the dispersion of the number of
secondary cases).

NS→E (t) = Binom
(
S, 1 − e−Δt ·FOI(t)

)
(4.2)

NE→I (1) (t) = Binom
(
E, 1 − e−Δt ·σ

)
(4.3)

NI (1)→I (2) (t) = Binom
(
I (1) , 1 − e−Δt ·γ

′
)

(4.4)

NI (2)→I (3) (t) = Binom
(
I (2) , 1 − e−Δt ·γ

′
)

(4.5)

NI (3)→R (t) = Binom
(
I (3) , 1 − e−Δt ·γ

′
)

(4.6)

γ′ = γ · k, (4.7)

where S, E, I (1) , I (2) , I (3) , andR represent the number of individuals in those
respective compartments, FOI(t) is the force of infection from the infected pop-
ulation on the susceptible population, 1

σ is the latent period,
1
γ is the infectious

period, and k is the number of I compartments. The force of infection, which
modulates transition of individuals from the S to E compartments:

FOI(t) = β · I (t)
α

H
, (4.8)

(4.9)

whereH is the total population, β is the daily transmission probability as dened
byR0 and the infectious period, and α is the mixing coecient and:

I (t) =

k∑︁
j=1

I (j) (4.10)

H = S (t) + E(t) +
k∑︁
j=1

I (j) (t) +R(t) (4.11)

β(t) = R0 · γ. (4.12)

Metapopulation dynamics The model is capable of simulating disease
spread in multiple locations jointly according to assumptions about population
mobility between individual model locations (e.g., administrative units). The
SEIR disease dynamics described above are simulated in each model location
with a modication to the force of infection term that accounts for this impact of
mobility on disease spread.

The force of infection in a given location i is calculated from a combination of
local infections and infections in locations that are connected to it according to
the mobility matrix, as follows:
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FOIi =
©«1 −

∑︁
j≠i

paway
Mi,j

Hi

ª®¬ · βi (t)
(
I (1)i + I (2)i + I (3)i

)α
Hi

+
∑︁
j≠i

©«paway
Mi,j

Hi
· βj (t)

(
I (1)j + I (2)j + I (3)j

)α
Hj

ª®®¬ , (4.13)

with paway the percent of the time individuals that move spend away (paway ≈ 0.5
in the case of commuting). Hi is the population of node i. M is a mobility matrix
such thatMi,j represents the daily movement of individuals (e.g., commuting)
from origin i to destination j. The transition of individuals between disease
compartments may be modied to index by location i, for example:

NSi→Ei (t) = Binom
(
Si , 1 − e−Δt ·FOIi (t)

)
. (4.14)

Users may provide a symmetric or asymmetric wide-formmobility matrix for all
model locations or a long-form sparse mobility matrix that indicates only pairs of
model locations with connectivity.

g. 4.3: Time series of the daily num-
ber of hospital beds needed across
ve possible intervention scenarios in
a ctional location with nine coun-
ties. Lines represent results from 50
stochastic model simulations. Hori-
zontal black lines represent the total
hospital bed capacity in the ctional
location. The colored horizontal bars
along the top visualize the eective-
ness of interventions at a given time
point along with a dark blue to light
blue spectrum; dark blue indicates a
period with no reductions to trans-
mission, while light blue indicates a
period with more restrictive action
(i.e., low transmissibility).

Application of transmission modifiers In the absence of vaccines and
other preventive treatments, non-pharmaceutical interventions, such as school
closures, social distancing, stay-at-home directives, and testing and isolation are
critical strategies for reducing disease transmission. Disease transmission may
also change across space or time as the result of exogenous factors like seasonality
or spatial heterogeneity in contact patterns. The model enables users to specify
changes to the basic reproductive number (R0) and the inverse of the infectious
period (γ), for pre-specied periods of time to all or subsets of model locations
independently. These interventions or exogenous changes can be implemented
with xed or distributional eectiveness. In addition, users may specify a rate
of fatiguing eectiveness (e.g., declining adherence to a policy) over a certain
number of days. This format enables exibility in scenario planning; for instance,
the model can be used to examine the eects of chaining multiple interventions
together over time (e.g., school closure then stay-at-home), gradual declining
adherence of the population to an intervention, switching interventions on and
o over time, spatially heterogeneous interventions, or innate spatiotemporal
heterogeneities (g. 4.3).
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Transmission modiers like non-pharmaceutical interventions or other exoge-
nous factors modulate the daily transmission term below:

β′i (t) = (1 − ri (t)) · βi (t), (4.15)

where β′i (t) is the daily transmission rate after accounting for transmission mod-
ier ri (t) at the specied location i at time t. When transmission modiers are in
eect β′i (t) replaces βi (t) in the force of infection term FOIi (t). Note that several
eects at the same time in the same place have a compounded eect on transmis-
sion of reductions. The eect of the k intervention in place at time t and node i
is:

β′i (t) = βi (t) ·
∏
k

(1 − rk (t)) , (4.16)

but the compounding eect may be chosen to be additive (e.g. for vaccination
rate) instead of multiplicative.

The specication of transmission modiers is completely user-specied. A
set of common non-pharmaceutical intervention scenarios that can be applied
for user-specied dates and locations are included in the tab. s1 of the postprint
si. These intervention scenarios have been compiled according to a review of
the literature on the potential impact of non-pharmaceutical interventions on
respiratory virus transmission15. 15 Which shows how research works conducted

for past epidemics allowed to estimate the
range of expectations for NPIs eectiveness
well before evidence for covid-19 became
available. This table includes e. g. the outcomes
of dierent responses to the 1918 inuenza
as input for social distancing policies and
estimates on how inuenza transmission was
impacted when schools were closed due to
holidays or inclement weather for the impact
of school closures. As for current estimates, the
next chapter deals with evaluating the impact
of NPIs against SARS-CoV-2 transmission,
and these estimates were used to parametrize
the COVID Scenario Pipeline on Switzerland.

Module 3: Calculation of health outcomes

This pipeline module translates outputs from the transmission model into health
outcomes such as hospitalizations and deaths. It takes in counts of daily incident
infections and produces daily counts for specic health outcomes at appropriate
time delays.

The current default implementation16 produces hospital and intensive care

16 at the time of submission. Similar to the
transmission module, the outcome module
now allows arbitrary transition graphs between
outcomes, allowing it to accurately reect
any facet of the healthcare and reporting
system. Among other improvements, note
that transition probabilities (such as reporting
fraction) maybe be modied in time and space
with modiers very similar to these for NPIs.

unit (ICU) admissions, current hospital and ICU occupancy, ventilators needs,
and the number of deaths. The modeling of health outcomes assumes that there is
some transition probability from infection to death, infection to hospitalization,
hospitalization to ICU admission, and ICU admission to ventilator use. When
modeling health outcomes, is considered the probability of its occurrence (e.g.,
the probability that infections are hospitalized), the time delay relative to its
disease course (e.g., the time between hospital admission and ICU admission), and
where applicable, the duration in a given state (e.g., how long a patient remains
ventilated)17.

17 Despite an added complexity, this explicit
approach to model the healthcare system
has some advantages with respect to using
compartments (as done in the following
chapters); the principal being that it is possible
to use arbitrary distribution, such as log-
normal, to model the residence time in each
stage.

For settings where hospitalization, ICU admission, and ventilator use are infre-
quent, it may be more appropriate to think of these health outcome projections as
dierent levels of disease severity.

The user may specify health outcome probabilities and delays, conditional on
the ows described above. For use as default values, tables of parameter values
derived from a literature review of covid-19 health outcomes are provided in the
postprint si.

The pipeline currently contains two versions of this module with dierent
approaches to the specication of health outcome risks: (1) unadjusted, uniform
risk and (2) location-specic risks, adjusted by key demographic or health factors
in each location.
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Column name (notation) Description

p_hosp_inf (phosp |inf) Probability of hospitalization among infected individuals
p_icu_hosp (picu |hosp) Probability of ICU admission among hospitalized individuals
p_vent_icu (pvent |icu) Probability of ventilation among individuals in the ICU
p_death_inf (pdeath |inf) Probability of death among infected individuals
rr_hosp_inf Relative risk of hospitalization (given infection) relative to the average across all geoids
rr_death_inf Relative risk of death (given infection) relative to the average across all geoids

tab. 4.1: Health outcome risk parame-
ters.Unadjusted, population-wide health outcome risks This option

generates health outcome estimates with unadjusted risk across all locations,
assuming xed values for all health outcome probabilities, delays, and durations.

It is assumed that the number of infections admitted to the hospital is a draw
from the Binomial distribution, lagged by a xed time from symptom onset to
hospital admission:

n
hosp

tinf+tinf→hosp ∼ Binom
(
ninftinf

, phosp |inf
)
, (4.17)

where nhosp is the number of hospital admissions, ninf is the number of infections,
tinf is the time of infection, tinf→hosp is the mean time delay between infection
and hospital admission, and phosp |inf is the probability of hospitalization given
infection (tab 4.1).

A similar assumptions is made for the transitions between other outcomes
(hospitalization admission to ICU admission, ICU admission to ventilator use,
infection to death):

nicuthosp+thosp→icu ∼ Binom
(
n
hosp
thosp

, picu |hosp
)

(4.18)

nventticu+ticu→vent ∼ Binom
(
nicuticu , pvent |icu

)
(4.19)

ndeathtinf+tinf→death ∼ Binom
(
ninftinf

, pdeath |inf
)
. (4.20)

The number of patients currently hospitalized, admitted to ICU, and ventilated
are generated from the incident number of events and xed (non-distributional)
user-dened durations for each event.

As information about the death and hospitalization rates was scarce early on
in the pandemic, decision-makers wanted to consider how things would unfold
over dierent scenarios of health burden. To facilitate these needs, the pipeline
separates hospitalization and death rates from the other outcomes, and allows
users to consider multiple scenarios for dierent rates (e.g. scenarios for dierent
covid-19’s IFR before evidence on disease severity precised the estimates).

Location-specific health outcome risks The severity of disease from
SARS-CoV-2 infection can vary greatly between locations due to dierences be-
tween populations; individuals that are older, with limited access to health care, or
with certain pre-existing health conditions are at greater risk for severe disease and
death. For this reason, the hospitalization module also supports the specication
of location-specic relative risks, which can be used, for example, to standard-
ize hospitalization and mortality rates according to the age distribution of the
population. Users may provide a wide format data le with standardized variable
names for the transition probabilities and relative risks by geoid. These transition
probabilities are conditional on previous states (e.g., probability of hospitalization
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given infection is named p_hosp_inf). The probability of hospitalization and
death given infection are specied as relative values compared to population-wide
averages specied in the conguration le. The location-specic standardizations
apply only to the health outcomes, making a critical assumption that all individu-
als are at equal risk of infection.

To facilitate the construction of such les a companion package, covidSever-
ity18, is provided. It produces location-specic relative death and hospitalization 18 Lauer, Truelove, et al.,HopkinsIDD/covid-

Severity: Initial Release of covidSeverity R

Package (2020).
rates based on the age distribution of the local population. The package generates
these outputs for US counties based on data from the US Census Bureau, and this
is provided as a model input le as part of the main pipeline implementation (see
COVIDScenarioPipeline/sample_data/geoid-params.csv). The package
also includes built-in functionality to pull data fromWorldPop19 and generate 19 worldpop.org

adjustments for any location of interest.
The covidSeverity package applies a logistic generalized additive model (GAM)

with a penalized cubic spline for age and a random eect for age-specic estimates
of the risk of each health outcome from the literature, thus producing estimates
of risk for 10-year, aggregated age categories. These age-specic estimates are then
applied to the population age distribution in a given location.

The epidemic transmission model, the intervention module, and the outcome
calculation are implemented in python, just-in-time compiled to machine code
using Numba20 for performance. Since this description, the team working on the 20 Lam et al., “Numba: A LLVM-Based

Python JIT Compiler” (2015).pipeline has brought many improvements, both computational and conceptual,
that have enabled the pipeline to remain useful in 2021.

Module 4: Summarization of model outputs

This component of the pipeline provides wrapper functions for the lightweight
summarization of model outputs into quantiles, plotting functions for common
gures, and RMarkdown templates to facilitate the rapid generation of technical
reports. This module is available in the R package report.generation in the Github
repository “HopkinsIDD/COVIDScenarioPipeline.”

Two key functions that read and process individual transmission and health
outcome model output les are provided. In managing individual les with
these functions, the processing time and memory load is reduced. Both of these
functions take processing functions as arguments, thus enabling aggregation and
ltering to occur at the level of individual les.

The package contains technical report RMarkdown templates for US states,
US counties, and individual countries, a diagnostic report template, and a tem-
plate that is maintained solely for integration testing. When report.generation is
installed and loaded, the templates become available to the user. Many parameters
are drawn from the conguration le automatically and pre-written RMarkdown
chunks about the module options and methods can be referenced within the
package.

Common gures include summary tables and time courses for estimated health
outcomes under dierent interventions, maps that portray cumulative cases at
the county level, comparisons between model estimates and observed cases and
deaths, and visualizations for when ICU and ventilator capacity for each county is
exceeded. The vignette in the postprint si walks through example report outputs
in more detail and a template-generated report example is provided.

worldpop.org
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Model specification Model access The project is open-source
under the GNUGeneral Public License v3.0
license, and code is available at github.com/
HopkinsIDD/COVIDScenarioPipeline.
The master branch of this repository consists
of a Python package “SEIR” and two R pack-
ages “hospitalization” and “report.generation”
which correspond to the second, third, and
fourth modules of the model pipeline. Air
importation-based seeding is implemented in
the covidImportation package (github.com/
HopkinsIDD/covidImportation), while
seeding according to the earliest identied cases
is performed in scripts within the COVID
Scenario Pipeline repository.

All components and settings for simulations from the COVID Scenario Pipeline
model are specied in an easily modiable YAML conguration le. Dierent
options are described in detail in the postprint and in the GitHub repository wiki.

Results

The COVID Scenario Pipeline has been used to support several partners, in-
cluding the state of California and the national US response with regular reports
tailored to their needs. While these are private, it is however possible to see the
current projections from the pipeline: regular outputs are shared as part of the
two following multi-modeling experiments21: 21 While it is possible to single out the COVID

Scenario Pipeline output on these websites,
the interest of these studies lies in the ensemble
trajectory that combines projections from
many models, mitigating issues of opinionated
model design and assumptions.

covid-19 forecast hub Along with dozens of other modeling teams, the
Johns Hopkins ID Dynamics COVID-19Working Group forecasts a few weeks
ahead the covid-19 pandemic in the US. In this case, no common assumptions
are made: teams strive to accurately project expected dynamics. The current
forecasts are visible on covid19forecasthub.org22. 22 Cramer et al., “Evaluation of Individual and

Ensemble Probabilistic Forecasts of COVID-19
Mortality in the US” in:medRxiv (2021).

ScenarioModelingHub proposes longer-term projections under dierent
scenarios where e.g. variant transmission, immune escape, or vaccination hesitancy
diers. Each round consists of 4 scenarios whose assumptions are shared across
teams, while the rest is left to the choice of the modeling teams. The scenarios pro-
jections for current and past rounds are visible at covid19scenariomodelinghub.
org23. 23 Borchering, “Modeling of Future COVID-

19 Cases, Hospitalizations, and Deaths, by
Vaccination Rates and Nonpharmaceutical
Intervention Scenarios —United States,
April–September 2021” in:MMWR.Mor-

bidity andMortalityWeekly Report (2021),
presents round 4 results.

Example of scenario planning report for Canton de Vaud

Moreover, a report produced on April 9, 2020 for Canton de Vaud main hospital,
CHUV, is presented in the next two pages. This report is part of a series of reports
produced during the rst wave of the covid-19 pandemic in collaboration with
Canton de Vaud authorities. While dierent from typical pipeline reports, it
shows how the assumptions, projections, and uncertainties are communicated to
decision-makers.

After summarizing the assumptions taken in this report, short-term forecasts
are presented, both graphically and in terms of quantities of interests such as peak
ICUs and hospital occupancy. As the inference module of the pipeline did not
exist at this time, these projections were generated using a simple ltering method
to select parameter values that were reasonable given the observed epidemiological
dynamics. Longer-term projections are presented for three transmission scenarios,
with an additional visualization of the probability of ICU capacity exceedance
under these scenarios. Finally, assumptions and limitations which characterize the
projections are summarized at the end of the report.

In the report appendix, along with additional projections, a live estimation of
the hospitalized case-fatality ratio is provided. In fact, access to individual-level
healthcare data was provided as part of the interactions with public-health ocials
of Canton de Vaud. This dataset improved considerably scenario reports estimates
that were subsequently tailored for local specicities of the health system and
provided the foundations for the study presented in Chapter 524.

24 It is interesting to compare how the real-time
data analysis in this report compare with the
detailed estimates presented in the Appendix
to Chapter 5 that uses two additional
weeks of data.

github.com/HopkinsIDD/COVIDScenarioPipeline
github.com/HopkinsIDD/COVIDScenarioPipeline
github.com/HopkinsIDD/covidImportation
github.com/HopkinsIDD/covidImportation
covid19forecasthub.org
covid19scenariomodelinghub.org
covid19scenariomodelinghub.org


Planning Scenarios for COVID19 in
Vaud
Updated 2020-04-09

The aim of this model is to provide estimates about the course of the epidemic under a specific set of
assumptions for planning purposes. These are not direct forecasts of the epidemic.

Summary
This report compares the health impact and surge capacity needs for the COVID-19 epidemic in Canton de
Vaud. The underlying model is based on our best understanding of SARS-CoV-2 natural history and
transmission, and uses current demographic and epidemiologic data from Vaud and other locations (Table
1). We project the number of hospitalizations, ICU admissions, and deaths in both the short and long term
under di!erent public-health intervention scenarios.

Table 1. Key parameters and assumptions used in the Vaud model. Hospitalization values derived
from Canton de Vaud reflects our current estimate under the available data. As so, it underestimate
the durations as it’s biased towards short hospital stays. As more data become available, we’ll
provide better estimates.

Parameter Value Source

Population size of Canton VD 793’129 Federal Statistical O"ce

Generation time 6.5 to 8.2
days

IDD@JHU (mailto:IDD@JHU) analysis of
reported cases

Basic reproduction number R0 1.8 to 3.3 Multiple

Reproduction number with current
measures

0.45 to
1.71

Multiple

Duration of hospitalization 6.8 days VD data

Duration of ICU stay 6.3 days VD data

Proportion of ICU cases among
hospitalized patients

20% VD data

Ratio death / hospitalization 10% VD data

Ratio hospital death / total death 0.66 VD data

Short-term cantonal estimates with current
measures in place

Figure 1. Modelled incidence of cases and death, along with current hospital and ICU occupancy at
horizons 2 weeks (top line), 4 weeks (bottom left) and 8 weeks (bottom right). The black dot
represents cantonal data, the dark colored region the 50% confidence interval and the lightly colored
region the 95% confidence interval.

Table 2. Short term projections. In all tables, we display the mean accross all simulations, along with
the 95% interquartile range.

2 weeks 4 weeks 8 weeks

median 95%CI median 95%CI median 95%CI

Peak current
hospitalizations

500 (290-1,200) 600 (290-2,200) 800 (300-5,000)

Peak current ICUs 90 (50-200) 100 (50-300) 140 (50-900)

Cumulative cases 16,000 (8,000-
30,000)

23,000 (9,000-
60,000)

40,000 (10,000-
180,000)

Cumulative ICUs 500 (270-800) 700 (310-1,600) 1,300 (400-5,000)

Cumulative
hospitalizations

2,500 (1,400-
5,000)

4,000 (1,600-
9,000)

7,000 (1,800-
28,000)

Cumulative deaths 190 (120-300) 300 (150-600) 600 (170-2,100)

Long term planning under different scenarios
We consider three planning scenarios:

Current Measures, which assumes measures as they were instituted in canton de Vaud:

School closure on March 13,

Physical distancing measures progressively established from March 16 to March 20.

We assume these moderately restrictive non-pharmaceutical interventions (NPIs) to reduce transmission by
48 - 75% (R0 from 0.45 to 1.71) based on a city with similar social distancing measures in place during the
1918 influenza pandemic and on the most recent R0 estimates in Switzerland. In this scenario, these
measures are maintained for the foreseeable future.

Current Measures Stopped May 31, the measures described in the Current Measures scenario are
held up until May 31st, then we assume a return to high transmissibility (R0 from 1.8 to 3.3) for the
foreseeable future.

Full lockdown, which assumes that very aggressive non-pharmaceutical interventions that reduce
transmission by 81 - 88% (R0 from 0.25 to 0.63) are put in place from April 5 on. This scenario is
based on the Wuhan lockdown that started on January 23, 2020.

Hospital and ICU usage

Figure 2. Time series for 15 random example simulations for three planning scenarios of SARS-CoV-
2 spread in Vaud. Interventions in the Current Measures Discontinued Scenario are applied from March 16
to May 31 (grey box), while in other scenarios measures are continued until October.

Table 3. Current Measures Continued

May 1 June 1 September 1

median 95%CI median 95%CI median 95%CI

Peak current
hospitalizations

500 (270-1,900) 700 (270-5,000) 900 (280-5,000)

Peak current ICUs 90 (50-280) 120 (50-700) 170 (50-900)

Cumulative cases 19,000 (9,000-
50,000)

40,000 (10,000-
160,000)

110,000 (10,000-
400,000)

Cumulative ICUs 600 (280-1,300) 1,100 (300-5,000) 4,000 (400-14,000)

Cumulative
hospitalizations

2,900 (1,500-
7,000)

6,000 (1,800-
25,000)

19,000 (1,900-
70,000)

Cumulative deaths 230 (130-500) 500 (170-2,000) 1,700 (190-7,000)

Table 4. Current Measures Stopped May 31st

May 1 June 1 September 1

median 95%CI median 95%CI median 95%CI

Peak current
hospitalizations

500 (290-1,800) 800 (300-5,000) 30,000 (24,000-
40,000)

Peak current ICUs 90 (50-270) 140 (50-800) 5,000 (4,000-6,000)

Cumulative cases 20,000 (9,000-
50,000)

40,000 (10,000-
160,000)

700,000 (700,000-
800,000)

Cumulative ICUs 600 (300-1,300) 1,200 (300-5,000) 27,000 (26,000-
27,000)

Cumulative
hospitalizations

3,100 (1,600-
7,000)

6,000 (1,800-
25,000)

130,000 (130,000-
140,000)

Cumulative deaths 250 (140-500) 500 (170-1,800) 13,000 (13,000-
14,000)

Table 5. Full Lockdown

May 1 June 1 September 1

median 95%CI median 95%CI median 95%CI

Peak current
hospitalizations

800 (400-1,600) 800 (400-1,600) 800 (400-1,600)

Peak current ICUs 150 (80-280) 150 (80-280) 150 (80-280)

Cumulative cases 19,000 (11,000-
30,000)

21,000 (12,000-
30,000)

21,000 (12,000-
30,000)

Cumulative ICUs 700 (400-1,100) 700 (400-1,300) 700 (400-1,300)



Cumulative
hospitalizations

3,000 (2,000-6,000) 4,000 (2,100-6,000) 4,000 (2,100-
6,000)

Cumulative deaths 290 (180-500) 400 (200-600) 400 (200-600)

ICU Capacity exceedence

Figure 3. Fraction of simulations exceeding ICU capacity thresholds. In each scenario, we show the
percentage of simulations exceeding the 200, 400, 600 ICU beds threshold.

Contributors
Prepared by Joseph Lemaitre, Javier Perez-Saez, Andrew Azman, Andrea Rinaldo, Jacques Fellay.

Pipeline from Johns Hopkins ID Dynamics Working Group (http://www.iddynamics.jhsph.edu/): Kyra
H. Grantz, Joshua Kaminsky, Lindsay T. Keegan, Steve Lauer, Elizabeth C. Lee, Joseph Lemaitre, Justin
Lessler, Hannah R. Meredith, Shaun A. Truelove.

Contact: joseph.lemaitre@epfl.ch (mailto:joseph.lemaitre@epfl.ch?subject=Hyperlinks),
jacques.fellay@epfl.ch (mailto:jacques.fellay@epfl.chh?subject=Hyperlinks)

Limitations
We note several limitations to our work, among which:

There remains considerable uncertainty around some of the key epidemiologic features of COVID-19,
including the average duration of infectiousness and time to recovery or death. We have used commonly
accepted and well supported estimates and believe that they are appropriate for planning purposes.

We assume equal risk of infection and progression to hospitalization or death among all individuals in the
canton at a given time point. There is evidence of age-specific di!erences in clinical burden and perhaps in
susceptibility to infection that are not (yet) considered here.

We assume Re, the e!ective reproductive number, to be constant in each scenario, other than changes
due to onset of non-pharmaceutical interventions. As capacity for surveillance, contact tracing, and testing
improve, and as the general public becomes increasingly aware of the outbreak and modifies their own

behavior, we might expect that Re will decrease dynamically, perhaps even as a function of the perceived
COVID19 burden. As the outbreak continues, it will be possible to refine the scenarios considered here to
better reflect the actual epidemic situation.

We do not explicitly model the role of asymptomatic infection when calculating the number of expected
hospitalizations. All infectious individuals are considered at risk of hospitalization, though some may
recover or die prior to hospitalization. A substantial asymptomatic burden may reduce the number of
hospitalized cases.

Model assumptions
We built a stochastic, Susceptible-Exposed-Infected-Recovered (SEIR) model of SARS-CoV-2
transmission in canton Vaud.

Population. The total population and age distribution were collected from the website of the Swiss Federal
Statistical O"ce. The entire population of the canton is assumed to be susceptible at the beginning of the
model. We assume equal risk of infection for all individuals at a given time.

Initial conditions. We used the first confirmed cases recorded in Vaud on February 25 to inform the
importations that seeded our epidemic model. We assumed that there was a reporting rate of 20% during
this period using Poisson draws with a rate parameter five times the cumulative number of cases. Baseline
transmissibility in the model is similar to the early days of the Wuhan epidemic (R0 = 2-3.3).

Reproductive Number. The reproductive number R0, or the average number of secondary cases caused by
a single infected individual in a susceptible population, varies by scenario. Note that the reproductive
number is highly-context specific. There is still uncertainty in the range of possible R0 values for SARS-
CoV-2, and varying e!ectiveness of non-pharmaceutical interventions, including social distancing,
improved hand hygiene, and case detection and isolation, may further reduce R0.

COVID-19 Natural History. From analysis of 181 confirmed SARS-CoV-2 cases among travelers and other
publicly reported cases, we estimate the incubation period, or the time from exposure to symptom onset,
to follow an exponential distribution with mean 5.2 days (IQR 1.5, 7.21 days) (Fig. S1). The average
duration of infectiousness following symptom onset is between 1.3 days and 3, following an Erlang
distribution with 3 compartments. We thus sample across a range of possible mean serial intervals (time
from symptom onset of an index case to symptom onset of a secondary case infected by the index) from
6.5 to 8.2 days.

Rates of Death and Hospitalization. From our analysis of 391 confirmed SARS-CoV-2 infections in
Shenzhen, China, we estimate the average time to hospitalization from symptom onset follows a log-
normal distribution with median 3.42 days (IQR 2.01, 5.83) (Fig. 3). Other rates where derived from CHUV
and Vaud hospitalization data. We fitted a log normal distribution to the observed distribution of time
hopsitalized, time in ICU, time from hospitalization to ICU and time to death. We estimate from current data
that, among those hospitalized, 20% will be admitted to the ICU.

Filtering. Simulated time series of incidence and hospitalizations are based on 30’000 random draws from
reasonable bounds of the parameter values (Table 1). Among these draws, we resample to narrow the set
to a simulation that matches the observed reality in hospitalization. Namely, we assign to each simulation a
weight that is proportional to the likelihood w.r.t the incident hospitalization.

We use simple statistical models using the cumulative distribution of times to hospitalization, ICU
admission, and death, as well as the durations of hospitalization and ICU stay to calculate the number of
incident and cumulative hospitalizations and ICU admissions and deaths per day, accounting for

appropriate delays since infection and symptom onset.

Uncertain parameters include the length of the serial interval, R0 and the probability of hospitalization.
Simulated time series of incidence and hospitalizations are based on 30’000 random draws from
reasonable bounds of the parameter values (Table 1). Simulated trajectories are then resampled based on
the degree to which they match the observed time series of cumulative hospitalizations, which gives a set
of simulations which represent well the observed data.

Key Sources
Impact of broad scale non-pharmaceutical intervetions is based on the observed impact of such
programs in 1918 as reported in (Bootsma and Ferguson 2007). We took parameter estimates on the
e!ectiveness of interventions from Milwaukee in this study.

School closure impacts based on data from (Jackson et al. 2020), (Cauchemez et al. 2008) and
(Litvinova et al. 2019)

Approximate generation time is based on data from (Bi et al. 2020)

Appendix
Hospitalization data analysis
Key points:

956 have been hospitalized
The mean hospitalized CFR in the past 3 days is of 11%
20% of patients where treated in an ICU
The mean hospitalization time is of 6.4 days
The mean ICU time is of 5.6 days

Figure A.1. Hospitalized case fatality ratio (hCFR). Estimates of hCFRs where based on the methods of
Ruan et al. (2020) (https://doi.org/10.1371/journal.pone.0006852) (points are the Maximum Likelihood
estimates and bars give 95% CIs).

Figure A.2. Time distributions of modelled hospitalization processes. Bars represent data from alll VD
hospitals and lines estimated probability distribution functions as used in the model.

Epidemic dynamics under different scenarios

Figure A.3. Simulations for the Current Measures Stopped May 31st scenario....
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Discussion

25 The COVID scenario pipeline is presented as an open-source modeling frame- 25 This section discusses the COVID Scenario
Pipeline as presented in this chapter, i. e. going
back to the July 2020 perspective.

work that aims to balance epidemiological rigor with the exibility and urgency
required by public health policymaking. The modularity of the proposed frame-
work has enabled us to adapt the assumptions about COVID-19 epidemiology,
transmission, and health outcome risks in response to emerging information and
to dierent settings. The pipeline implementation of non-pharmaceutical inter-
ventions is highly adaptable for policymakers desiring to compare the impact of
dierent potential scenarios.

g. 4.4: Health outcome risks and
logistical needs for ctional counties.
In the scatterplots, each point indi-
cates (A) the age-adjusted infection
fatality ratio and (B) the risk of ICU
admission given hospitalization by
mean age for a county within the
United States. Data for nine ctional
counties is marked by magenta tri-
angles. (C) The heat maps display
county-level ICU bed needs, shaded
according to the log-ratio above or
below the assumed ICU bed capacity
(secondary y-axis) in each county
(primary y-axis) for three example
intervention scenarios (panels).
The salmon pink shading indicates
periods of time where ICU bed
needs exceed capacity in the ctional
counties.

Throughout the course of the pandemic, the default settings of the pipeline
have been adapted in response to the changing needs and questions of our collab-
orators. At the beginning of the pandemic, air importation seeding was a critical
determinant of epidemic onset in specic locations. Now that cases of covid-19
are present worldwide, the development shifted towards more empirical methods
of epidemic seeding that better match trajectories of conrmed cases in specic
locations as policy questions have shifted to more operational needs. As new data
emerged, it was decided to move from calculating unadjusted health outcomes
to health outcomes based on the age-standardized risk of hospitalization, ICU
admission, and death according to emerging case-study data.
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g. 4.5: County-level covid-19 risk
for three scenarios (Uncontrolled,
Pulsed, Checker) in the ctional
Location X. Choropleths for model
outcomes on June 1, 2020 of the
(A–C) cumulative infection rate per
10,000 population and (D–F) num-
ber of patients currently admitted to
the ICU per 10,000 population for
the Uncontrolled, Social Distanc-
ing Pulsed, and Social Distancing
Checker intervention scenarios.
County-level variation in attack rates
can arise from dierences in risk of
importation, mobility patterns con-
necting subdivisions, and dierences
in non-pharmaceutical interventions
applied in each location. If location-
specic health outcome risks are
specied (as are age-standardized
health outcome risks in this example),
this may serve as another source of
county-level variation.

As the covid-19 pandemic continues, the plan is to continue to expand the
scope of the COVID Scenario Pipeline to changing needs and questions. New
model releases include a health outcomes model expansion that will enable a mul-
tiplicity of pathways to ICU occupancy, ventilator usage, and death. As questions
have shifted to near-term operational needs, inference has been incorporated into
the pipeline, thus enabling the calibration of model trajectories to deaths and
conrmed case counts, short-term forecast of health outcomes, and estimation of
location-specic transmission parameters and NPI eectiveness. Moreover, the
epidemic transmission model has been re-written to allow for arbitrary transition
graphs between compartments, which allow one to explicitly model vaccination
campaigns, variants, immune escape and multiple age classes. While the pipeline’s

Recent developments The present chap-
ter solely focuses on a perspective from July
2020, but the current state of the project has
seen numerous improvements since then. The
pipeline transmission and outcomes model,
as presented, were hard-coded simple models.
These models allowed to successfully capture
the early covid-19 dynamics and to present
reports to decision-makers. These simple
models, focusing on a few important aspects
of disease transmission, captured accurately
epidemiological dynamics and uncertainties.
Provided uncertain estimates of the serial inter-
val andR0 (or other quantities), these models
allow one to derive insights on projected future
impact of the epidemic. Simplicity is a strength
as it prevents overcondence and the reliance
on too many unknowns while highlighting the
key aspects in transmission. However, as the
pandemic progressed it brought more infor-
mation and the need for additional exibility.
As months of evidence are now available, the
pipeline benets from an additional inference
module (based onMCMCwith adaptation for
large-scale computations). And as mentioned
in margin notes, most of the assumptions
described in this chapter have now been relaxed
while keeping the framework principle similar
(independent module and single conguration
le). The transmission module allows age-
stratied, multi-strain models with vaccinated
compartments and arbitrary transition rates
in space and time. The health outcome allows
arbitrary transition graphs and probabilities
can change in space and time. Many other
developments, such as helpers to write cong-
uration les (a USA conguration le is about
30’000 lines), performance improvements, and
report features were (and still are) added.

generic structure means that dierent modules may be readily replaced, the imple-
mentation of the model as described here has several limitations with regard to the
epidemiology of covid-19. The disease transmission model does not explicitly in-
corporate age-specic contact or transmission rates or asymptomatic transmission,
nor does it consider how factors like testing rates may lead to time-varying biases
in reporting. Data to inform these factors was scarce when this model was initially
developed, but these processes can change the dynamics displayed by scenario
projections. Moreover, this model structure means that age-targeted interventions
(e.g., cocooning of high-risk age groups) cannot be modeled, nor are interven-
tions targeting asymptomatic individuals (e.g., systematic age-specic testing) in a
mechanistic manner. However, it is possible, and done is real settings, to adjust for
these types of interventions through overall population-level reductions in disease
transmission. Additionally, the current model cannot tune changes in population
mobility or connectivity over time, although it is known that travel and movement
restrictions played a role in changing the spread of covid-19.

The health outcomes module as described in this chapter also has several
structural limitations; it assumes that only one progression in health outcome
severity exists (infection to hospitalization to ICU to ventilator use), although it is
known that many disease course progressions are possible. In addition, the delays
and durations involved in the modeled health outcomes progression are xed in
time for a given location, although stochastic variation may be incorporated across
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simulations.
Nevertheless, the modular approach taken is meant to allow for easy substitu-

tion of models with improvement in any of these areas while still taking advantage
of other pipeline components. This feature has been leveraged throughout the
course of the covid-19 pandemic, and individual modules continue to develop.
This exibility does come at a cost, as the modular pipeline approach requires us
to write and read les at the end and beginning of each phase, respectively. This
procedure requires more disk space and input/output steps than other modeling
approaches that can hold all of the necessary data in memory until a single output
is produced at the end. Still, these slowdowns are not critically limiting; it has been
possible to run 1000 county-level simulations of the United States in less than 10
min on a 96 core server.

These limitations point to a broader need to consider the totality of evidence
generated by epidemiological models. While the proposed approach is well-suited
to answering policy questions about interventions, it is critical for policymakers
to explore projections frommultiple models in order to understand the range
of possible trajectories and the sensitivity of results to dierent assumptions.
Models that incorporate individual-level behaviors may be better for consider-
ing the impact of specic contact tracing strategies or location-specic measures
like workplace occupancy or symptom screening policies that are not well cap-
tured in compartmental models such as ours26. Other individual-based models

26 Kucharski, Klepac, et al., “Eectiveness
of Isolation, Testing, Contact Tracing, and
Physical Distancing on Reducing Transmission
of SARS-CoV-2 in Dierent Settings: A
Mathematical Modelling Study” in: The
Lancet Infectious Diseases (2020); Firth et al.,
“Using a Real-World Network toModel
Localized COVID-19 Control Strategies”
in: NatureMedicine (2020); Hinch et al.,
“OpenABM-Covid19 - an Agent-BasedModel
for Non-Pharmaceutical Interventions against
COVID-19 Including Contact Tracing” in:
medRxiv (2020).

are better suited for addressing heterogeneities due to dierences in household or
social structures27. Models incorporating real-time mobility data can best char-

27 Wilder et al., “Modeling Between-Population
Variation in COVID-19 Dynamics in Hubei,
Lombardy, and New York City” in: Proceedings
of the National Academy of Sciences (2020);
Kerr et al., “Covasim: An Agent-BasedModel
of COVID-19 Dynamics and Interventions” in:
medRxiv (2021).

acterize the impact of movement-related restrictions28 models with age-specic

28 Lai, Ruktanonchai, et al., “Eect of Non-
Pharmaceutical Interventions to Contain
COVID-19 in China” in: Nature (2020).

transmission may provide more detail on the impact of age-specic interventions
like “cocooning”29 or closing and opening schools30. Still other models are par-

29 Duque et al., “COVID-19: How to Relax
Social Distancing If YouMust” in:medRxiv

(2020).
30 Ferguson et al.,Report 9: Impact of non-

pharmaceutical interventions (NPIs) to reduce

COVID19 mortality and healthcare demand in:
20 (2020).

ticularly suited to address questions about health systems burden and forecast
operational needs31 and to consider the economic impacts of transmission and

31 Branas et al., “Flattening the Curve before It
Flattens Us: Hospital Critical Care Capacity
Limits andMortality fromNovel Coronavirus
(SARS-CoV2) Cases in US Counties” in:
medRxiv (2020); Laboratory, COVID-19

Cases and Deaths Forecasts (); Weissman et al.,
“Locally Informed Simulation to Predict
Hospital Capacity Needs During the COVID-
19 Pandemic” in: Annals of InternalMedicine

(2020).

interventions32. Integrating knowledge frommultiple models, where appropriate,

32 Acemoglu, Chernozhukov, et al.,Optimal

Targeted Lockdowns in aMulti-Group SIR

Model (2020); Silva et al., “COVID-ABS: An
Agent-BasedModel of COVID-19 Epidemic
to Simulate Health and Economic Eects of
Social Distancing Interventions” in: Chaos,
Solitons & Fractals (2020).

with careful consideration of the assumptions and appropriate applications of
each model, will strengthen response and preparedness33.

33 Shea et al., “Harnessing Multiple Models for
OutbreakManagement” in: Science (2020).

Our exible modeling pipeline brings an important voice to this “conversation”
of models, by allowing rapid and exible specication and simulation of even very
complex intervention scenarios, and providing exibility to rapidly update models
as our understanding of a disease changes. This approach only reaches its full
potential when parameters are based on careful and ongoing consideration of the
literature and available data. But, when appropriately used as part of an iterative
approach to decision making, this pipeline can be a valuable tool for public health
decision-making.



Chapter 5

Assessing the impact of non-pharmaceutical
interventions on SARS-CoV-2 transmission
in Switzerland

Following the rapid dissemination of covid-19 in Switzerland, large-scale non-pharmaceutical interventions (NPIs) were
implemented by the cantons and the federal government between February 28 andMarch 20, 2020. Estimates of the impact
of these interventions on SARS-CoV-2 transmission are critical for decision making in the present and future outbreaks.
This chapter aims to assess the impact of these NPIs on disease transmission by estimating changes in the basic reproduction
numberR0 at national and cantonal levels in relation to the timing of these NPIs. For the whole country and eleven cantons,
the time-varyingR0 is estimated by tting a stochastic transmission model explicitly simulating within-hospital dynamics.
The dataset includes individual-level data frommore than 1000 hospitalized patients in Switzerland and public daily reports
of hospitalizations and deaths. The nationalR0 is estimated to be 2.8 (95% condence interval 2.1–3.8) at the beginning of the
epidemic. Starting from aroundMarch 7, a strong reduction of the time-varyingR0 is found, with an 86%median decrease
(95% quantile range [QR] 79–90%) to a value of 0.40 (95% QR 0.3–0.58) in the period of March 29 to April 5. At the cantonal
level,R0 decreased by between 53% and 92% over the course of the epidemic. Reductions in time-varyingR0 were synchronous
with changes in mobility patterns as estimated through smartphone activity, which started before the ocial implementation
of NPIs. Most of the reduction of transmission is inferred to be attributable to behavioral changes as opposed to natural
immunity, the latter accounting for only about 4% of the total reduction in eective transmission. As Switzerland considers
relaxing some of the restrictions of social mixing, current estimates of time-varyingR0 well below one are promising. However,
as of April 24, 2020, at least 96% (95% QR 95.7–96.4%) of the Swiss population remains susceptible to SARS-CoV-2. These
results warrant a cautious relaxation of social distance practices and close monitoring of changes in both the basic and eective
reproduction numbers.

This chapter is based on: Joseph C. Lemaitre, Javier Perez-Saez, Andrew S. Azman, Andrea Rinaldo, and Jacques Fellay.
“Assessing the Impact of Non-Pharmaceutical Interventions on SARS-CoV-2 Transmission in Switzerland”. In: Swiss Med-

icalWeekly 150.2122 (May 30, 2020), and J. Perez-Saez shares co-authorship of the work. It is referred in the following as the
postprint (and its supplementary information as si).

Introduction

As of May 13, 2020, the ongoing coronavirus disease 2019 (covid-19) pandemic
caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has
resulted in more than 4.1 million cases and 280,000 deaths globally1. Independent 1 WHO,WHO Situation Report 90 (2020).

estimates of the basic reproduction numberR0 for SARS-CoV-2 from the initial
phases of the epidemic in China, Europe, and the United States have generally
ranged from 2–32 with doubling times on the order of 2–4 days. In response to 2 Riou et al., “Pattern of Early Human-to-

Human Transmission of Wuhan 2019 Novel
Coronavirus (2019-nCoV), December 2019 to
January 2020” in: Eurosurveillance (2020).

the rapid increase in reported cases and hospitalizations, most countries have
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implemented non-pharmaceutical interventions (NPIs), including compulsory
face mask use, border and school closures, quarantine of suspected and conrmed
cases, up to population-wide home isolation3. An observation study conducted in 3 HIT COVID Team,Health Interventions

Tracking for COVID-19 (HIT-COVID) (2020).Hong Kong during this pandemic estimated that social distancing measures and
school closures reduced covid-19 transmission, as characterized by the eective
reproductive number, by 44%4. Comparable reductions have been observed in 4 Cowling et al., “Impact Assessment of

Non-Pharmaceutical Interventions against
Coronavirus Disease 2019 and Inuenza in
Hong Kong: An Observational Study” in: The
Lancet Public Health (2020).

many dierent settings5. Making decisions around relaxing NPIs requires both

5 Flaxman et al.,Report 13: Estimating the

Number of Infections and the Impact of Non-

Pharmaceutical Interventions on COVID-19 in

11 European Countries in: 35 (2020).

a careful assessment of the level of pre-relaxation transmission (e.g.,R0) and
quantication of the expected increase in transmission from the relaxation of
dierent NPIs.

From the initial reported case on February 24 to April 29, Switzerland reported
more than 24’400 laboratory conrmed COVID-19 cases and 1’408 ocial deaths
aecting all 26 cantons6. The federal government issued a series of special decrees 6 OFSP,Rapport sur la situation épidémi-

ologique en Suisse et dans la Principauté de

Liechtenstein (2020).
from February 28 banning gatherings of more than 1’000 people culminating
onMarch 20 recommended home isolation (g. 5.1). One month after the rst
NPI, daily conrmed case incidence had decreased from a peak of more than
1000 to a daily average of under 170 in the week of April 20–26 (g. 5.1). Initial
reports have suggested a basic reproduction number (R0) of 3.5 at the start of the
epidemic, with a decrease of 85% byMarch 207. However, these estimates, part of

7 Flaxman et al.,Report 13: Estimating the

Number of Infections and the Impact of Non-

Pharmaceutical Interventions on COVID-19 in

11 European Countries in: 35 (2020).

g. 5.1: covid-19 epidemic curve
in Switzerland and timing of non-
pharmaceutical interventions. Dotted
lines indicate the issuing of NPIs: (1)
ban on gatherings of more than 1’000
people, (2) school closure, (3) closure
of non-essential activities, and (4)
ban on gatherings of more than ve
people. Left: Daily case incidence at
time of reporting along with death
incidence. Right: Current hospital-
izations, intensive care units (ICUs),
and cumulative deaths. Data from
Probst (2020), and may therefore
present inconsistencies with ocial
reports from the Federal Oce of
Public Health.

a multicountry analysis of NPIs, relied on death incidence and did not account
for specics of the hospitalization processes in Switzerland. Moreover, changes
inR0 were assumed to happen on the date of a NPI implementation, thus not
allowing for the exploration of the relative timing between NPIs and changes in
transmission. Furthermore, such delays likely bias the estimateR0.

NPIs aecting daily activities such as school closures and gathering bans aim
at having a direct impact on mobility patterns to reduce potentially infectious
social contacts. In other terms, the causal pathway fromNPIs to transmission
reduction is mediated by changes in mobility. Recent releases of mobility data
from smartphone software providers give the possibility to study the associations
between the implementation of movement-limiting measures, behavioral change,
and the related changes inR0. Context-specic data on the degree and speed of
compliance with these types of NPIs and associations with the observed decreases
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inR0 could inform scenario-building should the future reinstatement of measures
become necessary. Given thatR0 directly represents transmission potential, its
quantication enables us to estimate the proportion of reduction in transmission
attributable to behavioral changes. In this sense, tracking ofR0 is more suited to
study the impact of NPIs than the eective reproduction numberReff , which is
an aggregate measure of transmission capturing aspects of both infectious contacts
and of population susceptibility.

Here, the goal is to estimate the changes inR0 throughout the epidemic at
both the national and cantonal levels using detailed data on hospitalizations
and deaths from Switzerland between February 24 and April 24. In order to
understand the estimated changes inR0, its relationship with the timing of NPIs
and human mobility estimates derived from cell phone data is explored.

Methods

The setting for the present chapter arose while providing scenario modeling re-
ports, as presented in Chapter 4. CHUV, the hospital coordinating Canton de
Vaud’s response, provided access to individual hospitalization data. The dataset
and pre-processing steps to account for right-censoring are presented in the Ap-
pendix to Chapter 5. This dataset allowed for rened estimates of stays in
hospital and death processes, which in turn were used as assumptions in a covid-
19 model; giving said model sucient stiness to estimateR0 in time. Model
equations and xed and inferred parameter values are left in the postprint si.

Model and assumptions

Model Structure A stochastic compartmental model of the covid-19
epidemic and hospitalization processes is developed for each canton of Switzer-
land. The model is structured around the classical S, E, I, and R compartments8, 8 Kermack et al., “A Contribution to the

Mathematical Theory of Epidemics” in:
Proceedings of the Royal Society A (1927).

and the model diagram is shown in g. 5.2. A susceptible individual S might be
exposed after contact with infectious I individuals. Upon exposure, a formerly
susceptible individual goes through an incubation period E before becoming in-
fectious I . The individual then recoversR and does not participate in transmission
anymore. In addition to these dynamics, infected individuals have some probabil-
ity of developing severe symptoms. Estimates derived from data from the Canton
de Vaud, as shown in the Appendix, show a high proportion of deaths outside
of hospitals (≈ 50%) hence two pathways are modeled depending if the individual
seek or has access to hospital care. Some severely infected will be treated in hos-
pitals after a delay from symptom onset Ih. In this case, hospitalization leads to
discharge (recovery) or death, either through normal hospitalization (Hs andHd

respectively) or passing through Intensive Care Units (ICUs, compartmentsUs

andUd respectively). Otherwise, the severly infected may recover or die without
passing through hospitalization, going into compartment Id. There is no need to
explicitly model a latent stage where individuals are still asymptomatic but infec-
tious9 as only hospitalisation and death data is used. The model is implemented as

9 Ganyani et al., “Estimating the Generation
Interval for COVID-19 Based on Symptom
Onset Data” in:medRxiv (2020); He et al.,
“Temporal Dynamics in Viral Shedding
and Transmissibility of COVID-19” in:
NatureMedicine (2020); Liu et al., “The
Contribution of Pre-Symptomatic Infection to
the Transmission Dynamics of COVID-2019”
(2020).

a hiddenMarkov model using the pomp R package10. 10 King, Nguyen, et al., Statistical Inference for
Partially ObservedMarkov Processes via the R

Package Pomp (2015).
Assumptions The reader is referred to the postprint si for the exhaustive
description of model transitions and parameters. As parameter identiability
is needed to capture the dynamics ofR0, most of the parameters were xed to
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g. 5.2: Schematic diagram of
covid-19 transmission and hos-
pitalization processes. There are two
sinks: DeathD and recoveredR.
Each stage with regard to the disease
may be implemented with several
compartments (subscript numbered
boxes) to better represent the time
distribution spent in that stage.

values from the literature or obtained analyzing the data from Canton de Vaud11.

11 As noted by Gostic et al., the accuracy ofR0
estimates obtained with the method presented
here is sensible to assumptions on model
structure and parameters; see Gostic et al.,
“Practical Considerations for Measuring the
Eective Reproductive Number, Rt” in: PLOS
Computational Biology (2020).The transmission model is parameterized assuming a mean generation time of

5.2 days12, and an exposed and non-infectious duration of 2.9 days13, yielding a 12 Ganyani et al., “Estimating the Generation
Interval for COVID-19 Based on Symptom
Onset Data” in:medRxiv (2020).
13 He et al., “Temporal Dynamics in Viral
Shedding and Transmissibility of COVID-19”
in: NatureMedicine (2020).

mean duration of 4.6 days in the infectious compartments. It is assumed that 7.5%
of infections were severe and would require hospitalization, that 50% of deaths
happened outside of hospitals (from data on Canton de Vaud described in the
Appendix, and data from Geneva collected fromOpenZH), that 16% of those
hospitalized would die (data from Vaud, see Appendix), and that the infection
fatality ratio (IFR) was 0.75%, which is in the range of published estimates14. 14 Verity et al., “Estimates of the Severity of

Coronavirus Disease 2019: AModel-Based
Analysis” in: The Lancet Infectious Diseases

(2020); Russell et al., “Estimating the Infection
and Case Fatality Ratio for Coronavirus
Disease (COVID-19) Using Age-Adjusted
Data from the Outbreak on the Diamond
Princess Cruise Ship, February 2020” in:
Eurosurveillance (2020).

Individual-level data on hospitalised cases from the canton of Vaud is used to
estimate the distribution of time spent in the hospital and in the intensive care
unit (ICU). Times to discharge and death are estimated using survival models
that account for right-censoring of observations (see Appendix). The number
of compartments for the linear-chain trick (i. e. the shape parameter for the erlang
distributed residence time) for each observable hospitalization state was obtained
by tting Erlang distributions to the data of Canton de Vaud. To account for
right-censoring the model is tted to the estimated log-normal distributions
described in the Appendix instead directly to observed times to events but
rather. The rate parameter of the Erlang distributions is calibrated for shape
parameters between 1 and 10 by minimizing the Kullback-Leibler (KL) divergence
between the Erlang and estimated log-normal distributions. The nal t was taken
to be the one with the smallest KL-divergence. We found that all hospitalization
processes were best represented with exponential distributions (Erlang with a
shape parameter of 1)15. 15 In the rst preprinted version without the

survival analysis, the shape parameters were
estimated to be of 2 for many compartments.
It highlights the importance of reasoning
about potential biases and of careful data
pre-processing.

Data and Inference

Dataset Curated data fromOpenZH16 up to April 24 is used. This dataset

16 openZH, openZH/Covid_19 (2020).

included, by canton, the number of hospitalised covid patients, and the cumu-
lative numbers of deaths, cases and hospital discharges; the latter not available
for all cantons. The cantonal estimate is focused on cantons that had enough
cases and data to obtain meaningful results, keeping 11 of the 26 cantons (Bern,
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Basel-Landschaft, Basel-Stadt, Fribourg, Geneva, Jura, Neuchâtel, Ticino, Vaud,
Valais and Zurich). These cantons account for 66% of the Swiss population. The
national estimate uses curated national aggregate data and thus encompassed all
cantons17. Unknown parameters of the model are tted using maximum like- 17 Probst,Daenuprobst/Covid19-Cases-

Switzerland (2020).lihood inference through iterated ltering18. No attempt to include conrmed
18 Ionides et al., “Inference for Dynamic and
Latent Variable Models via Iterated, Perturbed
Bayes Maps” in: Proceedings of the National

Academy of Sciences (2015).

case data into the observation model were made because of the heterogeneous
testing strategies adopted across cantons and over time. The model is therefore
tted to death incidence and changes in current hospitalisations using appropriate
likelihood functions:

deaths(t) ∼ Poisson(ΔD(t))
Δhosp(t) ∼ Skellam(ΔH (t),ΔDH (t) + ΔRH (t)),

(5.1)

where, ΔD(t), ΔH (t), ΔDH (t), ΔRH (t) are respectively the number of new
deaths, hospitalized, and deaths and discharged from hospitals at time t, and
Δhosp(t) is the dierence between the number of current hospitalizations at times
t and t − 1, for which a Skellam distribution19 is choosen. The full log-likelihood 19 which represents the dierence between two

independent random variables, each Poisson-
distributed. See Skellam, “The Frequency
Distribution of the Dierence between Two
Poisson Variates Belonging to Dierent
Populations” in: Journal of the Royal Statistical
Society. Series A (General) (1946).

of the observation model was taken as the sum of the individual log-likelihoods
of the Δhosp(t) and of the deaths(t). The model is calibrated separately for each
canton on the daily death and hospitalization until April 24. Hospitalization
incidence data at the cantonal level would have provided more information, but
this data was not accessible. Fitting to hospitalization incidence data, which access
was granted in the canton of Vaud, yielded similar results to those when changes
in current hospitalizations were used. The majority of model parameters were
either derived from Vaud data or the literature (see postprint si), which enables
the identiability of the reproduction numberR0.

Reproduction number estimation Time-varying basic reproduction
numbersR0 were estimated following a similar approach to Cazelles et al.20, 20 Cazelles et al., “Accounting for Non-

Stationarity in Epidemiology by Embedding
Time-Varying Parameters in Stochastic
Models” in: PLOS Computational Biology

(2018).

recently applied to covid-19 transmission in Hubei21. The method aims at infer-

21 Kucharski, Russell, et al., “Early Dynamics
of Transmission and Control of COVID-19: A
Mathematical Modelling Study” in: The Lancet
Infectious Diseases (2020).

ring the time series ofR0
22 that yields model dynamics that are in best agreement

22 As mentioned,R0, notReff is computed
as the presented method estimates the basic
reproduction number, i. e. the expected
number of infections generated by one infected
individual in a fully susceptible population.
To do so, the susceptible and recovered
populations are explicitly modeled while
other methods usually compute the eective
reproduction number in the population by
deconvolution of the observed incidence.

with the whole set of available observations. As such, the value ofR0 at a given
point in time is informed by the whole data, and therefore does not have the lim-
itations of being either “forward-looking” or “backwards-looking” as it is the case
of commonly used statistical methods applied for this purpose23.

23 Wallinga et al., “Dierent Epidemic Curves
for Severe Acute Respiratory Syndrome Reveal
Similar Impacts of Control Measures” in:
American Journal of Epidemiology (2004);
Cori et al., “A New Framework and Software
to Estimate Time-Varying Reproduction
Numbers During Epidemics” in: American

Journal of Epidemiology (2013); Lipsitch, Joshi,
et al., “Comment on Pan A, Liu L, Wang C, et
al. Association of Public Health Interventions
With the Epidemiology of the COVID-19
Outbreak inWuhan, China.” (2020).

The model equations are similar to the previously presented partially-observed
Markov Processes models, and are left in the postprint si. The dierence lies in
the force of infection. Given the state of the system at time t,Xt , and using the
same notations as in Chapter 3, the transition S −→ E reads:

P
[
ΔNSE (t) = 1 | Xt

]
= β(t) I1 (t) + I2 (t) + I3 (t)

P︸                        ︷︷                        ︸
Force of infection

S (t)Δt + o(Δt).
(5.2)

Time-varyingR0 (t) = β(t)/(3rI ) is modelled as a geometric random walk dened
by its calibrated variance, where β is the transmission parameter and 1/(3rI ) is the
mean duration spent in the infectious compartments I1 to I3. Once the time series
is inferred, the timing and slope of changes inR0 are evaluated by using linear
changepoint models24. The null model corresponded to a linear decrease between

24 Lindeløv,Mcp: An R Package for Regression

WithMultiple Change Points (2020).

two plateaus corresponding to the baseline value at the start of the epidemic and
a low value after the implementation of NPIs. To allow for dierent slopes in
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the decreasing phase ofR0, models with one and two additional breakpoints
(corresponding to two and three dierent slopes) are also tted, and the best
model was selected using Bayesian model selection based on leave-one-out cross-
validation (details in section 6 of the postprint si).

The estimated changes inR0 were contrasted with changes in activity-related
mobility data produced by Google25. Changes in activity were expressed as relative 25 Google LLC,Google COVID-19 Community

Mobility Report (2020).changes with respect to a baseline computed as the median over a 5-week period
from January 3 to February 6. Mobility changes were computed for dierent
categories: grocery and pharmacy, parks, transit stations, retail and recreation,
residential, and workplace. Mobility estimates were based on smartphone-based
geo-location location data (GPS, WiFi connections, Bluetooth) from users who
activated Location History for their Google Account. These data were used to
determine changes in the number of visits to and length of stays in locations
categorized into the above-mentioned types. The dataset therefore only covers
a sample of the Swiss population who use smartphones, the latter representing
around 80% of the total population in 202026. Gaps in the dataset were lled by 26 O’Dea, Smartphone Users in Switzerland

2018-2024 (2020).linear interpolation and a 7-day moving average was applied to smooth out weekly
seasonality in activities. The cross-correlation between changes inR0 and the
averaged changes in each type of activity was computed with lags up to 10-days.
Changes inR0 were computed based on location-specic baselines taken as the
mean value ofR0 from the beginning of the simulations, 5 days before the rst
reported case in each canton, until March 8. Changepoint models are employed to
identify dates of change in mobility patterns and inR0.

All data and code except for individual
hospitalization data from the canton of Vaud
have been deposited on Zenodo (doi.org/
10.5281/zenodo.3862075). The change
point analysis, model t and additional results
are omitted from this thesis and may be
found in the supplementary information of
(Lemaitre, Perez-Saez, et al. 2020).

Results

g. 5.3: Estimates of changes in the
basic reproduction numberR0. Me-
dian (dashed line), IQR (dark gray),
and the 95% QR (light gray) of the
estimated time series ofR0 are shown
for each canton. Vertical dotted lines
indicate the issuing of NPIs as de-
scribed in g. 5.1. Transparency at
the end of the time series indicates
increasing uncertainty (style inspired
by the reports of CMMID.

Over the study period,R0 trends follow a common trajectory nationally and
across cantons, starting with a high plateau (R0 > 2) in the early stage of the
epidemic followed by a rapid reduction starting at the beginning of March, and
reaching a low and stable value (R0 < 1) from the end of March onwards (g. 5.3).

At the beginning of the epidemic,R0 is estimated at 2.8 (95% condence inter-
val [CI] 2.06–3.83) at the national level, with cantonal-level values ranging from
2.5 to 3.1 (postprint si tab. 5). The onset of the reduction was estimated to be be-

doi.org/10.5281/zenodo.3862075
doi.org/10.5281/zenodo.3862075
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tweenMarch 4 (Basel-Stadt and Vaud) andMarch 11 (Geneva and Valais) at the
cantonal level and onMarch 7 at the national level (postprint si g. 11). Overall
strong support is found for the reduction inR0 starting before school closures on
March 13 (probability 0.99 at the national level, postprint si g. 11). Once started,
a strong decrease inR0 is estimated at the national (reduction of 0.16/day) and
cantonal levels (between 0.14/day in Jura to 0.18/day in Basel-Landschaft) (g. 5.3).
No strong support was found for changes of the slope during the decrease phase
at either at the national or cantonal levels except for Bern, Basel-Stadt, and Vaud,
for which additional changes in slopes were inferred towards the stabilization of
R0 at low values (postprint si tab. 7). R0 in Switzerland has been estimated to Additional results may be found in the

supplementary information of Lemaitre,
Perez-Saez, et al., “Assessing the Impact of
Non-Pharmaceutical Interventions on SARS-
CoV-2 Transmission in Switzerland” in: Swiss
MedicalWeekly (2020).

drop below 1 onMarch 19 (95% CIMarch 16–22) with individual cantons meet-
ing this threshold betweenMarch 16 (Basel-Stadt) andMarch 20 (Neuchâtel)
(postprint si g. 10). The probability thatR0 had already fallen below one was
low when schools closed onMarch 13 (national 0.006, cantonal from 0 in Geneva
to 0.23 in Basel-Landschaft), and high by the time gatherings of ve people or
more were banned onMarch 20 (national 0.92, cantonal from 0.52 in Neuchâtel
to 0.99 in Ticino) (postprint si g. 9). The estimated plateau value ofR0 after
the reduction, that is, fromMarch 29 to April 10, was 0.4 (95% quantile range
[QR] 0.3–0.6) at the national level, with median values at the cantonal level rang-
ing from 0.2–0.7 (postprint si tab. 5). At the national level,R0 was reduced by
86% (95% QR 79–90%), with median reductions ranging from 53% (Jura) to 92%
(Basel-Stadt) at the cantonal level. A gradual reduction inR0 leading to values
below one around the third week of March is consistent with the observed reduc-
tion of conrmed case incidence in early April, when taking into consideration
the delays due to the incubation period, with a median of 5.2 days27, and between

27 Lauer, Grantz, et al., “The Incubation Period
of Coronavirus Disease 2019 (COVID-19)
From Publicly Reported Conrmed Cases:
Estimation and Application” in: Annals of
InternalMedicine (2020).

symptom onset and reporting28. Similarly, the inection in the number of current

28 Bi, Wu, et al., “Epidemiology and Transmis-
sion of COVID-19 in 391 Cases and 1286 of
Their Close Contacts in Shenzhen, China: A
Retrospective Cohort Study” in: The Lancet
Infectious Diseases (2020).hospitalizations and ICU usage in early April also supportsR0 dropping below

one in mid-March.

g. 5.4: Changes in mobility patterns
andR0.Changes in mobility with
respect to baseline are shown by ac-
tivity type in terms of the daily values
(transparent lines) and 7-day rolling
mean (full lines), against the median
estimate ofR0 (black line). Vertical
dotted lines indicate the issuing of
NPIs as described in g. 5.1.

Activity-related mobility patterns changed markedly in all cantons since the be-
ginning of the epidemic (g. 5.4). Mobility related to work, retail and recreation,
and transit stations dropped by 50% to 75% at the national level, with cantonal-
level reductions ranging from 30% to 80% depending on activities. Residential-
related mobility increased across cantons between 20% and 30%. Strong support
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is found for mobility changes starting simultaneously for all activity types within
each canton. Changes in mobility are estimated to have started betweenMarch 6
to 14 for all cantons (postprint si g. 12), thus nding strong support for changes
starting before school closure onMarch 13 (national-level mean probability across
activities 0.70, cantonal range 0.55–0.99).

Based on the changepoint models, reductions inR0 likely started (probability
0.76) before observed reductions in mobility at the national level and across
cantons (g. 5.4). Changes inR0 were highly correlated with changes in mobility,
the strongest associations being with mobility related to work, transit stations,
retail and recreation, and residential (cross-correlations >0.9 in all cantons and
nationally, g. 5.5). In the majority of cases, the correlation between mobility and

g. 5.5: Timing between changes in
R0 and mobility. Left: the proba-
bility that the rst changepoint in
R0 occurred before the rst change-
point in mobility-related activity.
Right: Maximum cross-correlations
between time series of changes inR0

and changes in mobility (bars 95%
CI). Lags refer to the delay between
changes in mobility-related activity
and changes inR0 (positive lag k indi-
cates that current changes in mobility
have maximal cross-correlation with
changes inR0 k days in the past).

R0 was strongest with no lag between the two. However, changes in mobility to
workplaces lagged behind changes inR0 in Basel-Stadt and Basel-Landschaft.
Correlations between changes inR0 and grocery and pharmacy mobility were less
marked (national level 0.65), with changes in mobility occurring after changes in
R0 (negative lags in g. 5.5). In most cantons, a strong increase in park mobility
after March 25 resulted in a positive correlation with changes inR0, but with
negative lags (change in activity after change inR0, g. 5.5). The linear associations
between the level of reduction in mobility and maximum reduction inR0 across
cantons were found to be not signicant, except for a small eect size for reduced
park mobility (regression coecient of 0.15, 95% CI 0.02–0.25) (postprint si g.
8).

The eective reproduction numberReff , a commonmeasure which is an ag-
gregate measure of transmission capturing aspects of both infectious contacts and
of population susceptibility was estimated. Across cantons,Reff was extremely
close toR0, indicating that a small fraction of the population is expected to have
a natural immunity to SARS-CoV-2. As of April 24, an estimated 3.9% (95% QR
3.6–4.3%) of the population nationally had been infected, with median estimates
ranging from 1.9% (Bern) to 16% (Ticino) (g. 5.6). Modeled estimates of the pro-
portion infected of people infected in the canton of Geneva are in agreement with
preliminary results from ongoing serological studies, which have estimated the
seroprevalence to be 9.7% (95% CrI 6.1–13.1%) in the third week of April29, com-

29 Stringhini et al., “Repeated Seroprevalence
of Anti-SARS-CoV-2 IgG Antibodies in
a Population-Based Sample from Geneva,
Switzerland” in:medRxiv (2020).

pared with modeled estimates of 8.9% (95% QR 7.8–10.1%) after accounting for
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the time from infection to seroconversion30(postprint si g. 7). 30 Wölfel et al., “Virological Assessment of
Hospitalized Patients with COVID-2019” in:
Nature (2020).

g. 5.6: Modelled proportion of
people infected with SARS-CoV-2
in Switzerland up to April 24. Es-
timates were produced for 11 of 26
cantons for which enough data were
available (unmodelled cantons are
shown in gray with points indicating
the national-level estimated inci-
dence proportion of 3%). Values are
reported in the postprint si tab. 6.

Discussion

Our results suggest a strong reduction ofR0 across Switzerland since the start of
the epidemic. The reduction inR0 started aroundMarch 7, thus about 1 week be-
fore the implementation of lockdown-type NPIs. Analysis of activity-related mo-
bility data also showed strong support for changes in mobility starting before the
implementation of most NPIs. Estimated reductions of viral transmission were
strongly correlated and mostly synchronous with observed changes in mobility
patterns, although the initiation of changes in transmission preceded measurable
changes in activity-related mobility.

The methods used to infer the time series ofR0 do not rely on assumptions on
the shape of how it changed in time, nor on the dates at which changes started.
Alternative methods that rely on xed dates (such as that of the Imperial Col-
lege covid-19 Response Team31) might be biased as changes in transmission are

31 Flaxman et al.,Report 13: Estimating the

Number of Infections and the Impact of Non-

Pharmaceutical Interventions on COVID-19 in

11 European Countries in: 35 (2020).

not synchronous with policy changes. Distribution based methods such as pro-
vided by R package EpiEstim32 are exible but subject to bias when misused33.

32 Wallinga et al., “Dierent Epidemic Curves
for Severe Acute Respiratory Syndrome Reveal
Similar Impacts of Control Measures” in:
American Journal of Epidemiology (2004);
Cori et al., “A New Framework and Software
to Estimate Time-Varying Reproduction
Numbers During Epidemics” in: American

Journal of Epidemiology (2013).
33 Lipsitch, Joshi, et al., “Comment on Pan A,
Liu L, Wang C, et al. Association of Public
Health Interventions With the Epidemiology
of the COVID-19 Outbreak inWuhan,
China.” (2020).

In addition, the present approach enables the estimation ofR0, which is a direct
quantication of transmission potential, as opposed to the eective reproduc-
tion numberReff , which also accounts for the eect of susceptible depletion as
done in the above-mentioned statistical approaches. This enabled us to estimate
the proportion of reduction in transmission attributable to behavioral changes,
which is therefore more suited to study the impact of NPIs. Aside from these
methodological dierences, the present estimates are in line with other estimates
in Switzerland: Althaus et al.34 estimated a reduction of 89 % (83–94%) from a 34 Althaus,Real-TimeModeling and Projec-

tions of the COVID-19 Epidemic in Switzerland

(2020).
baseline of 2.78 (2.51–3.11), Scire et al.35 estimated a reduction of 76 % (70–82%)

35 Scire et al., “Reproductive Number of the
COVID-19 Epidemic in Switzerland with
a Focus on the Cantons of Basel-Stadt and
Basel-Landschaft” in: Swiss MedicalWeekly

(2020).

from a baseline of 1.88 (1.80–1.98) and Imperial College estimated a reduction of
60% (50–80%) from a baseline of 3.5 (2.8–4.3)36.

36 Flaxman et al.,Report 13: Estimating the

Number of Infections and the Impact of Non-

Pharmaceutical Interventions on COVID-19 in

11 European Countries in: 35 (2020).

The presented results provide strong support for a reduction of transmission
starting about 1 week before school closure, the rst national-level NPI targeting
daily activities, which was ordered onMarch 13. Moreover, initiation of transmis-
sion reduction was found to precede changes in mobility patterns as detectable
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from the Google dataset. A possible explanation for this initial decrease in trans-
mission could be linked to the strong increase in public interest in covid-19 in
February as measured by Google searches for covid-19-related keywords (g. 5.7).

g. 5.7: Google trends for covid-19 and
changes inR0 in Switzerland. Trends cor-
responds to the amount of searches for the
keyword “coronavirus” (red line) between
February 15 and April 30 and are given as a
percent of the maximum number of searches in
the period, the time evolution ofR0.

In fact, a second sharp rise in Google searches is estimated to have started on
March 7 (95% CrI March 3–9), which overlaps with the estimated start of the
national level decrease inR0 onMarch 7 (probability that changepoints coincide
0.76). The Federal Oce for Public Health issued an information campaign on
covid-19 on February 28, which was updated onMarch 2 to stress basic hygiene
rules37. This may have resulted in voluntary social distancing as well as increased

37 OFSP,Nouvelles Règles d’hygiène et de

Conduite Pour Se Protéger Contre Le Nouveau

Coronavirus (2020).

hygiene early on without noticeable changes in mobility patterns. This type of
proactive change in behavior would be in line with early changes in mobility pat-
terns, which were estimated to precede school closures and subsequent measures.
The present results suggest that the value ofR0 was likely already below one on
March 20, when the federal government banned gatherings of more than ve
people and recommended voluntary home isolation for the whole population.
This result should however be taken within context, as the announcement was
anticipated on social networks earlier that week, and so was probably already
impacting social distancing behavior. Therefore caution is recommended in any
causal interpretation of these results on the role of this last NPI on drivingR0

below one.
Despite the strong association between the changes in mobility and reductions

inR0 within each canton, the lack of cross-cantonal associations between the level
of reduction in mobility types and the level of reduction inR0 suggests context-
specic pathways between covid-19 transmission and mobility intensity. These
warrants caution in attempting to apply general relations between mobility and
transmission reduction. Investigation of general associations will require more in-
depth studies controlling for other factors such as population density, economic
activities and social mixing patterns, and inter-cantonal mobility patterns, in
addition to the incorporation of potential environmental drivers of transmission
such as temperature and relative humidity38. 38 Neher et al., “Potential Impact of Seasonal

Forcing on a SARS-CoV-2 Pandemic” in:
Swiss MedicalWeekly (2020); Kissler et al.,
“Projecting the Transmission Dynamics of
SARS-CoV-2 through the Postpandemic
Period” in: Science (2020).

Several limitations to this work are noted. First, due to the relatively recent
introduction of SARS-CoV-2 in Switzerland compared with the length of hospi-
tal and ICU stays, the time distribution of hospital in- and out-patients is biased
towards shorter duration (see Appendix), which is addressed by accounting
with right-censoring using survival models. In addition, because of the limited
data available in some places, it was only possible to t the model for 11 of the 26
cantons. Modeling results presented in this work are subject to hypothesis on yet
uncertain parameters of covid-19, including the infection fatality rate and the
proportion of severe infections requiring hospitalization. An important uncer-
tainty is the fraction of asymptomatic infections and their relative contribution to
disease transmission. It is assumed that all infected individuals contribute equally
to transmission, which means the estimation of the proportion of people infected
would under-estimate true cumulative incidence if there were a large fraction
of asymptomatic infections with a relatively low contribution to transmission.
Evidence from South Korea, however, suggests that only a small fraction (2%) of
conrmed covid-19 infections are asymptomatic, and none of the household
members of these asymptomatic carriers were infected39. Moreover, model results

39 Park, Kim, et al., “Early Release - Coron-
avirus Disease Outbreak in Call Center, South
Korea - Volume 26, Number 8—August 2020 -
Emerging Infectious Diseases Journal - CDC”
(2020).

are in agreement with preliminary results from ongoing serological studies in
Switzerland40. The presented estimates of time-varying basic reproduction num-

40 Stringhini et al., “Repeated Seroprevalence
of Anti-SARS-CoV-2 IgG Antibodies in
a Population-Based Sample from Geneva,
Switzerland” in:medRxiv (2020).
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bers assume that the generation interval for covid-19 in Switzerland remained
unchanged, thus potentially ignoring the joint role ofR0, the infectious period,
and contact rates in determining the disease’s intrinsic growth rate41. If the genera- 41 Yan, “Separate Roles of the Latent and

Infectious Periods in Shaping the Relation
between the Basic Reproduction Number
and the Intrinsic Growth Rate of Infectious
Disease Outbreaks” in: Journal of Theoretical
Biology (2008).

tion interval increased with the reduction of social contact then these estimates are
conservative overestimates of the “true” value ofR0, which is encouraging from a
public health perspective. Inferred disease dynamics and estimated time-varying
R0 also depend on the values of the incubation period, which is set to the esti-
mates currently available in the literature. In the present modeling framework, the
initial conditions were estimated along with changes inR0, which could, however,
be inuenced by the role of imported cases in driving disease dynamics, especially
in cantons bordering regions with strong covid-19 transmission in early Febru-
ary (Eastern France for Basel-Stadt and Basel-Landschaft and Northern Italy for
Ticino). Since importations were not modeled, this could yield an overestimation
of the initial value ofR0, which warrants caution in interpreting specic values
ofR0 in these cantons. This potential overestimation would, however, not aect
the strong inferred reduction inR0. Another limitation of this study is that it was
not possible to disentangle the individual contribution of each NPI onR0 in this
analysis owing to the early onset of changes inR0 and in mobility patterns, as well
as the very close spacing between the dierent types of NPI. This information
would, however, be extremely valuable in supporting decisions on NPI strategies
against covid-19. Eorts to constitute a global database of NPIs will provide the
opportunity to extend this type of analysis to other settings and produce evidence
for the eect of dierent types of NPIs42. 42 HIT COVID Team,Health Interventions

Tracking for COVID-19 (HIT-COVID) (2020).As the Swiss government plans to gradually lift restrictions, close monitoring
of changes inR0 is critical, given that the reductions in transmission appear to
be almost entirely driven by changes in behavior, not through herd immunity.
Near real-time estimates ofR0 may serve as a critical tool for public health and
political decision makers in the months to come, and eorts should be made to
rene models like ours using new data, including those from population-based
serological studies, mobility data, and more detailed individual-level data on
covid-19 cases across the spectrum of severity.

While relying on hospitalization and death
allowed for an early robust identication of
the basic reproduction number, it would
be necessary to add a reporting process and
case data to update this estimate through
2020-2021. Methods based on observed
data are easier to maintain, and reliable
continuous updates of the reproduction
number in Switzerland are available on
the Swiss National covid-19 Task Force
website sciencetaskforce.ch/en/
current-situation/. It is provided by
the ETHZ, with the method described in
Huisman et al., “Estimation andWorldwide
Monitoring of the Eective Reproductive
Number of SARS-CoV-2” in:medRxiv (2021).
The modeled incidence from the present
Chapter has been later used as “truth”
to compare waste-water data with reported
cases, see: Fernandez-Cassi et al., “Wastewater
Monitoring Outperforms Case Numbers as a
Tool to Track COVID-19 Incidence Dynamics
When Test Positivity Rates Are High” in:
Water Research (2021).

sciencetaskforce.ch/en/current-situation/
sciencetaskforce.ch/en/current-situation/




Chapter 6

Optimizing the spatio-temporal allocation of
covid-19 vaccines: Italy as a case study

The development of vaccines has sparked high hopes towards the control of SARS-CoV-2 transmission without resorting to
extensive community-wide restrictions. While vaccine distribution campaigns are underway across the world, communities
face the challenge of a fair and eective distribution of limited supplies. One may wonder whether suitable spatial allocation
strategies might signicantly improve a campaign’s ecacy in averting damaging outcomes. To that end, the problem of opti-
mal control of covid-19 vaccinations is addressed in a country-wide geographic and epidemiological context characterized by
strong spatial heterogeneities in transmission rate and disease history. The vaccine allocation strategies in space and time that
minimize the number of infections in a prescribed time horizon are searched for. Scenarios of unfolding disease transmission
across the 107 provinces of Italy, from January to April 2021, are generated by a spatially explicit compartmental covid-19
model tailored to the Italian geographic and epidemiological context (Bertuzzo, Mari, Pasetto, et al. 2020; Gatto, Bertuzzo,
et al. 2020). A novel optimal control framework is developed to derive optimal vaccination strategies given the epidemiological
projections and constraints on vaccine supply and distribution logistics. Optimal schemes signicantly outperform simple
alternative allocation strategies based on incidence, population distribution, or prevalence of susceptibles in each province.
Results suggest that the complex interplay between the mobility network and the spatial heterogeneities imply highly non-
trivial prioritization of local vaccination campaigns. By accounting for spatial heterogeneities and human mobility networks,
the presented approach complements currently used allocation methods based on criteria such as age or risk. The extent of the
improvement grants further inquiry aimed at rening other possibly relevant factors so far neglected. This Chapter thus
provides a proof-of-concept of the potential of optimal control for complex and heterogeneous epidemiological contexts at
country, and possibly global, scales.

This chapter is based on the following preprint: Joseph C. Lemaitre, Damiano Pasetto, Mario Zanon, Enrico Bertuzzo,
LorenzoMari, StefanoMiccoli, Renato Casagrandi, Marino Gatto, and Andrea Rinaldo. “Optimizing the Spatio-Temporal
Allocation of COVID-19 Vaccines: Italy as a Case Study”. In:medRxiv (May 13, 2021), p. 2021.05.06.21256732

Introduction

The deployment of SARS-CoV-2 vaccines is limited in many countries by the
available stock and the logistics to distribute the doses1. Current prioritization

1 Khamsi, “If a Coronavirus Vaccine Arrives,
Can theWorld Make Enough?” In: Nature

(2020); National Academies of Sciences,
Framework for Equitable Allocation of COVID-

19 Vaccine (2020).
approaches typically target groups at higher risk of severe outcomes2, or their 2 Spassiani et al., “Vaccination Criteria Based

on Factors Inuencing COVID-19 Diusion
andMortality” in: Vaccines (2020); Matrajt
et al., “Vaccine Optimization for COVID-19:
Who to Vaccinate First?” In: Science Advances
(2020).

indirect protection by vaccinating those with higher disease transmission3. The

3 Gallagher et al., “Indirect Benets Are a
Crucial ConsiderationWhen Evaluating
SARS-CoV-2 Vaccine Candidates” in: Nature

Medicine (2021); Tuite, Zhu, et al., “Alternative
Dose Allocation Strategies to Increase Benets
from Constrained COVID-19 Vaccine Supply”
in: Annals of InternalMedicine (2021).

main hypothesis of this chapter is that taking into account spatial heterogeneities
in disease transmission when designing prioritization strategies will signicantly
improve the eectiveness of vaccination campaigns. The distribution of doses
inside each country is limited by the logistic capabilities of the healthcare network
and the rate at which the vaccine stock is replenished. Decisions concerning
the best allocation strategies are to be taken under these constraints. Moreover,
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the complex coupling between regions due to human mobility and the spatial
heterogeneities in disease history make the discovery of such optimal allocation
strategies an arduous task.

An optimal control framework to explore covid-19 vaccine distribution in
space and time is proposed. It is applied to the SARS-CoV-2 epidemic in Italy
where strong spatial eects arise from the geography of the disease, heterogeneous
lockdown exit strategies, and post-lockdown control measures4.

4 Marziano et al., “Retrospective Analysis
of the Italian Exit Strategy from COVID-19
Lockdown” in: Proceedings of the National

Academy of Sciences (2021).

The problem of vaccine allocation is of primary importance for public-health
ocials, epidemiologists, and economists5. Roll-out strategies are conventionally

5 Emanuel et al., “An Ethical Framework
for Global Vaccine Allocation” in: Science
(2020); Lipsitch and Dean, “Understanding
COVID-19 Vaccine Ecacy” in: Science (2020).

based on the prioritization of individuals at risk, such as health workers and
elderly people6. However, the heterogeneous ways in which dierent regions may

6 Bubar et al., “Model-Informed COVID-19
Vaccine Prioritization Strategies by Age and
Serostatus” in: Science (2021); Fitzpatrick et al.,
“Optimizing Age-Specic Vaccination” in:
Science (2021); Baden et al., “Ecacy and Safety
of the mRNA-1273 SARS-CoV-2 Vaccine” in:
New England Journal ofMedicine (2020); Yang
et al., “Who Should Be Prioritized for COVID-
19 Vaccination in China? A Descriptive Study”
in: BMCMedicine (2021).

be aected by each successive wave raise questions about spatial prioritization
strategies. What is the best feasible spatial allocation, given supply and logistic
constraints? Would that dier signicantly from current non geographically
optimized plans? Should vaccines be distributed on the basis of demography
or would it be better to prioritize areas currently subject to an outbreak? How
relevant are the susceptibility prole and future transmission in each region?

Epidemiological modeling has long been used to answer questions about the
impact of vaccination campaigns, often by comparing outcomes under dierent
scenarios7. Optimization, i.e, the search for the best possible course of action

7 such as the study by Lee et al. (2020) pre-
sented in Chapter 3.

that maximizes or minimizes an objective metric, has been carried out theoret-
ically since the seventies8. Recent dramatic improvements of both algorithms9

8 Morton et al. 1974; Sethi et al. 1978; Green-
halgh 1988.
9 Quirynen et al., “Multiple Shooting in a
Microsecond” (2015).

and computational power prompted applied studies using dierent methods to
rigorously nd optimal mitigation strategies: most of the time trough iterative
parameter search10, but also using genetic algorithms11 or solving the Hamilton-

10 Sah et al. 2018; Medlock et al. 2009.
11 Patel et al. 2005.

Jacobi-Bellman equations12.

12 Zakary et al. 2017; Miller Neilan et al. 2011.

Interesting developments have recently arose during the ongoing SARS-CoV-2
pandemic13. The urgency of eective vaccination campaigns led to the develop-

13 Fitzpatrick et al., “Optimizing Age-Specic
Vaccination” in: Science (2021); Thul et al.,
Stochastic Optimization for Vaccine and Testing

Kit Allocation for the COVID-19 Pandemic

(2021); Moore et al., “Vaccination and Non-
Pharmaceutical Interventions: When Can the
UKRelax about COVID-19?” In:medRxiv

(2021).

ment of modeling frameworks for the optimization of vaccine allocation, based on
age or risk14, dose timing15, and the deployment of testing resources, using optimal

14 Matrajt et al. 2020; Spassiani et al. 2020;
Fitzpatrick et al. 2021; Bubar et al. 2021.

15 Saad-Roy et al., “Epidemiological and
Evolutionary Considerations of SARS-CoV-2
Vaccine Dosing Regimes” in:medRxiv (2021);
Kadire et al., “Delayed Second Dose versus
Standard Regimen for Covid-19 Vaccination”
in: New England Journal ofMedicine (2021).

control16 or Bayesian experimental design17, along with prioritization based on

16 Acemoglu, Fallah, et al.,Optimal Adaptive

Testing for Epidemic Control: Combining

Molecular and Serology Tests (2021).
17 Chatzimanolakis et al., “Optimal Allocation
of Limited Test Resources for the Quanti-
cation of COVID-19 Infections” in: Swiss
MedicalWeekly (2020).

social contact networks18.

18 Chen et al., “Prioritizing Allocation of
COVID-19 Vaccines Based on Social Contacts
Increases Vaccination Eectiveness” in:
medRxiv (2021).

To our knowledge, optimal spatial allocation of covid-19 vaccines at a coun-
try scale has never been performed yet. This question is distinct from, and comple-
mentary to, risk-based prioritization. Spatial heterogeneities in disease transmis-
sion are complex, as seen during the initial outbreaks, supporting the signicance
of the posed problem towards eective control of the epidemic. However, the
connectivity network underlying spatial epidemiological models may generate
complex large-scale control problems whose solution requires tailored formula-
tions and ecient algorithms.

This work aims to nd optimal strategies for this problem through modern
optimization methods based on distributed direct multiple shooting, automatic-
dierentiation, and large-scale nonlinear programming19. This allows us to solve 19 Bock et al., “AMultiple Shooting Algorithm

for Direct Solution of Optimal Control
Problems” (1984); Savorgnan et al., “Multiple
Shooting for Distributed Systems with
Applications in Hydro Electricity Production”
in: Journal of Process Control (2011); Andersson
et al., “CasADi – A Software Framework
for Nonlinear Optimization and Optimal
Control” in:Mathematical Programming

Computation (In Press, 2018); Wächter et al.,
“On the Implementation of an Interior-Point
Filter Line-Search Algorithm for Large-Scale
Nonlinear Programming” in:Mathematical

Programming (2006).

the large-scale optimization problems arising from epidemiological models, even
when considering hundreds of spatial nodes.
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Materials and methods

The formulation of the optimal control problem has three main components:
1) an objective function to be minimized, here the total incidence in Italy from
January 11, 2021 to April 11, 2021; 2) the set of constraints that the control must
satisfy, in this case the limitations on vaccine administration rate in each province
and the total vaccine stock in Italy; and 3) the spatial epidemiological model20 20 Gatto, Bertuzzo, et al., “Spread and Dynam-

ics of the COVID-19 Epidemic in Italy: Eects
of Emergency Containment Measures” in:
Proceedings of the National Academy of Sciences

(2020); Bertuzzo, Mari, Pasetto, et al., “The
Geography of COVID-19 Spread in Italy and
Implications for the Relaxation of Conne-
ment Measures” in: Nature Communications

(2020).

governing the transmission dynamics with the daily vaccination rates in each
province as control variables. The objective, the model, and the constraints may be
tailored to specic applications within the proposed framework.

Objective function

Optimizing calls for a metric, whose selection is critical in determining the optimal
solution and its outcome. The choice of an objective function relates to health,
economy, and ethics. Possible candidates are the minimization of e.g. DALYs
(the Disability-Adjusted Life Years), the number of deaths, and economic loss21. 21 Du et al., “Comparative Cost-Eectiveness of

SARS-CoV-2 Testing Strategies in the USA: A
Modelling Study” in: The Lancet Public Health

(2021).

All these objectives are linked and may be combined together. As the model
considered for this work does not have risk classes, without loss of generality it is
optimized for the minimization of the incidence on Italy from January 11 to April
11, 2021. Minimization of the deaths would yield the same results with the present
model.

Constraints

Two types of constraints are dened: supply constraints, which determine the
weekly delivery to the national stockpile; and logistic constraints, which limit the
maximum rate of local vaccine distribution in each province.

The supply constraints ensure that the model does not distribute more vac-
cines than what is actually available in stock. It is assumed that the national supply
of vaccine doses is empty on January 11, 2021 and is replenished every Monday.
Four scenarios are considered with weekly deliveries of 479’700 (realistic, baseline
value), 1m, 1.5m and 2m vaccine doses.
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g. 6.1: Local maximum vaccination
rate constraint vmax

i for each province.
This logistic constraint bounds the
maximum number of vaccines to
0.5m of doses per day, with a local
rate that is proportional to the node
population. Here the maximum
vaccination rate for each province
(the constraint the solution has to
comply with) is shown in red, and
the maximum rate prescribed by the
optimal solution while simulating
the pessimistic scenario with a stock-
pile delivery of 479’700 doses, in
black. The optimal solution uses the
maximal capacity of the logistic net-
work while respecting the constraint
dened.

From the national stockpile, doses may be allocated to any of the 107 Italian
provinces, but the logistic constraints limit the rate at which it is possible to
distribute the vaccines in each province. The maximum number of individuals
who can be vaccinated in a province per day is assumed to be proportional to the
province’s population, such that the national maximum distribution capacity
equals 500,000 doses per day, i.e., 3.5m per week if every province vaccinates at its
maximum rate (which in retrospect is close to Italy’s vaccination rate as of May 1,
2021) (g. 6.1).
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covid-19 transmission model

The optimal control framework may be used with any compartmental SARS-
CoV-2 transmission model that can be approximated by ordinary dierential
equations. To demonstrate its usefulness, it is applied a complex model based on
previous work that was aimed to describe the rst wave of covid-19 infections in
Italy 22. 22 Gatto, Bertuzzo, et al., “Spread and Dynam-

ics of the COVID-19 Epidemic in Italy: Eects
of Emergency Containment Measures” in:
Proceedings of the National Academy of Sciences

(2020); Bertuzzo, Mari, Pasetto, et al., “The
Geography of COVID-19 Spread in Italy and
Implications for the Relaxation of Conne-
ment Measures” in: Nature Communications

(2020).

The proposed framework is constituted of two disease transmission models,
one “true” model and a simplied one used for control:

• The full model is a covid-19 model, as designed in Gatto, Bertuzzo, et al.
(2020) and Bertuzzo, Mari, Pasetto, et al. (2020). This model is ODE-based,
includes full connectivity based on mobility data, and is implemented in
MATLAB using the adaptive step ode45 integration scheme. Using data
assimilation, the joint-posterior distribution is obtained for all parameters of
this model.

• The simplied model used for optimal control is an approximation of the
above model, integrated using an explicit Runge-Kutta 4 method with xed
step size. The problem is simplied by limiting the connectivity to the largest
mobility uxes (g. 6.3) and optimizing only one (median) realization of the
posterior. This model is implemented in Python with the CasADi library.

Model description The model subdivides the Italian population into
its 107 provinces represented as a network of connected nodes. Each province
has local dynamics describing the number of individuals present in each of the
model compartments: susceptible S, exposed E, pre-symptomatic P (incubating
infectious), symptomatic infectious I , asymptomatic infectious A, hospitalized
H , quarantinedQ, recoveredR, and deadD. A tenth compartment, vaccinated
individualsV , is added to the original nine, as shown in g. 6.2.

Apart from hospitalizedH , quarantinedQ, deadD, and symptomatic individ-
uals I , a fraction of the other individuals commutes between provinces along the
mobility network, thus node-to-node disease transmission is introduced along the
network shown in g. 6.3. The covid-19 transmission dynamics are described
by the following set of ordinary dierential equations in each province i with
populationNi:

Not mobile

Target for
vaccination

Infectious

     Province

g. 6.2: Diagram representing the compart-
ments of the epidemiological model and the
possible transitions in a single province. The
control is the vaccination rate (teal arrows),
aiming at minimizing incident infections (pink
arrow). Individuals in compartments outside
of the yellow block are able to move along the
mobility network.

¤Si = −λi (t)Si − rvi (t)Si
¤Ei = λi (t)Si − (δE + rvi (t))Ei
¤Pi = δEEi − (δP + rvi (t))Pi
¤Ii = σδPPi − (γI + η)Ii
¤Ai = (1 − σ)δPPi − (γA + rvi (t))Ai

¤Qi = ζηIi − γQQ

¤Hi = (1 − ζ )ηIi − (γH + αH )H
¤Ri = γI Ii + γAAi + γHHi + γQQi − rvi (t)Ri

¤Vi = rvi (t) · (Si + Ei + Pi +Ai +Ri).

(6.1)

Susceptible individuals get exposed to the pathogen at rate λi (t), corresponding to
the force of infection for community i, thus becoming latently infected (but not
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infectious yet). Exposed individuals transition to the post-latent, infectious stage
at rate δE . Post-latent individuals progress to the next infectious classes at rate δP ,
developing an infection that can be either symptomatic—with probability σ—
or asymptomatic—with probability 1 − σ . Symptomatic infectious individuals
recover from infection at rate γI and may seek treatment at rate η. Asymptomatic
individuals recover at rate γA. Infected individuals who sought treatment are
either hospitalized (rate 1 − ζ ) or quarantined (rate ζ ) at home and are considered
to be eectively removed from the community, thus not contributing to disease
transmission. Individuals who recover from the infection are assumed to have
long-lasting immunity to reinfection at the timescale studied, but possible loss of
immunity can be easily included in the model. Hospitalized individuals die at rate
αH and recover at rate γH .

Individuals in compartments S,E,P,A,Rmight receive vaccine doses. If the
chosen strategy allocates vi (t) doses in node i at time t, the vaccination rate is:

rvi (t) =
vi (t)

Si (t) + Ei (t) + Pi (t) +Ai (t) +Ri (t)
. (6.2)

Vaccinated individuals are moved at rate rvi (t) from their original compartments
to compartmentV , where they do not contribute to the infection anymore.

The estimated vaccine ecacy and immunity duration depend on the vaccine
type. Because the focus is on spatial patterns and dierences among vaccination
strategies, the vaccination process is simplied by assuming a one-dose vaccine
with instantaneous 100% ecacy. Moreover, vaccine protection is assumed to
persist during the three months of projection considered.

Force of infection and simplifications In addition to the province’s
local dynamics, it also considers that local susceptibles may enter in contact with
infected individuals that are traveling, and oppositely, susceptible commuters
may become infected through contact with local infected. Compartments P,
A, and I have dierent degrees of infectiousness and contribute to the force of
infection (eqn. (6.3) and (6.4)), which represents the rate at which susceptibles
S become infected and, thus, enter the exposed compartment E. The force of
infection in each province is divided (for computational reasons) in a local and
a mobility component. The local component describes transmission among
the local individuals. The mobility component considers that local susceptibles
may enter in contact with infected individuals that are traveling, and oppositely,
susceptible commuters may become infected through contact with local infected.
Connected provinces contribute to this process depending on the strength of the
mobility uxes from and to the node of interest.

g. 6.3: Mobility network: the force of infec-
tion in a province is coupled to the dynamics
of other connected provinces. To reduce the
problem to a tractable size, only the most im-
portant connections (red edges) are considered
when optimizing, but the full network (red
and grey edges) is used to assess the dierent
strategies. Nodes size and color display each
province’s population, and edges width shows
the straight of the coupling between each pair
of provinces.

Namely the force of infection λi (t) is split between the sum of the local force
of infection λLi (t), from infected in node i and a mobility-driven force of infection
from the network λNi (t), hence λi (t) = λLi (t) + λMi (t). While running the model,
it became apparent that λMi (t) � λLi (t). Hence this articial separation will be
exploited when simplifying the model for optimal control. As described below,
λMi (t) is updated every day whereas λLi (t) is updated at each integration step.

As for the formulations of the force of infection it reads:

λLi (t) = Ci,iβ0βi (t) ·
Ci,i (Pi + εAAi) + εI Ii

Ci,i · (Si + Ei + Pi +Ri +Ai +Vi) + Ii
, (6.3)

and the inuence of other provinces on province i is written as:
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λMi (t) =
∑︁
m,m≠i

(
Ci,m ·

∑
n,n≠m

[
Cn,m · β0βn (t) (Pn + εAAn)

]
+ εIβ0βm (t)Im∑

l,l≠m
[
Cl,m · (Sl + El + Pl +Rl +Al +Vl)

]
+ Im

)
, (6.4)

where β0 is the baseline transmission rate, while βi (t) is a spatially distributed
and time-varying parameter describing site- and time-specic variations in trans-
missibility due to non-pharmaceutical interventions or other exogenous factors
like variants. The parameters εA and εI represent the reduction of transmission
respectively for asymptomatic and symptomatic individuals with respect to pre-
symptomatic individual transmissions. Matrix C accounts for mobility: each
element Ci,j of the matrix (i ≠ j) represents the proportion of individuals moving
from i to j, while the diagonal elements Ci,i are the proportions of individual who
do not move in each node i.

The objective for this modeling work is to minimize the total incidence of
infections, i.e.,

∫ tf
ti

∑
i λi (t)Si . Note that for the present model, this is equivalent

to optimizing the total deaths or hospital admissions, as without risk classes the
sizes of these two compartments are proportional to each other.
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g. 6.4: Data assimilation and pro-
jected scenarios for optimization.
Comparison between the model out-
puts (95% condence interval (CI) of
the ensemble, blue shaded area) and
the corresponding epidemiological
data fromMarch 2020 to January
2021. The orange and green shaded
areas respectively show the ensemble
dynamics (95% CI) of what is called
pessimistic and optimistic transmis-
sion scenarios from January to April.
The optimal vaccination strategy
in the optimistic (or pessimistic)
scenario is computed with respect to
the continuous green (or orange) line,
representing the model trajectory
obtained using the median of each
ensemble parameter. A. The data on
the daily hospitalizations is estimated
as described in (Bertuzzo, Mari,
Pasetto, et al. 2020); this data at the
regional level is assimilated on a mov-
ing window of 14 days to update the
model parameters describing the local
transmission rates. B. Daily number
of newly exposed individuals versus
the reported positive cases. Note
that, the model assumes the presence
of 90% asymptomatics among the
exposed individuals, who are possi-
bly not detected by the surveillance
system. C. Daily number of deaths.

Calibration and scenarios The epidemiological model, previously cal-
ibrated during the rst wave of covid-19 in Italy, is updated up to January 11,
2021 using an iterative particle ltering. This data assimilation scheme allows us
to capture the second wave of infections that hit Italy in the Fall of 2020, a neces-
sary requirement to generate model projections that take into account the whole
epidemic history, as shown in g. 6.4. In this approach, model projections are
described by an ensemble of a thousand trajectories associated with dierent pa-
rameters, whose distributions quantify the model uncertainty. Two projection

The detailed methods for the data assimilation
scheme is provided in the supplementary
information of (Lemaitre, Pasetto, Zanon, et al.
2021), and this thesis focuses on the optimal
control problem. However, data assimilation
is a key component allowing to update models
states and parameters as new data becomes
available, making it necessary for Model
Predictive Control, see sectionDiscussion.

scenarios are considered, each characterized by a possible rate of epidemic trans-
mission, see g. 6.4. The “Optimistic” scenario assumes a constant lowering of
transmission from January 11, 2021 to April 11, 2021; the “Pessimistic” scenario
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considers a gradual increase in transmission until mid-February 2021, which results
in a third wave.

For each scenario, the optimal control problem is solved for one reference
model trajectory, whose parameters and state on January 11, 2021 are obtained
as the median values of the 1’000 model realizations. In this way, the reference
trajectory approximately represents the ensemble median in each province. Then,
the eectiveness of the optimal allocation is assessed on the full ensemble of
trajectories.

This division is necessary in order to solve the optimal control problem in a
reasonable time. To adapt the presented framework to another model/country,
one would need to update the “true” model to a suitable candidate (which could
be a stochastic model, a HiddenMarkov model, or any other kind) and design a
tractable approximation of this new model to be solved by optimal control.

The optimal vaccination course that minimizes the objective is computed
based on the simplied model. Then, this strategy and the alternative ones are
evaluated on the full model, for dierent posterior realizations. If the simplied
model is suciently accurate, the performance loss is small and the proposed
strategy outperforms simpler strategies, as shown in the simulation results.

Formulation of the optimal control problem

Optimal control problem definition Let n the number of spatial nodes
(n = 107 provinces in Italy) andm the number of epidemic states in the model
(m = 9 states). The states of the system are noted x(t) ∈ Rn×m

+ , i.e., x(t) is a
vector containing the epidemic variables Si (t), Ei (t), Pi (t), Ii (t), Ai (t),Qi (t),
Hi (t),Ri (t),Vi (t) for every province i = 1, ..., n. The rate of vaccine rollout for
every node at time t is written v(t) = (v1 (t), ..., vn (t)) ∈ Rn

+, representing the
control variable.

The dynamics of the epidemiological model, in eqn. (6.1), are expressed as an
ordinary dierential equation in each province i:

¤xi (t) = Fi (xi (t), vi (t),mi (t), t), (6.5)

wheremi (t) carries the contribution of other provinces to the force of infection
of node i, i. e. eqn. (6.4). The epidemiological model can be noted as following
system of ordinary dierential equations coupling disease transmission among all
provinces:

¤x(t) = F (x(t), v(t),m(t), t). (6.6)

For simplicity, the time dependence is dropped in the equations below, and the
state and control variables for the full system are written as:

x = (x1, . . . , xn), v = (v1, . . . , vn),

with the global dynamics for all provinces then denoted:

F (x, v) = (F1 (x1, v1,m1), . . . , Fn (xn, vn,mn)).

The coupled force of infection in node i is denoted λi . The cost function is
dened as the national incidence, i.e., the sum of new infections (transitions
Si −→ Ei) in all provinces at time t, for every node i, i.e.,

L(x, v) =
n∑︁
i=1

λiSi .
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For the sake of generality the terminal costM is introduced, which can be used
to ensure that the system is left in a proper state instead of optimizing for short-
term gain. Since properly designing the terminal cost could require a long analysis,
for simplicity it is not used in this work, henceM (·) = 0.

Given the dynamical system with states x, controls v, and dynamics F , the
optimal control problem is:

min
v( ·)

∫ T

0
L(x(t), v(t)) dt +M (x(T )) (6.7a)

s.t. x(0) = x̂0, (6.7b)

¤x(t) = F (x(t), v(t)), ∀ t ∈ [0,T ], (6.7c)

H (x(t), v(t)) ≤ 0, ∀ t ∈ [0,T ], (6.7d)

where the aim is to minimize the cost function over the control horizon T , while
enforcing the modeled SARS-CoV-2 transmission dynamics (eqns. (6.7b) and
(6.7c)). Moreover, the constraints imposed by vaccine availability and the maxi-
mum vaccination rate are lumped in functionH that expands to

vi (t) ≥ 0, i ∈ In1 , (6.8a)∫ td+1

td

vi (t) dt ≤ vmax
i ∝ Ni , i ∈ In1 , td ∈ IT0 , (6.8b)∫ t

0

n∑︁
i=1

vi (t) dt ≤ D(t), ∀ t ∈ [0,T ], (6.8c)

where time is measured in days, and Iba is the set of all integers a ≤ k ≤ b.
eqn. (6.8a) enforces that one can only distribute a non-negative amount of vaccine
doses. Eqn. (6.8b) states the logistic constraints, which limit to vmax

i the amount
of individuals that can be vaccinated each day in each node; here td is the time
at which each day starts. The daily vaccination capacity of each province is set
to be proportional to its population sizeNi , assuming a fair distribution of the
sanitary infrastructure among provinces, as shown in g. 6.1. The constraint
on the national stockpile is materialized by eqn (6.8c), which ensures that the
total vaccine allocation across all nodes does not exceed the stockpileD(t). The
stockpile is replenished every Monday by the delivery of new vaccines, henceD(t)
is a staircase function.

For an overview of the possible solution
approaches for optimal control problems the
interested reader is referred to Betts (2010)
and Biegler (2010). In particular, in this work,
a variant of direct multiple shooting Bock
et al. (1984) tailored to distributed systems
Savorgnan et al. (2011) is used.

Transforming the optimal control problem into a non-linear
programming problem The optimal control problem in eqn. (6.7) is solved
by a direct method, also called first discretize, then optimize, which transforms the
control problem into a nonlinear programming problem. Within direct methods,
direct multiple shooting is employed.

Our time window [0,T ] is divided into a uniform time grid t0, . . . , tN , with
N + 1 points and t0 = 0, tN = T . Hence there areN intervals [tk, tk+1], and the
states at time tk is denoted xk = x(tk), and vk represent the controls in interval
[tk, tk+1]. The control function is parameterized using basis functions with local
support.

For discretization, a uniform time grid is
choosen here, i.e., tk+1 = tk + δt and a piecewise
constant control function, i.e., v(t) = vk,
t ∈ [tk, tk+1 ]. This is a common choice but
other possibilities exist. Here δt = 1 day.

The continuous-time dynamics F in eqn. (6.6) are transformed by numerical
integration into the discrete-time operator f . The system dynamics are then
discretized to obtain a discrete-time system:

xk+1 = f (xk, vk),
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satisfying xk = x(tk) for all k = 0, . . . ,N . Moreover, the cost function is also
discretized, to obtain:

l(xk, vk) =
∫ tk+1

tk

L(x(t), v(t)).

The discretization is performed using numerical integration techniques (here
a fourth-order Runge-Kutta scheme, with 50 steps per day) to obtain a good
approximation of the true trajectory and cost. Finally, the path constraintsH
are relaxed and imposed at a nite amount of time instants, here coinciding with
the time grid t0, . . . , tN . Since in the present case the constraints only involve the
controls, no approximation is introduced by enforcing these constraints only on
this uniform grid. The optimal control problem (6.7) is then approximated by
following the nonlinear programming problem:

min
x,v

M (xN ) +
N−1∑︁
k=0

l(xk, vk) (6.9a)

s.t. x0 = x̂0 (6.9b)

xk+1 = f (xk, vk), k ∈ IN−1
0 , (6.9c)

H (xk, vk) ≤ 0, k ∈ IN−1
0 . (6.9d)

The force of infection associated with mobility is assumed constant over each

Here both the states x = (x0, . . . , xN )
and the controls v = (v0, . . . , vN−1) are
dened as optimization variables, which is a
distinguishing trait of multiple shooting as
opposed to single shooting.

day. Thus, each node dynamics can be made independent of the other nodes
dynamics by introducing an auxiliary control variable z that is constrained to
match the force of infection due to the other nodes at the beginning of each time
interval. Then, the dynamics of the decoupled system in each node can be written
as:

¤xi (t) = Fi (xi (t), zi,k), t ∈ [tk, tk+1]
xi (tk) = xi,k + gi (vi,k), zi,k = ei (x).

Solving the non-linear programming problem Nonlinear program-
ming problems may be solved by readily available solvers using the primal-dual
interior-point method. The main diculty in solving the proposed nonlinear
programming problem (6.9) is the large dimension of the system and the non-
linearities of the model. In order to bring the problem to a tractable form, three
simplications are introduced: (a) vaccines are administered instantaneously at
the beginning of each day, rather than with a constant rate over the whole day; (b)
the component of the force of infection taking into consideration the mobility of
individuals across provinces is evaluated at the beginning of each day and remains
constant through the day; and, (c) the mobility network is simplied, by keeping
only the most important connections (see g. 6.3), thus increasing the sparsity of
the underlying spatial connectivity matrix. These simplications deliver a signi-
cant computational advantage, and the impact on the model accuracy was veried
to be limited. The nonlinear programming problem arising from the simplied

Note that, even if the optimal strategy is
computed using the simplied model, its
impact in terms of averted cases and deaths is
evaluated using the full epidemiological model
without any of these simplications. A more
detailed discussion on this subject, and on
the impact of the simplication is given in the
Appendix to Chapter 6.

The full framework and analy-
sis code is available here: https:
//github.com/jcblemai/COVID-19_

italy-vaccination-oc.

epidemiological model is non-convex and involves approximately 105 variables and
105 constraints. The problem is formulated within the automatic dierentiation
framework CasADi23 and solve it using Ipopt24 with the HSLma86 large sparse

23 Andersson et al., “CasADi – A Software
Framework for Nonlinear Optimization
and Optimal Control” in:Mathematical

Programming Computation (In Press, 2018).
24 Wächter et al., “On the Implementation of
an Interior-Point Filter Line-Search Algorithm
for Large-Scale Nonlinear Programming” in:
Mathematical Programming (2006).

symmetric indenite solver25, which exploit the sparsity of the problem. Solving 25 HSL. A Collection of Fortran Codes for Large

Scale Scientific Computation. ().

https://github.com/jcblemai/COVID-19_italy-vaccination-oc
https://github.com/jcblemai/COVID-19_italy-vaccination-oc
https://github.com/jcblemai/COVID-19_italy-vaccination-oc
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the optimal control problem is both CPU and RAM-intensive. Numerical com-
putations are performed on the Helvetios cluster in the EPFLHPC facility (one
problem per computing node, each equipped with 36 2.3 GHz cores and 192 GB
RAM). On this cluster, it takes approximately four days to solve the large-scale
problem presented here. It should be possible to solve even larger problems with
more RAM available.

Results

Using state-of-the-art linear algebra solvers and automatic dierentiation, each
scenario is solved for the optimal vaccination allocation from January 11, 2021
to April 11, 2021. These scenarios are a combination of two projection scenarios
(pessimistic vs optimistic) and four assumptions on the weekly stockpile delivery
(479’700, 1m, 1.5m or 2m doses delivered per week). In each scenario, the optimal
solution is a spatially explicit vaccine roll-out policy, i.e. an indication of the
number of vaccine doses to be deployed in each province each day.

Comparison of vaccination strategies
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g. 6.5: Comparison between dif-
ferent vaccine allocation strategies.
Percentage of averted infections per
vaccine doses from January 11, 2021 to
April 11, 2021 resulting from province-
scale vaccine allocation strategies for
both the pessimistic (panel A) and the
optimistic (panel B) scenarios based
on: the optimal solution, population,
proportion of susceptible individuals,
and projected incidence (see color
codes in the legend). The vaccine
allocation is optimized for a median
reference trajectory (diamonds), and
the performance of the computed
vaccination strategy is assessed over
the whole posterior (box plots). For
each projection scenario, results are
normalized by the number of averted
infections in the reference solution
(see tab. 6.1 for absolute values).
Results for alternative scenarios and
vaccination strategies are shown in
g. a5.

In order to measure the potential impact of the optimal allocation strategy, it is
compared against three non-optimized, yet reasonable alternative approaches: vac-
cinate proportionally to the future incidence as projected by the epidemiological
model; vaccinate proportionally to the number of susceptible individuals in each
province; vaccinate proportionally to the province’s population. Comparisons
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with additional alternative strategies are presented in the Appendix. Spatial pri-
oritization based on epidemiological criteria, such as past26 or future27 incidence, 26 Lee et al., “Achieving Coordinated National

Immunity and Cholera Elimination in Haiti
through Vaccination: AModelling Study” in:
The Lancet Global Health (2020).
27 Pasetto, Finger, Camacho, et al., “Near
Real-Time Forecasting for Cholera Decision
Making in Haiti after Hurricane Matthew” in:
PLOS Computational Biology (2018).

has been thoroughly used in real campaigns and prospective studies.
For each of the eight scenarios considered, the number of averted infections is

computed with respect to a zero-vaccination baseline, alongside with the number
of averted infections per vaccination dose (see tab. 6.1). In the optimistic transmis-
sion scenario, characterized by a recess of the epidemic, the vaccination campaign
has a lower impact on the averted infections per dose as only a small percentage
of the vaccinated individuals would have been at risk of transmission. Obviously,
the impact of the vaccination campaign is more evident in the pessimistic sce-
nario where, for all strategies, the averted infections are larger than the vaccines
deployed due to indirect protection eects. By virtue of the law of diminishing
returns, the number of averted infections per dose decreases when increasing the
stockpile. The optimal solution always outperforms all alternative strategies in

Weekly stockpile Averted Infections Averted Infections
delivery (Millions) per doses

Method Optimistic Pessimistic Optimistic Pessimistic

2 millions Optimal 6.98 30.6 0.268 1.18
Incidence 6.32 28.1 0.243 1.08
Population 6.02 26.8 0.231 1.03
Susceptibility 5.97 26.7 0.229 1.02

1.5 millions Optimal 5.52 24.1 0.283 1.24
Incidence 4.89 21.7 0.25 1.11
Population 4.57 20.4 0.234 1.05
Susceptibility 4.51 20.3 0.231 1.04

1 million Optimal 3.9 16.9 0.3 1.3
Incidence 3.41 15.1 0.262 1.16
Population 3.08 13.8 0.237 1.06
Susceptibility 3.02 13.7 0.232 1.05

479’700 Optimal 2.01 8.54 0.322 1.37
Incidence 1.73 7.57 0.278 1.21
Population 1.49 6.74 0.239 1.08
Susceptibility 1.43 6.54 0.229 1.05

tab. 6.1: Absolute number of averted
infections and averted infections per
dose during the rst three months
of 2021 as evaluated for the reference
trajectory (see g. 6.4, and g. 6.5 for
an assessment on a set of trajectories
drawn for the posterior distribution).
The rst column represents the con-
sidered scenarios of weekly stockpile
replenishment, i.e. the number of
doses delivered to Italy every week,
ranging from 479’700 to 2m.

terms of the number of averted infections and in terms of averted infections per
dose (see again tab. a4). Incidence-based allocation comes second, while popula-
tion and susceptibility-based allocation are distant third and fourth respectively.
The improvement between optimal and incidence-based allocation is signicant,
ranging from 8.8% (pessimistic, 2m doses/week) to 16.2% (optimistic, 479’000
doses/week). In g. 6.5, the black diamonds represent the percentage of adverted
infections obtained using each strategy for the reference trajectory, with respect to
the averted infections resulting from the optimal strategy. The optimal strategy is
observed to have the largest relative benets for the smallest stockpile in both the
optimistic and pessimistic scenarios.

In the pessimistic scenario (see g. 6.5.a), when 479’700 doses are made avail-
able each week, the averted infections associated with the optimal strategy in the
reference projection are 1.37 per dose: 25 %more compared to the strategies based
on population or susceptible distributions (1.08 averted infections per dose), and
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more than 10 % higher compared to the strategy based on the projected infections
(1.21 averted infections per dose). These dierences are smaller but still signicant
when increasing the weekly stockpile deliveries up to 2m doses; similar results are
obtained also for the optimistic transmission scenario (g. 6.5.b).

The optimal control strategy considered here is computed for a reference
model trajectory, which is the median of an ensemble of 1000 realizations. To
further investigate the eectiveness of the optimal solution, it is applied to a
subset of trajectories randomly sampled from the ensemble. The box plots in
g. 6.5 display the main quantiles of the averted infections computed for the
ensemble of trajectories. The optimal strategy still yields better results than the
ensemble of projections related to the other strategies, thus suggesting that the
computed solution is robust even under the presence of perturbations in the
forecasts of the epidemic dynamics. More importantly, for each realization of the
ensemble and for each projection scenario, the optimal strategy systematically
averts more infections than any of the other control strategies. Our results suggest
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g. 6.6: Optimal vaccine allocation
for the baseline, pessimistic sce-
nario. a. Cumulative proportion
of vaccine doses administered in the
107 provinces, (some of which are
highlighted) . The local distribu-
tion rate is limited by a rate that is
proportional to population. This
logistic constraint is visualized here
as the maximum slope, equal for
every province. b. Stacked cumu-
lative absolute number of vaccines
in the 107 provinces of Italy. The
national stockpile is shown in black
and is replenished every week (say on
Mondays) with 479’700 doses. The
name of the provinces with a nal
allocation of more than 150’000 doses
is shown on the right.
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that it is possible to considerably increase the impact of vaccination campaigns
by optimizing the vaccine allocation in space and time. For this task, optimal
control provides the best possible strategy and sets a benchmark for the theoretical
potential of a vaccination campaign.

Analysis of the optimal vaccine allocation

The optimal vaccine allocation obtained as the solution of the optimal control
framework is complex to analyze. The strategy must obey the imposed logistic
and supply constraints: 1) The vaccine stockpile is replenished every Monday by
a xed amount of doses (e.g., 479’700 doses in the baseline scenario), and 2) the
maximum possible distribution capacity per province is limited, proportionally to
the node population, so that the number of doses distributed across the country
can be of 0.5m per day at maximum (more details in g. 6.1).

The optimal vaccination course in time for the pessimistic, 479’700 dos-
es/week scenario is shown in g. 6.6. The optimal allocation respects is observed
the two constraints on distribution (g. 6.6.a) and supply (g. 6.6.b). More-
over, no province is vaccinated at the maximum possible rate during the whole
campaign, and provinces display a variety of vaccination patterns. Note that the
vaccines received every Monday are always distributed during the following week,
but that the rate of delivery on a national level increases with time (g. 6.6.b).
Surprisingly, the optimal solution favors precise targeting over the speed of deliv-
ery, in order to allocate more doses to provinces where the impact of vaccines on
the whole system is projected to be higher. Hence, in order to control infections,
precise targeting may trump delivery speed. 0 2 4 6 8 10 12

number of week since January 11th
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g. 6.7: Temporal vaccine allocation for the
pessimistic scenario with a stockpile delivery of
479’700 doses per week. This view unravels the
temporal pattern in the allocation by showing
the allocated doses per node as a percentage of
the total weekly stockpile delivery.

Furthermore, in the optimal solution every time a province is vaccinated, the
rate of vaccination is equal to the maximum rate allowed by the local logistic
constraint. This property is common to the alternative vaccination strategies,
hence the dierence in performance is due to the spatial allocation patterns.
Another outlook on the temporal allocation is shown in g. 6.7: for every week (i.
e. for every stockpile delivery), the percentage of doses allocated to each province
is shown as a stacked plot, highlighting howmain spatial focus of the optimal
strategy changes over the course of the epidemic.

In g. 6.8, one can already see by visual inspection that the optimal allocation
distributes most of the available doses on a few provinces with high incidence.
These provinces are neither the most connected nor the most populous in Italy.
The optimal strategy makes then use of the information on the network connec-
tivity to ne-tune the allocation and deploys the vaccination on more provinces
than the incidence-based strategy.

To further investigate these patterns, g. 6.9.a is shown the number of admin-
istered doses vs the incidence projected without vaccines (the proxy variables lead-
ing to the second-best control performance), both normalized according to the
resident population in each province. An allocation pattern whereby provinces
with a higher incidence receive more vaccines is observed. However, the allocation
is non-linear with respect to the projected incidence, suggesting that to better con-
trol the epidemic, the optimal allocation strategy takes into account other factors
such as the importance of each province within the mobility network, as well as
the proportion of susceptibles. When the weekly stockpile delivery is increased, as
shown in g. 6.9.b, this pattern shifts to the right while remaining qualitatively
consistent. Hence, the optimal allocation strategy is robust with respect to the
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g. 6.8: Spatial vaccine distribution
patterns for the optimal allocation
(left) and alternative strategies based
on population, incidence and sus-
ceptibility (additional alternative
strategies are presented in the Ap-
pendix). For each province and
strategy is shown: the proportion
of vaccinated individuals (top), the
number of averted infections per
inhabitant with respect to a no vac-
cination baseline (middle), and the
proportion of individuals who are
still susceptible at the end of the
control horizon (bottom).

overall vaccine availability constraint, and the same nodes are prioritized.

Discussion

Without any constraint on supply, each country would vaccinate its population
as fast as possible according to the available infrastructure. However limitations
in vaccine supply and rate of delivery are a reality for every country, hence the
available doses should be deployed in space and time following a fair and eective
strategy. In stockpile-limited settings, like most current vaccination campaigns
worldwide, careful allocation may signicantly increase the number of averted
infections and deaths. The goal is to distribute the vaccines where they have the
strongest benecial impact on the dynamics of the epidemic. However, deriving
an algorithm capable of computing spatially optimal allocation strategies in real,
heterogeneous settings is far from trivial and the presented approach is, to the best
of our knowledge, the rst attempt in this direction.

A novel optimal control framework has been developed, that delivers the
best vaccination strategy under constraints on supply and logistics. This allows
us to compute the allocation strategy that maximizes the number of averted
infections during a projection of the covid-19 epidemic in Italy from January
11, 2021 to April 11, 2021. Results show that the optimal strategy has a complex
structure that mainly reects the projected incidence of each province, but also
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g. 6.9: Analysis of the optimal so-
lution. A. Vaccinated individuals
according to the optimal strategy
against the projected incidence with-
out vaccination, both normalized
by the province population. The
scenario with a weekly stockpile de-
livery of 479’700 doses is considered.
B. Same as in A, but considering all
four scenarios of weekly stockpile
replenishment. Each dot represents a
province, with dot size proportional
to its population.

takes into account the spatial connectivity provided by the mobility network
and the landscape of acquired population immunity. Although the reason why
this strategy is optimal is not immediately intuitive, simulations clearly outline
its better overall performances over other, more straightforward strategies. This
comparison suggests that the simplicity underlying intuitive vaccination strategies
may undermine their eectiveness, and calls for complementing these simple
approaches with rigorous and objective mathematical tools, like optimal control,
that allow a full account of the complexity of the problem.

The present work demonstrates that it is possible to solve optimal control
problems for spatially explicit dynamical models of infectious diseases at a national
scale, thus overcoming the computational limitations that, up to now, precluded
this kind of application. The proposed framework can account for any compart-
mental epidemic model, with up to hundreds of connected spatial nodes. Supply
and logistic constraints can be adapted to the actual landscape of decisions faced
by the stakeholders, such as no/reduced vaccine delivery on weekends, or the need
for fairness in vaccine distribution, e.g. by ensuring that each region receives at
least a xed fraction of the available vaccines. This is especially important as in the
optimal allocation scenarios, some provinces receive no vaccine at all. Moreover,
the optimization can be carried for single-dose vaccines, as done here, or for two-
dose vaccines, where one could potentially optimize the time between the rst
and second dose (and if a second dose should be administered at all), clearly also
considering the intervals recommended by the health authorities.

The method developed is obviously not devoid of limitations. The main one
is that the optimal vaccination strategy strongly depends on the projection of
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the underlying epidemiological model. These projections are subject to several
sources of uncertainty, especially for long term horizons, for example due to model
design and calibration28, the generation of baseline transmission scenarios, and 28 Cramer et al., “Evaluation of Individual and

Ensemble Probabilistic Forecasts of COVID-19
Mortality in the US” in:medRxiv (2021).

unforeseen events that may change the course of the epidemic (such as the impor-
tation of cases, the emergence of new virus variants, changes in disease awareness
or social distancing policies). The optimal vaccination strategy is thus reliable
only if the projections given by the underlying model dynamics are suciently
accurate. A successful approach developed by the automatic control community
to tackle that issue, namedModel Predictive Control 29, consists in compensating 29 Rawlings et al.,Model Predictive Control:

Theory, Computation, and Design (2017).the performance losses expected over long horizons by constantly adapting the
optimal strategy. In this context, Model Predictive Control might be implemented
using the following steps: (a) at the beginning of each week, the state of the system
is estimated by using newly acquired epidemiological data; (b) the optimization
problem is solved over a xed prediction horizon using the estimated state as an
initial condition; (c) the optimal strategy for the rst week is applied and, as soon
as the next week starts, these steps are repeated starting from (a). This method
corrects the model inaccuracies by constantly resetting the initial state to the es-
timated one. Moreover, constraints may be updated to account for unexpected
deliveries or new orders. Future work will aim at further evaluating the benets of
implementing this scheme for the design of optimal vaccination strategies.

Moreover, the epidemiological model underlying the optimal control problem
has known validity and limitations30. An additional limitation of the model for

30 Gatto, Bertuzzo, et al., “Spread and Dynam-
ics of the COVID-19 Epidemic in Italy: Eects
of Emergency Containment Measures” in:
Proceedings of the National Academy of Sciences

(2020); Bertuzzo, Mari, Pasetto, et al., “The
Geography of COVID-19 Spread in Italy and
Implications for the Relaxation of Conne-
ment Measures” in: Nature Communications

(2020).

the specic scopes of this work is that it does not account explicitly for risk-based
classes, and thus does not account for the heterogeneities that may result from
the demography of the population, as well as from the age-related transmission
and clinical characteristics associated with covid-19. While surely limiting for
operational use of the tools, the scope of this Chapter is to provide a proof-of-
concept of the relevance of spatial eects, which have not been addressed so far
in the literature. To that end, the presented results support the relevance of the
research question posed and the proposed framework can be extended to optimize
across both spatial and risk heterogeneities. A counter-factual assumption in
this work is that a one-dose vaccine with full and instantaneous ecacy against
transmission is considered. At the time of development, the details about covid-
19 vaccines were not released, and this hypothesis allowed us to demonstrate the
framework in a simple setting. This framework could be further extended to
account also for the simultaneous deployment of dierent vaccine types, some
of which may require the administration of two doses. This extension too is the
subject of ongoing research, in particular to extend the modeling tools described
here to accommodate the peculiarities of each authorized vaccine candidate while
designing eective spatiotemporal deployment strategies.

In conclusion, in this work the vaccine allocation at a country scale has been
optimized on dierent scenarios of epidemic transmission and vaccine availabil-
ity. A spatially explicit compartmental model that had already been successfully
used to describe the covid-19 pandemic in Italy is updated using a data assimi-
lation scheme. Then, the model is discretized, transformed, and simplied and a
framework is constructed to perform large-scale nonlinear optimization on vac-
cine allocation, subject to stockpile and logistic constraints. Solving this problem
yielded a complex solution that outperforms other strategies by a signicant mar-
gin and proves robust across posterior realizations of the underlying model. As
such, besides inherent limitations, it provides a benchmark against which other,
possibly simpler, vaccine rollout strategies can be compared.







Conclusion and Perspectives

Each of the ve chapters of this thesis introduces an infectious disease model tai-
lored to tackle a public-health policy related question, whether concerning the
identication of transmission pathways or the eects of past or planned interven-
tions. Naturally, the angle of approach to the complex phenomena that are cholera
and covid-19 transmission varies depending on the research question and the
specicities of the study setting. Hence each modeling work takes a dierent path
within the interactive framework to model infectious disease dynamics31. Let’s 31 see Introduction, g. 1 and Heesterbeek

et al., “Modeling Infectious Disease Dynamics
in the Complex Landscape of Global Health”
in: Science (2015).

recall here the main takeaways from the dierent modeling exercises.
First, as in classical hypothesis testing, a model might be considered as a sim-

plied representation of reality. Among dierent hypotheses, the aim is to nd
the “true” model underlying the observed dynamics. This perspective is taken
in Chapter 2, where the explanatory power of dierent pathways for rainfall-
mediated cholera transmission is compared32. Results stress the importance of 32 Rinaldo, Bertuzzo, Mari, et al., “Reassess-

ment of the 2010–2011 Haiti Cholera Outbreak
and Rainfall-DrivenMultiseason Projections”
in: Proceedings of the National Academy of

Sciences (2012); Eisenberg, Kujbida, et al.,
“Examining Rainfall and Cholera Dynamics in
Haiti Using Statistical and Dynamic Modeling
Approaches” in: Epidemics (2013).

rainfall as a covariate for cholera transmission while highlighting the complexity
of the mechanistic pathways considered. While context-dependent, it is neverthe-
less interesting to observe how the dierent transmission routes proposed in the
literature explain the intra-seasonal rainfall events in Juba, South Sudan.

The perspective on models is shifted in the policy related questions proposed
in Chapters 3 and 4: here, a sucient predictive accuracy with respect to
the interventions and transmission dynamics of interest is desired. Models are
designed to most adequately reproduce an unknown, highly complex reality in
order to perform experiments33. Building on ECHO’s experience on cholera 33 Indeed, accurate mechanistic modeling is

still required for the processes of interest, and
these two perspectives are related more than
opposed.

modeling34 a spatial stochastic model of cholera transmission in Haiti is proposed

34 Rinaldo, Gatto, et al.,River Networks as

Ecological Corridors: Species, Populations,

Pathogens (2020).

in Chapter 3. It is used as part of a larger multi-modeling study35, to study the

35 Lee et al., “Achieving Coordinated National
Immunity and Cholera Elimination in Haiti
through Vaccination: AModelling Study” in:
The Lancet Global Health (2020).

probability of cholera elimination fromHaiti under dierent scenarios of mass
vaccination campaigns. A retrospective analysis reveals that while the proposed
model ts past dynamics, it under-estimates the probability of elimination of
cholera in Haiti without any vaccination campaign. This discrepancy is a reminder
that modeling is no silver bullet, further stressing the importance of careful model
design aligned with the study objective.

Non-withstanding the covid-19 pandemic, cholera would have been the sole
focus of the present thesis. This regretful interruption left unanswered some re-
search questions on this ancient disease. There have been no conrmed cholera
cases since early 2019 in Haiti, which is surprising with regard to the aforemen-
tioned projections. What is the cause of the elimination of cholera fromHaiti?
What role did climate, herd immunity, and theWaSH interventions carried out in
the past years36 played in this elimination? The answer would provide additional

36 Rebaudet, Bulit, Gaudart, Michel, Gazin,
Evers, Beaulieu, Abedi, Osei, Barrais, Pierre,
Moore, Boncy, Adrien, Guillaume, et al., “The
Case-Area Targeted Rapid Response Strategy
to Control Cholera in Haiti: A Four-Year
Implementation Study” in: PLOS Neglected

Tropical Diseases (2019).insights on the path towards the elimination of cholera by 2030, as sought after
byWHO and GTFCC. Toward this goal, the oral cholera vaccine stockpile put
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in place at the disposal of countries is brought to play a strategic role37. However 37 Global Task Force on Cholera Control,
Ending Cholera - A Global Roadmap to 2030

(2017).
the population at risk vastly exceeds the vaccine supply and production38, and

38 Pezzoli, “Global Oral Cholera Vaccine Use,
2013–2018” in: Vaccine (2019).

eective targeting of the existing doses remains an important problem39 on the

39 Lessler, Moore, et al., “Mapping the Burden
of Cholera in Sub-Saharan Africa and Implica-
tions for Control: An Analysis of Data across
Geographical Scales” in: The Lancet (2018).

road towards elimination, a possible application of the optimal control framework
developed here for covid-19.

The rapid spread of SARS-CoV-2 mobilized infectious disease epidemiologists
across the world. In this thesis, most of the work undertaken for the response
to the covid-19 pandemic took place within or around the COVID Scenario
Pipeline, a congurable framework to project epidemic trajectories and healthcare
impacts under dierent suites of interventions. The pipeline is used to support
several partners including the state of California and the national US response.
It is still being actively developed to address the ever-changing needs of decision-
makers. Since the description given in Chapter 4, a year of historical data
brought the need for high-dimensional inference algorithms, and the challenges
posed by SARS-CoV-2 necessitated more exible disease transmission and health
outcome modeling. These developments allowed the capture of the dynamics of
competing strains, immune escape, and the successive vaccination campaigns40. 40 Borchering, “Modeling of Future COVID-

19 Cases, Hospitalizations, and Deaths, by
Vaccination Rates and Nonpharmaceutical
Intervention Scenarios —United States,
April–September 2021” in:MMWR.Morbid-

ity andMortalityWeekly Report (2021).

Hence the pipeline is now an operational forecasting platform that provides a
unied framework to project and forecast disease dynamics from emergence to
endemicity41.

41 Updated outputs of the pipeline are vis-
ible on the covid-19 Scenario Modeling
Hub and the covid-19 Forecast Hub
(covid19scenariomodelinghub.org
and covid19forecasthub.org).

Assessing the eectiveness of past policies is paramount to project disease
dynamics and to inform future decisions. In Switzerland, the pipeline has been
used to inform CHUV, the main hospital of Canton de Vaud. The dialogue with
policy-makers triggered the exchange of a epidemiological dataset to improve the
accuracy of scenario planning reports. In turn, this data has enabled a research
study on the estimation of SARS-CoV-2 reproduction number,R0, in Switzer-
land. Using stochastic models and iterated particle ltering42 the eectiveness of 42 an alternative procedure to the predominant

R0 estimation methods, see Gostic et al.,
“Practical Considerations for Measuring the
Eective Reproductive Number, Rt” in:
PLOS Computational Biology (2020); Pasetto,
Lemaitre, et al., “Range of Reproduction
Number Estimates for COVID-19 Spread”
in: Biochemical and Biophysical Research

Communications (2020).

non-pharmaceutical interventions against covid-19 in Switzerland is uncovered.
Among the numerous takeaways from this early covid-19 work presented in
Chapter 5, the timing of the decrease in transmission preceding NPIs imple-
mentation is especially interesting.

Finally, provided an accurate model of transmission dynamics and interven-
tions eectiveness, optimal control is the ultimate stage of infectious disease
modeling towards informed decisions: policies that minimize the burden of dis-
eases are programmatically designed. To date, both the demanding prerequisites
and the diculty of controlling epidemiological models at scales that are relevant
to decision-makers were limiting the application of optimal control on practical
problems. In Chapter 6, a large-scale optimal control framework coupled to
an existing model of covid-19 transmission43 is presented. Using automatic 43 Gatto, Bertuzzo, et al., “Spread and Dynam-

ics of the COVID-19 Epidemic in Italy: Eects
of Emergency Containment Measures” in:
Proceedings of the National Academy of Sciences

(2020); Bertuzzo, Mari, Pasetto, et al., “The
Geography of COVID-19 Spread in Italy and
Implications for the Relaxation of Conne-
ment Measures” in: Nature Communications

(2020).

dierentiation and non-linear programming, the proposed solver designs the
most eective vaccination strategy for a given objective, feasible under operational
constraints. This proof of concept is performed on spatial vaccines allocation
against covid-19 in Italy. While limitations of the model, such as the absence of
age-stratication, restrict the scope of the results, this rst attempt at country scale
optimization of a compartmental epidemiological model is a promising proof-of-
concept for this method that provides a benchmark of what is possible to achieve
with the available resources.

Taken as a whole, the present thesis demonstrates the relevance of modeling as
a tool to inform public-health decisions through ve studies. Yet, it also shows that

covid19scenariomodelinghub.org
covid19forecasthub.org
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there is no one-size-t-all approach to infectious disease modeling: each research
question and transmission setting requires numerous adjustments to capture
and project the disease dynamics. This takeaway might seems discouraging, but
past eorts are not lost as each model builds on the previous works, borrowing
conceptual breakthroughs and methods. With these new tools, the scientic and
public-health communities are left better armed to face existing and upcoming
threats44. Hopefully, the methods developed as part of the present thesis, whether

44 In the past, outbreaks and pandemics have
sparked rapid advances on various topics of
infectious disease modeling. The response
to the covid-19 pandemic has benetted
extensively from conceptual and concrete tools
developed in the past, such as theR0 package
that was developed after H1N1 (Obadia et
al. 2012), but also e. g. real-time forecasting
methods against Ebola (2014–2015), statistical
approaches for cholera, multi-modeling
studies for inuenza, ... Indeed the covid-19
pandemic has sparked the development of an
unprecedented amount of novel tools.

at their infancy for optimal control or mature like the COVID Scenario Pipeline,
will strengthen the arsenal of methods to guide decisions against infectious disease
transmission.

The sustaining transmission of cholera and covid-19 is the product of com-
plex interactions between the environment, individuals, pathogens, and societies.
Despite tremendous advances, especially for covid-19, the data available about
infectious diseases will stay noisy, missing, and biased in the foreseeable future.
Modeling helps to design eective policies, allowing to properly weight dierent
courses of action and to convey the associated outcomes and uncertainties. As
such, it has been a key instrument in the ght against infectious diseases, a point
made more evident during the covid-19 pandemic.

Using compartmental models and computer-age statistical inference meth-
ods, the present thesis demonstrates the relevance of modeling to inform the
control measures against epidemics. The scientic understanding of transmis-
sion pathways and intervention eectiveness is unraveled in specic contexts.
Moreover, the (ongoing) issue of scenario planning reports to inform covid-
19 to decision-makers provide a concrete example of the inuence of modeling
on public-health policies. While the solutions to ght infectious diseases exist,
resources are notoriously lacking, even more so because outbreaks piles upon im-
poverished communities, or in regions plagued by conicts, natural disasters, and
instability. Computational epidemiology allows one to communicate the trade-
os on policies and to ensure the best allocation of the limited available resources,
so that e.g. the eect of every vaccine dose is maximized.

Indeed, there is only so much modeling can do, and for many communities, the
elephant in the room is the brutal lack of resources to ght the infectious diseases
that pose a constant threat to children and adults. The covid-19 pandemic has
pointed out what is possible in terms of mobilization and collaboration from
partners around the world. Hopefully, it will set a precedent, and other diseases
that plague impoverished and stigmatized communities will also benet from the
involvement and resources necessary to lighten this unfair burden45.

45 Even solely from a modeling perspective,
the sudden availability of mobility datasets,
something long desired for cholera, is an
example of the paradigm shift brought by
a pandemic that aected every country in
the world, and hopefully lessons learned will
facilitate collaboration against other diseases.
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Appendix to chapter 5

Canton de Vaud hospitalization data

The dataset contains individual-level data from 1093 patients, hospitalized in the
canton of Vaud up to April 14, 2020. Of all patients, 41% (448/1093) were female
and 59% were male (645/1093) with a median age of 70 years (g. a1). Of all the
hospitalized cases, 20% (214/1093) required use of an Intensive Care Unit (ICU).

g. a1: Age distribution of patients
hospitalized for covid-19 in the
canton of Vaud up to April 14. Hos-
pitalized individuals are divided in
two subgroups depending on if they
were treated in ICU (left) or not
(right) during their stay. Moreover,
only the 777 patients with known
outcome are displayed here. The
outcome is highlighted: either death
(orange) or discharge/transfer to
another hospital (blue).

Of 777 patients with a known outcome on April 14, 104 died (13%). The hospi-
talized Case Fatality Ratio (hCFR) is estimated by adjusting for the distribution
of time hospitalization to death accounting for the fact that outcomes have not
been yet observed for all patients (right-censoring46). To account for multiple

46 The dataset presented here is two weeks
more recent than the one visible in the example
scenario planning report for Canton de
Vaud (see Results, Chapter 4). It takes
into account 137 additional patients, and the
comparison with g. a1 strikingly shows how
the distribution changes as the system is longer
observed.

outcomes (death and discharge), a parametric competing risk survival model is
implemented47. A Bayesian approach is choosen48, that enables us to t paramet-

47 Ghani et al., “Methods for Estimating the
Case Fatality Ratio for a Novel, Emerging
Infectious Disease” in: American Journal of

Epidemiology (2005).
48 Bellot et al., “Tree-Based BayesianMixture
Model for Competing Risks” (2018).

ric distributions to times to events using accelerated failure models. This method
allows for the joint estimation of the probability of each event type and the distri-
butions of times to events. In this case the probability of death, i.e. the hCFR. A
covid-19 modeling study in France identied mixtures of probabilities of times
to death, with a group dying faster with exponentially-distributed times and one
dying slower49. The Bayesian survival framework is extended to test for mixture in 49 Salje et al., “Estimating the Burden of

SARS-CoV-2 in France” in: Science (2020).times to death and recovery. Model patients being discharged from ICU and sub-
sequently dying, which was the case for 4/138 patients with known outcome, are
not taken into account. Neither are accounted for multiple ICU stays per patient
since this information was not available. Both Gamma and Log-Normal distribu-
tions are tted separately to patients that did not go into ICU, and patients that
did. For the former, it is modeled times from hospitalization to death or discharge,
and for the latter times from ICU entry to both outcomes. Models were t with
Stan50, and selection was done using Bayesian leave-one-out cross-validation51.

50 Carpenter et al., “Stan: A Probabilistic
Programming Language” in: Journal of
Statistical Software (2017).
51 Vehtari et al., “Practical BayesianModel
Evaluation Using Leave-One-out Cross-
Validation andWAIC” in: Statistics and
Computing (2017).
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g. a2: Data from the canton of Vaud
showing times to key hospitaliza-
tion events. In order to perform this
analysis, the patients are splitted in
two categories: those who did not go
through ICU during their stay and
those who did. From left to right, top
to bottom: total length of hospital
stay for patients that went to ICU,
then similarly for patient that did
not. Then the time to death is shown
for all patients, followed by both the
time to discharge and to death for
non-ICU patients. The last three
graphs concerns ICU patients and
detail ICU focused estimate: time
from hospitalization to ICU, time in
ICU and time from ICU to death.
When meaningful, both currently
hospitalized patient (orange) and
already out-of-hospital patients (blue)
are shown.

g. a3: Survival functions of death
and discharge for hospitalized pa-
tients and patients in ICU. The lines
represent the mean estimated cumu-
lative probability of dying (full) and
1 minus the cumulative probability
of discharge (dotted) estimated with
non-parametric (Aalen-Johansen
estimator, shading gives the 95% CI)
and parametric (assuming gamma
and log-normal distributions, shading
indicate the 95% CrI) methods. Time
is in days from hospitalization for
patients that did not require ICU,
and time from ICU admission for
those that did. The point at which
the lines join represents the proba-
bility that the nal outcome is death,
which was estimated to be 28.1% (95%
CrI: 16.4-40.9) for patients in ICU
and 13.0% (95% CrI: 9.9-16.6) for
patients not requiring ICU based on
the log-normal distribution.

Times to death and discharge were best described by log-normal distributions
with a single group both for patients having required ICU or not (g. a3). When
accounting for right-censoring and assuming log-normally distributed times to
events, an overall hCFR is estimated at 16.0% (95% credible interval, CrI: 12.5-19.8),
resulting from a hCFR of 28.1% (95% CrI: 16.4-40.9) for patients requiring ICU
and 13.0% (95% CrI: 9.9-16.6) for patients that did no require it. Estimated hCFRs
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mean sd mean (logscale) sd (logscale)

Time hospitalized 8.49 6.58 1.81 0.87
Time to death 8.23 6.09 1.80 0.87

Time to discharge without ICU 6.29 4.66 1.56 0.80
Time hospitalized without ICU 7.35 5.79 1.68 0.85
Time to death without ICU 7.84 6.27 1.73 0.88

Time to ICU 2.35 3.79 0.18 1.05
Time hospitalized with ICU 13.14 7.50 2.37 0.72
Time in ICU 8.36 6.76 1.69 1.04
Time from ICU to discharge 8.68 6.99 1.71 1.07
Time from ICU to death 6.97 4.98 1.68 0.77

tab. a2: Observed hospitalization
time distributions. All times are in
days and taken from the date of hos-
pitalization if not specied otherwise.
Note that these estimates are biased
due to right-censoring of observa-
tions and probably under-estimate
the true distributions. Estimates that
account for right-censoring are shown
in tab. a3.

were slightly higher when assuming gamma-distributed times to events (overall
hCFR of 20.3%, 95% CrI: 15.9-24.1). The distribution of times of hospitalization
processes are shown in g. a2, and tted distribution parameters given in tab. a2.

Log-Normal Gamma

Group Event median mean-log SD-log scale shape

Without ICU Death 10 (7.3–16) 2.3 (2–2.8) 1.2 (0.95–1.5) 21 (21–22) 1.1 (0.83–1.4)
Discharge 6.1 (5.6–6.6) 1.8 (1.7–1.9) 0.93 (0.87–0.99) 4.3 (4.4–4.2) 1.8 (1.6–2)

ICU Death 13 (6.2–30) 2.6 (1.8–3.4) 1.3 (0.87–1.9) 21 (12–23) 1.2 (0.74–1.9)
Discharge 6.4 (4.3–9.3) 1.8 (1.5–2.2) 1.3 (1.1–1.6) 9.1 (8.1–11) 1 (0.75–1.4)

tab. a3: Estimated parameters of hospitalization time distributions. These estimates dier from observed values given in
tab. a2 by accounting for right-censoring of observations. Time from hospitalization to discharge or death, and from ICU
admission to discharge or death are reported here. Estimates were obtained using competing risk survival model as described
above. Parameters are given in terms of their posterior mean and 95% CrI (in parenthesis). For the log-normal distribution the
parameters correspond to the mean and SD of the logarithm of the distribution.
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Comment on the simplifications

Discussion on Simplification (a) Realistically, vaccinations will occur at
least eight hours per day. The assumption, while justied as a computationally
convenient approximation of reality, is not a priori worse than assuming that vac-
cine administration takes place over the whole day. More rened approximations,
while in principle possible, pose severe issues because of the nature of the system
dynamics. While for most initial values the system dynamics can be easily simu-
lated with time-continuous vaccinations, the system becomes sti by construction
once almost the entire population has been vaccinated. In this case, numerical
integration errors can drive the size of some compartments to be negative, which
violates the model assumptions and makes the result of the numerical integration
meaningless. The main issue in this case is that the optimizer will exploit these
inaccuracies in order to reduce the cost. Therefore, this issue is much more evi-
dent when solving optimal control problems than when simply simulating the
system dynamics. Some simple approaches to tackle this issue are investigated, but
no technique yielded satisfactory performances. It is our impression that ad-hoc
integration strategies will be required in order to reliably simulate and optimize
dynamics with continuous vaccination rates. While this will be the subject of fu-
ture research, the results obtained with the current approximation have yielded
sucient accuracy.

Discussion on Simplification (b) This simplication has been proposed in
Savorgnan et al.52 as an approach to solve distributed optimal control problems by 52 Savorgnan et al., “Multiple Shooting for

Distributed Systems with Applications in
Hydro Electricity Production” in: Journal of
Process Control (2011).

means of multiple shooting. In the original version, the coupling variable z is not
necessarily piecewise constant, but rather piecewise polynomial. In simulations of
this problem, the piecewise constant parametrization has been observed to yield
sucient accuracy.

The dynamics of each node are discretized using an explicit Runge-Kutta
integrator of order four, with 50 integration steps per day. Alternative integrators
such as explicit Euler, or implicit Runge-Kutta integrators, yielded similar results.
Furthermore, in order to verify the accuracy of the integrator and the impact of
the introduced simplications on the solution accuracy, the system is simulated in
open-loop, i.e. the optimal control trajectory is applied to the full model starting
from the initial condition provided by the data assimilation scheme.

Discussion on Simplification (c) The mobility matrix is sparsied by
pruning elements below a threshold (see g. a4). This operation reduces the num-
ber of connection between nodes. Also in this case, the introduced simplication
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has been veried through numerical simulations to have a small impact on the
prediction and control accuracy.

g. a4: Simplication of the mo-
bility matrix to obtain a sparse and
tractable problem. After the opti-
mization, the eectiveness of the
optimal control strategy is assessed on
the full model.

Possible further improvements Applying optimal control in open loop,
i.e., solving the optimization problem once and applying the control input over
the whole time interval, may lead to poor performance due to model inaccuracy
and external perturbations. A common remedy consists in closing the loop by
repeatedly solving the optimal control problem by using the most updated in-
formation on the initial states. This is the principle behindModel Predictive
Control (MPC) 53. In this context, the state would be estimated on a daily, weekly, 53 Rawlings et al.,Model Predictive Control:

Theory, Computation, and Design (2017).or monthly basis so as to solve again the optimal control problem and correct the
optimal strategy.

Details of the alternative strategies

Alternative strategies are created to be compared the optimal solutions. Each
strategy uses a decision variable,Vi , as a basis for the allocation of vaccines among
provinces. The decision variable is one of:

• modeled future incidence, absolute: the modeled total future
incidence in a no-vaccination scenario. This is equivalent to the objective of the
optimal control problem with no control;

• modeled future incidence, per population: as above, but normal-
ized by the resident population in each node;

• modeled initial susceptibility, absolute: the modeled number of
susceptibles in each province at the start of the vaccination campaign;

• modeled initial susceptibility, per population: as above, but
normalized by the resident population in each node;
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• province’s population.

Two strategies to distribute the doses are dened:

• FocusedWhere every province is sorted (higher on top) according to its
decision variableVi . The maximum local rate vmax

i is allocated to every
province going down through the list, until the stockpile is empty. In other
words, assuming an amountK of vaccines is available in the stockpile, the
province index i that satisfymaxi Vi is searched for, and province i is assigned
Mi = min(vmax

i ,K) vaccines. Then, the next province j that satisfymaxj,j≠i Vj

is searched for and assignedMj = min(vmax
j ,K −Mi). And so on, until no

vaccines remains in the stockpile. This strategy will concentrate the allocation
on nodes with the highest values of the considered decision variable.

• Proportional In this case, assuming that on a given day there is a quan-
tity of vaccineK in the stockpile, each province i receives an amountMi =

min(vmax
i ,K · Vi∑

j Vj
). This approach vaccinate each node proportionally to the

value of its decision variableVi .

In the main text, the results for three alternative strategies are shown, namely
proportional absolute incidence, proportional population, and proportional suscep-
tibility—named respectively Incidence, Population, and Susceptibility. These
strategy are good performers across scenarios, and show how dierent choices for
the decision variables may aect the outcomes of the optimal control problem. In
the next sections, the results for all these alternative strategies are shown.

Additional results

The results for all these strategies is presented in tab. a4, and are shown side-
by-side in g. a5. The optimal solutions outperforms all the others solution. In
fact, for every given posterior realization, the optimal control solution always
outperforms all other allocation strategies. Even if some scatter is observed when
sampling the posterior, the performances of optimal strategies are clearly separated
from the rest of the alternatives.
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Averted Infections Averted Infections
per dose

Scenario Method Optimistic Pessimistic Optimistic Pessimistic

2m Optimal 6.98m 30.6m 0.268 1.18
Incidence 6.32m 28.1m 0.243 1.08
Proportional Incidence 6.23m 27.5m 0.239 1.06
Focused Susceptibility 6.03m 26.9m 0.232 1.03
Focused Proportional Susceptibility 6.03m 26.9m 0.232 1.03
Focused Proportional Incidence 6.03m 26.9m 0.232 1.03
Focused Population 6.03m 26.9m 0.232 1.03
Focused Incidence 6.03m 26.9m 0.232 1.03
Population 6.02m 26.8m 0.231 1.03
Susceptibility 5.97m 26.7m 0.229 1.02
Proportional Susceptibility 5.6m 25.3m 0.215 0.971

1.5m Optimal 5.52m 24.1m 0.283 1.24
Incidence 4.89m 21.7m 0.25 1.11
Proportional Incidence 4.82m 21.3m 0.246 1.09
Focused Population 4.58m 20.5m 0.235 1.05
Focused Incidence 4.58m 20.5m 0.235 1.05
Focused Proportional Incidence 4.58m 20.5m 0.235 1.05
Focused Proportional Susceptibility 4.58m 20.5m 0.235 1.05
Focused Susceptibility 4.58m 20.5m 0.235 1.05
Population 4.57m 20.4m 0.234 1.05
Susceptibility 4.51m 20.3m 0.231 1.04
Proportional Susceptibility 4.18m 19.0m 0.214 0.975

1m Optimal 3.9m 16.9m 0.3 1.3
Incidence 3.41m 15.1m 0.262 1.16
Proportional Incidence 3.34m 14.7m 0.257 1.13
Focused Population 3.09m 13.9m 0.238 1.07
Focused Susceptibility 3.09m 13.9m 0.238 1.07
Focused Proportional Susceptibility 3.09m 13.9m 0.238 1.07
Focused Incidence 3.09m 13.9m 0.238 1.07
Focused Proportional Incidence 3.09m 13.9m 0.238 1.07
Population 3.08m 13.8m 0.237 1.06
Susceptibility 3.02m 13.7m 0.232 1.05
Proportional Susceptibility 2.75m 12.6m 0.211 0.972

479’700 Optimal 1.96m 8.39m 0.314 1.34
Focused Proportional Incidence 1.95m 7.74m 0.312 1.24
Proportional Incidence 1.69m 7.32m 0.271 1.17
Incidence 1.63m 7.21m 0.262 1.15
Focused Incidence 1.59m 6.64m 0.254 1.06
Focused Population 1.57m 6.85m 0.251 1.09
Population 1.45m 6.57m 0.233 1.05
Focused Susceptibility 1.45m 6.53m 0.232 1.04
Susceptibility 1.41m 6.43m 0.225 1.03
Focused Proportional Susceptibility 1.28m 6.09m 0.204 0.973
Proportional Susceptibility 1.26m 5.89m 0.202 0.944

tab. a4: Absolute number of averted infections for each scenario.
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g. a5: Comparison of dierent allocation strategies. Percentages of averted infections per vaccine dose from January 11, 2021
to April 11, 2021 using dierent vaccine distribution strategies for the pessimistic (top panel) and the optimistic (bottom panel)
scenario based on: the optimal solution, the spatial distribution of the population, the amount of susceptible individuals at the
beginning of the vaccination campaign, and the projected disease incidence in the absence of control. A median realization of
the modeled posterior is optimized (diamonds), and the performance is assesed on the whole posterior (box plots). The results
are normalized by the number of averted infections in the optimized solution (see tab. a4 for absolute values).
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