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Résumé

L’importance et I’expansion des arboviroses comme la dengue ou le virus Zika nécessite des
modeles pour mieux comprendre et prédire leurs dynamiques. La propagation vectorielle de
ces maladies est influencée par de multiples facteurs humains et environnementaux qui rendent
complexe la construction de modeles épidémiologiques parcimonieux. Parallelement, de nombreux
outils théoriques et computationnels existent désormais pour confronter ces modeles aux données
observées. L'objectif de ce travail de theése est donc d’apporter 1’éclairage des données sur les
modeles de propagation des arboviroses. Dans un premier temps, il s’agit d’identifier les éléments
les plus importants a incorporer pour modéliser les dynamiques de la dengue en milieu rural, dans la
région de Kampong Cham (Cambodge). Différents modeles sont comparés, complexifiant a la fois
le détail de I’histoire de la maladie et la prise en compte des formes de stochasticité. Dans le cadre
déterministe, on a pu souligner I’importance des interactions entre sérotypes, et le faible intérét
pour la représentation explicite des moustiques vecteurs et des individus asymptomatiques. Par
ailleurs, la prise en compte des incertitudes indique qu’une large part de la dynamique est capturée
seulement par la stochasticité et non par les éléments du squelette déterministe du modele. Aussi
étudie-t-on dans un second temps d’autres aspects de la transmission de la dengue, comme la
saisonnalité et la structure spatiale, grace a des données d’épidémies a Rio de Janeiro (Brésil).
Dans un dernier temps, ces méthodes et modeles sont appliqués a 1’étude d’un arbovirus émergent,
le virus Zika. A partir de données d’épidémies survenues dans le Pacifique, les parameétres-clé de
la propagation du virus sont estimés dans le cadre stochastique, et leur variabilité est envisagée a
la fois en termes de contexte géographique et de modele épidémiologique, par la comparaison de
quatre 1les et de deux modeles a transmission vectorielle. Par ailleurs, la question des interactions
potentielles du virus Zika avec celui de la dengue est explorée.
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Abstract

Arboviruses such as the dengue and Zika viruses are expanding worldwide and modeling their
dynamics can help to better understand and predict their propagation, as well as experiment
control scenarios. These mosquito-borne diseases are influenced by a multiplicity of human
and environmental factors that are complex to include in parsimonious epidemiological models.
In parallel, statistical and computational tools are nowadays available to confront theoretical
models to the observed data. The objective of this PhD work is therefore to study arbovirus
propagation models in the light of data. Firstly, in order to identify the most important elements
to incorporate in models for dengue dynamics in a rural setting, several dengue models are
compared using data from the Kampong Cham region in Cambodia. Models incorporate increasing
complexity both in the details of disease life history and in the account for several forms of
stochasticity. In the deterministic framework, including serotype interactions proved decisive,
whereas explicit modeling of mosquito vectors and asymptomatic infections had limited added
value, when seasonality and underreporting are already accounted for. Moreover, including several
forms of uncertainties highlighted that a large part of the disease dynamics is only captured by
stochasticity and not by the elements of the deterministic skeleton. Therefore, secondly, we
explore other aspects of transmission, such as seasonality and spatial structure, in the case of
dengue epidemics in Rio de Janeiro (Brazil). Finally, the models and estimation methods are
applied to study an emerging arbovirus, the Zika virus. Using data from epidemics in the Pacific,
we estimate the key parameters of disease propagation in the stochastic framework and explore
their variability in terms of geographic setting and model formulation by comparing four islands
and two models with vector-borne transmission. In addition, potential interactions with the dengue
virus are explored.
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Chapter 1

Introduction

Alors que les progres en termes d’hygiene, d’assainissement et de vaccination ont permis une tres
forte diminution des maladies infectieuses depuis le XIX¢ siecle, la seconde moitié du XX¢ siecle
a, elle, été marquée par une expansion des maladies émergentes (Weiss and McMichael, 2004;
Jones et al., 2008). Les mutations sociales et environnementales, notamment liés au changement
climatique, a ’'urbanisation ou a I’intensification des échanges, sont des facteurs importants de ce
phénomene. Elles favorisent en effet le développement de pathogénes dangereux pour I’homme et
leur propagation a grande échelle. Les maladies vectorielles, parmi lesquelles celles transmises par
les moustiques, représentent plus de 20% des maladies émergentes depuis les années 1950 (Jones
et al., 2008), et constituent un fort enjeu de santé publique.

Transmise par le biais des moustiques de type Aedes, la dengue est une maladie virale qui
touche I’ensemble des régions tropicales et sub-tropicales du globe (Guzman et al., 2010) et qui
connait une forte expansion jusque dans les régions tempérées (Rezza, 2016). Avec plus de 50
millions d’infections et environ 500 000 hospitalisations chaque année (Guzman et al., 2010), elle
représente un enjeu majeur de santé publique au niveau international. Elle a de surcroit de lourdes
conséquences économiques a 1’échelle familiale autant que nationale, notamment dans les pays ou
le niveau de vie est faible. Un proche virus, celui du chikungunya, a, lui, été a I’origine de grandes
épidémies dans I’océan Indien en 2005-2006 (Renault et al., 2007), puis sur le continent américain
a partir de 2013 (Roche et al., 2017; Riou et al., 2017), étant associé¢ a de séveres symptomes
de fievres et de douleurs articulaires, voire a des cas de déces. Plus récemment, le virus Zika,
autre virus proche de celui de la dengue, a suscité un émoi international suite aux épidémies de
microcéphalie au Brésil en 2015. Ayant été associé a de graves complications neurologiques, chez
I’adulte mais aussi sur le développement pré-natal, son étude a été considérée comme une priorité
de santé publique (WHO, 2016b).

La dengue, le chikungunya, le Zika, et plus généralement les maladies virales transmises par
le biais des arthropodes (dites arboviroses), nécessitent donc d’étre mieux comprises, a la fois
pour mieux appréhender les mécanismes de leur expansion et pour proposer des solutions de
controdle. Toutefois la propagation de ces maladies est complexe, car elle fait intervenir des facteurs
immunologiques, écologiques, entomologiques et humains, au croisement de nombreux champs
disciplinaires. Les outils mathématiques et statistiques sont eux aussi mobilisés, les premiers
pour modéliser I’interaction entre tous ces facteurs, afin de tester des hypothéses scientifiques ou
d’explorer des méthodes de contrdle, et les seconds pour confronter ces modeles aux données
observées. Ce travail de these s’intéresse particulierement a 1’éclairage porté par les données sur
les modeles mathématiques de propagation des arboviroses.



CHAPTER 1. INTRODUCTION

Aussi cette introduction a-t-elle pour but de familiariser le lecteur avec les trois éléments sur
lesquels se fondent les chapitres suivants. Dans un premier temps, on présentera des éléments
de modélisation mathématique pour représenter de facon mécaniste la propagation des maladies
infectieuses chez les humains, dans le cadre déterministe et dans le cadre stochastique. Dans un
second temps, on introduira différentes méthodes existantes pour estimer ces modeles a 1’aide de
données observées. Enfin, dans un dernier temps, on décrira les arboviroses étudiées, la dengue et
celle due au virus Zika, et présentera les différents modeles qui ont été proposés pour représenter
leurs dynamiques.

1.1 Eléments de modélisation mathématique des maladies infectieuses

L'une des premieres tentatives pour représenter le développement d’une épidémie par un modele
mathématique remonte a 1760 et aux travaux de Daniel Bernoulli sur la variole (Bernoulli, 1760).
Toutefois, la modélisation des maladies infectieuses a surtout pris son essor au début du XX¢ siecle,
avec les travaux de Hamer, Soper, Ross et Kermack et McKendrick sur des modeles déterministes
et ceux de Reed, Frost, McKendrick et Greenwood qui incorporent une dimension aléatoire dans
la propagation des infections (cf. Bailey (1975), chapitre 2, pour une description historique de
I’évolution de ces approches). Nous introduisons ici les éléments de modélisation principaux
en présentant d’une part les modeles déterministes (section 1.1.1) et d’autre part les modeles
stochastiques (section 1.1.2).

1.1.1 Modéeles déterministes
Le modele SIR

Le modele dit SIR, présenté et formalisé par Kermack and McKendrick (1927), constitue une
référence a partir de laquelle de nombreux modeles épidémiologiques sont construits (Keeling and
Rohani, 2008). On suppose que I’ensemble de la population, de taille constante N, se répartit en
trois classes homogenes : les individus susceptibles S, infectés I et rétablis R (ou retirés, c’est
-a-dire qu’ils sont immunisés contre la maladie et ne participent plus a la transmission), ce qui
implique S+/7+ R = N. Ladynamique entre ces trois compartiments est représentée par le systeéme
suivant:

ds SI

=Py

dl SI

— =B— —yI 1.1
dt ’BN Y (-1
arR

a7

Dans ce cadre, y correspond au taux de guérison (ou de la fin de la transmissibilité) et 5 a
Iintensité de la transmission, que 1’on peut décomposer comme le produit d’un taux de contacts
entre les individus et la probabilité qu’un contact conduise a une infection. La formulation selon la
loi d’action de masse ,3% implique que la force d’infection est proportionnelle a la part d’individus
infectés dans la population (alternativement, il est possible de formuler le modele selon la pseudo
action de masse, B, ces choix n’ayant un implication que lorsque la population varie) (Keeling
and Rohani, 2008).
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L’analyse de ce systeme permet de mettre en évidence un propriété fondamentale sur sa
stabilité: si g% > 1, I’épidémie se poursuit, mais si g% < 1, on observe un déclin du nombre
d’infectés et 1I’épidémie s’éteint d’elle-méme. Le taux de reproduction de base, noté Ry = S/v,
s’interpreéte comme le nombre moyen d’infections secondaires suite a I’introduction d’un infecté
dans une population enticrement susceptible. L’étude analytique du systeme permet de conclure
que I’épidémie peut s’éteindre sans épuiser la totalité des susceptibles présents initialement. De

surcroit, la vaccination d’une fraction x = 1 — RLO de la population permet de maintenir le taux de

reproduction effectif R, = /7—3% inférieur a 1, et ainsi empécher la transmission de la maladie.

L’étude du Ry associé a un pathogeéne permet donc une quantification de sa capacité de
propagation, et peut étre utile pour orienter des décisions de santé publique. L’obtention de
I'expression de Ry associée a un modele épidémiologique n’est toutefois pas toujours directe et
peut nécessiter des outils comme la matrice Next Generation (Diekmann et al., 2010).

Extensions du modele SIR déterministe

Le modele SIR est un modele trés simple mais différentes extensions existent pour pallier les
hypotheses sur lesquelles il repose.

Histoire de la maladie La segmentation de la population entre susceptibles, infectés et rétablis
peut se révéler simpliste voire inadéquate pour de nombreuses maladies. On peut tout d’abord
introduire une dynamique démographique, pour tenir compte des effets de naissance et de mort au
sein de la population, notamment pour des modeles sur le temps long.

Par ailleurs, pour plus de réalisme biologique, on peut ajouter des compartiments dans le systeme
pour modéliser d’autres états de la maladie spécifiques au type de pathogene étudié, comme un état
d’incubation entre 1’état susceptible et I’état infectieux, un état de porteur de la maladie (Keeling
and Rohani, 2008), ou encore, par exemple, un état infectieux post-mortem (Legrand et al., 2007).
Il est également possible de considérer les états des individus pour plusieurs pathogeénes simultanément
afin de modéliser d’éventuelles co-infections ou interactions (Opatowski et al., 2018), ou d’introduire
plusieurs populations. En particulier, dans ce dernier cas, le modele classique dit de Ross-Macdonald
proposé pour représenter la malaria, et dont la genese et les différentes versions sont analysées
par Smith et al. (2012), comporte deux populations: les hotes et les vecteurs (moustiques). Dans
une des versions de ce modele (Smith et al., 2012), présentée par Anderson and May (1992),
les proportions d’hdtes et de vecteurs infectés sont notées respectivement /; et v;, conduisant au
modele suivant :

dhi _ mabv;(1 — h;) — yh;
dt (1.2)
dvi =ach;(1 —v;) — uyv;
dr i i MV Vi

ou a correspond au taux de piqlire, b et ¢ aux probabilités de transmission respectivement d’un
vecteur a un hote et vice-versa, m au nombre de moustiques par humain, y au taux de guérison
pour un individu et uy au taux de mortalité pour un vecteur. Ce modele a connu de nombreuses
extensions et adaptations a différents pathogenes a transmission vectorielle (Reiner et al., 2013).
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Mixage homogene Le modele SIR (tout comme le modele de Ross-Macdonald) repose sur
I’hypothese de "mixage homogene". Le taux de transmission ,8% implique une linéarité entre S
et I, ce qui signifie que les contacts sont aléatoires et homogenes entre tous les individus de la
population. Dans le cadre du modele de Ross-Macdonald, cela signifie que les vecteurs ont acces
et piquent indifféremment tous les hotes.

Afin de limiter cette hypothese, une solution est d’introduire des sous-catégories au sein des
compartiments et d’utiliser des taux de transmission spécifiques pour les interactions entre ces
catégories. Ces catégories peuvent représenter des classes de risque, des classes d’age, ou des
sous-populations spatiales par exemple (Keeling and Rohani, 2008; Dye and Hasibeder, 1986).
Ces effets de structure de la population peuvent étre pris en compte de plusieurs manieres : en
considérant des classes discretes au sein de la population (métapopulations), en supposant un
continuum entre les différentes catégories a 1’aide d’équations aux dérivées partielles ou dans le
cadre de modeles individu-centrés.

Il est également possible de modifier les taux de transmission, pour introduire des relations non
linéaires entre S et /, du type 1! S%? (Finkenstddt and Grenfell, 2002), ou selon de nombreuses
autres expressions (Wang et al., 2017). Des effets de concentration de la population, de saturation
de la force d’infection, ou de changement de comportement des individus en réaction a la couverture
médiatique peuvent ainsi étre pris en compte (Wang et al., 2017).

Parametres statiques ou variables Dans le modele (1.1), les parametres sont statiques, mais on
peut considérer des situations ou ils fluctuent au cours du temps. Ceci peut permettre de refléter
des effets saisonniers sociaux (Soper, 1929; London and Yorke, 1973) ou climatiques (Pascual
and Dobson, 2005), ou des modifications des comportements humains (Verelst et al., 2016). Par
exemple, le taux de transmission peut varier selon un forcage sinusoidal, ou selon des relations
fonctionnelles prédéfinies avec des variables reflétant le climat (Lourenco and Recker, 2014) ou le
calendrier scolaire (Keeling and Rohani, 2008).

D’autres modifications du taux de transmission permettent de représenter I’ évolution des comportements
humains au cours du temps. Yu et al. (2017) utilisent une relation fonctionnelle avec une nouvelle
variable d’état construite & partir de la mortalité observée pour représenter les phénomenes de
distanciation sociale. Ainsi, plus la mortalité observée est grande, plus les individus adoptent
des comportements qui limitent les contacts infectieux, et plus le taux de transmission baisse. Ils
montrent notamment que ces phénomenes ont pour effet de réduire la taille finale de 1I’épidémie.
Chen et al. (2018) proposent, eux, un modele de I’impact des recommandations par les médias
concernant I’hygiéne ou les décisions de mise en quarantaine : certains parametres du modele
changent de valeur lorsque le nombre d’infectés ou le nombre de susceptibles dépasse un certain
seuil, reflétant le déclenchement de mesures de controle. Ils étudient ensuite les propriétés du
systeme en fonction du choix de ces seuils, afin de guider leur calibration.

Une autre approche consiste a utiliser des modeles semi-mécanistes afin de laisser les variations
temporelles des parametres dépendre des données épidémiologiques observées (Cazelles and Chau,
1997; Ellner et al., 1998), a travers ’utilisation de splines (Laneri et al., 2010) ou de diffusion
brownienne (Dureau et al., 2013b) (cf. Appendix C pour plus de détails sur ces méthodes).

Durée exponentielle La formulation du systeme sous forme d’équations différentielles repose
sur I’hypothese que la durée passée dans chaque compartiment suit une loi exponentielle, ce qui
est peu réaliste en raison des propriétés de décroissance rapide et d’absence de mémoire de cette
loi (Lloyd, 2001). 11 est possible de modifier le systéme pour prendre en compte des durées suivant
une autre distribution, le plus courant étant une loi Gamma ou une loi d’Erlang (somme d’un
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nombre entier de variables exponentielles indépendantes de méme parametre). Cette derniere peut
se modéliser facilement en décomposant les compartiments concernés en n étapes, par exemple
I=1+...+ 1, (Lloyd, 2001):

ds SI

a =Py

dl ST

=B _ vyl
I 'BN nyl
dl,

—= =nyl; —nyl
dr nyly —nyly
dl, I I
— =nyl,_1 —nyl,
dr YVin-1 Y
dR I
—=n

dr Vin

L utilisation de distributions d’Erlang a la place des distributions exponentielles peut avoir de
fortes conséquences sur les propriétés dynamiques du systéme, comme 1’illustre Lloyd (2001) dans
le cadre des modeles SIR avec for¢age sinusoidal.

La combinaison de tous ces éléments permet de construire de trés nombreux modeles, aux
propriétés souvent tres riches. Toutefois, malgré I’'importance du souci de réalisme, il est décisif
de veiller & limiter la complexité des modeles, afin de préserver leur lisibilité et la compréhension
de leurs comportements.

1.1.2 Modéeles stochastiques

Une autre hypothese forte des modeles considérés précédemment est leur caractere déterministe.
Or, la propagation de maladies infectieuses est influencée par de nombreux facteurs aléatoires.
D’une part, les individus sont tous différents et de la stochasticité nait du fait qu’ils ne naissent,
ne meurent et ne réagissent pas tous de la méme facon. On appelle cet effet la stochasticité
démographique. Il est d’autant plus fort que la population est de petite taille, par exemple lorsque
les épidémies sont observées a 1’échelles des foyers ou des écoles. Mais cet effet peut aussi étre
important quand la taille de la population est grande mais par exemple que le nombre d’infectés
est faible (il y a alors une possibilité d’extinction).

D’autre part, des effets exogenes viennent perturber I’évolution de I’épidémie (aléas climatiques,
changements de comportement, etc.), ce que ’on peut regrouper sous le nom de stochasticité
environnementale.

Les différentes formes de stochasticité ont un important effet quantitatif. A partir d’'un méme
jeu de parametres et de conditions initiales, de nombreuses trajectoires sont possibles, et la solution
déterministe, qui néglige cette source d’incertitude, apparait alors comme trop confiante. Ceci est
également important lorsque les modeles sont confrontés a des données et qu’il s’agit d’en estimer
les parametres (cf. section 1.2) : ’incertitude associée aux parametres est également sous-estimée.
De plus, la stochasticité a également un effet qualitatif. Certains phénoménes, comme les
phénomenes d’extinction, ne peuvent pas étre pris en compte dans le cadre déterministe. De plus,
les trajectoires stochastiques peuvent €tre davantage qu'une simple perturbation des trajectoires
déterministes, dans les situations d’amplification stochastique ou de résonance (Alonso et al., 2007;
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Keeling and Rohani, 2008).

Formalisation des modeles stochastiques

Stochasticité démographique Classiquement, afin de modéliser la stochasticité démographique,
les différents compartiments du modeles sont représentés par des variables aléatoires, prenant des
valeurs entieres, comprises entre 0 et N (la taille totale de la population). Par exemple, dans
I’analogue du modele SIR (cf. équation 1.1), le systeme épidémiologique est représenté par un
triplet de variables aléatoires (S, I, R), telles que S + I + R = N. On peut alors représenter
I’évolution du systeme par un modele markovien (ce qui, par la propriété d’absence de mémoire,
fait implicitement I’hypothese que les durées passées dans les compartiments ont une distribution
exponentielle). Dans I’exemple du modele SIR, on consideére le processus X; a valeurs x = (s,1)
ol s et i sont a valeurs entieres entre O et N (en utilisant la relation »r = N — s — i) (Allen, 2008).
On obtient les équations suivantes:

PlXpsar = (s— Li+ DX, = (s,)] = ﬁ%d; + o(dt)
P Xisar = (5,0 — DIX; = (s,0)] = yidt + o(dt) (1.3)

PXiear = (5,0)|X = (,1)] = 1 - ﬁ%dr — yidt + o(dt)

Le modele (1.3) est un exemple de processus markovien a sauts densité dépendants, défini plus
généralement comme (Andersson and Britton, 2000):

P [X,ert =x+m;|X; = x] = Na; (%) dt+o(dt),¥j=1..M
PlXpear = 51X =21 = 1-N Y a; (%)dt+o(dt)
7

pour lequel on considére I’ensemble de deux réactions possibles {m, m,}. La réaction m; =
(=1, +1), I'infection, est associée au taux a; (%, ﬁ) = /Bﬁﬁ et la réaction my = (0,-1), la

guérison, associée au taux ap (ﬁ, ﬁ) =Yy

Cependant, ce systéme est tres difficile 2 manipuler méme pour des modeles trés simples.
Certains résultats probabilistes exacts existent, notamment sur la distribution de la taille finale de
I’épidémie (Britton, 2010). Mais souvent, il est nécessaire d’utiliser des approximations du systéme
pour en étudier les propriétés. Par exemple, la phase initiale de 1’épidémie peut Etre approximée
par un processus de branchement, lorsque la taille de la population est trés grande par rapport au
nombre d’infectés, afin d’étudier la probabilité d’observer une épidémie majeure (Britton, 2010).
Une autre approximation possible du processus markovien a sauts densité dépendants repose
sur I’hypothése que la taille de la population est grande, et rejoint le formalisme par équations
différentielles stochastiques (EDS). Les résultats principaux concernant cette approximation sont
dus a Kurtz, et le lecteur peut se référer 2 Andersson and Britton (2000) ou Camacho (2011) pour
plus de détails a ce sujet.

En effet, une autre forme de représentation de la dynamique épidémique fait intervenir les EDS,

en supposant que les variables aléatoires correspondant au nombre d’individus dans les différentes
classes sont continues (et non plus discretes). Allen (2008) le présente ainsi : en faisant I’hypothése
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que les incréments AX = X, — X, sont gaussiens pour de petites valeurs de At, leur espérance
vaut, dans le cadre du modele (S, I, R) :

As i

E[AX]=E =| TN | Ar+0(A1) = a(X,)At + o(Ar)
Ai| B i

et leur variance peut étre approchée a ’ordre 1 par o>(X,)At + o(At). Dans ce cas, on peut écrire

Xiear = Xi + a(X1)At + o (X,) VA

ol o (X;) = \o2(X;) etn ~ N(0, I), avec I, la matrice identité de dimension 2. Cette expression
correspond au schéma d’Euler associé au systeme d’équations différentielles suivant (B, étant ici
un mouvement brownien de dimension 2):

dX; = a(X,)dt + o (X;)dB; (1.4)

Comme évoqué précédemment, on peut montrer que le modele (1.3) converge vers une écriture de
la forme (1.4) en grande population sous certaines conditions (pour lesquelles le lecteur peut se
référer a Andersson and Britton (2000) ou Camacho (2011)). Toutefois, ce cadre de modélisation
peut étre vu de facon plus générale, en admettant différents choix pour la fonction o (X;), ce qui
peut permettre d’introduire d’autres formes de stochasticité.

Stochasticité environnementale Parallélement, il est possible d’incorporer de la stochasticité
environnementale dans ladynamique de I’épidémie. Pour ceci, le formalisme (1.4) est particulierement
adapté, car il permet par exemple d’inclure une composante aléatoire dans certaines réactions du
systeme (par exemple la réaction d’infection). Selon la facon dont est paramétrée cette composante
aléatoire, elle peut étre vue comme un bruit additif ou comme un bruit affectant certains parametres

de la réaction (Keeling and Rohani, 2008).

L'interprétation comme un bruit affectant les taux de réaction est utilisée par Bretd et al.
(2009) pour incorporer la stochasticité environnementale dans le modele markovien (1.3) de
stochasticité démographique. Il s’agit de considérer un processus a incréments indépendants,
positifs et stationnaires noté I'(¢) et de définir le bruit comme la dérivée de ce processus & =
%. Ainsi, le taux a; de la réaction m; est alors multipli€ par un bruit £; pour introduire la
stochasticité environnementale. Bret6 et al. (2009) utilisent 1I’exemple d’un bruit Gamma, dans
lequel T'; (¢ +dt) —T;(t) ~ Gamma(dt/sf, s?), ayant ainsi une moyenne dt et une variance s2. Les
taux stochastiques a;&; peuvent alors €tre incorporés dans un schéma de simulation du systeme
stochastique, présenté dans la section suivante.

Méthodes de simulation

Une alternative a I’étude analytique des modele stochastique est 1’étude de simulations de leurs
trajectoires. De nombreuses méthodes permettent en effet de simuler ces modeles.

Le modele markovien pour la stochasticité démographique (1.3) peut étre simulé de facon exacte
a I’aide de I’algorithme de Gillespie. Supposons que le modele représente I’état x d’un systeme
X alinstant 7 et comporte M réactions mj, j = 1...M, auxquelles sont associ€s les taux a;(x).
On note ag = 3  aj. On s’intéresse a la probabilit€ P(7, j|x, 1), qui correspond a la probabilité

J
que la prochaine réaction se produise a I’instant 7 + 7 et que cette réaction soit la réaction m;.
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Cette probabilité peut s’écrire comme le produit de la probabilité de réalisation de la réaction m;
a l’instant ¢ + 7 et de la probabilité de I’absence de réaction entre et ¢t + 7 :

Pz, jlx. 1) = aj(x)exp(=ao(x)7) = p1(t|x, ) p2(jl7, 1, X)

Parla formule de Bayes, elle peut se décomposer entre la probabilité p; (7|x, 1) = ag(x)exp(—ap(x)T),
ce qui correspond a une distribution exponentielle de parametre ag(x), et p2(j|7,2, x) = a;(x)/ap(x),
ce qui correspond a un tirage dans I’espace discret des réactions m;, j = 1...M avec probabilités
aj(x)/ap(x). Une méthode de simulation découle alors naturellement : I’instant 7 est simul€ selon
une loi exponentielle par la méthode de la fonction de répartition inverse, et la réaction m; est
choisie avec probabilité a;(x)/ap(x) (cf. Algorithme 1).

Algorithm 1 ALGorRITHME DE GILLESPIE, METHODE DIRECTE (GILLESPIE, 1976, 2001)
Soit x, 1’état du systéme a I’instant ¢.

1: Echantillonner indépendamment u; ~ U(0, 1) etuy ~ U(0, 1)

e 1 1

zT= aO(xt)lo.g (lu)

3 j= inf XYi_yax(x;) <upaop(x;)
[ M

1=1..

4: Laréaction m; se produit a I’instant 7 + 7, conduisant a la valeur x;r = x + m;.
5: Retourner a I’étape 1, avec x; 1= x4 €tt ==t +7

Cette méthode a en revanche le défaut de devenir trés coliteuse d un point de vue computationnel
des que la taille de la population grandit. En effet, chaque réaction est modélisée individuellement,
ce qui devient tres fastidieux dans une grande population ot un trés grand nombre de réactions
se produisent de fagon presque simultanée. Une approximation, proposée par Gillespie (2001),
permet, plutdt que de tracer chaque réaction, de modéliser I’ensemble des événements se produisant
pendant un petit intervalle de temps noté 7 (d’ou I’appellation 7-leap de cette méthode). L'erreur
d’approximation vient du fait que, sur cet intervalle de temps, on fait I"hypothése que les taux de
réactions sont constants a;(x;), alors qu’en réalité, ils se modifient a chaque fois qu’une réaction
se produit. Il faut pour cela que I’intervalle de temps 7 soit suffisamment petit pour que cette
hypothéese soit valable ("leap condition").

Dans ce cas, le nombre de réactions de chaque type r; suivent des lois de Poisson indépendantes
de parametres respectifs a;(x;)7, ce qui conduit a ’Algorithme 2.

Algorithm 2 ALGORITHME T-LEAP, (GILLESPIE, 2001)
Soit x; DI’état du systtme a D’instant ¢. Soit 7 un pas de temps vérifiant la "leap
condition".

1. ¥j=1.M,kj~ P(a;(x;7))

20 Xppr = Xp + 25 kjm;

3: Retourner a I’étape 1, avec x; 1= x4 €t =1+ 7

La difficulté pour appliquer cet algorithme vient du choix de I’intervalle 7. En particulier,
comme la loi de Poisson n’est pas bornée, il peut arriver qu'un trop grand nombre de réactions se
produisent sur le pas de temps, conduisant a des effectifs négatifs dans certains compartiments.
Parmi les extensions de ce schéma, on peut citer I'utilisation d’autres distributions, comme la
distribution multinomiale (qui permet d’éviter les effectifs négatifs).

En particulier, la distribution multinomiale est utilisée par Breté et al. (2009) dans un cadre qui
permet également d’introduire de la stochasticité environnementale a travers des taux aléatoires
(cf. Algorithme 3).
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Algorithm 3 ScHEMA D’EULER MULTINOMIAL AVEC TAUX STOCHASTIQUES, (BRETO ET AL., 2009;
He ET AL., 2010)

¢ = nombre de compartiments de la population

xr = (x;(1), ..., x;(c)) représente I’état du systeme a I’instant ¢.

T est un pas de temps.

La réaction m; ; correspond a un transfert d’individus du compartiment i au compartiment j.

On note a;; = a;;j(x,) le taux qui lui est associ€, et AI';; le bruit associé a ce taux, de variance
infinitésimale s;;. Le nombre de transferts de i vers j ayant lieu entre 7 et  + 7 est noté AN; ;.

On note R; le nombre d’individus qui restent dans le compartiment i entre # et t + 7.

1: Vi, j = 1...c, générer les incréments du bruit AI';; ~ Gamma(‘r/s?j, 52)

ij
2: Vi, j = 1l...c, calculer p; j = (1 — exp(— Xx a;,kATix)) %
3: Vi = 1...c, échantillonner

(AN; 1, ....AN; i1, AN; i+1, AN; ¢, R;) ~ MullinOm(xt(i), Ppij,1<j<c¢j#o), 1—2 Pi,k)
k#i

4: Vi = 1...C, xt+T(i) = Ri + Zk#i ANj,is
5: Retourner a I’étape 1, avec x; = x;pr ett =t + 7

Quelques propriétés du modele stochastique

Le formalisme stochastique permet d’étudier des questions spécifiques. En particulier, la probabilité
qu'une épidémie majeure se produise peut étre obtenue en approchant la dynamique initiale du
systeme par un processus de branchement. Dans le modele (1.3), I’infection finira par s’éteindre de
la population dans le temps long, toutefois, cet événement peut soit survenir tres rapidement apres
I’introduction de quelques individus infectés soit survenir aprés une épidémie de grande ampleur
(épidémie majeure), lorsque le nombre d’infecté redevient faible. On obtient alors le théoreme
du seuil suivant pour la probabilit€ d’observer une épidémie majeure pepidémie. €n introduisant m
infectés dans une population entierement susceptible (Allen, 2008):

Si Ry < L, pepidémie = 0
Si Ry > 1, pepidémie = 1 = (1/Rp)™

Ce résultat souligne le role de seuil de Ry identifié dans le cadre déterministe, en ajoutant la
propriété que plus la valeur de Ry est faible, plus les extinctions sont fréquentes. Il est également
possible de calculer la distribution de la taille finale de 1’épidémie (nombre total d’infectés au cours
de I’épidémie). Si Ry < 1, cette distribution est concentrée autour de faibles valeurs proches de
zéro. Si Ry > 1, cette distribution est bimodale, reflétant les deux types de situations possibles
(épidémies majeures et extinctions rapides).

Dans le cadre des maladies endémiques, se pose également la question de la persistence de la
maladie, en raison des extinctions probables lorsque le nombre d’infectés devient faible. Bartlett
introduit des les années 1950 la notion de taille de communauté critique (en anglais "critical
community size", CCS), comme Ia taille de population au-dessus de laquelle on n’observe pas
d’extinctions de la maladie. Il observe en effet, a partir de séries de cas de rougeoles dans
différentes villes au Royaume-Uni (Bartlett, 1957) et aux Etats-Unis (Bartlett, 1960), une relation
entre la durée inter-épidémique et la taille de la population, un constat qu’il corrobore par des
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simulations par ordinateur. La persistence de la maladie dépend aussi de la fréquence des imports
de cas infectés depuis d’autres villes, permettant de relancer une épidémie déja éteinte. Les
imports peuvent étre modélisés explicitement en représentant les déplacements entre plusieurs
aires géographiques (par exemple dans un modele spatial), ou en ajoutant un terme constant a
la force d’infection. En complément de la taille de communauté critique, plusieurs indicateurs
existent afin de quantifier la persistence d’une maladie, selon si les imports sont pris en compte ou
si 'on applique un conditionnement par 1’absence d’extinction (Keeling and Rohani, 2008).

Enfin, le modele stochastique peut également conduire a des dynamiques qualitativement
différentes du modele déterministe, selon plusieurs mécanismes. Par exemple, Keeling and Rohani
(2008) évoquent les phénomenes de résonance, par lesquels la moyenne du processus stochastique
peut étre différente de sa contre-partie déterministe. Les mécanismes d’amplification stochastique
introduits par Alonso et al. (2007) indiquent I’importance qualitative de la stochasticité dans les
propriétés dynamiques des systemes étudiés (Camacho, 2011).

1.2 Meéthodes d’estimation

Méme si on peut tirer des résultats théoriques de leurs analyse, pour la plupart des roles que 1’on
veut faire jouer aux modeles en santé publique, il est crucial que ceux-ci soient paramétrés de
fagon appropriée. De nombreuses méthodes d’estimation existent pour confronter les modeles aux
données observées, afin d’en inférer les parametres ou d’évaluer leur qualité.

1.2.1 Quel type de données

Les données parfaites pour étudier un modele épidémiologique seraient I’observation de tous les
événements de 1’épidémie (toutes les infections, guérisons, naissances, etc.). Evidemment, en
pratique, la plupart de ces événements ne sont pas observables, et les données disponibles sont
a la fois incomplétes et incertaines. D’une part, seuls certains compartiments du systeme sont
observés : par exemple, les systemes de santé ne recueillent le plus souvent que les informations
sur les individus malades (et non pas sur les individus sains), ainsi seuls les individus infectés sont
observés, et non pas les individus susceptibles, immunisés ou en phase d’incubation. D’autre part,
toute méthode de collecte de données est elle-méme sujette a des bruits d’observation ou différents
types de biais.

On évoquera dans un premier temps les données médicales ou épidémiologiques, directement en
lien avec I’étude de la maladie, et dans un second temps les données extérieures, qui peuvent
informer sur d’autres aspects de la population modélisée.

Données médicales ou épidémiologiques Deux grandeurs épidémiologiques sont utilisées pour
représenter la présence d’une maladie dans une population donnée. La prévalence renseigne sur
le nombre de personnes malades a une date particuliere. L’incidence renseigne sur le nombre
de nouveaux cas survenus sur une unité de temps prédéfinie. On présentera ici quelques sources
d’observation de ces quantités, ainsi que des biais qui leur sont associés.

En premier lieu, une épidémie peut étre observée a travers les cas d’infection. Trés souvent,
on dispose de séries temporelles du nombre de nouveaux cas observés par intervalle de temps.
Ces données informent sur la dynamique de I’épidémie a travers une mesure de 1’incidence.
Elles peuvent provenir directement du systeme de santé (hopitaux, centres de soin), a des fins de
surveillance. Ce mode de recueil a I’avantage de couvrir de longues périodes de temps et de larges
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zones géographiques ; en revanche, les données sont agrégées par unité de temps (par exemple par
mois ou par semaine, beaucoup plus rarement par jour), et sur I’ensemble de la population (ou sur
un certain nombre de sous-populations). Les séries de cas peuvent également provenir d’enquétes
épidémiologiques spécifiques. Plusieurs méthodes d’enquéte existent, comme les enquétes par
cluster (ou I’entourage de cas préalablement détectés est dépisté pour la maladie, ou suivi de
maniere intensive), ou par cohortes (un nombre d’individus est suivi durant une longue période de
temps). Ces enquétes permettent souvent des données plus détaillées : par exemple les données
individuelles peuvent permettre une description plus fine de chaque infection, ou de modéliser des
sous-groupes par age ou par foyer.

De maniere générale, les données de cas présentent deux types de biais. D’une part, un certain
nombre de cas ne sont pas observés, car ils échappent au périmetre de 1’enquéte ou au systeme
de soins en raison de leurs faibles symptomes, de leurs caractéristiques socio-économiques, ou
d’autres facteurs. D’autre part, des erreurs de diagnostic peuvent survenir (faux positifs et faux
négatifs). Ces deux types de biais dépendent fortement du mode de collecte des données (diagnostic
clinique ou biologique par exemple), ainsi que du pathogene étudié (proportion de cas graves par
exemple).

En second lieu, des données de prévalence ou de séroprévalence sont parfois disponibles. A
une date donnée, une mesure est faite de la proportion de la population portant une maladie, ou
portant des anticorps attestant qu’il a déja connu la maladie au cours de sa vie (séroprévalence). Ces
données sont informatives sur I’état du systeéme épidémiologique a une date donnée (par exemple,
elles peuvent renseigner sur ses conditions initiales). De surcroit, lorsqu’elles sont stratifiées
par age, elles informent également sur la dynamique de la maladie, en faisant I’hypothése que
les individus plus agés peuvent témoigner de 1’incidence a des périodes antérieures. En ce qui
concerne leurs biais, ces données sont également sujettes aux erreurs de diagnostic. De plus,
comme les mesures ne peuvent généralement pas €tre réalisées sur la population enticre, elles
comportent également les biais et aléas associés aux méthodes de sondage (taille et représentativité
de I’échantillon).

Enfin, les méthodes de séquengage de ’ADN des virus ont permis 1’acceés a une autre forme
de données épidémiologiques, qui a commencé récemment a €tre utilisée pour paramétrer les
modeles. La reconstruction de la phylogénie des virus a 1’aide des séquences observées permet
d’informer sur la dynamique de I’épidémie, en faisant I’hypothése que les branchements de I’arbre
phylogénétique correspondent a des événements d’infection. Ces données sont néanmoins rares et
coliteuses et elles nécessitent des méthodes statistiques spécifiques non abordées dans ce travail de
these.

Autres sources de données Parallelement, les modeles épidémiologiques peuvent étre enrichis
a I’aide de diverses sources de données non médicales, dont nous citons ici quelques exemples.
D’une part, les recensements de population peuvent informer sur la taille de la population,
sa structure d’age et parfois ses caractéristiques socio-économiques. D’autres informations
topologiques ou environnementales (végétation, urbanisation, routes) peuvent éclairer le contexte
dans lequel le modele est congu (notamment lorsque celui-ci comporte une dimension spatiale).
Dans le cadre des maladies a transmission vectorielle, comme par exemple la dengue qui est
transmises par les moustiques de type Aedes, des mesures entomologiques peuvent également étre
incorporées dans les modeles (ces données refletent souvent la taille de la population de moustiques,
plus rarement les moustiques infectieux).

page 11/248



CHAPTER 1. INTRODUCTION

Enfin, certaines données peuvent informer sur les comportement humains. Il peut s’agir de données
de déplacements, observés directement, comme les flux aériens, ou indirectement par exemple a
I’aide de données téléphoniques (Wesolowski et al., 2015). Il peut également s’agir de données de
contact entre sous-groupes d’individus, par exemple acquises a partir d’enquétes spécifiques. Enfin,
les données provenant d’Internet (nombre de requétes sur des moteurs de recherche, mots-clés sur
les réseaux sociaux par exemple) peuvent également éclairer sur les attitudes par rapport a une
maladie (Roche et al., 2017) ou la présence de cas sous-cliniques.

Chaque type de données a ses propres enjeux et peut donner lieu a des analyses statistiques
spécifiques. Par la suite, on se concentrera surtout sur les séries temporelles de cas.

1.2.2 Modeéeles statistiques et modeles d’observation

La prise en compte des données fait apparaitre une nouvelle source de stochasticité, liée au bruit
d’observation. Les observations sont effectivement une représentation incompléte et bruitée de la
réalisation de la trajectoire épidémiologique, dont le processus de génération peut lui-méme étre
modélisé. Aussiles données observées y; sont-elles liées aux solutions du modele épidémiologique
a travers un modele d’observation. Par exemple, dans le cadre d’un modele SIR comme défini

dans le systeme d’équations (1.1), supposons que 1’on observe I’incidence dC; — g5k cymulée
t+7 dC,

dt N

par semaine Cy = ft . -dt (les 1 €tant comptés en jours), avec un certain taux de report p
chaque semaine de facon indépendante.

Plusieurs modeles d’observation peuvent étre utilisées, comme le modele gaussien, ou le modele
binomial. Le modele gaussien est utilisé implicitement dans le cas de 1’estimation par moindres
carrés, mais il est parfois également employé en spécifiant des variances différentes le long de la
trajectoire (comme dans les modeles de Yang et al. (2014) par exemple).

Un modele fréquemment utilisé est le modele d’observation de Poisson. On suppose que les
observations y; sont indépendantes conditionnellement aux Cy, et suivent la loi :

Yi|Cx ~ P (pCy) (1.5)

Etant donné que la loi de Poisson possede un support non borné, ce modele attribue une probabilité
non nulle aux cas ot I’on observe davantage de cas que réellement simulés, permettant une prise
en compte des faux-positifs (Bretd, 2018).

Une autre hypothése couramment adoptée est le modele binomial négatif. On suppose dans ce
cas que les taux de report p; sont des variables indépendantes de loi Gamma(1/¢, p¢) et que,
conditionnellement aux pg les observations suivent des lois de Poisson indépendantes yi | pg, Cr ~
P (prCr) (Bretd et al., 2009). On a ainsi

1 1

Cy ~NB(-, ———
Vie|Cr N(¢1+¢ka

)

ou I’on note NV 8 la loi négative binomiale de parametres é eR} et € [0, 1]. Ceci implique

1
1+¢pCy
Elyx|Cx] = pCx et Var[yi|Cx] = pCr + ¢(ka)2, et peut ainsi s’interpréter également comme

une distribution de Poisson "surdispersée" (la variance étant plus élevée que la moyenne).

Bret6 (2018) généralise 1’idée (présente dans le modele binomial négatif) d’utiliser des taux
de reports eux-méme aléatoires, comme un parallele a 1’introduction de taux aléatoires dans les
réactions du systéme stochastique pour représenter la stochasticité environnementale (cf. section
1.1.2). Cette formalisation, permettant de séparer d’une part le processus d’observation et d’autre
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part 1’aléatoire sur les parametres qui le composent permet selon lui d’ouvrir la voie a des
améliorations de ces modeles d’observation. Par exemple, il devient possible de prendre en
compte de la dépendance potentielle entre les bruits associés aux parametres. Il devient également
possible de prendre en compte des erreurs de diagnostic en incluant une modélisation des cas
faux-positifs.

D’un point de vue empirique, Knape et al. (2011) comparent différents modeles d’observation
sur un méme jeu de données en écologie et concluent a une influence notable de ces choix sur les
résultats obtenus.

Dans les modeles considérés ici, on peut poser le modele a espace d’état suivant:

X1 = f(gl’ X0, M[)
yi:k ~ g(h(x1.1),0)

ou les y; sont les observations, x, les états du systeéme aux temps ¢, et 8 = (6’,x0) les
parametres du systéme (incluant les parametres et les conditions initiales xg). f correspond aux
équations définissant le modele épidémiologique, qui peuvent également dépendre d’un bruit u,.
g correspond a la distribution du modele d’observation, appliquée a une transformée / des états
x1.7 du systeme.

1.2.3 Estimations de modeles déterministes

Dans le cadre déterministe (4, = 0), les états du systeme x;.7 sont déterminés entierement par le
parametre 8 = (6, xg), souvent de facon numérique. La seule source de stochasticité provient du
mode¢le d’observation.

Cadre fréquentiste

Le modele d’observation permet de définir la vraisemblance, méme si celle-ci n’est souvent
calculable que numériquement, via la résolution du systeme d’équations différentielles du modele
épidémiologique.

Dans I’exemple du modele de Poisson donné ci-dessus (cf. equation 1.5),onaé = (xo, 8,7y, p),
la vraisemblance du modele s’écrit comme:

K

( Ck)yke—ka
L. 0) = | | £
k=1 Yk

ou les Cy sont obtenus en résolvant le systeme d’équations (1.1), pour (xg, 8, v).

La vraisemblance définie peut ensuite étre maximisée selon des méthodes numériques adaptées,
comme 1’algorithme de Nelder-Mead (simplexe) par exemple (cf. (Eisenberg et al., 2013) pour un
exemple d’application).

Cadre bayésien et Monte Carlo a chaine de Markov (MCMC)
Dans le cadre bayésien, la fonction cible est la distribution a posteriori

p(Bly) < L(y, 0)m(6)
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ol () est une distribution a priori pour les parameétres, et la vraisemblance marginale L(y, 8) =
L(x,y,0) = g(h(x1.1), 0) est évaluée a travers la résolution numérique du modele épidémiologique
pour le parametre 6.

La distribution a posteriori étant connue a une constante pres et de facon numérique, les
méthodes simulées de Monte Carlo a chaine de Markov (MCMC) sont particulicrement adaptées a
son étude. Il s’agit de construire une chaine de Markov ergodique ayant pour distribution invariante
la distribution a posteriori: la chaine constitue alors un échantillon d’observations dépendantes
tirées selon la distribution voulue (Robert and Casella, 2004). Elle peut étre utilisée pour calculer
les distributions marginales pour les différents parametres, et des indicateurs tels que la moyenne
a posteriori ou des intervalles de crédibilité. Elle peut également étre utilisée pour re-simuler les
trajectoires du modele en incorporant I’incertitude a posteriori sur les parametres.

Par exemple, 1’algorithme de Metropolis-Hastings (cf. algorithme 4) permet de générer une
telle chaine, (6, 61, ..., On), a partir d’un point d’initialisation quelconque 8y et d’une densité de
proposition ¢(.|6;) : il faut pour cela que le support de la fonction cible soit connecté et inclus dans
le support de la densité de proposition ¢, et de faibles conditions sur la distribution ¢ ! (Robert
and Casella, 2004). La distribution ¢g(.|6;) peut étre par exemple centrée sur le point ; (situation
de marche aléatoire). La chalne (une fois éliminée la phase préconvergence, dite de burn-in)
constitue un échantillon d’observations dépendantes tirées selon la distribution a posteriori jointe.
Cet algorithme est également valable lorsque la fonction-cible est connue a une constante pres.

Algorithm 4 MeTrOPOLIS-HASTINGS
La fonction cible est ici la distribution a posteriori
p(0ly).
1: Initialiser 6.
2: for i=1..Ndo
3 Echantillonner 6* avec ¢(.|6;)
4:  Accepter 6" avec probabilité @ = 1 A PO 1y)q0:197)
5
6
7

. b i p(@:1y)q(67107)
Si 6 est accepté, 0;.1 = 6*. Sinon ;1 = 0;

. end for
: return (6g, 04, ...,0N)

Les méthodes de MCMC ont été appliquées a des séries épidémiologiques depuis la fin des
années 1990 et le début des années 2000 (cf. Putter et al. (2002) par exemple), et I’algorithme de
Metropolis-Hastings est fréquemment utilisé pour les modeles déterministes (Pandey et al., 2013;
Lourenco and Recker, 2014; Kucharski et al., 2016; Funk et al., 2016). Le formalisme bayésien
permet notamment d’incorporer sous forme de distributions a priori les informations disponibles
sur certains parametres (comme les parametres mesurables cliniquement par exemple).

!La condition sur g pour garantir I’ergodicité de la chaine est la suivante (Roberts and Tweedie, 1996) : la densité
cible est minorée par une constante positive et majorée sur tout compact, et 36 > 0 et € > 0 tels que Vx

[x =yl <d=q(ylx) > €

Les conditions garantissant 1’ergodicité géométrique sont, elles, plus restrictives (Robert and Casella, 2004).
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La convergence du MCMC

Diagnostiquer la convergence Si en théorie la chaine de Markov converge vers la distribution a
posteriori, il n’est pas aisé de s’assurer en pratique que la loi invariante a bien été atteinte. Méme
s’il n’est jamais possible d’étre complétement certain de la convergence, de nombreux diagnostics
existent (Robert and Casella, 2004). Il est tout d’abord nécessaire de réaliser certaines vérifications
graphiques, comme 1’appréciation visuelle de la stationnarité de la chaine, de la convergence de la
moyenne cumulée ou I’étude d’autocorrélogrammes ou de corrélations croisées. Ensuite, certains
outils diagnostics quantitatifs peuvent étre utilisés.

Certaines méthodes analysent des propriétés de la chaine comme la stationnarité, ou la convergence
de la moyenne empirique (Robert and Casella, 2004). Par exemple, afin d’évaluer la stationnarité
de la chaine, des tests non-paramétriques d’homogénéité (comme Kolmogorov-Smirnov) entre le
début et la fin de la chaine peuvent €tre utilisés (a noter qu’il est approprié€ de sous-échantillonner
la chalne au préalable pour s’approche du cadre indépendant et identiquement distribué) (Robert
and Casella, 2004). Le test de Geweke (Geweke, 1992), autre test fréquemment utilisé, compare
des estimations de la moyenne du début et de la fin de la chaine, a 1’aide d’estimations non
paramétriques de la densité spectrale.

Un autre indicateur est la taille effective de I’échantillon (Effective Sample Size, ou ESS en
anglais). Il s’agit de calculer la taille qu’aurait un échantillon indépendant de méme variance
que celle observée dans la chaine, afin de mesurer la perte d’efficacité liée a I'utilisation d’un
échantillon dépendant (Robert and Casella, 2004). L’ESS se calcule comme le ratio entre le
nombre d’itérations considérées de la chaine N et son temps d’autocorrélation, qui nécessite d’étre
approximé numériquement.

D’autres méthodes comparent plusieurs chaines initialisées en des points différents et s’assurent
qu’elles convergent vers la méme distribution. Par exemple, dans le cadre du test de Gelman-Rubin
(Gelman and Rubin, 1992), il s’agit tout d’abord de générer plusieurs points d’initialisation, a partir
d’une estimation surdispersée de la densité cible, a partir desquels des chaines de MCMC sont
simulées. Deux estimateurs de la variance du posterior, fondés sur les variances inter et intra-chaine,
sont ensuite comparés a travers un indicateur dont la distribution peut étre approximée a partir
d’une loi de Student. Il est néanmoins important de bien échantillonner 1’espace des parametres
lors du choix des points d’initialisation pour que le diagnostic soit valide (Robert and Casella,
2004).

Ces diagnostics ont toutefois de nombreuses limites, et il est important de combiner plusieurs
formes de tests (graphiques et quantitatifs, univariés et multivariés, par exemple) afin de détecter
les éventuels problémes de convergence (Cowles and P. Carlin, 1995).

Schémas adaptatifs Par ailleurs, si en théorie 1’algorithme de Metropolis-Hastings converge
pour toute densité de proposition g, les propriété d’ergodicité forte ne sont pas toujours satisfaites
et la convergence de la chalne peut étre lente (Robert and Casella, 2004). En pratique, le choix de
q a donc de fortes conséquences sur la chaine: de facon heuristique, dans I’exemple d’une marche
aléatoire gaussienne, on peut dire que si la variance de g est trop élevée, les nouveaux parametres
échantillonnés sont trop souvent rejetés et la chaine reste longtemps fixée sur une méme valeur.
Au contraire, si la variance est trop faible, seul un voisinage du point d’initialisation est exploré,
ne permettant pas la convergence vers la loi cible, qui peut en étre éloignée. Parmi les solutions
possibles, il est possible d’utiliser des méthodes adaptatives, utilisant des propriétés du début de la
chaine (taux d’acceptation, covariance) pour mieux choisir la densité de proposition g. L utilisation
de valeurs passées de la chaine conduit a une perte de la propriété de Markov, et, pour de nombreux
schémas adaptatifs, les propriétés de convergence ne sont prouvés que sous des hypotheses parfois
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difficiles a vérifier en pratique (Robert and Casella, 2004; Yang and Rosenthal, 2017).

Malgré ces réserves, 1’adaptation des algorithmes de MCMC peut se révéler tres utile et de
nombreuses méthodes existent (Roberts and Rosenthal, 2009). Par exemple, dans le cas d’une
marche aléatoire gaussienne, la matrice de covariance de la densité de proposition est redimensionnée
afin d’obtenir un taux d’acceptation proche des résultats d’optimalité prouvés dans de nombreux
contextes (Roberts and Rosenthal, 2001). Cette matrice de covariance est parfois également
calculée a partir de la covariance passée de la chaine (Haario et al., 2001; Roberts and Rosenthal,
2009), afin de s’approcher des situations optimales dans le cas gaussien. Plusieurs schémas
adaptatifs sont parfois enchainés les uns aux autres (Yang and Rosenthal, 2017; Dureau et al.,
2013b).

1.2.4 Estimation de modeles stochastiques

Dans les situations ou, en plus du bruit d’observation, le processus dynamique de propagation de
I’épidémie est lui-méme stochastique, I’ estimation requiert des méthodes plus complexes. O’Neill
(2010) sépare deux types de situations: celles ou la vraisemblance est tractable (ce qui dépend a la
fois du modele choisi et des données disponibles), et celles ol elle ne 1’est pas. On se concentre ici
sur les cas les plus fréquents, ceux ou la vraisemblance est intractable ; pour les autres situations,
le lecteur peut se référer a O’Neill (2010) ou Andersson and Britton (2000).

Plus particulierement, dans de nombreuses situations traitées ici, on consideére que le modele
n’est disponible que sous la forme de simulations, comme une boite noire (il est possible de calculer
ponctuellement la vraisemblance d’une trajectoire réalisée, mais pas de I’ensemble des trajectoires
possibles pour un jeu de parametres donné). Les estimations réalisables dans ce cadre sont parfois
dites avoir la propriété "plug-and-play" (Breto et al., 2009). King et al. (2016) propose également
une typologie des méthodes d’estimation selon leur caractére "plug-and-play" ou non, 1’approche
retenue (bayésienne ou fréquentiste), et le recours a la vraisemblance ou a des statistiques-résumés.

On détaillera ici deux types de stratégies : estimer la vraisemblance par des méthodes de
filtrage, ou utiliser des méthodes sans vraisemblance fondées sur des statistiques-résumés.

Méthodes de filtrage

On suppose dans cette section que 1’on dispose d’une trajectoire inobservée {Xx} pour k=0:K
modélisée comme un processus markovien dont la distribution initiale est notée ug(xg) (cette
trajectoire peut avoir un processus sous-jacent {X;} pouvant étre en temps continu ou discret).
On dispose également d’observations y;.x = ()1, ...Ykx) indépendantes conditionnellement aux
x0:x = (x1,...Xxg), et d’un jeu de parametres 6. Ceci conduit au modele suivant (Doucet et al.,
2001b):

fo(xplxg—1) k=1:K

(1.6)
8o(yklxk) k=1:K
On s’intéresse alors a la vraisemblance
K
L0:0) = poria) = [ s | [ gaoeloid foCue v o )
k=1

ainsi qu’a la distribution pg(x¢.x |y1:x ), qui peut s’écrire de facon récursive
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po(y1:x)

Il n’est possible de calculer analytiquement ces quantités que dans de rares situations, notamment
le cadre linéaire gaussien (utilisation du filtre de Kalman), ou lorsque les x; ne peuvent prendre
qu’un nombre fini de valeurs (Doucet et al., 2001b), ce qui n’est généralement pas le cas des
modeles épidémiologiques. Il existe toutefois des méthodes simulées pour traiter ces modeles.

1 K
Po(xo.x|y1:x) = ———uo(x0) 1_[ 8o (Vilxk) fo(xklxi-1) (1.3)
k=1

Filtre particulaire (ou Monte Carlo Séquentiel) Le Monte Carlo séquentiel permet d’estimer
la distribution (1.8) et d’estimer la vraisemblance (1.7), en supposant connu le jeu de parametres
6. L’algorithme 5 présente sa version dite "bootstrap".

Intuitivement, I’état du systeme a I’instant k, noté¢ X, est représenté par un échantillon de

particules {xé’ ), j € [1;J]}. A chaque itération de I’algorithme, les particules sont projetées au
temps k + 1 selon la dynamique du modele épidémiologique fg(xr|xx—1) et un poids leur est
attribué en fonction de leur adéquation a I’observation y;. Avant I’itération suivante, les particules
(et leur trajectoire depuis le temps ¢ = 0) sont ré-échantillonnées selon ces poids, afin d’éliminer
les particules ayant des poids trop faibles et de concentrer 1’effort de computation sur les régions
les plus vraisemblables. La vraisemblance est également estimée de fagcon séquentielle.
Il s’agit d’une méthode d’importance sampling dans laquelle les observations sont incorporées de
facon séquentielle, la fonction d’importance permettant de calculer les poids de fagon séquentielle
(étapes 4 a 8 dans I’algorithme 5), accompagnée d’une étape de ré-échantillonnage (étape 9 dans
I’algorithme 5) (Doucet et al., 2001b). L’algorithme fournit également un estimateur non biaisé de
la vraisemblance, cf. équation (1.7).

Algorithm 5 MonTE CaRLO SEQUENTIEL (SMC) - FILTRE PARTICULAIRE BOOTSTRAP
@))
k

L estla vraisemblance pg(y1.x). W]Ej ) estle poidset x,”” est]’état associés a la particule j aladate k.

[

. Fixer L=1, W = 1/J.
(0]

2: Echantillonner (x;);-1.; selon pig(xo).

3: fork=1:Kdo

4. forj=1:Jdo ‘ .

5: Echantillonner xf{J ) selon fo (xklxl(g_)l)
6: Fixer ) = gg(yklx,(cj))

7. endfor '

8:  Fixer W,i’) = le‘:](";(l) etL=L%% a?
9:  Re-échantillonner (xé{ ])( )j=1:s selon Wlij )
10: end for

Le filtre bootstrap a I’inconvénient que les particules sont projetées de k — 1 a k sans tenir
compte des observations y. Cela peut conduire & de nombreuses particules avec un faible poids, et a
une disparition de nombreuses particules a mesure que de nouvelles observations sont incorporées.
Ce phénomene est particulierement fort lorsque la distribution gg (v« |xx ) est tres informative. Afin
de pallier ce probléme, de nombreuses extensions du filtre bootstrap existent (filtre particulaire
guidé, filtre particulaire auxiliaire, par exemple). Toutefois, elles nécessitent souvent de calculer la
densité fy(xg|xr-1), qui n’est pas tractable dans de nombreux modeles épidémiologiques, et elles
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ne possedent ainsi souvent pas la propriété "plug-and-play".

Afin d’estimer a son tour le jeu de parametres 6, le filtre SMC (algorithme 5) peut étre incorporé
dans un schéma d’estimation, par exemple dans le cadre bayésien selon des méthodes de MCMC
(Particle Markov Chain Monte Carlo, PMCMC (Andrieu et al., 2010)) ou de SMC (SMC? (Chopin
etal., 2013)), ou dans le cadre fréquentiste en maximisant la vraisemblance (Maximum Likelihood
via Iterated Filtering, (Ionides et al., 2006)). On introduira bri¢vement ces différentes approches,
mais dans le cadre de cette theése, c’est la méthode du PMCMC (dans sa version particle marginal
Metropolis Hastings, PMMH) qui a été utilisée.

Cadre bayésien et méthodes de Monte Carlo Dans le cadre bayésien, on suppose une
distribution a priori () et I’objectif est désormais d’estimer la loi a posteriori :

p(xo:x,0ly1:x) = p(0ly1.x )pe(x0.k 1 y1:K)

(1.9)
< po(y1:x)7 (@) po(x0.x |y1:K)

Le Particle Marginal Metropolis Hastings (Andrieu et al., 2010) permet d’échantillonner selon
cette loi a posteriori. Il s’agit de construire un algorithme de Metropolis-Hastings dont la fonction
cible est 1a loi (1.9) et dont la densité de proposition s’écrit comme :

q (6", %516, x0.)) = (0"10)po- (G, 11:K)

Le ratio de Metropolis-Hastings s’écrit alors de la sorte (Andrieu et al., 2010):

PG 0711600 (0. X010 x5,)) (011 por (5, & 116 )q (0160 po (xo.k 11K )

pOxo:k. Oy (0%, x5, )10, x0:x))  POYEKIPo ok 1y1:6)q(0°10)por (x5, [y1:)

_ p(0"ly1:6)q(016")
pOly1:x)q(6716)
_ Por1:x)7(07)q(616)
Po(y1:x)7(0)q(6*|0)
Les quantités inconnues pg(y1:x) et pg(xo.x|y1:x) sont approximées par leurs estimations a

I’aide du filtre SMC, ce qui conduit a I’algorithme 6, dont la validité et les propriétés de convergence
ont été établies par Andrieu et al. (2010).
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Algorithm 6 PARTICLE MARGINAL METROPOLIS-HASTINGS (Andrieu et al., 2010)
Dans un modele avec K observations et J particules.
q(.16") est la densité de proposition.

1: Initialiser 6.

2: Avec SMC, calculer Do (y1:x) et échantillonner x(() selon pyo (xo:x |y1:x)-
3: for i=1..N—-1do

4: Echantillonner 6* selon g(.|6D)
5 Avec SMC, calculer L(6%) = pg-(y1.x) et échantillonner xE“):n selon pg-(x0:x |V1:x)
6. Accepter 6 (et x; ) avec probabilité

L(")m(6")q(616")

1A - - .
LO)m(0D)q(6*16®D)

7. Sif* estaccepté, 0D = g et x{ 1) = xf . Sinon 90D = 9D et x{ D = x{) .
8: end for
9: return (6y,01,...,0n)

L utilisation du PMCMC en épidémiologie a permis notamment I’ étude de parameétres variables
dans le temps (Dureau et al., 2013b; Camacho et al., 2015; Cazelles et al., 2018), ou la prise en
compte de données phylogénétiques (Rasmussen et al., 2011, 2014).

Dans le cadre du SMC? (Chopin et al., 2013), le filtre particulaire (algorithme 5) est incorporé
dans un autre algorithme SMC (nommé IBIS) pour lequel c’est la distribution de 6 qui est
représentée par un échantillon de particules. Dans 1’algorithme IBIS, les observations y;.x
sont prises en compte de facon séquentielle, en utilisant les incréments de la vraisemblance
POk |yik-1,0). Lalgorithme SMC? permet, entre autres, de traiter les situations ou ces incréments
ne sont pas tractables, en utilisant leur estimation non biaisée par le filtre particulaire (algorithme
5). A chaque itération k de 1’algorithme, une nouvelle observation y; est prise en compte, afin
d’actualiser a la fois la distribution de p(xk [y1:x, 8) et celle de p(6|y;:x ), en utilisant Ny particules

(6™)m=1...N, €t N particules pour (xo il 1...n, bour chaque 6.

Maximum Likelihood via Iterated Filtering (MIF) L approche de Ionides et al. (2006)
consiste a chercher le jeu de parametres 6 qui maximise la vraisemblance pg(y;.x ), en construisant
un algorithme itératif (Maximum Likelihood via Iterated Filtering, ou MIF).

Pour cela, ils considerent le modele étendu dans lequel 6 est remplacé par un processus variant
dans le temps 6 suivant une marche aléatoire d’espérance E[0y|0x_1] = 6x—1 et de variance
Var [0k 10k—1] = 02Z (le modele initial correspondant au cas o? = 0). Par itérations successives,
o? est approché de zéro de fagon exponentielle o; = ’~!, ol @ est un facteur de "refroidissement”
strictement compris entre O et 1.

A chaque itération i de 1’algorithme, un filtre particulaire de type SMC est appliqué pour estimer
p(x0:x,00:x|y1:x), ce qui permet d’obtenir une séquence de éé’k et de leurs variances V()(:i1)< en
utilisant la variabilité des particules. L'estimateur 8“*Dest alors estimé comme une moyenne
pondérée des 0( ) , soit U+ = @ 4 V(’) Zk 1(V(’)) ! (9(’) 0(’) )

Le lecteur peut se référer a Ionides et al. (2006) et Ionides et al (2011) ou les propriétés de
convergence de cet algorithme sont détaillées et prouvées, a Ionides et al. (2015) pour une version
améliorée de I’algorithme et a King et al. (2016) pour les détails d’implémentation.
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Afin d’obtenir des écarts-types ou des intervalles de confiance pour 8, des profils de vraisemblance
sont utilisés.

Lalgorithme MIF a été fréquemment utilisé en épidémiologie, sur des données de cholera (King
et al., 2008), rougeole (He et al., 2010), malaria (Laneri et al., 2010), grippe (Camacho et al.,
2011), ou encore rotavirus (Stocks et al., 2017).

Il existe plusieurs librairies pour implémenter ces algorithmes coliteux, comme SSM (Dureau
et al., 2013a), Libbi (Murray, 2013) ou POMP (King et al., 2016). C’est SSM qui a été utilisée
dans le cadre de cette these.

Filtre de Kalman Dans le cadre de modeles linéaires et gaussiens, le probleme de filtrage peut
étre résolu de fagcon analytique a I’aide du filtre de Kalman. Dans ce cadre, les processus (xj) et
(yx) sont gaussiens et ainsi entierement définis par leur espérance et leur matrice de covariance,
qui peuvent se calculer de maniere récursive. Si I’hypothése de normalité n’est pas respectée, le
filtre de Kalman permet tout de méme d’obtenir la meilleure estimation linéaire pour le probleme
de filtrage (Sarkka, 2013).

Toutefois, les modeles épidémiologiques sont tres souvent non linéaires, et le filtre de Kalman ne
peut pas étre appliqué de fagcon directe. Le filtre de Kalman étendu (Extended Kalman filter, EKF,
cf. algorithme 7) consiste a réaliser un filtre de Kalman sur une linéarisation du systéme par la
formule de Taylor (Sarkka, 2013). Par exemple, en supposant des bruits additifs dans les équations
de transition et d’observation, I’équation (1.6) devient :

Xk = fo,k-1(Xk-1) + Ur_1 (1.10)

Yk = 8o,k (Xk) + Vi
avec {uy }, {v } deux bruits blancs gaussiens indépendants de variances respectives Uy et V. La
loi de filtrage pg(x|y1:x) est alors approximée par une gaussienne de moyenne m et de covariance
Py, qui sont calculées récursivement (Sarkka, 2013).

Algorithm 7 ExTeNpED KALMAN FILTER
On note my k-1 I’approximation de E[x |y1:x-1]
On note Fy  la matrice jacobienne de fy i et Gg x la matrice jacobienne de gg x.

1: Fixer myg et Py.
2: fork=1:Kdo
Prédiction :
33 mijk-1 = fo.k-1(mk-1)
Pr k-1 = Fe,k—l(mk—l)Pk—ngk_] (mi-1) + Uk
Mise a jour :
50 mi = mygeet + Prg-1.Gy  mice-1)-Sg ey Ok = 8o, (micje-1)
6:  Pr = Prjg-1— Pklk—l-GgT,k(mklk—l)-S];ﬂk_]-Ge,k(mklk—l)-Pklk—l
ol Sk k-1 = Ge,k(mk|k—1)-Pk|k—1-G£’k(mk|k—1) + Vi
7. end for

Par exemple, le filtre de Kalman étendu a été€ utilisé pour estimer les parameétres variables d’un
modele épidémiologique (Cazelles and Chau, 1997) (les parametres variables étant considérés
comme des variables d’état).
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Afin d’estimer le jeu de parametres fixes 6, le filtre de Kalman peut étre introduit dans une
procédure d’optimisation de la vraisemblance ou d’échantillonnage de la distribution a posteriori.
Toutefois, étant donné qu’il repose sur une approximation du modele a espace d’état, les estimations
sont biaisées et I’incertitude peut étre sous-estimée (Sarkka, 2013). En raison de son moindre cofit
computationnel par rapport au filtre particulaire, le filtre de Kalman étendu est utilisé au sein
d’un algorithme de Metropolis-Hastings adaptatif par Dureau et al. (2013b) comme algorithme
d’initialisation, avant d’utiliser le PMCMC (notamment pour initialiser la matrice de covariance
de la densité de proposition gaussienne).

Une alternative au filtre de Kalman étendu pour les modeles non-linéaires est le filtre de
Kalman d’Ensemble. Dans cet algorithme, le systéeme n’est pas approximé par linéarisation, mais
par un ensemble d’états simulés du systeme (on peut voir I’analogie avec le filtre particulaire). Cet
ensemble constitue un échantillon sur lequel peut étre calculée la covariance qui intervient dans
les équations du filtre de Kalman (Evensen, 2003). Cette méthode a été utilisée en épidémiologie,
pour étudier des pathogénes comme la grippe ou encore le virus du Nil occidental (Yang et al.,
2014; DeFelice et al., 2017), notamment a des fins de prédiction (Hickmann et al., 2015).

Utilisation de statistiques-résumés : I’exemple des algorithmes ABC

Une autre approche pour I’estimation des paramétres du modele épidémiologique lorsque la
vraisemblance est intractable est I’utilisation d’algorithmes comme ’ABC (Approximate Bayesian
Computation), dont un exemple simple est donné par 1’algorithme 8 (Marin et al., 2012). Pour
cet algorithme, il est seulement nécessaire de pouvoir simuler selon le modele a espace d’état, et
méme le calcul de la vraisemblance n’est pas nécessaire, ce qui le rend trés adapté pour les modeles
complexes, notamment lorsque des données de séquences génétiques sont utilisées (Saulnier et al.,
2017).

Algorithm 8 ABC (version algorithme de rejet)
Soit S(y1:x) un ensemble de statistiques-résumés de y;.x.
Soit d(.,.) > 0 une distance.
Soit € > 0 un seuil de tolérance.
1: fori=1: Ndo
2 Générer 6 ~ n(6)
3:  Simuler X1.x ~ p(x1:x10) et F1.x ~ p(y1:k | %1:x. 0)
4
5:

Accepter 6; = 0 si d(SG1k),SO1:x)) < €
end for

L’algorithme 8 présente une version simple de I’algorithme, pour laquelle les parametres sont
proposés de facon non informative, et acceptés ou rejetés uniquement selon un seuil, ce qui le rend
peu performant en pratique. De nombreuses extensions faisant appel aux méthodes de MCMC
existent, notamment détaillées par Marin et al. (2012), comme par exemple ABC-MCMC ou
ABC-SMC (Toni et al., 2009). Des méthodes de régression sont également utilisées pour ajuster
les parametres estimés afin de mieux représenter la distribution a posteriori (cf. par exemple
Saulnier et al. (2017)).

En contrepartie de la simplicité d’utilisation, ’ABC repose sur le choix du seuil de tolérance, de
la distance et surtout des statistiques-résumés. Certaines méthodes existent pour tenter de calibrer
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au mieux ces quantités (Marin et al., 2012). Une autre approche consiste a conserver un grand
nombre de statistiques-résumés et les étudier par des méthodes de machine learning comme les
foréts aléatoires (Raynal et al., 2017).

Parmi les applications en épidémiologie, McKinley et al. (2009) utilisent des méthodes d’ABC
pour estimer les parametres d’un modele de transmission de la fievre Ebola, a partir de données
d’incidence et les simulations du modele, en introduisant également une métrique sur la taille finale
de I’épidémie et la date de fin de la derniere infection. Ils comparent leurs résultats & ceux d’un
modele d’augmentation de données, et a des situations ou davantage d’informations sont disponibles
(nombre d’infectés et non incidence par exemple). Saulnier et al. (2017), eux, utilisent les méthodes
d’ABC pour calculer les parametres épidémiologiques a partir de données phylogénétiques, pour
lesquelles I’expression ou le calcul d’une vraisemblance sont parfois complexes.

Comparaison de ces méthodes

Comparaison des différentes méthodes fondées sur le filtrage Bhadra (2010) réalise une
comparaison du PMCMC avec le MIF sur les exemples de I’article de Andrieu et al. (2010): sur cet
exemple, le MIF est plus rapide d’un point de vue computationnel mais nécessite ensuite de calculer
des profils de vraisemblance. Il indique également que le choix entre ces deux algorithmes dépend
si le cadre bayésien (et donc I’ utilisation de lois a priori) ou le cadre fréquentiste est privilégié dans
I’analyse.

Yang et al. (2014) comparent, eux, sur des modeles de grippe, différentes méthodes de filtrage,
fondées d’une part sur des filtres particulaires (filtre SMC, MIF et PMCMC) et d’autre part sur
des filtres d’ensemble. Dans leur situation, les filtres d’ensemble et le filtre SMC reproduisent
mieux les données passées, notamment en présence de pics multimodaux. Ceci est du au fait que
ces filtres actualisent les parametres du systeme tout au long de la série temporelle, tandis que les
filtres particulaires n’actualisent que les variables d’état, les paramétres étant fixes au long de la
série. Cependant, les meilleures méthodes de filtrages ne s’averent pas les meilleures en prédiction
selon leurs analyses (Yang et al., 2014).

Comparaison des approches par filtrage et par réduction d’information Owen et al. (2015a)
proposent une comparaison des approches par PMCMC et ABC sur des données simulées. D’apres
leurs analyses, lorsque le bruit d’observation est élevé, le PMCMC permet des estimations plus
fines, notamment en présence de nombreuses observations, et ’TABC ne permet pas de retrouver
les parametres du modele d’observation. Lorsque le bruit d’observation est faible, le PMCMC
présente des problémes de convergence, la chaine restant bloquée de longues périodes sur les mémes
valeurs de parametres. Par ailleurs, le PMCMC présente de grandes difficultés de calibration, et
une mauvaise initialisation du point de départ de la chalne et de la matrice de covariance de la
densité de proposition peut conduire & des situations de non-convergence. Une suggestion de leur
étude serait d’utiliser "ABC comme initialisation du PMCMC (Owen et al., 2015b).

Fasiolo et al. (2016) proposent, eux, une comparaison détaillée de plusieurs méthodes, dont
certaines sont fondées sur le filtrage particulaire (PMMH et MIF) et d’autres sur la réduction
d’information par statistiques-résumés (Synthetic Likelihood (SL) et ABC), a 1a fois sur des modeles
simulés et des exemples en écologie et en épidémiologie (PMMH et SL). D’apres leurs travaux, les
méthodes de filtrage conduisent a des estimations plus précises, notamment quand le modele est
faiblement identifiable, méme si elles peuvent nécessiter des phases de calibration préalable a 1’aide
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de méthodes plus synthétiques. En revanche, ces méthodes ont de réels désavantages lorsque la
vraisemblance est fortement multimodale, ce qui arrive notamment en présence d’un faible bruit de
processus et de dynamiques chaotiques. Dans ces situations, le PMMH surestime la stochasticité du
systeme, tandis que les méthodes de réduction d’information semblent plus robustes. Les méthodes
par réduction d’information semblent donc plus adaptées pour I’exploration de nouveaux modeles,
méme si leur calibration (choix de statistiques-résumé, par exemple) peut étre contraignante, tandis
que les méthodes par filtrage permettent de finaliser les estimations d’un modele préalablement
établi.

Autres méthodes d’inférence

On a détaillé ici des méthodes reposant sur 1’écriture du modele a espace d’état et les méthodes
sans vraisemblance, notamment en raison de leur caratere "plug-and-play". Il existe cependant
d’autres approches pour traiter les situations ol la vraisemblance est intractable, pour lesquelles le
lecteur peut se référer a I’introduction par Britton and Giardina (2016).

Parmi celles-ci, on peut citer les méthodes par augmentation des données, dans lesquelles des
variables latentes (comme les dates et types des événements non observés) sont introduites dans
le modele (Gibson and Renshaw, 1998; O’Neill and Roberts, 1999). La vraisemblance devient
tractable pour le modele complété par les variables latentes, et ’inférence menée a 1’aide de
I’algorithme E-M ou de méthodes de MCMC. Ces méthodes sont aussi utilisées pour étudier des
données individuelles (Auranen et al., 2000; Cauchemez et al., 2004), afin de retrouver les lieux
principaux de la transmission (foyer, école, par exemple).

Une autre approche consiste a approximer le modele en temps continu par un modele en temps
discret (Finkenstddt and Grenfell, 2002). Selon ce modele, nommé TSIR (time series susceptible
infected recovered), les données sont agrégées selon un pas de temps ¢ correspondant a la durée
caractéristique de la maladie (dans le cas de la rougeole, la durée entre I’infection et la guérison), et
les infections ayant lieu a la période ¢ sont liées aux nombres d’individus infectés et de susceptibles
a la date t — 1. Cette écriture récursive conduit a des expressions tractables de la vraisemblance,
permettant I’estimation par moindres carrés ou par MCMC par exemple.

1.2.5 Comparaison et évaluation des modeles

La complexité des modeles épidémiologiques et la multiplicité des effets qui peuvent étre représentés
nécessite des méthodes pour comparer les différents modeles. Ceci peut permettre de comparer la
plausibilité de différentes hypotheses biologiques (King et al., 2008; Camacho et al., 2011), ou de
mettre en évidence les mécanismes les plus importants dans la dynamique épidémique observée,
afin de conserver des modeles parsimonieux (Pandey et al., 2013). La comparaison de modeles
épidémiologiques est une question non triviale (Gibson et al., 2018), les méthodes existantes pour
certains contextes sont parfois inadaptées a d’autres, par leur difficulté d’implémentation ou leur
manque de fiabilit€. Toutefois, de nombreuses stratégies ont été proposées, dont nous présentons
quelques unes ici. La revue de Gibson et al. (2018) synthétise beaucoup d’entre elles, dans une
perspective en lien avec 1’estimation fondée sur la vraisemblance complétée par augmentation de
données via MCMC.
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Criteres d’information

Critere d’information d’Akaike (AIC) (Akaike, 1974) Lecritere AIC se calcule trés simplement
a partir de la log-vraisemblance logL(y, #) calculée en son maximum 6, pénalisée par le nombre
de parametres du modele (noté p):

AIC = —21log(L(y, 0)) +2p

Cette quantité est une approximation de I’espérance de I’information de Kullback-Leibler
relative, la pénalisation par le nombre de parametres étant une correction de biais. Pour les
échantillons de petite taille n, une version de I’AIC dite "AIC corrigé" (AICc) existe, prenant en

compte la correction du biais a 'ordre 2 (Burnham and Anderson, 2004):

2p(p+1)

AICc = AIC +
n—p-1

Le critere AIC a été fréquemment utilisé en épidémiologie, par exemple par King et al. (2008);
Camacho et al. (2011); Pandey et al. (2013).

Critere d’information DIC (Deviance Information Criterion) (Spiegelhalter et al., 2002) Le
DIC proposé par Spiegelhalter et al. (2002) repose sur la notion de déviance :
D(6) = —2log(L(y,0)) + 2log(h(y))

ol A(y) est un terme de normalisation qui ne dépend que des données y, et qui est fixé a h(y) =1
dans le cadre de la comparaison de modeles. Le DIC repose également sur la notion de "nombre
effectif de parametres", définie comme

pp =Egiy[D(0)]1 - D(6(y))

ot 4(Y) est un choix d’estimateur ponctuel du paramétre d’intérét #, comme par exemple la
moyenne a posteriori Eg)y[0] = 6. Le DIC se définit alors comme (Celeux et al., 2006):

DIC =Ey,[D()] + pp (1.11)
= D(0(y)) +2pp (1.12)
= 2Egy [D()] - D(0(y)) (1.13)
= —4Eg|y [log(L(y,0))] + 21og(L(y,8(y)) (1.14)

L’expression (1.12) fait apparaitre la similitude avec le critere AIC, et Spiegelhalter et al. (2002)
motivent le choix de pp comme mesure du nombre de parametres en utilisant plusieurs arguments,
par exemple A travers une approximation gaussienne du posterior et lorsque d(y) = 6. Leur
raisonnement sur ce point est le suivant : en développant D(6) au voisinage de 6, on a
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_ _ 0D - 1 _ L+ 0°D _ _
Egy[D(6)] ~ Egyy [D(e) +(0 - e)T%(e)) +50- e)TWw)(e - 9)]
_ _ . 0%logl - -
= D(@) +Eary | (0= 0) 222 (3. 0)(6 - 9)]
d%logL

= D(é) - ]Egb; [tr (W

(%.6)(0-0)(6 - é)T)]

_ d*ogL - _ _
=D(@) ~tr (a—zf()’ﬁ)EeAy [(6-6)60- 0>T])
~ d’logl -
=D(0) +tr (— 502 O, G)V)

_ ’p0ly) - ’p(0) -
= D@) +1tr (—%(a)v) —ir (— ape(z )(a)v)

= D(Q_) + tr (—QgV) —tr (—PgV)

~ D(6) +tr (V_IV) —tr (—PzV) en utilisant I’approximation gaussienne
=D(0) +p—tr(-PV)

On aainsi pp = p —tr (—P3V), dont le second terme tend vers zéro lorsque 1’information a priori
est négligeable.

Le DIC peut également s’interpréter en (1.11) comme une mesure de I’adéquation du modele
(déviance moyenne a posteriori : Eg|,[D(60)]) pénalisée par une mesure de sa complexité (pp), et
le meilleur modele est celui pour lequel le DIC est le plus faible (Spiegelhalter et al., 2002). Ce
critere s’adapte notamment aux situations pour lesquelles la définition de la complexité du modele
n’est pas directe (par exemple quand des priors informatifs sont utilisés), et son expression permet
de le calculer facilement a partir des résultats d’une chaine de MCMC.

Bien que souvent utilisé en pratique, ce critére a été 1’objet de fort débats théoriques (cf. par
exemple la discussion de Spiegelhalter et al. (2002)). De plus, certains aspects d’utilisation ne
sont pas toujours évidents, comme le choix de I’estimateur (Y) (moyenne a posteriori, mais aussi
médiane ou mode) qui est laissé a I’utilisateur et peut avoir une influence sur la pertinence du DIC (la
quantité pp pouvant s’avérer négative). Celeux et al. (2006) formulent plusieurs "DIC observés",
correspondant & des choix différents pour 4(Y), ainsi que plusieurs versions de 1’indicateurs dans
le cadre des modeles a données manquantes.

Autres difficultés Ces méthodes fondées sur la vraisemblance dépendent donc du jeu de données
utilisé. Dans les situations oll I’on compare des modeles estimés a partir d’observations diftérentes
(par exemple, un modele agrégé et un modele dans lequel les données sont sub-divisées par aire
géographique, ou sérotype de virus), ces méthodes ne sont pas appropriées.

Vérifications ''posterior predictive'

Un des avantages du contexte bayésien est la possibilité de re-simuler le modéle préalablement
estimé, et, sous I’hypotheése que le modele soit valable, il est un pré-requis désirable que les
simulations du modele (notées y”¢P) ressemblent aux vraies données (y) (Gelman et al., 2013).
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Les vérifications "posterior predictive" reposent sur cette idée, en comparant des mesures de
"discrepancy" calculées sur les données simulées T(y"¢P,6) a celles calculées sur les vraies
observations T'(y, 8). Il est alors possible de calculer une "p-valeur posterior predictive" (PPP-valeur)
qui correspond a la proportion de simulations pour lesquelles T (y"¢?,60) > T(y, ). Des valeurs
proches de 0 ou de 1 pour cette proportion indiquent des doutes sur la validité du modele. On
peut également tracer le graphique des valeurs de T(y" P, 6) en fonction de celles de T (y, 6) afin
d’évaluer dans quelle mesure elles different (notamment en les comparant au cas idéal dans lequel
on aurait une égalité parfaite, c’est-a-dire T(y"¢P,0) = T(y,0)). Ces éléments de diagnostic
peuvent éclairer sur les défauts du modele, afin de comprendre ses limites et de proposer des
améliorations.

Gibson et al. (2018) citent plusieurs travaux qui utilisent des PPP-valeurs ou des vérifications
"posterior predictives”, notamment utilisant des indicateurs d’autocorrélation spatiale comme
mesure de "discrepancy”. Camacho etal. (2011) utilisent également des graphiques de "discrepancies"
en complément de I’indicateur AIC dans leur comparaison de modeles de grippe.

Une limite a I'utilisation des PPP-valeurs vient du fait que celles-ci n’ont pas la propriété

des p-valeurs fréquentistes d’uniformité sous I’hypothése que le modele est le bon. Elles ont
notamment tendance a étre plus conservatrices car les données sont utilisées deux fois (pour
estimer les parametres et pour évaluer le modele). Sans connaitre leur distribution, il est difficile
d’interpréter leur valeur afin de savoir si celle-ci est ou non extréme. Cette critique a conduit a des
formulations alternatives (parfois appelées "u-valeurs"). Gelman et al. (2013) insistent toutefois sur
le fait que cette propriété ne constitue pas une limitation a I’utilisation des diagnostics graphiques
et a ’utilisation des "discrepancies” pour mettre en évidence les faiblesses d’un mode¢le.
Gibson et al. (2018) évoquent, eux, la difficulté du choix des mesures de "discrepancy", qu’ils
comparent a la difficulté du choix des statistiques-résumés dans 1’estimation par ABC. Ils insistent
sur I’importance de choisir des indicateurs en lien avec les utilisations futures du modele. Ils
introduisent également des extensions de ces méthodes, fondées sur les résidus latents (Gibson
et al., 2018; Lau et al., 2014).

1.3 Modéliser les arboviroses

1.3.1 Les arboviroses

Les arboviroses sont des maladies causées par des virus ayant pour vecteurs des arthropodes,
comme les moustiques ou les tiques ("arthropod-borne viruses" ou "arboviruses" en anglais). Le
virus se transmet entre 1’hote et le vecteur lorsque ce dernier préleéve le sang d’un hote pour se
nourrir. Il existe de nombreuses arboviroses, affectant les humains comme les animaux: nous
nous concentrerons ici sur les arboviroses humaines. Certaines sont connues et étudiées depuis
plusieurs décennies comme la fievre jaune, la dengue, le chikungunya, I’encéphalite japonaise ou
I’encéphalite a tiques ; d’autres ont été découvertes ou réétudiées plus récemment comme celles
causées par les virus Zika, Mayaro ou Spondweni (Gould et al., 2017). Les symptomes associés
a ces maladies peuvent étre tres divers, allant de manifestations treés 1égeres a de séveres séquelles
neurologiques ou des fievres hémorragiques parfois mortelles. Toutefois, ces virus sont proches
d’un point de vue antigénique, ce qui peut compliquer leur diagnostic sérologique, et induire des
réactions immunitaires croisées au sein de 1’hdte lors d’infections successives.
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La présence de ces maladies a I’échelle du globe est liée a celle de leurs vecteurs qui dépend
fortement des conditions climatiques et environnementales (Kraemer et al., 2015). Toutefois, les
échanges internationaux jouent aussi un role décisif dans 1’introduction des virus et des vecteurs
dans de nouvelles régions, comme ce fut probablement le cas autour du X VIle si¢cle sur le continent
américain pour le virus de la fievre jaune (Gould et al., 2017) ou le moustique Aedes aegypti (Brown
et al.,, 2014). Les changements climatiques, I’intensification des échanges et les modifications
de I’environnement liées a la déforestation ou 1’urbanisation contribuent & 1’expansion de ces
maladies vers de nouvelles aires géographiques (Messina et al., 2014; Gould et al., 2017), comme
en témoignent par exemple les premieres épidémies de chikungunya dans sud de I’Europe (Rezza
et al., 2007; Delisle et al., 2015). La compréhension des mécanismes de leur propagation est donc
d’autant plus importante.

Dans le cadre de ce travail, deux arboviroses ont été étudiées en particulier: la dengue et le
virus Zika.

La dengue

La dengue est causée par un flavivirus transmis par les moustiques Aedes. Elle se manifeste par un
type grippal sévere, pouvant conduire a de graves complications, comme la fievre hémorragique
ou le syndrome de choc. Néanmoins, de nombreuses infections par la dengue ne présentent que
des symptdmes faibles, voire inexistants, qui ne nécessitent pas le recours aux services de santé
(Grange et al., 2014). Ces cas dits "inapparents" pouvant tout de méme transmettre le virus (Duong
et al., 2015), ils jouent un r6le important dans la propagation de la maladie. On estime environ
390 millions d’infections par la dengue chaque année dans le monde, dont 50 a 100 millions de
cas symptomatiques ce qui constitue un probleme majeur de santé publique, qui a de surcroit de
lourdes conséquences économiques (Bhatt et al., 2013; Shepard et al., 2016).

L’épidémiologie de la dengue est tres liée a 1’écologie de ses vecteurs, les deux principaux
étant Aedes aegyti et Aedes albopictus. Le premier est le principal vecteur de la maladie, et il est
présent dans I’ensemble des régions tropicales du globe (Kraemer et al., 2015). Le second est un
vecteur moins compétent (Lambrechts et al., 2010) mais il est plus répandu a 1’échelle mondiale,
notamment dans les régions tempérées (Kraemer et al., 2015). Les conditions climatiques et
environnementales influencent fortement la transmission du virus (Naish et al., 2014), par leur
influence sur la durée de vie des vecteurs, leur reproduction, ou leur capacité a transmettre le
virus (durée d’incubation, probabilité de transmission) (Liu-Helmersson et al., 2014). La dengue
est endémique dans la plupart des régions tropicales et subtropicales du globe, et connait parfois
des dynamiques saisonnieres, marquée par la résurgence annuelle d’épidémies d’ampleur variable,
comme par exemple en Asie du Sud-Est (Teurlai et al., 2012; Nisalak et al., 2016; Yap et al., 2016).
La survie du pathogene lors des saisons peu propices a la transmission peut s’expliquer par des
mécanismes de transmission verticale au sein du vecteur (Lequime and Lambrechts, 2014), ou par
la présence de cas asymptomatiques permettant une circulation a bas bruit tout au long de I’année
(Adams and Boots, 2010).

Si la dengue et son vecteur sont fortement influencés par les facteurs climatiques, ils dépendent
aussi de facteurs humains. Le vecteur Aedes aegyti est particulierement anthropophile et les petits
réservoirs d’eau autour des habitats humains constituent de nombreux lieux de ponte. Les facteurs
socio-économiques ont donc une forte influence sur la propagation de la maladie, car des éléments
comme la climatisation par exemple peuvent avoir un rdle pour limiter la présence de moustiques
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et ainsi la transmission (Reiter et al., 2003). Toutefois, ces relations sont complexes et changeantes,
la dengue affectant des zones aux caractéristiques diverses, selon des schémas différents d’année
en année (Telle et al., 2016). Le fait que les moustiques Aedes soient actifs le jour et se déplacent
dans un faible rayon donne une importance prépondérante aux lieux fréquentés en journée en plus
des lieux d’habitation, et ainsi aux déplacements humains. Les humains sont slirement les acteurs
de la dispersion de la maladie a I’échelle d’une zone urbaine (Stoddard et al., 2013) comme a
I’échelle d’un pays (Teurlai et al., 2012). Historiquement la dengue a été surtout décrite dans les
milieux urbains et associée au phénomene d’urbanisation mais de plus en plus de travaux décrivent
I’importance de la dengue en zone rurale. De maniere générale, les cas de dengue présentent une
signature spatiale trés spécifique, caractérisée par un fort regroupement a tres fine échelle (Salje
etal., 2012, 2017).

Le virus est présent sous la forme de quatre sérotypes, qui coexistent et interagissent entre eux.
Si I’infection par un sérotype confere généralement une immunité définitive contre ce sérotype,
elle ne protege pas d’une infection par un autre, sauf de fagon temporaire (Reich et al., 2013). Les
secondes infections conduisent méme plus souvent que les premicres aux complications graves de la
maladie (Sangkawibha et al., 1984; Kouri et al., 1989; Graham et al., 1999; Hammond et al., 2005).
L’ADE (antibody-dependent enhancement) est un mécanisme fréquemment invoqué pour expliquer
ce phénomene: les anticorps liés & une infection antérieure auraient un réle contre-productif et
contribueraient a renforcer une infection secondaire (Halstead, 2007). Cet effet qui n’est pas
observé systématiquement pourrait étre li€ a des valeurs spécifiques de concentration pour les
anticorps (Katzelnick et al., 2017).

Bien que ces mécanismes de renforcement croisé rendent complexe la mise au point d’un
vaccin, le premier vaccin contre la dengue a été commercialisé en 2016 (WHO, 2016a). Toutefois,
les résultats sont a ce jour contrastés quant a son efficacité, ses effets a long terme et ses
potentiels dangers (Flasche et al., 2016), et la campagne de vaccination initiée aux Philippines a été
interrompue pour raisons de sécurité (Dyer, 2017). Comme il n’existe pour I’heure pas de traitement
spécifique contre la maladie, le contrdle vectoriel est la premicre stratégie de lutte. De nombreuses
méthodes existent (combinaisons d’insecticides, utilisation de moustiques génétiquement modifiés,
de moustiques irradiés et stériles, ou de moustiques infectés par la bactérie Wolbachia), mais malgré
leurs effets importants sur la population de moustiques, leur efficacité a réduire 1’incidence de la
dengue n’est pas fermement établie (Bowman et al., 2016).

Le Zika

Découvert en 1947 dans la forét Zika en Ouganda, le virus Zika était considéré jusqu’au milieu
des années 2010 comme un virus essentiellement bénin, pouvant causer des rougeurs cutanées,
des douleurs articulaires, des conjonctivites et des fievres légeres, et trés souvent des symptomes
presque imperceptibles (Duffy et al., 2009). Toutefois, suites aux épidémies en Polynésie Francaise
et au Brésil, ce virus a été associé a de graves complications neurologiques : le syndrome
de Guillain-Barré (Cao-Lormeau et al., 2016) et des malformations congénitales comme la
microcéphalie (Schuler-Faccini, 2016; Rasmussen et al., 2016). Ces complications sont rares,
mais, associées aux forts taux d’attaque du virus, elles ont conduit & un nombre de cas important,
et I’Organisation mondiale de la Santé (OMS) a déclaré en 2016 1’épidémie de microcéphalies
au Brésil comme une urgence de santé publique de niveau international (WHO, 2016b). A
I’heure actuelle, on ne connait pas I’étendue des conséquences d’une infection congénitale sur le
développement infantile, mais des effets non décelables a la naissance peuvent également exister
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(Broussard et al., 2018).

Avant les années 2010, le virus a circulé en Afrique, en Asie et dans le Pacifique (Petersen
et al., 2016), avant que la premiere épidémie de grande ampleur soit documentée en Micronésie
sur I’1le de Yap en 2007 (Duffy et al., 2009). Le virus a ensuite causé des épidémies en Polynésie
francaise (2013-2014), en Nouvelle Calédonie (2014), sur I'ile de Paques (2014), et les 1les Cook
(2015), puis sur le continent latino-américain a partir de 2015 (Petersen et al., 2016). Toutefois, des
études phylogénétiques (Faria et al., 2016) ainsi que I’analyse retrospective d’échantillons sanguins
(Passos et al., 2017) indiquent la présence du virus au Brésil des 1’année 2013.

Le virus Zika est essentiellement transmis par les moustiques Aedes, mais d’autres modes
de transmission, notamment sexuelle, maternofoetale, ou via transfusion sanguine ont été mis en
évidence (Musso and Gubler, 2016). Le virus posséde une structure trés proche de celle de la
dengue, ce qui induit des difficultés de diagnostic sérologique chez les patients séropositifs pour la
dengue (Petersen et al., 2016). Des possibilité d’interaction entre Zika et d’autres arbovirus, via
des mécanismes comme ’ADE ont également été mis en évidence (Martin-Acebes et al., 2018;
Rey et al., 2018).

Les dynamiques des arboviroses dépendent donc de I’entremélement complexe de multiples
facteurs humains, environnementaux et immunologiques. Face a cette complexité, les modeles
mathématiques constituent un outil important pour mieux appréhender ces systemes et éclairer
les décisions de santé publique. Ils permettent en effet de formuler des prédictions, de tester
et comparer différentes mesures de prévention ou de contrdle, ou d’évaluer la plausibilité de
plusieurs hypothéses biologiques en comparant des modeles reposant sur différents mécanismes.
On présentera donc dans la section 1.3.2 différents types de modeles mathématiques utilisés en
épidémiologie pour représenter la dengue et le Zika.

1.3.2 Quels modeles pour la dengue et le Zika ?

Modélisation de la dengue

L’étude des dynamiques de la dengue a conduit a de nombreux travaux de modélisation, notamment
synthétisés dans les revues d’Andraud et al. (2012) sur les modeles déterministes, de Johansson
et al. (2011) qui insiste sur les conséquences pour la vaccination et de Perkins et al. (2014). En
raison de la multiplicité de facteurs influencgant la transmission de la maladie, les éléments pris en
compte dans les modeles sont tres divers, incluant tantot I’écologie du vecteur, la co-existence des
sérotypes, ou encore la structure de la population.

Prise en compte du vecteur de transmission Certains auteurs privilégient une modélisation
explicite de la population de moustiques, avec différents niveaux de précision. Souvent, un
modele de type Ross-MacDonald est utilisé (Reiner et al., 2013), la population de moustiques
étant représentée par une dynamique SI ou SEI (Wearing and Rohani, 2006; Lourenco and Recker,
2010). Dans certains cas, le cycle de vie des vecteurs est détaillé de fagcon tres fine, en représentant
les stades aquatiques d’oeuf ou de larve (Burattini et al., 2008; Erickson et al., 2010), ou tenant
compte de la transmission verticale (Burattini et al., 2008; Adams and Boots, 2010). Souvent, dans
les modeles hotes-vecteurs, certains parametres liés au cycle de vie du moustiques sont supposés
variables au cours du temps, dépendant par exemple de fagon plus ou moins complexe de variables
climatiques (Erickson et al., 2010; Lourenco and Recker, 2014).
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D’autres modélisent directement les variations saisonnieres, sans avoir recours a la formulation
explicite d’une population de moustiques, par exemple en utilisant un taux de transmission variable
selon une fonction périodique (Adams et al., 2006; Aguiar et al., 2011).

Sérotypes et interactions Bien qu'on dénombre quatre sérotypes de virus, dans certaines
situations, un seul sérotype est représenté. C’est le cas de ’article d’Erickson et al. (2010),
parce qu’il étudie les possibilités d’introduction de la maladie dans une zone ou elle n’a jamais
sévi (Texas). C’est aussi le cas du modele de Burattini et al. (2008), plutot tourné vers 1’étude
du vecteur de transmission que vers les interactions entre sérotypes. A ’inverse, certains travaux
incorporent les quatre sérotypes (Chikaki and Ishikawa, 2009; Nagao and Koelle, 2008; Recker
et al., 2009; Coudeville and Garnett, 2012; Reich et al., 2013), leurs interactions pouvant étre a
Porigine des fluctuations pluriannuelles de la maladie. Dans certains cas, 'immunité est totale
aprés deux infections, dans d’autres cas il faut attendre la quatriéme infection. Beaucoup de
modeles, enfin, retiennent seulement deux sérotypes de virus, afin de prendre en compte ces
effets tout en modérant la complexité du modele (Ferguson et al., 1999; Aguiar et al., 2008). Les
sérotypes peuvent étre supposés identiques (Ferguson et al., 1999; Aguiar et al., 2011) ou différer
selon certaines caractéristiques comme leur transmissibilité par exemple (Adams and Boots, 2006).
Lorsqu’un modele a plusieurs sérotypes est retenu, différents mécanismes d’interaction entre
eux peuvent étre introduits. En particulier, deux types d’interactions ont été€ souvent modélisés: le
renforcement croisé (cross enhancement) et I’immunité croisée (cross immunity).
Plusieurs formes de renforcement croisé ont été pris en compte dans les modeles. En premier lieu,
c’est la transmissibilité du virus qui peut étre modifiée lors de la seconde infection. Dans la plupart
des modeles, on parle de renforcement de transmissibilité, phénomene soutenu par I’hypothese
d’une plus forte charge virale des individus secondo-infectés (Ferguson et al., 1999; Chikaki and
Ishikawa, 2009). Aguiar et al. (2008) soutiennent a 1’inverse une baisse de la transmissibilité
en raison de la plus forte propension a étre hospitalisé. D’autres types de renforcements croisés
peuvent exister, notamment le renforcement de la susceptibilité (les individus ayant déja connu une
premigre infection sont plus souvent infectés) (Adams and Boots, 2006; Recker et al., 2009) ou le
renforcement de la mortalité lors de la deuxieme infection (Adams and Boots, 2006)
L’immunité croisée a également été modélisée sous plusieurs formes. Dans certains cas, il s’agit
d’une immunité partielle, réduisant la probabilité de réinfection (Adams and Boots, 2006). D’autres
travaux considérent une immunité croisée temporaire, au terme de laquelle I’individu peut a
nouveau €tre infecté par les autres sérotypes. Wearing and Rohani (2006) montrent par exemple
que la prise en compte d’une période d’immunité croisée temporaire permet de reproduire les
fluctuations pluriannuelles de la maladie, et sa durée a été évaluée entre six mois et trois ans
(Coudeville and Garnett, 2012; Reich et al., 2013). Des auteurs modelisent également une immunité
temporaire contre les symptdmes mais non contre 1’infection (clinical cross protection): certains
individus pourraient ainsi €tre réinfectés sans aucune manifestation clinique apparente et ainsi
acquérir I’'immunité contre un autre sérotype (Wearing and Rohani, 2006; Chikaki and Ishikawa,
2009).

Structure de la population et hétérogénéités Certains modeles prennent en compte des phénomenes
de structure de la population, comme la structure par dge (Chikaki and Ishikawa, 2009; Pongsumpun
and Tang, 2003), qui est particulierement utile dans I’étude des stratégies de vaccination (Coudeville
and Garnett, 2012).

La structure spatiale a été tres largement étudiée, souvent a 1’aide de modeles individus centrés
(Barmak et al., 2011; Lourenco and Recker, 2013; Karl et al., 2014; Reiner et al., 2014; Kang
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and Aldstadt, 2017), mais aussi de modeles a métapopulations (Sarzynska et al., 2013; Amaku
et al., 2016). Elle permet de générer des dynamiques spécifiques, non reproductibles a une
échelle agrégée (Lourenco and Recker, 2013; Amaku et al., 2016). En particulier, Lourenco
and Recker (2013) parviennent a reproduire les dynamiques pluriannuelles de la maladie sans
interactions entre les quatre sérotypes représentés mais en introduisant des phénomenes spatiaux,
d’hétérogénéité et de stochasticité. Les contacts entre les différentes unités spatiales peuvent
également dépendre d’une structure en réseau (Stolerman et al., 2015; Nevai and Soewono, 2014),
d’hypotheses paramétriques sur la mobilité (Sarzynska et al., 2013) ou d’informations externes
comme les données téléphoniques (Wesolowski et al., 2015). L’échelle spatiale considérée peut
aller du foyer (Favier et al., 2005; Reiner et al., 2014) ou des quartiers ou blocs au sein d’une
ville (Stolerman et al., 2015; Kang and Aldstadt, 2017), a des échanges entre villes (Nevai and
Soewono, 2014) ou entre provinces (Sarzynska et al., 2013). Par ailleurs, certains modeles non
spatiaux incluent toutefois la possibilité de rencontrer des individus infectés provenant d’une autre
population, représentée par une constante dans le taux de transmission (Nagao and Koelle, 2008;
Aguiar et al., 2011), notamment pour éviter les phénomenes d’extinction du virus.

Les individus peuvent également étre structurés en termes d’intensité de la maladie. Dans
certains modeles, les cas asymptomatiques ou séveres sont explicitement modélisés (Coudeville
and Garnett, 2012), et peuvent jouer des roles distincts dans la transmission (Chikaki and Ishikawa,
2009). Sinon, les cas inapparents peuvent étre modélisés implicitement en appliquant un taux de
report entre le nombre de cas prédits par le modele et le nombre de cas observés (Reich et al., 2013).
Afin de prendre en compte la plus grande probabilité d’hospitalisation des infections secondaires,
Aguiar et al. (2011) supposent que seuls les cas secondaires sont reportés parmi les cas graves.

Modélisation du Zika

Les modeles sur les dynamiques du Zika sont beaucoup plus récents, débutant en 2016 avec
Iirruption de la maladie parmi les urgences de santé publique. En raison du peu d’information sur
le virus Zika a cette période, il a tout d’abord été modélisé de facon similaire a la dengue, avant
que des modeles plus spécifiques a Zika soient développés. Suivant la chronologie des épidémies
et donc des données disponibles, les premiers modeles ont été€ adaptés aux épidémies du Pacifique
(Kucharski et al., 2016; Funk et al., 2016; Nishiura et al., 2016a), puis aux épidémies du continent
américain (Ferguson et al., 2016; Villela et al., 2017; Towers et al., 2016a), a des échelles allant
d’une ile ou d’une ville (Rojas et al., 2016; Lourencgo et al., 2017) jusqu’a l’ensemble d’un continent
(Zhang et al., 2017).

Eléments de modélisation inspirés par d’autres arboviroses Les premiers modeles de Zika ont
transposé des modeles congus pour d’autres arboviroses, notamment la dengue, afin de permettre
de premicres estimations et prédictions (Kucharski et al., 2016; Nishiura et al., 2016a; Towers
et al., 2016a). L'hypothese de la proximité entre la transmission des différents virus a elle-méme
été étudiée, a travers des modeles qui comparent les caractéristiques de la transmission du Zika
a celles du chikungunya (Riou et al., 2017) ou de la dengue (Funk et al., 2016). En particulier,
selon Funk et al. (2016), il semble que les différences entre contextes géographiques soient plus
grandes que les différences entre pathogenes. De fait, de nombreux travaux ont également souligné
les différences dans la propagation du virus Zika en différents lieux (Rojas et al., 2016; He et al.,
2017), et certains ont incorporé des éléments écologiques ou climatiques dans les modeles pour
mieux les adapter aux contextes étudiés (Lourenco et al., 2017; He et al., 2017). La propagation
spatiale du virus a également été explicitement modélisée, a travers des modeles individus-centrés
(Zhang et al., 2017) ou des modeles d’équations aux dérivées partielles (Fitzgibbon et al., 2017).
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Eléments de modélisation spécifiques a Zika Certains modeles ont également incorporé des
éléments spécifiques de la transmission du Zika, comme la présence de deux modes de transmission,
vectorielle et sexuelle (Gao et al., 2016; Towers et al., 2016a). Malgré des méthodes différentes,
notamment pour dériver I’expression du nombre de reproduction de base, les deux études concluent
a un faible impact de la transmission sexuelle, insuffisante pour maintenir seule I’épidémie, mais
pouvant avoir des conséquences sur certaines classes d’age de la population.

En raison des complications liées au virus, 1’4ge des individus infectés ou les facteurs de risques
ont également été incorporés dans les modeles. Aussi les prédictions des modeles ont-elles été
adaptées afin de mettre en €vidence les risques pour les femmes enceintes ou en dge d’avoir des
enfants (Perkins et al., 2016b), parfois a travers une modélisation fine de la structure d’age de
la population (Zhang et al., 2017). Andronico et al. (2017) modélisent, eux, les cas séveres de
Guillain-Barré afin de planifier les besoins hospitaliers en Martinique.

1.4 Objectif de la these (résumé substantiel en langue francaise - I)

L’importance et 1’expansion des arboviroses nécessite des modeles pour comprendre et prédire
leurs dynamiques ou expérimenter des scénarios de vaccination et de controle. Comme ces
maladies dépendent de multiples facteurs humains, environnementaux et immunologiques, de tres
nombreux €éléments peuvent €tre incorporés dans la construction de modeles réalistes d’un point
de vue biologique et épidémiologique. Dans le cadre de ce travail de these, différents modeles
représentant la dynamique des arboviroses sont confrontés a des données observées, a 1’aide de
méthodes d’estimation bayésiennes. Il s’agit de mettre en évidence les modeles les plus adaptés
aux données disponibles ainsi que les hypotheses qui s’averent trop restrictives, et d’identifier les
données supplémentaires permettant de lever les incertitudes encore présentes.

Afin d’estimer les modeles a partir des données observées, qui sont incomplétes et bruitées, tous
les éléments caractéristiques de la propagation des arboviroses ne peuvent pas étre pris en compte
simultanément. Il est nécessaire d’identifier les éléments de modélisation les plus importants a
incorporer et ceux qui peuvent étre simplifiés dans un souci de parcimonie. Le chapitre 2 s’ intéresse
a cette question, dans le cas des dynamiques de la dengue en milieu rural, contexte dans lequel
encore peu de travaux de modélisation ont été réalisés. Il s’agit de comparer des modeles a la
complexité croissante en les confrontant & un double jeu de données, récolté dans la région de
Kampong Cham, au Cambodge. L’augmentation de la complexité des modeles est étudiée selon
deux axes. Dans un premier temps, c’est la complexité en termes de mécanismes épidémiologiques
qui est explorée : six modeles déterministes sont comparés, incorporant tour a tour la dynamique
vectorielle, les cas asymptomatiques et les différents sérotypes de virus. Dans un second temps,
c’est la complexité en termes d’implémentation du modele qui est explorée, en incorporant, en plus
du bruit d’observation, de la stochasticité démographique et de la stochasticité environnementale.

Un autre élément important de la propagation de la dengue qui n’a pas pu €tre exploré avec les
données précédentes est la dynamique spatiale. Aussi le chapitre 3 s’intéresse-t-il a cet aspect, a
travers les séries de cas de dengue observées a Rio de Janeiro, au Brésil. Des modeles incorporant
les phénomenes de saisonnalité et de structure spatiale entre les quartiers de la ville sont alors
explorés.

Enfin, le chapitre 4 applique les méthodes et les modeles utilisés précédemment a I’étude
d’une arbovirose émergente encore méconnue, le virus Zika. Dans un premier temps, il s’agit
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d’utiliser les données d’épidémies survenues dans le Pacifique afin d’estimer les parametres-clé de
la propagation du virus et d’explorer leur variabilité. Ce travail prolonge les travaux déja publiés
a ce sujet en étendant les modeles au cadre stochastique, et en étudiant la variabilité des résultats
sous I’angle de la variabilité géographique, par la comparaison de quatre iles de tailles différentes,
et sous I’angle de la variabilité du modele épidémiologique, par la comparaison de deux modeles
a transmission vectorielle. Afin de concilier les données d’incidence et de séroprévalence, un
nouveau parametre est inclus dans le modele, représentant la part de la population participant a
I’épidémie. Dans un second temps, la question des interactions potentielles du virus Zika avec
celui de la dengue, qui a circulé a la méme période, est explorée a ’aide de données sur I'ile de
Tahiti (Polynésie francaise) et la ville de Rio de Janeiro (Brésil).

Le chapitre 5 présente une syntheése et une discussion de ces travaux. Des perspectives de

prolongement sont discutées, en lien avec les questions d’identifiabilité, d utilisation de sources de
données diverses et de comparaison de modeles.
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Les chapitres qui vont suivre reprennent les travaux suivants :

* Champagne C., Salthouse D.G., Paul R., Cao-Lormeau V.-M., Roche B., Cazelles B.,
Structure in the variability of the basic reproductive number (Ryp) for Zika epidemics in the
Pacific islands. eLife, 2016 — présenté au chapitre 4, section 4.2

* Champagne C., Paul R., Ly S., Duong V., Leang R., Cazelles B., Dengue modeling in rural
Cambodia: statistical performance versus epidemiological relevance, Epidemics, 2018 —
présenté au chapitre 2, section 2.2

* Champagne C., Cazelles B., Comparison of stochastic and deterministic frameworks in
dengue modeling, preprint en révision — présenté au chapitre 2, section 2.3

ainsi que
* Cazelles B., Champagne C., Dureau J., Accounting for non-stationarity in epidemiology by

embedding time-varying parameters in stochastic models. PLoS Computational Biology,
2018 — présenté dans I’annexe C
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Comparaison de modeles de dengue

2.1 Introduction

Dengue is challenging to model due to the multiplicity of factors involved, that include the
interaction between four virus serotypes, the ecology of the mosquito vector and the high proportion
of inapparent infections. In contexts of limited data where model complexity needs to be restricted,
all these elements cannot be included together. Moreover, observation and transmission of the
pathogen are both influenced by uncertainties which are crucial to account for, but which induce
a cost in computation and interpretation. Therefore, it is difficult to find the appropriate level of
complexity and stochasticity needed to reproduce the dynamics of pathogen propagation.

Long considered as an urban disease, dengue was more rarely studied in rural settings, even
though there is increasing evidence of its high burden in these areas. For instance, annual outbreaks
have been recorded for more than ten years in the Kampong Cham province in Cambodia, and this
highly populated and connected region might have a role in national disease propagation (Teurlai
et al., 2012). For this study, we take advantage of a small scale cluster survey that was conducted
in the Kampong Cham region and combine it with national surveillance data for this area to
model the rural dengue dynamics. This double dataset, which includes asymptomatic infections,
virus serotypes but also long term time series, enables the exploration and comparison of several
modeling formulations.

In section 2.2, relying on Bayesian MCMC estimation in a state space framework, we estimate
and compare six different models of dengue transmission according to several statistical and
epidemiological criteria. By simulating the models with the estimated parameters, we also study
their behaviour regarding hidden states of the systems, in order to assess their epidemiological
coherence. This step is important in the evaluation of the models’ quality, especially when
inference relies only on incidence data and when the models are to be used for prediction or testing
of control scenarios. The model including two interacting strains reproduces best the dengue
dynamics. On the contrary, the explicit modeling of the mosquito vector does not enrich the
dynamics and is subject to more uncertainties in the absence of entomological data.

In section 2.3, we extend the previous analysis by taking into account uncertainties in the
epidemiological transmission process. We introduce sequentially stochasticity due to observation,
demographic variability and environmental effects, relying on a framework formulated by Breto
et al. (2009). In a Bayesian setting, using MCMC and particle MCMC methods (Andrieu
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et al., 2010), we estimate five epidemiological models in one deterministic and two stochastic
implementations for which we contrast and compare the estimated epidemic trajectories and
parameter values. In our context, deterministic models provide a good approximation of the
mean behaviour, and important epidemiological parameters such as the reproduction number are
estimated in the same range of values as in more computationally intensive stochastic implementations.
However, the uncertainty associated with parameter estimates is underestimated, and a large amount
of observation noise is required to reproduce the variability in the data. Stochastic models give
a more realistic view of the model uncertainties but are sometimes so flexible that they are not
informative on the disease trajectories, even when increasing the details in compartmental models.
These aspects highlight the complexity of epidemiological models estimation, a difficult but crucial
step towards understanding disease dynamics and testing the impacts of potential control scenarios.
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2.2 Dengue modeling in rural Cambodia: statistical performance
versus epidemiological relevance !

Abstract

Dengue dynamics are shaped by the complex interplay between several factors, including vector
seasonality, interaction between four virus serotypes, and inapparent infections. However, paucity
or quality of data do not allow for all of these to be taken into account in mathematical models. In
order to explore separately the importance of these factors in models, we combined surveillance
data with a local-scale cluster study in the rural province of Kampong Cham (Cambodia), in which
serotypes and asymptomatic infections were documented. We formulate several mechanistic
models, each one relying on a different set of hypotheses, such as explicit vector dynamics,
transmission via asymptomatic infections and coexistence of several virus serotypes. Models are
confronted with the observed time series using Bayesian inference, through Markov chain Monte
Carlo. Model selection is then performed using statistical information criteria, and the coherence
of epidemiological characteristics (reproduction numbers, incidence proportion, dynamics of the
susceptible classes) is assessed in each model. Our analyses on transmission dynamics in a rural
endemic setting highlight that two-strain models with interacting effects better reproduce the long
term data, but they are difficult to parameterize when relying on incidence cases only. On the other
hand, considering the available data, incorporating vector and asymptomatic components seems
of limited added-value when seasonality and underreporting are already accounted for.

Introduction

Dengue is a vector-borne viral disease transmitted by Aedes spp. caused by any of four dengue
virus (DENV) serotypes. Infection can result in a flu-like illness, and sometimes potentially lethal
complications called Dengue Hemorrhagic Fever (DHF) and Dengue Shock Syndrome (DSS),
although a significant proportion are subclinical or asymptomatic, causing insufficient discomfort
for clinical presentation (Grange et al., 2014). Dengue is ubiquitous in the tropics and the subtropics,
particularly in Southeast Asia, the Pacific and the Americas (Guzman et al., 2010). The World
Health Organization (WHO) considers that dengue is a major public health issue worldwide, with
four billion people in 128 countries exposed to the dengue virus (Messina et al., 2014; WHO,
2017), an estimated 390 million infections every year and about 50-100 million symptomatic cases
worldwide and a high disease burden (Bhatt et al., 2013; Shepard et al., 2016). Nowadays, there
are more cases of dengue worldwide than any other arboviral disease (Halstead, 2007; Messina
et al., 2015; Sharp et al., 2017).

The value of mathematical models and associated statistical tools for investigating public health
policy questions has long been recognized and has provided insights into their transmission and
control for more than one hundred years (Heesterbeek et al., 2015; Reiner et al., 2013). It is
important, however, to adapt them as much as possible to a specific setting, in order to derive
appropriate public health recommendations and accurately generate the key parameters using
estimation tools, so that they can produce realistic conclusions, in accordance with the observed
data.

!Champagne C., Paul R., Ly S., Duong V., Leang R., Cazelles B., Dengue modeling in rural Cambodia: statistical
performance versus epidemiological relevance, Epidemics, 2018
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Dengue dynamics are shaped by the complex interplay between many factors associated with
the mosquito vector and human hosts and their interactions with the virus. Hitherto, the exploration
of dengue dynamics has focused on the urban setting, where the incidence of dengue is highest
(Clapham et al., 2015; Nisalak et al., 2016; Reich et al., 2013; Salje et al., 2012). Few studies
have been carried out in rural settings (Aldstadt et al., 2012; Mammen Jr et al., 2008; Strickman
et al., 2000), despite growing evidence that rural dengue is an increasing problem. Guha-Sapir
and Schimmer (2005) observed shifts in modal age, rural spread, and social determinants of
dengue susceptibility, with major implications for health services. Muhammad Azami et al. (2011)
observed similar dengue seroprevalence rates between urban and rural samples, showing that
dengue is not confined to urban areas in Malaysia. Chareonsook et al. (1999) showed that DHF
in Thailand, which was originally thought to be an urban disease, has spread to most areas of
Thailand, and is now more common in rural than urban areas and studies suggest that rural dengue
incidence can surpass urban and semi-urban communities within the same region (Reller et al.,
2012; Vong et al., 2010). In addition, several studies have stressed that rural settings play an
important role in the timing of dengue epidemics in Southeast Asia, with the seasonal dengue
waves typically arriving later in major urban centers (Cazelles and Cazelles, 2014; Cuong et al.,
2013; Teurlai et al., 2012).

In this study, we combine two datasets from rural Cambodia that provide information on
different key factors. We contrast and compare several mechanistic models, incorporating differing
levels of complexity with respect to vector dynamics, coexistence of several virus strains, and
transmission via asymptomatic infections. Models are adapted to the observed time series using
Bayesian inference, through Markov Chain Monte Carlo (MCMC) and compared in light of the
data, using statistical indicators to identify the best model (Camacho et al., 2011; King et al., 2008;
Pandey et al., 2013; Reich et al., 2013). In addition, we also analyze the epidemiological coherence
of the estimated models in simulations. Critically, we do not merely focus on the observed infected
individuals but also on other compartments, such as the susceptible class of individuals. By
comparing these models, we try to find a realistic but parsimonious way of modeling dengue
epidemics in rural Cambodia. The best model may then be used in the study of intervention
scenarios or in comparative analyses with other settings. For instance, it could be readily expanded
to understand the potential impact of different vaccination strategies in rural settings.

Methods

Data

Study area

Kampong Cham province is a densely populated rural province 120km northeast from the capital
Phnom Penh. Dengue is endemic and strongly seasonal, with outbreaks occurring every year from
June to September, during the rainy season. The four virus serotypes co-circulate, even though one
usually dominates the three others for about 3 to 5 years. We used two different datasets reporting
dengue cases in the province: the results of a punctual study conducted in a 30km radius around
the city of Kampong Cham (DENFREE data), and the national surveillance data (NDSS data) in
the four districts comprising the DENFREE study area (Kampong Cham, Kampong Siem, Prey
Chhor and Tboung Khmum, with the administrative divisions of 2012-2013).
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DENFREE Data

The DENFREE study took place in the Kampong Cham region during the 2012 and 2013 outbreaks.
Patients with acute dengue-like illness were enrolled in three hospitals in the Kampong Cham
province. Positive DENV cases were considered as index cases, and an outbreak investigation
was initiated in their neighbourhood, in order to detect additional symptomatic cases but also
asymptomatic or mildly symptomatic cases. For both index and outbreak investigation cases,
DENYV infection was confirmed by qRT-PCR. The study protocol is extensively detailed in Duong
et al. (2015).

We used the series of the total number of cases per week (index cases and outbreak investigation
cases) between 18th Jun - 5th Nov 2012 and 3rd Jun - 30th Sep 2013. We also restricted the study to
children under 15 years old for two major reasons : most of the reported dengue cases were in this
age class (89.6% and 90.8% in 2012 and 2013 respectively, cf. Appendix A.2) , and it allowed a
comparison with other dengue reporting systems in Cambodia, which are mainly done at paedriatric
hospitals. Information on the serotype responsible for infection, and symptomatic/asymptomatic
status of the patients were available.

Children under 15 years old Total number of observed cases | Theoretical quantity Observation rate Model

DENFREE data year 2012 year 2013

Confirmed symptomatic cases 236 574 Cr rp All

Denv-1 226 451 Cry rp SEIR2, SEIR2psi

Denv-2, Denv-3, Denv-4 5 122 Crn rp SEIR2, SEIR2psi

Unknown serotype 5 0

Confirmed asymptomatic cases 5 28 Cyp ra SEIAR

Denv-1 5 21

Denv-2, Denv-3, Denv-4 0 7

NDSS data 2002-2015

Surveillance cases 10,780 (10,096 in 2002-2013) Cy N All except SEIAR
Cu ry SEIAR

Table 2.1 — Number of cases under 15 years old in the DENFREE study (index cases and community
cases) and in the surveillance system NDSS, and associated theoretical quantities in models. One
case in 2013 was coinfected with DENV-1 and DENV-2 and was not included in models with two strains
(serotypes).

NDSS Data

Because the DENFREE data covers only a relatively short period of time, surveillance data were
added to improve the estimations. Surveillance of dengue is conducted at the national level in
Cambodia, through the National Dengue Surveillance system (NDSS)(Huy et al., 2010; Teurlai
etal.,2012), involving the paediatric departments of several hospitals throughout the country. Since
surveillance is hospital based, mostly severe cases are observed. Diagnosis is done clinically and
only a small fraction of the cases are confirmed serologically. Because of the co-circulation of other
flaviviruses (Chikungunya, Japanese Encephalitis) and the relative non-specificity of symptoms,
clinical mis-diagnosis may be frequent. Since surveillance is carried out in paediatric departments,
only cases among children under 16 years old are reported.

We selected all the cases under 15 years old in the four districts involved in the DENFREE
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study between January 2002 and December 2015 and aggregated them per week (cases under 15
years old represent 96.2% of reported cases over the period, cf. Appendix A.2). In this area,
on average, 770 cases under 15 years old are reported per year (maximum 1985 cases in 2007,
minimum 209 cases in 2014). We used data from 2002 to 2013 for estimations, and data for 2014
and 2015 as the test set.

DENFREE NDSS
Time window  Observations in 2012-2013 Observations in 2002-2015

No observation during inter-epidemic period, dataset ~ Observations all year round
starts during the epidemic peak

Area 30km radius around Kampong Cham city 4 districts comprising the DENFREE study
Clustered collecting process Stable reporting process over time
An observation rate can be calculated Unknown observation rate

Diagnosis Laboratory confirmation of all cases (QRT-PCR) Clinical diagnosis

Observation of symptomatic infections (index cases  Symptoms ranging from dengue fever to DHF and DSS
and outbreak investigation) and mildly symptomatic ~ (mostly hospitalized)
or asymptomatic infections (outbreak investigation)

Known serotype for both index and outbreak  Unknown serotype
investigation cases

Primary and secondary infections are not distinguished ~ Primary and secondary infections are not distinguished

Table 2.2 — Comparison of both datasets

Population

We take as the reference population (N=161391) the number of children below 15 years old in
four districts of the Kampong Cham province (Kampong Cham, Kampong Siem, Prey Chhor and
Tboung Khmum, with the administrative divisions of 2012-2013) according to 2008 National
Census (National Institute of Statistics, 2009). Since the DENFREE study was conducted in a
subpart of this area, we calculated the total population for the DENFREE study (n=65208) as the
sum of the population of children under 15 years old in all the villages investigated in either 2012
or 2013 (National Institute of Statistics, 2009).

Models

All model parameters are defined in the figures captions and in Table 2.3.

One-strain models

We take a Susceptible-Exposed-Infected-Recovered (SEIR) model as the simplest model (cf. Figure
2.1). Cj represents the count of new cases and it is aggregated weekly to be compared with data
on both NDSS and DENFREE symptomatic cases. In this model, the basic reproduction number,
i.e. the number of secondary infections resulting from the introduction of a single infected in an

. . ion i RSEIR (4 — B
entirely susceptible population, is R; ) = O T
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uuN B +1) o 0
I

'MH H lMH' lﬂH

Figure 2.1 — Graphical representation of SEIR model. Hg susceptible individuals; Hg infected (not
yet infectious) individuals; H; infectious individuals; Hg recovered individuals; B(¢) is the transmission
parameter; o is the rate at which Hg-individuals move to the infectious class Hy; infectious individuals
(Hy) then recover at rate y; individuals leave the children population at rate . Hs + Hg + Hy + Hr = N.

dHg (H; +i)Hg

S ugN - po)—L=27S iy H

o MH B() N “HHs

dHE (H; +i)Hg

L )L EUTS G HE - ugH

7 B() N ocHg — pugHEg

dH;

7=0‘HE—)/H1—,UHH1

dHg

R o yHy — upH

dr Y — HH R

dcy

—— =0H 2.1
o~ OHE 2.1

This model is compared with two other models that include the mosquito vector transmission
components. In the first one, which is a Ross-Mcdonald type model derived from Pandey et al.
(2013), the vector is modelled explicitly with three compartments (Susceptible-Exposed-Infected)
(cf. Figure 2.2). In the second one, derived from Laneri et al. (2010), the vector is modelled
implicitly as an external force of infection including two stages, latent («) and current (A) (cf.

. . Pandey _ BupPv (t)ot
Figure 2.3). We qerlved Ry for each model as R, (t) = GTA O ey GV D) and the
estimation R[“"¢"'(1) = % (Champagne et al., 2016). In order to compare these

models with the non-vector models, we considered the same definition (i.e. the number of
secondary human infections resulting from the introduction of a single infected human in a entirely

susceptible population), and not the reproduction ratio per generation provided through the use of
the next generation matrix.
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Figure 2.2 — Graphical representation of Pandey model (Pandey et al., 2013). Squared boxes and circles
correspond respectively to human and vector compartments. Plain arrows represent transitions from one state
to the next. Dashed arrows indicate interactions between humans and vectors. Hg susceptible individuals;
Hp, infected (not yet infectious) individuals; H; infectious individuals; Hgr recovered individuals; Sy is the
transmission parameter from vector to human; o is the rate at which Hg-individuals move to the infectious
class Hy; infectious individuals (H;) then recover at rate y; individuals leave the children population at rate
umg; Hs + Hg + Hy + Hg = N; vs proportion of susceptible vectors; vg proportion of infected (not yet
infectious) vectors; v; proportion of infectious vectors; By (¢) is the transmission parameter from human to
vector; T is the rate at which vg-vectors move to the infectious class vy; vectors die at rate py .

The equations describing the Pandey model are:

dHS
7S =ugN - ByviHs — ugHg
dH
d_tE = PuviHs —ocHg — ugHE
dH,
7=0—HE_')’H1_,UHHI
dHg — H
dr =y — MHIR
dv (Hy +1)
T8 = v = By ()= s = ayvs
dv (H ')
E—B (t)———Vvs —TVE — UVVE
dv
R T
i E — MVV]
dcCy
— =0H 2.2
o~ oHE (2.2)

where v, is the proportion of susceptible mosquitoes, vg the proportion of exposed mosquitoes,
and vy the proportion of infected mosquitoes.
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Figure 2.3 — Graphical representation of Laneri model (Laneri et al., 2010). Squared boxes and circles
correspond respectively to human and vector compartments. Plain arrows represent transitions from one state
to the next. Dashed arrows indicate interactions between humans and vectors. Hg susceptible individuals;
Hp infected (not yet infectious) individuals; H; infectious individuals; Hg recovered individuals; o is the
rate at which Hg-individuals move to the infectious class Hj; infectious individuals (Hj) then recover at
rate vy; individuals leave the children population at rate uy; Hs + Hg + Hy + Hr = N; implicit vector-borne
transmission is modelled with the compartments « and A; A current force of infection; « latent force of
infection reflecting the exposed state for mosquitoes during the extrinsic incubation period; S(¢) is the
transmission parameter; 7 is the transition rate associated with the extrinsic incubation period.

The equations describing the Laneri model are:

dHS
I =uyN — AHg — uyHg
dH
th—AHs—oHE purnHE
dHI

=ocH H;y — ugH
dt =00 —yd — MUy
dHR

=yH; —ugH
a’t =Yy — MR

2(Hp +

—/3()—( I+ 27k
d/l
— =27k =271
dt TK T
dcCy
— =0H 2.3
dr OIIE (2.3)

Model with explicit asymptomatic individuals (SEIAR)

We also consider a model in which asymptomatic infections are explicitly taken into account in the
transmission process (cf. Figure 2.4). In this model, we assume that, after the incubation period,
there are three possible manifestations of the disease: asymptomatic (H4), mildly symptomatic
not requiring hospitalization (H;) and hospitalized cases (Hy). Asymptomatic cases are defined
in the dengue study as asymptomatic or pauci-symptomatic (presence of other symptoms not being
sufficient to classify as symptomatic). Hospital cases are defined as NDSS cases (reported by the
surveillance system in hospitals). We assume that symptomatic DENFREE cases are either (Hy)
or (Hy). We also assume that asymptomatic cases transmit the disease as much as symptomatic
cases, as recently shown (Duong et al., 2015), and therefore, RS Z/AR (1) = —BWe ___ o, .

. L. ; (y+up)(o+un)”
C4 represent respectively the count of new hospitalized, symptomatic and asymptomatic cases,
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and each is aggregated weekly to be compared respectively with NDSS data, DENFREE data on
symptomatic cases, and DENFREE data on asymptomatic cases.

(1= pu)(L = pa)o
Bt)(Hi+Ha+Hpg+1i)
N

HS‘ \HE\pAJ

WH w(l—p

s |

Figure 2.4 — Graphical representation of SEIAR model. Hy susceptible individuals; Hg infected (not
yet infectious) individuals; H4 asymptomatic infectious individuals; H; mildly symptomatic infectious
individuals; Hpy hospitalized infectious individuals; Hg recovered individuals; S(¢) is the transmission
parameter; o is the rate at which Hg-individuals move to the infectious classes Hy, H4 and Hpy; a proportion
p4 of He-individuals do not show symptoms during the infectious period; a proportion pg of symptomatic
individuals go to hospital; infectious individuals (H;,H 4,Hp) then recover at rate y; individuals leave the
children population atrate ugy. Hs + He + Hya + H + Hg + HR = N.

dHS (Hf + Hy + Hy +1)Hg
N — B(t - H

5 " HH B(1) N uuHg
dH H;+Hys+ Hyg +1)H

E_ﬁ()( I ANH i) S—O'HE—MHHE
dHA
e pa0CHE —yHA — prHa
dH
d_tH =py(l = pa)oHg —yHy — ugHy
dH
—- == pu)(1 = pA)THg ~ yH; ~ pu Hy
dHR
ar =vy(Hr+Ha + Hy) — ugHg
dcCy
—=(1- H
o7 (1 -pa)ocHEg
dCA

= H

dt = PACHE
dcC,
— = pu(l = pa)oHg (2.4)

Model with two virus serotypes

In the 2012 and 2013 epidemics, DENV-1 was highly dominant : the three other serotypes
represented about 2% of the cases reported in the DENFREE study in 2012 and about 21% in 2013
(cf. Table 2.1). Therefore, a two-strain model is also studied, in which we separate DENV-1 cases
from DENV-2, DENV-3 and DENV-4 combined (cf. Figure 2.5). For simplicity and parsimony
in the number of parameters, the two strains share the same parameter values. We first assume
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both strains to be independent (¢ = 1 in equation 2.5, called SEIR2 model). In this context, the

reproduction numbers for each strain are equal, Rg EIR2) (t) = Rg El Rzz(t) = %
dHyg (Hpjy +YHpp +i)Hg (Hp2 +yYHpin +i)Hg
—— =puN - B(1) - B() - pupHg
dt N N
dHEg (Hpy +yHpy +i)Hg
—— =B id —o0Hp1 — upHEg
dt N
dH
e ocHgy —yHp — ugHpy
dHg (Hpp + Y Hyppp +i)Hg
=vH; — t - H
o7 YHp - B(1) N paHgi
dHEg1» (Hp2 +YHpp +i)Hg,
O Wt —oHg1 — upHE12
dt N
dHp,
7 =0Hgi2 —yHii2 — upHiz
dHEg> (Hpp +yHypp +i)Hg
= B() —0Hgy — pupHga
dt N
dHp>
7 ocHgy —yHp —ugHpo
dHs» (Hpi +yHpp +i)Hso
=vyHp - B(t) id —ugHs
dt N
dHE>; (Hp +yHpp +i)Hgo
P2l - B~ v —o0Hgy — paHEoi
dt N
dHpy
pTa 0Hgy —vHy — up Hpp
dHg
7 Y(Hpio + Hp21) — ua Hr
dcCy
e o(Hg1 + Hegy + Hgo1 + HE2)
dCn
I o(Hp +H
7 o(Hg E21)
dCp
el o(Hgy + Hg12) (2.5)
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Figure 2.5 — Graphical representation of SEIR2 models. Hy individuals susceptible to both strains; Hg
(resp. Hg») individuals infected (not yet infectious) to strain 1 (resp. strain 2); Hyy (resp. Hj) individuals
infectious to strain 1 (resp. strain 2); Hg (resp. Hgy) individuals immune to strain 1 only (resp. strain 2);
HE 1, (resp. Hgop) individuals (not yet infectious) with a secondary infection to strain 2 (resp. strain 1); Hy»
(resp. Hyp,)) infectious individuals with a secondary infection to strain 2 (resp. strain 1); Hg individuals
immune to both strains; S(¢) is the transmission parameter; o is the rate at which exposed individuals
move to the infectious class; infectious individuals then recover at rate y; ¢ is the change in infectivity for
secondary infected individuals in SEIR2psi model (in SEIR2 model, = 1); individuals leave the children
population atrate ug. HS +Hpg1+Hpy+Hp +Hpp +H31 +H52 +Hpip+Hpgy)+Hjip+Hppp+Hg = N.

We also considered another version of the model including interaction between strains (ten
Bosch et al., 2016), in order to reflect the fact that secondary infection with a heterologous serotype
leads more often than primary infection to severe manifestations of the disease (Halstead, 2007).
In our model (called SEIR2psi model), primary and secondary infections differ in infectiousness,
through a parameter ¢ (Ferguson et al., 1999). This parameter is estimated between 0.5 and
3: values superior to 1 correspond to transmission cross-enhancement (because of higher virus
titers during secondary infections (Ferguson et al., 1999)) and values inferior to 1 suggest a lower
infectivity for secondary infected individuals (for example because they are hospitalized and less
in contact with the population (Aguiar et al., 2011)). As in Ferguson et al. (1999), we define
Rg EIR2, ) = Rg El Rzz(t) = % the basic reproduction number for each strain.

C; represents the count of new cases for both serotypes and it is aggregated weekly to be
compared with NDSS data. C;; and Cy; represent the count of new cases for strain 1 and strain 2,
and are aggregated weekly to be compared with symptomatic cases from the DENFREE study for
DENV-1 and DENV-2/ DENV-3/ DENV-4 respectively.

Seasonality

All models include seasonality through the use of a time-varying transmission parameter 3(¢) =
Bl + b.sin(Zﬂ(% + p)], according to a sinusoidal function whose phase p and amplitude b are
estimated.

We also assume that a constant number of cases i are imported.

Prior distributions

The prior distributions are listed in Table 2.3.
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Parameter Prior distribution Reference Models

Infectiousness, incubation and mortality rates

y" infectious period (days) 4.5 WHO (2017) All

o intrinsic incubation period (days) 5.9 Chan and Johansson (2012) Pandey, Laneri

771 extrinsic incubation period (days) 10 Chan and Johansson (2012) Pandey, Laneri

o! both incubation periods (days) 159 Chan and Johansson (2012) SEIR, SEIAR, SEIR2, SEIR2psi

y;_,l age duration (years) 15 assumed All

y“/l mosquito lifespan (days) 15 Liu-Helmersson et al. (2014) Pandey

PA Proportion of asymptomatic cases Uniform|[0, 1] assumed SEIAR

PH Proportion of hospitalized cases Uniform|[0, 1] assumed SEIAR

Transmission parameters

Ry average basic reproduction number Uniform[0, 20] assumed All

Bv transmission from human to mosquito Uniform[0.1, 2] Pandey et al. (2013) Pandey

W inh./enh. of infectiousness Uniform[0.5, 3] assumed SEIR2psi

Initial conditions

H;(0) Initial number of infected individuals Uniform[0, 100] assumed SEIR, Pandey, Laneri

HEg(0) Initial number of exposed individuals H;(0) assumed SEIR, Pandey, Laneri,

(3H/(0) in SEIAR)
Hs(0) Initial number of susceptible individuals N*Normal(0.44, 0.05) Thai et al. (2005) All
in[0.2,1]

vy (0) or 2(0) Initial number of infected mosquitoes 0 assumed Pandey or Laneri

vE(0) or x(0) Initial number of exposed mosquitoes 0 assumed Pandey or Laneri

Hp (0), HA(0) Initial number of asymptomatic
and hospitalized individuals H;(0) assumed SEIAR

Hgs1(0), Hs>(0) Initial number of individuals N*Uniform[0.01, 0.5] assumed SEIR2, SEIR2psi
susceptibles to 1 strain

Hy,(0), H;2(0) Initial number of infected individuals Uniform[0, 100] assumed SEIR2, SEIR2psi

HEg1(0), Hp21(0), He21(0) Initial number of infected Hy(0) assumed SEIR2, SEIR2psi
and exposed individuals

HEg2(0), Hy12(0), He12(0) Initial number of infected Hj»(0) assumed SEIR2, SEIR2psi
and exposed individuals

Observation process

N observation rate for NDSS data Uniform[0, 1] assumed SEIR, Laneri, Pandey,

SEIR2, SEIR2psi

ry observation rate for NDSS data 1 assumed SEIAR

D observation rate for DENFREE data fixed cf. Table 2.4 All
(symptomatic)

ra observation rate for DENFREE data fixed cf. Table 2.4 SEIAR
(asymptomatic)

1) overdispersion Uniform[0, 1] assumed All

Seasonality parameters

b amplitude of the sinusoidal forcing Uniform[0, 1] assumed All

P phase of the sinusoidal forcing Uniform[-0.5, 0.5] assumed All

i import parameter Uniform[0, 10] assumed All

Total population

N total population 161391 All

Table 2.3 — Prior distributions of parameters. "Uniform[0,20]" indicates a uniform distribution in the
range [0,20]. "Normal(0.44, 0.05) in [0.2, 1]" indicates a a truncated normal distribution with mean 0.44
and standard deviation 0.05, restricted to the range [0.2,1].

Dirac priors based on the literature were used for the durations of infectiousness and incubation,
as well as the mortality rates. In models without vectorial transmission, the incubation period is
assumed to be the sum of the extrinsic (in mosquito) and intrinsic (in human) incubation periods,
to reflect the generation time of the disease. For transmission parameters, we used wide weakly

informative priors.
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Initial conditions

The initial number of infected individuals is assumed to be equal to the number of exposed
individuals and to be lower than 100, as the model starts in January, during the epidemic trough.
Except for the initial proportion of susceptibles, all priors on initial conditions are uniform
distributions.

The initial proportion of susceptibles is an influential parameter on the model outputs. It is
highly correlated to the transmission parameter S8 (and therefore to the basic reproductive number),
which makes it difficult to estimate them both. An informative gaussian prior was therefore used
on Hg(0). To date, no large scale seroprevalence study is available for Cambodia, and we relied on
a study conducted among schoolchildren in rural Vietnam (Thai et al., 2005), which we considered
as the closest setting to be compared with Kampong Cham. We extrapolated their results on
schoolchildren (7 to 14 years old) to a 1-15 years old population as follows, where S, is the
proportion of susceptibles among 1-15 year-old children (using their estimation 4 = 0.117 ):

15
1
Sa= 1z ; exp(=da) = 0.44

S, is used as the mean of the gaussian prior, and the standard deviation is fixed at 0.05.

Estimation
Observation model

The propagation models are related to the observed data using a negative binomial observation
model (Breté et al., 2009). The observed number of cases during week k in each dataset, Cg;)s,
is assumed to be drawn from a a negative binomial distribution with mean rC®) and variance
rC* + (rc®)2¢p, where C®) is the total number of new cases simulated by the model during
week k, r is the observation rate quantifying the amount of non reported cases and ¢ is an
overdispersion parameter. The quantity C and observation rate r associated to each dataset are
indicated in Table 2.1.

For each epidemiological model, estimations are performed simultaneously on NDSS and DENFREE
data (DENFREE data being decomposed into two time series in SEIAR, SEIR2 and SEIR2psi
models). The observations of all time series are assumed independent conditional on the underlying
disease process, and the model likelihood is the product of the likelihoods calculated on each series.

The observation rate is estimated for NDSS data but fixed for DENFREE data, using informations
from the sampling scheme (cf. Table 2.4), in order to account for the difference in coverage during
outbreak investigation between 2012 and 2013. We assume that index cases are all reported and
that the observation rate for community cases equals the ratio of people tested over the population
of the area. We then extrapolate this observation rate to the total population of the four districts.
Different observation rates are used in the SEIAR model. As NDSS data are interpreted as
hospitalized cases, the observation rate is fixed to 1 (which assumes that all hospitalized cases go
through surveillance and neglects the presence of private hospitals or non reports from hospitals),
but the proportion of hospitalized cases is estimated. For DENFREE cases, the observation rate
for symptomatic and asymptomatic individuals is fixed as indicated in Table 2.4.
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Children < 15 years old 2012 2013
Symptomatic Asymptomatic | Symptomatic Asymptomatic
Population in investigated villages (n) 65,208 65,208
Population in the 4 districts (N) 161,391 161,391
Index cases (a) 151 0 376 0
Observation rate for index cases 1 . 1
Children tested in communities (b) 1722 4119
DENYV positive in communities (c) 85 5 198 28
Observation rate for community cases (d=b/n) 0.0264 0.0632
Extrapolated number of community cases (e=c/d) 3219 189 3135 443
Extrapolated total number of cases (f=a+e) 3370 189 3511 443
Observed total number of cases (g=a+c) 236 5 574 28
Observation rate (rp=(g/f)*(n/N) and r ,=b/N) 0.0283 0.0107 0.0661 0.0255

Table 2.4 — Calculation of the observation rate for DENFREE data.
The overdispersion parameter ¢ is estimated along with the other parameters.

Estimation with Markov Chain Monte Carlo

Models are considered in deterministic framework and estimations are made using random walk
Metropolis Hastings. SSM software (Dureau et al., 2013a) is used for simulations and calculations.
The covariance matrix of the proposal distribution was initialized using adaptative MCMC as in
Dureau et al. (2013a).

Due to unknown initial conditions, the posterior distribution is multimodal, especially in two
strain models. This implies that the adaptive MCMC remains trapped in local maxima and global
exploration of the parameter space was performed with latin hypercube sampling. We ran a simplex
algorithm on 10,000 parameter sets sampled with latin hypercube sampling (with /hs R package
(Carnell, 2016)) and chose the one with the highest posterior value as initialization of the adaptive
MCMC algorithm. The results associated to this best fitting equilibrium are displayed in the main
text, but other examples of good fitting equilibria for two-strain models are indicated in Appendix
AS.

Model comparison
Statistical indicators

In order to identify the best model, the Deviance Information Criterion (DIC) (Spiegelhalter et al.,
2002) is used. DIC is an indicator that combines a measure of model fit and a penalty on model
complexity, commonly used with MCMC estimations. The best model is the one with the smallest
DIC. As it does not enable comparison of models with differing number of observations, we also
calculate the RMSE (root mean square error) between observations Cg;)s and simulations of the
model with parameters sampled in the posterior distribution C*?) for weeks k = ko, ..., K and
simulation i :

K
1 .
- (ki) — k) 2
RMSE; = || 2= ,;(C D= Copy)
=Ko
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We then compute the mean and the 2.5% and 97.5% quantiles of this indicator among the simulated
trajectories. We first calculated them on the data used for estimation, separating NDSS data and
DENFREE data. For DENFREE data we considered the total number of symptomatic cases to
enable comparison of all models: therefore, for this metric, asymptomatic DENFREE cases were
not taken into account in SEIAR model, and cases of all serotypes were aggregated in two-strain
models. Then we used these indicators to assess the predictive performance of the models,
comparing projections of the model with NDSS observations for 2014 and 2015.

Epidemiological indicators

Models are also compared according to several indicators to describe their epidemiological
behaviour. The basic reproduction number, the observation rate and the initial proportion of
susceptibles are estimated using the MCMC chain. In the model with asymptomatic infections we
report the estimated proportions of asymptomatic and hospitalized cases.

With parameters sampled in the posterior distribution, we can also re-simulate the model to study
hidden states, such as the susceptible and infected classes. The effective reproduction number (R, )
is calculated as the seasonal basic reproduction number multiplied by the proportion of susceptibles
at each time step, as indicated in Table 2.5. We then calculate the annual incidence proportion as
the total number of infections over one year divided by the total population of susceptibles at the
beginning of the year. In models with two strains, we separate the annual incidence of primary
infections (as the total number of primary infections over one year divided by the total population
of naive individuals at the beginning of the year) and secondary infections (as the total number
of secondary infections over one year divided by the total population of susceptibles to one strain
only at the beginning of the year).

SEIR, Laneri, SEIAR Pandey SEIR2 SEIR2psi
Ro(?) B BupPv(t)or B)o B)o
0 (y+uu)(0+uH) (y+uu) (O +pH)py (P +7) (y+um)(o+pn) (y+um)(o+pn)
Re() (or RE,i = 1,2) Ro(n) 232 Ro) 250, () Ry(ny D Ry () A

Table 2.5 — Reproduction numbers calculation in each model. Calculations are based on the next
generation matrix method (Diekmann et al., 2010).

Calculations are made using R version 3.2.2 (Team, 2015), and graphics using ggplot2
(Wickham, 2009).

Results

The calculations are based on the MCMC chain associated with the highest posterior after LHS
exploration. In multistrain models, the posterior distribution is multimodal, and examples of other
local posterior modes are displayed in Appendix A.S.
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Statistical comparison

Model SEIR Laneri Pandey SEIAR SEIR2 SEIR2psi
nb parameters 8 8 9 9 11 12

nb observations 665 665 665 704 704 704
ESTIMATION SET

DIC 4343 4360 4364 4472 4492 4446
RMSE NDSS 25(22-28) 25(22-29) 26(23-29) | 26 (23-29) | 25 (22-29) 21 (19-24)
RMSE NDSS 2002 43 (28-59) 42 (27-58) 45(29-63) | 43 (27-61) | 40 (24-61) 17 (12-25)
RMSE NDSS 2003-2013 | 23 (20-25) 23 (21-26) 23 (21-25) | 23 (21-26) | 24 (21-26) 22 (19-24)
RMSE DENFREE 24 (19-29) 24 (19-29) 24 (19-29) | 24 (19-29) | 23 (19-27) 25 (19-31)
TEST SET

RMSE 2014-2015 15(11-19) 15(11-19) 16 (12-20) | 15(11-20) | 17 (13-22) 13 (10-16)
RMSE 2014 16 (11-23) 16(11-23) 17 (11-24) | 17 (11-24) | 17 (11-24) 14 (10-19)
RMSE 2015 13(9-17) 13 (9-17) 13 (10-18) | 13 (10-17) | 17 (12-23) 12 (9-16)

Table 2.6 — Information criteria in deterministic models. DIC is the Deviance Information Criterion
(Spiegelhalter et al., 2002). RMSE is the root mean square error (mean and 2.5% and 97.5% quantiles)
between simulations and observations: it is calculated separately on the datasets used for estimations (NDSS
data for 2002-2013 and DENFREE data for 2012-2013) and on the test set (NDSS data for 2014-2015). It is
also computed on separated years in order to highlight well or badly estimated years: for example, for each
simulation i, £; (RMSE[P5S 2002)2 4 1L (RMSENDSS 2003-2013)2 — (RMSENPS%)2. Calculations are based on
the MCMC chain associated with the highest posterior.

For single strain models, the SEIR model proved the best with the DIC criterion (cf. Table 2.6).
For two strain models, the SEIR2psi proved best. As regards simulation-based indicators on the
2002-2014 data, SEIR, Laneri, Pandey models have RMSE values in the same order of magnitude.
Indeed, they produce a similar dynamic with respect to the 2002-2014 data (cf. Figures 2.6-2.7),
with a period of approximately six years, and a large overestimation of the 2002 outbreak (the
mean RMSE for 2002 is far higher (> 40) than the average for the other years (<25)). Due to the
small number of observed asymptomatic cases, SEIAR model also produces a similar dynamic
and the SEIR2 model, despite a larger number of parameters, does not improve over single-strain
models. The model with two interacting strains (SEIR2psi) outperforms the other models in terms
of RMSE, but the difference is mainly explained by the first year of simulation (2002). However,
the RMSE indicator does not penalize for the complexity of this more flexible model, and the
differences are not very pronounced given the variability in RMSE values. When visualizing the
simulations compared to the data (cf. Figures 2.6-2.7), all models underestimate a large number
of epidemic peaks and all models but the one with two interacting strains overpredict the first
epidemic peak (as pointed out in Table 2.6). SEIR2psi is the model in which the large epidemic
in 2007 is best reproduced and overall, SEIR2psi is the model that reproduces most accurately
the observed data. Moreover, the estimated overdispersion is lower in this model (cf. Table 2.7),
indicating that less observation noise is required to explain the data and that the model explains a
larger part of the variability in the data.
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Figure 2.6 — Number of observed cases per week and NDSS data, 2002-2013. Simulations with negative
binomial noise using parameters from the MCMC chain associated with the highest posterior, calculated
using both NDSS and DENFREE datasets. Posterior median (solid line), 95% credible intervals (shaded
blue area) and NDSS data points (black dots). A. SEIR model. B. Laneri model. C. Pandey model. D.

SEIAR model. E. SEIR2 model. F. SEIR2psi model.
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Figure 2.7 — Number of observed cases per week and DENFREE data, 2012-2013. Simulations with
negative binomial noise using parameters from the MCMC chain associated with the highest posterior,
calculated using both NDSS and DENFREE datasets. Posterior median (solid line), 95% credible intervals
(shaded blue area) and DENFREE data points (blue dots: symptomatic cases, green dots: asymptomatic
cases, red dots: serotype specific symptomatic cases). A. SEIR model. B. Laneri model. C. Pandey model.
D. SEIAR model, symptomatic cases. E. SEIAR model, asymptomatic cases. F. SEIR2 model, cases due
to strain 1 and DENV1 observations. G. SEIR2 model, cases due to strain 2 and DENV2/DENV3/DENV4
observations. H. SEIR2 model with interactions, cases due to strain 1 and DENV 1 observations. I. SEIR2
model with interactions, cases due to strain 2 and DENV2/DENV3/DENV4 observations.

Considering the predictive capacity of the models, all models overestimate the 2014 small
epidemic, and to a lesser extent the one in 2015 (cf. Figure 2.8). In the SEIR2psi model, this
overestimation is less pronounced, and the associated RMSE is also smaller (cf. Table 2.6).
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Figure 2.8 — Projections of the number of observed cases per week and NDSS data, 2014-2015.
Simulations with negative binomial noise using parameters from the MCMC chain associated with the
highest posterior, calculated using both NDSS and DENFREE datasets. Posterior median (solid line), 95%
credible intervals (shaded blue area) and NDSS data points (black dots). A. SEIR model. B. Laneri model.

C. Pandey model. D. SEIAR model. E. SEIR2 model. F. SEIR2psi model.
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Epidemiological comparison

Over-dispersion

median (95%CI)

0.73 (0.59-0.91)

0.75 (0.61-0.93)

0.7 (0.57-0.87)

0.9 (0.74-0.99)

0.73 (0.59-0.91)

Model SEIR Laneri Pandey SEIAR SEIR2 SEIR?2 psi
mean R( median (95%CI) 2.32(2.25-2.41) 2.38(2.3-2.46) 3.32(3.16-3.47) 2.3(2.23-2.37) 1.45 (1.42-1.48) 2.47 (2.35-2.57)
max R median (95%CI) 3.64 3.51-377)  3.66(3.53-3.8)  5.87(5.57-6.17) 3.6 (3.48-3.72) 229 (2.23-2.35)  3.78 (3.59-3.94)
4 median (95%CI) 0.67 (0.62-0.73)
Hg (0)/N (%) median (95%CI) 46 (45-47) 46 (45-47) 37 (36-38) 47 (46-47) 49 (45-56) 35 (30-38)
Hg(0)/N (%) median (95%CT) 22 (14-25) 14 (10-21)
Hg2(0)/N (%) median (95%CI) 27 (19-30) 4(1-11)
Observation rate (%) median (95%CI) 12 (11-13) 12 (11-13) 10 (9-11) 11 (10-12) 7(6-7)
Hospitalized (%) median (95%CI) 14 (13-15)

Asymptomatic (%) median (95%CI) 15 (13-19)

0.56 (0.45-0.76)

Median annual incidence proportion

primary infection (%) median 2002-2015 (min-max) 8 (5-16) 8 (4-16) 12 (7-25) 8 (4-16) 6(3-10) 14 (7-27)
secondary infection (%) median 2002-2015 (min-max) 3 (1-5) 7 (3-14)
mean Re median (95%CI) 1.03 (1.03-1.03) 1.06 (1.06-1.07) 1.14 (1.13-1.15) 1.03 (1.03-1.03)

mean Re strain 1 median (95%CI) 1.03 (1.02-1.03) 1.03 (1.02-1.03)
mean Re strain 2 median (95%CI) 1.04 (1.03-1.04) 1.02 (1.02-1.03)
max Re median (95%CI) 1.7 (1.66-1.74) 1.72 (1.69-1.77) 2.18 (2.12-2.27) 1.7 (1.67-1.74)

max Re strain 1 median (95%CI) 173 (1.69-1.77)  1.74 (1.71-1.77)
max Re strain 2 median (95%CI) 1.72 (1.69-1.75) 1.69 (1.65-1.73)

Table 2.7 — Epidemiological criteria among children under 15 years old. Estimated parameters and
indicators based on simulations over 2002-2015 (posterior median and 95% credible intervals). Calculations
are based on the MCMC chain associated with the highest posterior.

The average Ry is estimated to be between 2 and 3 in most of the models and the maximum value
between 3 and 4 (cf. Table 2.7), except with the Pandey model, in which it is higher (mean value
above 3 and maximum value above 6). The estimated values are very close in the SEIR, Laneri and
SEIAR models. These values relate to transmission among children only and we expect therefore
the Ry in the whole population to be higher, since children represent approximately one third of
the total population, but more than 90% of the total cases observed. Estimates for Ry in South
East Asia in the literature range from 1 to 5 (Imai et al., 2015, 2016), with sometimes values
above 10 (Johansson et al., 2011), displaying large variations in time and space, and in particular,
the estimates for Ry in Cambodia based on age-stratified case-notification data are between 2 and
7 (Imai et al., 2016), so that our estimates are in the same order of magnitude. Nevertheless,
our estimation of Ry strongly depends on the estimation of the initial proportion of susceptibles
(Hs(0)), which is unknown in the case of Cambodia and can bias the estimates. It is indeed very
difficult to evaluate Ry via incidence data (Imai et al., 2016), especially for endemic diseases without
information on seroprevalence, and it may be more informative to study the effective reproductive
number (R, ), which accounts for the proportion of immune individuals in the population. The
estimated R, has a mean value around 1 and a maximum value around 1.7 in most models, but it
is higher in the Pandey model (the time-varying behaviour of R, is displayed in Appendix A.4).
In SEIR2psi model, the parameter ¢ quantifying the interaction between strains is inferior to 1,
suggesting a reduced infectivity of secondary infections on average, as in Aguiar et al. (2011),
or in Coudeville and Garnett (2012). This suggests that, as far as infectiousness is concerned,
cross-protection among serotypes is more important than cross-enhancement to explain the results
observed in the field.

It is estimated in the models that approximately half of the children are susceptible to the
disease, which is close to the informative prior used, highlighting the difficulty to estimate this
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quantity due to identifiability issues. This proportion is lower in the Pandey model. In the models
with two strains, the number of susceptibles differs between models, but as a whole, at least 50%
of children are not totally immune to the disease and can still suffer infection. The proportion of
children who are susceptible to one or both strains are however correlated in the MCMC chain (cf.
Appendix A.3), indicating that their relative proportions are not well identified. These values are in
the range of the measures of seroprevalence in several Asian countries (LAzou et al., 2016, 2018).
As the measures reveal large differences between countries (LAzou et al., 2016, 2018; Prayitno
et al., 2017; Thai et al., 2005; Vongpunsawad et al., 2017), a seroprevalence survey in Cambodia
would be particularly useful to evaluate which scenario is more plausible.

The observation rate for NDSS data varies between models, from 6 to 13%. These values
indicate that a large proportion of dengue cases are not reported in national surveillance, likely
reflecting mild symptoms that do not require hospitalization or misdiagnosis or misreporting.

In the SEIR2psi model, we also plotted the current number of infected individuals for each strain
(cf. Figure 2.9). In our simulations, the first strain is responsible for large explosive outbreaks,
whereas the second one has a more regular pattern over the years. Moreover, the two strains are
asynchronous and each one dominates for two or three years. It is also qualitatively close to the
dynamics observed in Thailand (Reich et al., 2013) or Singapore (Ong et al., 2017).
The proportion of susceptible individuals also displays asynchronous dynamics between strains, as
they reflect the history of past epidemics. Despite the seasonality and the year-to-year variations,
the total number of susceptibles remains high (cf. Figure 2.9 for SEIR2psi and SEIR models),
allowing the possibility for large outbreaks to occur in the future. However, multi-strain models are
difficult to parameterize due to the uncertainty in the initial conditions, and models with differing
trajectories and parameters may have close performances in terms of model fitting (cf. Appendix
AlS).
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Figure 2.9 — Number of infected and proportion of susceptible individuals. Simulations without negative
binomial noise using parameters from the MCMC chain associated with the highest posterior, calculated
using both NDSS and DENFREE datasets. Posterior median (solid line) and 95% credible intervals (shaded
blue area). A. Individuals infected with strain 1 in SEIR2psi model (Hy + Hjz1). B. Individuals infected
with strain 2 in SEIR2psi model (Hy; + Hyp2). C. Proportion of susceptible individuals in SEIR model
(Hs/N). D. Proportion of susceptible individuals with immunity to strain 1 in SEIR2psi model (Hg;/N). E.
Proportion of susceptible individuals with immunity to strain 2 in SEIR2psi model (Hgs,/N). F. Proportion
of individuals susceptible to both strains in SEIR2psi model (Hs/N).

We calculated the annual incidence proportion as the proportion of new infections over one
year among the susceptibles at the beginning of that year (cf. Figure 2.10). The values for primary
infections are coherent with other studies in Vietnam or Indonesia who analyzed seroprevalence
data or seroconversion data (Graham et al., 1999; Prayitno et al., 2017; Thai et al., 2005, 2007;
Tien et al., 2010). The incidence proportion is highly variable from one year to the next, especially
in models with two interacting strains.
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Figure 2.10 — Annual incidence proportion of first dengue infection (%). Median and credible intervals
per year, over 2002-2015, based on simulations without negative binomial noise using parameters from the
MCMC chain associated with the highest posterior, calculated using both NDSS and DENFREE datasets.

Discussion

With two datasets reporting dengue cases in the Kampong Cham region in Cambodia, we compared
several models to represent dengue transmission dynamics in a rural setting. In order to assess the
quality of the models, we compared their statistical properties and analysed their epidemiological
features.

The best model describing the dengue trend over 14 years of data was the two strain model,
with reduced infectivity for secondary infected individuals. Secondary infections being more prone
to severe dengue (Halstead, 2007), these individuals may stay at home or at the hospital, and be
less involved in the spread of the disease than the ones whose mild symptoms do not alter what
Stoddard et al. (2013) call "house-to-house movement”" (Yoon et al., 2012; Perkins et al., 2016a).
There is also some indication from studies on the infectiousness of infected people to mosquitoes,
that symptomatic infections are less infectious than asymptomatic individuals (Duong et al., 2015).
Likewise there was a small negative impact of IgG on transmission rates that would be indicative
of secondary and potentially more symptomatic cases (Nguyen et al., 2013). This feature was
previously analytically studied and coherent with dengue incidence time series in Thailand (Aguiar
etal, 2011, 2014).

On the contrary, including vectorial transmission or a compartment for asymptomatic infections
did not seem to improve the model fit despite the additional complexity. In our models, the role
of mosquitoes in transmission seems well captured by the seasonal forcing implemented in the
model. The limited added-value of including vectorial components has been observed by several
authors previously, when studying one dengue season only (Pandey et al., 2013) or when a seasonal
forcing was included in the model (Rocha et al., 2016). Mathematical analyses have suggested that
because the time scale of the mosquito epidemiology is so fast compared to that in humans, it will
be slaved by the slower human epidemiology (Rocha et al., 2013). Thus, for understanding human
disease epidemiology, mainly the dynamics of the human time scale are essential and inclusion
of mosquito dynamics results in an unnecessary increase in model complexity when vector data
is not available (Dye and Williams, 1995; Rocha et al., 2013, 2016), and when potential seasonal
variations are already accounted for.

Our models account for underreporting, and the lack of additional improvement when including
explicitly the asymptomatic class is likely due to the very few asymptomatic infections observed,
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which may be due to a very strict definition of asymptomatic infections in the DENFREE protocol.
Yoon et al. (2012) also observe many inapparent cases in their cohort but few strictly asymptomatic
cases in their cluster study in Thailand. Therefore, in our model, including a compartment for
asymptomatic individuals had only little influence on the overall transmission due to their small
number.

However, even though the two strain model with interactions reproduces the observed data
more adequately, it is difficult to parameterize. Differing model parameterizations may lead to
differing dynamics that relate closely to the observed data, as shown in Appendix A.5, indicating
identifiability issues (Miao etal.,2011). Identifiability is nonetheless a central problem in designing
and estimating epidemiological models, that also affects models with vector-borne transmission
(Kao and Eisenberg, 2018) and even simple models (Evans et al., 2002). In our case, this problem
was related to two phenomena. On the one hand, some parameters values were correlated, and
therefore difficult to distinguish from one another. On the other hand, in some models, the posterior
distribution was multimodal, and therefore both hard to explore with many inference methods and
hard to interpret given the presence of several possible trajectories. In order to limit these difficulties
in all models, we fixed some parameters (in particular the durations of infection and incubation,
or the observation rate in DENFREE data), and relied on informative priors (in particular for
the initial proportion of susceptibles). In addition, it is possible to rule out some trajectories
that correctly fit the data but display epidemiological incoherences in the qualitative dynamics of
their hidden states (such as the depletion of the susceptible population or the absence of serotype
asynchrony), in the spirit of pattern matching methods (ten Bosch et al., 2016). We therefore
studied the epidemiological characteristics of the selected models to ensure such coherence. Other
trajectories may, nevertheless, remain equally plausible given the available information and require
additional data to be further explored. These issues are even more important when evaluating
public health measures, as models with similar fit may have different responses to control scenarios
(Kao and Eisenberg, 2018; ten Bosch et al., 2016). Therefore, care is required when choosing the
best model, and the uncertainty in the model structure must also be taken into account, especially
when the observed data are scarce.

Over the six models that were explored, we also obtained some insight on the parameters
describing transmission. The average annual Ry in our paediatric population is estimated between 1
and 4 over all models. These values are within the range observed in urban settings, suggesting that,
despite very different population densities, the rural dynamics of dengue are not that dissimilar,
or that dissimilarities are hidden by the variations between countries and populations and the
uncertainties due to diverse estimation procedures, as this quantity is difficult to evaluate using
incidence data. The median annual incidence at primary infection over the period is between 5
and 14, with large year-to-year variations. The estimated observation rate on surveillance data
varies between models (9-13% in most models and 6-7% in the model with two interacting strains),
indicating in both cases a high proportion of unreported infections, so that most of the transmission
is due to unobserved infections. These values are in line with the large underrecognition highlighted
in Wichmann et al. (2011), and also with other studies in South-East Asia (Graham et al., 1999; Thai
et al., 2007; Yoon et al., 2012). These results are also coherent with a recent study emphasizing
that more that 80% of dengue transmission is due to inapparent infections (ten Bosch et al., 2018).

This work has however several limitations. Firstly, model comparison was not straightforward

between one strain and two strain models, both statistically and epidemiologically. From the
statistical point of view, the differing number of observations between models led us to use
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simulation based-indicators. From the epidemiological point of view, single strain models, two
strain models and observations on four serotypes may be hard to compare because some indicators
cover different interpretations. For example, in single strain models, there is no distinction in the
susceptible class between individuals immune to one strain only and naive ones, and there is no
strain specific reproduction number or incidence.

Secondly, the selected model formulations were restricted due to data availability. In particular,
despite the endemicity of the four serotypes in rural Cambodia, we did not consider more than two
dengue serotypes. This was done to limit model complexity, especially in the number of unknown
initial conditions, but has also been previously shown to adequately describe dengue dynamics
(Aguiar et al., 2013). When two serotypes were considered, we tested only interactions in terms of
enhancement or restriction of infectiousness. We did not include models with (temporary) cross
immunity, because of the too large increase in the number of parameters with respect to the data.
We also did not include models with a finer spatial scale, even if small scale transmission plays
a decisive role in dengue dynamics (Salje et al., 2012, 2017). On the one hand, NDSS data were
only available at the district level, which was too large to follow transmission chains and too small
for observing a sufficient number of cases. On the other hand, the clustered sampling protocol in
the DENFREE study abnegated the interpretation of the spatial distribution of community cases.
We also restricted the analysis to children under 15 years old and did not study the role of adults
in transmission.

Thirdly, the projections are not completely able to describe the observed data, as most models
overestimate the dengue epidemic in 2014. Nevertheless, 2014 was a particular year, with the
lowest number of cases in the whole time series, potentially due to particular climatic conditions.
In many countries in South-East Asia, except Malaysia, the reported incidence was lower than in
2013 (Cheng et al., 2017). Many provinces of Thailand also reported fewer cases than usual in
2014 (Reich et al., 2016). Our models are deterministic and do not take into account variations
due to demographic stochasticity or environmental hazards such as climate.

Despite these limitations, combining two datasets permitted us to overcome some observation
biases, such as the fact that surveillance data did not report serotype and DENFREE data did not
reflect the long term dynamics. Nevertheless, some information is lacking in both datasets, in
particular that on seroprevalence. Clearly the parameter estimations depend on the immunological
status at the beginning of the simulations, especially in complex multi-strain models. As in our
previous work (Champagne et al. (2016), chapter 4), our modeling study stresses the importance
of seroprevalence data in order to more accurately estimate the initial conditions of our simulation
and reduce identifiability problems. A seroprevalence survey in Cambodia would be of great value
to evaluate the dengue burden, transmissibility potential and consider vaccination scenarios.

Conclusion

In conclusion, our analyses highlight that two-strain models with interacting effects better reproduce
the long term dengue dynamics, but they are also difficult to parameterize relying on incidence
data only. On the other hand, incorporating vector and asymptomatic components seems of
limited added-value in this case when seasonality and underreporting are already accounted for.
Although model complexity is framed by the scientific objectives, it must also be driven by the
available data. The unavailability of mosquito data and the difficulty of observing asymptomatic
infections questions their incorporation explicitly in the models. Another important aspect is
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related to the comparison of models considering the available data. In addition to model selection
based on goodness of fit (Pandey et al., 2013), assessing the validity of model’s outputs in terms
of epidemiological features (such as reproduction numbers, annual incidence, dynamics of the
susceptible classes) is an important step when data are scarce and identifiability issues are present.
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2.3 Comparison of stochastic and deterministic frameworks in dengue
modeling 2

Abstract

We perform estimations of compartment models for dengue transmission in rural Cambodia with
increasing complexity regarding both model structure and the account for stochasticity. On the
one hand, we successively account for three embedded sources of stochasticity: observation noise,
demographic variability and environmental hazard. On the other hand, complexity in the model
structure is increased by introducing vector-borne transmission, explicit asymptomatic infections
and interacting virus serotypes. Using two sources of case data from dengue epidemics in Kampong
Cham (Cambodia), models are estimated in the bayesian framework, with Markov Chain Monte
Carlo and Particle Markov Chain Monte Carlo. We highlight the advantages and drawbacks of
the different formulations in a practical setting. Although in this case the deterministic models
provide a good approximation of the mean trajectory for a low computational cost, the stochastic
frameworks better reflect and account for parameter and simulation uncertainty.

Introduction

Stochasticity is a key element in infectious disease dynamics, as transmission of pathogens depends
on individual specificities, randomness of contacts and environmental context. These effects are
crucial in small populations, for instance at the household or school level, but also in larger
populations, when the number of infected individuals is small and the extinction of the disease
likely to occur (Bailey, 1975; Britton, 2010). Therefore, demographic stochasticity plays a major
role in the study of invasion and persistence of the pathogen (Bartlett, 1957, 1964). First, it tackles
questions that do not arise in the deterministic case, such as the probability of a major outbreak
or the time to extinction (Allen, 2008; Lloyd et al., 2007). Second, it may lead to specific model
behaviours that are qualitatively different from the deterministic ones (Nasell, 2002; Rohani et al.,
2002). The uncertainties of the environment also shape disease spreading patterns, regardless of
population size (He et al., 2010). Moreover, when inference is performed, deterministic models
may lead to biased results (Britton and Lindenstrand, 2009) or underestimate the uncertainty in
parameters and predictions, as they account only for noise in the observation process and not in
the disease dynamic itself (King et al., 2015). Stochasticity can then compensate and sometimes
highlight model misspecification (King et al., 2015), and in some contexts, simple stochastic
models may be competitive with more complex deterministic ones (Stocks et al., 2018). However,
stochastic models induce a cost in computation, estimation and interpretation of the results, and an
analysis of their deterministic counterpart can prove highly informative.

Dengue is a vector-borne viral disease whose dynamics are highly influenced by both demographic
and environmental stochasticity. Ubiquitous in the tropics and the subtropics, particularly in
Southeast Asia, the Pacific and the Americas (Guzman et al., 2010), it is caused by any of four
dengue virus (DENV) serotypes and transmitted by Aedes spp. Dengue dynamics are therefore
shaped by the complex system involving mosquito vectors, human hosts and virus specificities, all
of which are also influenced by random phenomena in populations and environment. The small
spatial scale of transmission, due to the short mosquito flying rate, leads to a special geographical
signature (Salje etal., 2012, 2017), in which demographic stochasticity plays a major role. Climatic

2Champagne C., Cazelles B., Comparison of stochastic and deterministic frameworks in dengue modeling, in revision
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variations affect the mosquito life cycle and the transmission process (Liu-Helmersson et al., 2014;
Cazelles et al., 2005), and human activities also impact the disease’s spread, through movement
(Teurlai et al., 2012; Stoddard et al., 2009) or behaviour (Reiter et al., 2003).

In this work, we compare several mechanistic models for dengue dynamics in rural Cambodia,
that incorporate differing levels of complexity with respect to vector dynamics, coexistence of
several virus strains, and transmission via asymptomatic infections. We consider these models both
in deterministic and stochastic formulations, including step by step demographic and environmental
stochasticity, in the framework by Bret6é et al. (2009), as in Stocks et al. (2018). Whereas
demographic stochasticity results from the random births, deaths and interactions between individuals,
environmental stochasticity refers to the uncertainty from external sources and is accounted for by
multiplying some transition rates with a white noise (Bret6 et al., 2009). Models are adapted to
observed time series of dengue cases in the Kampong Cham province (Cambodia) through Markov
Chain Monte Carlo (MCMC) or Particle Markov Chain Monte Carlo (PMCMC) (Andrieu et al.,
2010) using the SSM library (Dureau et al., 2013a). Models are compared in light of the data,
relying on statistical indicators (King et al., 2008; Camacho et al., 2011; Pandey et al., 2013), and we
also analyze their epidemiological coherence. We can therefore explore the increase in complexity
both in the model structure and in the account for uncertainties and identify the advantages and
drawbacks of the different formulations in a practical estimation setting.

Methods

Data

Kampong Cham province is a densely populated rural province in Cambodia, 120km northeast
from the capital Phnom Penh, where dengue is endemic and strongly seasonal (cf. Figure 2.11).
We used two different datasets reporting dengue cases in the province: the results of a punctual
study conducted in a 30km radius around the city of Kampong Cham (DENFREE data), and
the national surveillance data (NDSS data) in the four districts comprising the DENFREE study
area (Kampong Cham, Kampong Siem, Prey Chhor and Tboung Khmum, with the administrative
divisions of 2012-2013).
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Figure 2.11 — NDSS and DENFREE data. The black line the series of NDSS cases per week in four
districts of the Kampong Cham province. The red dots are the DENFREE cases per week in the DENFREE
study area.

DENFREE data

The DENFREE study took place in the Kampong Cham region during the 2012 and 2013 outbreaks.
Patients with acute dengue-like illness were enrolled in three hospitals in the Kampong Cham
province and DENYV infection was confirmed by qRT-PCR. Positive DENYV cases were considered
as index cases, and an outbreak investigation was initiated in their neighbourhood, in order to detect
asymptomatic or mildly symptomatic cases. The study protocol is extensively detailed in (Duong
etal., 2015). Information on the serotype responsible for infection, and symptomatic/asymptomatic
status of the patients are available (cf. Table 2.8).

Children under 15 years old

DENFREE data 2012 2013
Observed symptomatic cases (C %’g) 236 574
Denv-1 (C3%}) 26 451
Denv-2, Denv-3, Denv-4 (C9%3) 5122
Observed asymptomatic cases (CODbfA) 5 28
Children tested in the community 1722 4119
NDSS data 2012 to 2015
Observed NDSS cases (C ;’\',”) 2853

Table 2.8 — Number of cases under 15 years old, in the DENFREE study (index cases and community
cases) and in the NDSS dataset. Serotype was unknown for 5 cases in 2012. One case in 2013 was
coinfected by Denv-1 and Denv-2 and was not included in models with two strains (serotypes).

NDSS data

Because the DENFREE data covers only a very short period of time, surveillance data was
added to improve the estimations. Surveillance of dengue is conducted at the national level in
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Cambodia, through the National Dengue Surveillance system (NDSS) (Huy et al., 2010), involving
the paediatric departments of several hospitals throughout the country. Diagnosis is done clinically
and only a small fraction of the cases are confirmed serologically. Because of the co-circulation
of other flaviviruses (Chikungunya, Japanese Encephalitis) and the relative non-specificity of
symptoms, clinical mis-diagnosis may be frequent.

We selected all the cases under 15 years old in the four districts involved in the DENFREE
study between January 2012 and December 2015 and aggregated them per week (cf. Figure 2.11).
In this area, on average, 713 cases under 15 years old were reported per year (1126, 1043, 209
and 475 in 2012, 2013, 2014 and 2015 respectively). As displayed on Figure 2.11, NDSS and
DENFREE data have similar dynamics.

Models description

Five epidemiological models are considered, following Champagne et al. (2018). The reactions
describing their stochastic counterparts are detailed in Appendix B.1.

One-strain models

We take a Susceptible-Exposed-Infected-Recovered (SEIR) model as the simplest model (cf.
equation 2.6), with Hg susceptible individuals; Hg infected (not yet infectious) individuals;
Hj infectious individuals and Hg recovered individuals. The parameter o is the rate at which
HE-individuals move to the infectious class H; and infectious individuals (Hj) then recover at rate
v. Cy and Cpg represent the count of new symptomatic cases and they are aggregated weekly to be
compared respectively with NDSS cases (Cy with reporting rate r ) and DENFREE symptomatic
cases (Cps with reporting rate rps). We also assume that a constant number of cases ¢ are
imported, in order to prevent extinction of the disease.

dHg (H; + 6)Hs

I8 NS L H
! B(1) N urHs
dHE (H] +5)HS

TE gy LTS G Hp —upH
7 B(1) N ocHg —ugHg
dH

—dt’ =oHg —yH; - up Hy (2.6)
AR _ H

a1 =y — UgHR

dCy  dCps

—N _ i

dr arUE

with Hs + Hg + Hy + Hg = N. In this model, the basic reproduction number, i.e. the number
of secondary human infections resulting from the introduction of a single infected individual in a
. : : i« RSEIR (4 — B
entirely susceptible population, is R; ® = G T
This model is compared with two other models that include the mosquito vector transmission
components. The first one, called SEIR-vector, is a Ross-Macdonald type model derived from
Pandey etal. (2013), in which the vector is modelled explicitly with three compartments (Susceptible-Exposed-Infected)
(cf. equation 2.7).
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where Vs, Vg and V; are respectively the number of susceptible, exposed and infected mosquitoes
and Vs + Vg + Vi = V = mN, m being the unknown number of mosquitoes per human. The
parameter 7 is the rate at which Vg-vectors move to the infectious class V; and vectors die at rate
uy . The parameters cy and By (¢) represent respectively the transmission rate from vector to human
and from human to vector, as the product of the biting rate and the probability of transmission per
bite. As noted by Pandey et al. (2013), only the product m cy appears in the equations, so that both
m and cy cannot be estimated separately for identifiability reasons. Therefore, we estimate instead
the parameter Sy = m cy, and the total number of mosquitoes V remains unknown. This is not an
issue in the deterministic framework, because both human and vector populations are continuous
state variables that can be treated as proportions. However, in the stochastic framework, because
the model’s compartments are discrete, the assumption on the magnitude of V may influence the
amount of demographic stochasticity in the model. In our case, we assumed V' = N.

In this model, Ry is derived using the next-generation matrix (Diekmann et al., 2010) as R(‘)’ ect(t) =

mcy By (ot — Bupv (ot
+up)(o+umpy (uv+t) = N (y+pn)(o+pp)py (uy+7)°
secondary infections per generation. However, as detailed in Roberts and Heesterbeek (2003),

the "expected number of secondarily infected humans that result from a single infected human" is
T = (R} ec)2 "and it quantifies the "effort required to control the disease".

This value corresponds to the number of

In the second one, derived from Laneri et al. (2010) (cf. equation 2.8), the vector is modelled
implicitly as an external force of infection including two stages, latent (x) and current (A).
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dHg

i UpN — AHs — ug Hg
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I =AHs —oHg — upHg
dH;
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dk 2(Hy + 0)T
Lo ppy=tLI
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dAa
& = 2tk-212

o Tk = 27

dCy dCps
_ = = H

dr a7

where the parameter 7 is the transition rate associated to the extrinsic incubation period.
Because the compartments A and « refer to the delayed force of infection and not to real mosquito
populations, they should not be subject to demographic stochasticity in the same way as the other
compartments, and should be treated as continuous state variables. However, the considered
software does not allow to combine discrete and continuous compartments within the same model.
Therefore, we consider the two compartment as discrete but rescaled by a factor «, such that
A’ = ad and k' = ak, with @ = N. We derived Ry for this model as the estimation Ré“”eri(t) =

% (Champagne et al., 2016).

Model with explicit asymptomatic individuals (SEIAR)

We also consider a model in which asymptomatic infections are explicitly taken into account in the
transmission process (cf. equation 2.9). In this model, we assume that, after the incubation period,
there are three possible manifestations of the disease: asymptomatic (H,4 ), mildly symptomatic
not requiring hospitalization (H;) and hospitalized cases (Hyg). Cpa represents the count of
new asymptomatic cases, and it is aggregated weekly to be compared with DENFREE data on
asymptomatic cases (with reporting rate rp4).
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dH (Hf + Hy + Hy + 6)H

Hs _ N — gy HLr Hat Hy S _ g H
dt N

dH H; +Hs+ Hyg +0)H
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e pAa0HE —yHa — ugHa

dH
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dHpg

e =y(H;+Hp +Hp) — ugHg
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d_tN = pu(1 —pa)ocHEg

dCps

dt
dCpa

dt

= (1 = pa)oHg

= paoHE

where a proportion p4 of Hg-individuals do not show symptoms during the infectious period;
a proportion pg of symptomatic individuals go to hospital and Hs+ He + Ha+H;+Hy+Hg = N.

Asymptomatic cases are defined in the DENFREE study as asymptomatic or pauci-symptomatic
(presence of other symptoms not being sufficient to classify as symptomatic). Hospital cases
are defined as NDSS cases (reported by the surveillance system in hospitals). We assume that
symptomatic DENFREE cases are H; + Hy. We also assume that asymptomatic cases transmit

the disease as much as symptomatic cases, as recently shown (Duong et al., 2015), and therefore,
RSEIAR 4y = B)a
0 y+um)(o+pum)”

Model with two virus serotypes

Finally, a two-strain model is also studied, in which we separate DENV-1 cases from DENV-2,
DENV-3 and DENV-4 combined (cf. equation 2.10). In this model, which was previously found the
best for reproducing long term Kampong Cham series in the deterministic framework (Champagne
et al., 2018), primary and secondary infections differ in infectiousness, through a parameter y
(Ferguson et al., 1999). This parameter was previously estimated to 0.67 (Champagne et al.,
2018) suggesting a lower infectivity for secondary infected individuals (for example because they
are hospitalized and less in contact with the population (Aguiar et al., 2011)). For simplicity
and parsimony in the number of parameters, the two strains share the same parameter values. In
this model, there are Hg individuals susceptible to both strains; Hg; individuals infected (not yet
infectious) to strain i; H;; individuals infectious to strain i ; Hg; individuals immune to strain i
only; H;; individuals (not yet infectious) with a secondary infection to strain j ; H;;; infectious
individuals with a secondary infection to strain j and Hg individuals immune to both strains and
0; imported cases from strain #, with (i, j) = (1,2) or (i, j) = (2, 1).

page 68/248



CHAPTER 2. COMPARAISON DE MODELES DE DENGUE
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t
where HS +HE1 +HE2 +H]1 + H]2 +H51 +H52 +HE12 +HE21 + H]12 +H]21 +HR =N.
For parsimony in the number of parameters, we also assume 6; = J, = ¢’. In this context,
the reproduction numbers for each strain are equal, and as in Ferguson et al. (1999), we define
RSEIRzl(t) _ RSEIRZZ(t) _ BT
0 0 (y+ug)(o+ug) "’

Cp and Cp, represent the count of new cases for strain 1 and strain 2, and are aggregated
weekly to be compared with symptomatic cases from the DENFREE study for DENV-1 and
DENV-2/DENV-3/ DENV-4 respectively (with reporting rate rpgs).

Seasonality

All models include seasonality through the use of a time-varying transmission parameter (¢) =
Bl1 + b.sin(2n( % + p))], according to a sinusoidal function whose phase p and amplitude b are
estimated.
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Parameter values and prior distributions

The parameter values and prior distributions are listed in Table 2.9. Informative priors based on
the literature are used for the durations of infectiousness and incubation, as well as the mortality
rates. In models without vectorial transmission, the incubation period is assumed to be the sum
of the extrinsic (in mosquito) and intrinsic (in human) incubation periods, to reflect the generation
time of the disease. For transmission parameters, we use wide weakly informative priors. The
observation rate for NDSS data, rp, is estimated in all models except the SEIAR model. In
the SEIAR model, the parameter rp is equal to 1 by definition of Hg-individuals; instead, the
proportion of hospitalized cases, py, is estimated. The observation rate for DENFREE data is
calculated using information on the sampling scheme (Champagne et al., 2018); in the SEIAR

model, it differs for symptomatic and asymptomatic cases.

2014)

Parameter Prior distribution Reference Models

Infectiousness, incubation and mortality rates

y! infectious period (days) Normal(4.5,0.1) in [4, 5] (WHO, 2017) All

ol intrinsic incubation period (days) Normal(5.9, 0.1) in [3, 10] (Chan and Johansson, SEIR-vector, Laneri
2012)

! extrinsic incubation period (days) Normal(10, 1) in [5, 20] (Chan and Johansson, SEIR-vector, Laneri
2012)

ol both incubation periods (days) Normal(15.9, 0.1) in [8, 30] (Chan and Johansson, SEIR, SEIAR, SEIR2
2012)

M},l age duration (years) 15 assumed All

;1"/1 mosquito lifespan(days) Normal(15, 1) in [4, 30] (Liu-Helmersson et al., SEIR-vector

Transmission parameters

Statistics, 2009;
Champagne et al,
2018)

Ro basic reproduction number Uniform[0, 20] assumed SEIR, Laneri, SEIAR,
SEIR2

T) type reproduction number Uniform(0, 20] assumed SEIR-vector

Bv transmission from human to mosquito Uniform[0, 10] assumed SEIR-vector

Initial conditions

Vi1 (0) or L(0) Initial number of infected mosquitoes N*Uniform[107°,1073] assumed SEIR-vector or Laneri

VE(0) or K(0) Initial number of exposed mosquitoes V1 (0) or L(0) assumed SEIR-vector or Laneri

Observation process

N observation rate for NDSS data Uniform[0, 1] assumed SEIR, Laneri,
SEIR-vector, SEIR2,
SEIR2psi

N observation rate for NDSS data 1 assumed SEIAR

rps = rpi = I'pa observation rate for DENFREE data (symptomatic) (%) 2.83//6.61 (Champagne et al., All

(2012 //2013) 2018)

rpa (2012 //2013) observation rate for DENFREE data (asymptomatic) (%) 1.07 1/ 2.55 (2%}112811)npagne et al., SEIAR

Pa Proportion of asymptomatic cases Uniform|[0, 1] assumed SEIAR

Oh Proportion of hospitalized cases Uniform[0, 1] assumed SEIAR

Seasonality parameters

b amplitude of the sinusoidal forcing Uniform[0, 1] assumed All

p phase of the sinusoidal forcing Uniform[-0.5, 0.5] assumed All

6,06 import parameter Uniform[0, 10] assumed All

Total population

N total population under 5 years old 161,391 (National Institute of All

Table 2.9 — Values and prior distributions for model parameters. "Uniform[0,20]" indicates a uniform
distribution in the range [0,20]. "Normal(4.5,0.1) in [4,5]" indicates a normal distribution with mean 4.5
and standard deviation 0.1, restricted to the range [4,5].

In order to reduce the parameter space, the initial conditions for the host compartments are fixed
to the values obtained in a deterministic model, fitted on 14 years of NDSS data and the two-year
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DENFREE data (precisely, we take the median value of 1000 simulations at the corresponding
time point; the values are given in Table B.6) (Champagne et al., 2018). Initial conditions on the
vector in Laneri (Laneri et al., 2010) and SEIR-vector models are estimated using uniform priors.

Implementation and estimation

Models are considered both in the deterministic and stochastic frameworks.

In the deterministic framework, the transmission process is modelled with ordinary differential
equations, and the only source of uncertainty is in the observation process. In the stochastic
frameworks, demographic stochasticity is included following the Euler-multinomial scheme as in
Breto et al. (2009). Two versions of the stochastic models are considered, as in Stocks et al. (2018).
In the first one, only demographic stochasticity is taken into account. In the second one, following
the framework by Bret6 et al. (2009), environmental stochasticity is added to the demographic
stochasticity, by introducing a white noise on the infection reaction. The infection rate at time ¢
is therefore multiplied by a gamma noise &(¢) = %, where I'(z + 6) —I'(¢) ~ F(f—z, s%) and the
square root of the infinitesimal variance s is estimated (Bret6 et al., 2009). In the Pandey and
Laneri models, the white noise is included in the rate of vector to human infection. In the SEIR2
model, the two strains have independent white noises that share the same infinitesimal variance, as

in Bret6 et al. (2009).

In every case, an observation model is added, to link the epidemiological dynamics to the data
in a state space framework and therefore represent the uncertainty in the observation process. The
observed number of cases during week k in dataset d, Cgbs(k), is assumed to follow a discretized
gaussian distribution, noted p4 i, with mean r4Cy (k) and variance r4Cy(k) + ¢(rqC4(k))?, where
Cy4(k) is the number of new cases during week k simulated by the model. The parameter ry
is the observation rate that quantifies underreporting in dataset d and ¢ is an overdispersion
parameter. This formulation of the discretized gaussian distribution was motivated to approximate
a negative binomial distribution, which is commonly used in observation models (Bret6 et al.,
2009). Assuming that the observations of the different datasets are independent conditional on the
underlying disease process, the observation probability at week & is [[4ep Pa.k (Cflbs(k)) with
D = {N, DS} in the SEIR, Laneri and SEIR-vector models, D = {N, DS, DA} in the SEIAR model,
and D = {N, D1, D2} in the SEIR2 model.

We consider the bayesian perspective and aim to estimate the posterior distribution of the model
parameters given the observed data, which is proportional to the product of the likelihood and the
prior distribution. In the deterministic version, this is done using random walk Metropolis-Hastings
(MCMC). When process stochasticity is accounted for, however, the model likelihood becomes
intractable and this algorithm cannot be used. Therefore, in both stochastic versions, estimations are
performed using particle Markov chain Monte Carlo (PMCMC)(Andrieu et al., 2010), an algorithm
which relies on a particle filter to estimate the model likelihood within a Metropolis-Hastings
scheme.

Open source SSM software (Dureau et al., 2013a) is used for calculations and simulations in
all cases. In order to initialize the starting point of the chains, we run a simplex algorithm on 1000
randomly sampled parameter sets and choose the one with the highest posterior value at the end of
the chain. The covariance matrix of the proposal distribution is initialized using adaptative MCMC
as in (Dureau et al., 2013a) in the deterministic case and adaptative Kalman MCMC and adaptative
PMCMC in the stochastic case (Dureau et al., 2013a,b). Convergence is assessed visually and trace
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plots are displayed in Appendix B.3, in Figures B.1, B.2 and B.3.

Model comparison

In order to compare the statistical performance of the models, the Deviance Information Criterion
(DIC) (Spiegelhalter et al., 2002) is used. DIC is an indicator that combines a measure of model
fit and a penalty on model complexity, commonly used with MCMC estimations. The best model
is the one with the smallest DIC. However, this indicator does not enable comparison of models
estimated on differing sets of observations (such as asymptomatic infections or separate serotype
data). Therefore, we take advantage of the possibility to re-simulate these mechanistic models
to calculate a metric that is common to all models. In particular, we calculated the root mean
square error (RMSE) on the total number of symptomatic cases (with K observations weeks, and
S simulated trajectories):

s S K
1 1 1 . 2
RMSE NDSS = — RMSE NDSS = — — SIMs (k) — €9 (k
mean RMS SS I vzgl S SS 7 Y:EI Kk; (CN (k) = CR*( ))

S S K
_ 1 _ 1 1 simg b 2
mean RMSE DENFREE = - > RMSE DENFREE; = o > = > (Ch (k) = Cobs (b))

s=1 s=1 k=1

The RMSE indicator does neither penalize models’ complexity, nor use a different dataset
for estimation and testing. It is therefore sensitive to overfitting and cannot evaluate the quality
of model fit. To the very least, it provides a comparison tool between models estimated on
differing time series. This indicator penalizes simulation envelopes with low data coverage and
also simulation envelopes with large variance.

Moreover, when re-simulating stochastic models, one needs to set simulation horizons (because
uncertainties propagate through time) and starting dates (as predictions are easier when the epidemic
peak has been passed). In our case, we decided to simulate the models from the starting date until the
end of the considered time series, in order to explore the range of possible outcomes over the whole
studied period, given a set of initial conditions and a posterior distribution for the model parameters.

Models are also compared in terms of their epidemiological behavior. The basic reproduction
number, the import parameter and the observation rate are estimated using the MCMC chain.
Filtered trajectories are plotted to study the dynamics of hidden states, such as the susceptible
individuals or infected vector classes.

Results

The information criteria for all models in the three frameworks are displayed in Table 2.10. In the
deterministic framework, all single-strain models have very close log-likelihood values. Regarding
RMSE values, the SEIR-vector model seems the best for reproducing NDSS data, and SEIR
and SEIAR models for DENFREE data, but in general, RMSE values are close to one another.
Indeed, all models seem to reproduce the data similarly, as the simulated trajectories have a similar
qualitative behavior (cf. Figures 2.12 and 2.13). The deterministic credible intervals due to
observation noise comprise almost all data points, except for the epidemic peak of 2013, which is
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consistently underestimated in both NDSS and DENFREE datasets.

Model SEIR Laneri SEIR-vector SEIAR SEIR2
nb observations 247 247 247 286 286
DETERMINISTIC

nb parameters 8 10 12 9 8
log-likelihood =758 -756 -751 -817 -848
DIC 1529 1528 1529 1647 1712
mean RMSE NDSS 18.7 18.9 17.8 19 18.2
mean RMSE DENFREE 24.9 26 26.9 24.9 29.7
STOCHASTIC (demographic)

nb parameters 8 10 12 9 8
log-likelihood -733 -731 -719 -789 -800
DIC 1481 1480 1460 1598 1620
mean RMSE NDSS 21.2 25.7 335 20.9 22.8
mean RMSE DENFREE 26.4 29.8 332 26.1 25.5
STOCHASTIC (demographic + environmental)

nb parameters 9 11 13 10 9
log-likelihood -706 =708 -709 -760 =771
DIC 1427 1435 1440 1536 1558
mean RMSE NDSS 39.2 329 25.1 36.8 493
mean RMSE DENFREE 37.8 34.8 27.5 35 36.1
White noise SD s (median + %95 CI) 2.5(1.8-34) 1.71.2-2.1) 191.5-24) | 2.2(1.5-3.1) | 3.6(2.6-4.8)

Table 2.10 — Information criteria. Information criteria for the five models in the three frameworks. When
environmental stochasticity is included, the median and credible intervals for the infinitesimal standard
deviation are indicated. Similar results are obtained using absolute errors instead of squared errors (cf.

Appendix B.5).
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Figure 2.12 — Number of observed cases per week with deterministic and stochastic models and NDSS
data. Simulations with negative binomial noise using parameters from the posterior distribution. Median
(solid line), 95% credible intervals (shaded area) and NDSS data points (black dots). Red: deterministic
case. Light blue: stochastic case with demographic stochasticity only. Dark blue: stochastic case with
demographic and environmental stochasticity. A. SEIR model. B. Laneri model. C. SEIR-vector model.

D. SEIAR model. E. SEIR2 model.
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Figure 2.13 — Number of observed cases per week with deterministic and stochastic models and
DENFREE data. Simulations with negative binomial noise using parameters from the posterior distribution.
Median (solid line), 95% credible intervals (shaded area) and DENFREE data points (black dots). Red:
deterministic case. Light blue: stochastic case with demographic stochasticity only. Dark blue: stochastic
case with demographic and environmental stochasticity. A. SEIR model. B. Laneri model. C. SEIR-vector
model. D. SEIAR, symptomatic cases. E. SEIAR, asymptomatic cases. F. SEIR2 model, strain 1 cases
(DENV1). G. SEIR2 model, strain 2 cases (DENV2, DENV3, DENV4).

In the framework with demographic stochasticity only, the SEIR-vector model has the highest
log-likelihood but also the highest RMSE value. Log-likelihood values are smaller than in the
deterministic case, but RMSE values are larger, due to the much greater credible intervals in the
stochastic simulations (cf. Figures 2.12 and 2.13). Uncertainty is particularly large in vector-borne
models (Laneri and SEIR-vector models), due to the additional compartments for the vector
which are subject to demographic stochasticity and uncertainty on both their initial values and
parameters. This phenomenon is particularly strong in the SEIR-vector model because a very low
absolute number of infected vectors is estimated (cf. Figure 2.14B1 and B2), leading to a greater

page 75/248



CHAPTER 2. COMPARAISON DE MODELES DE DENGUE

influence of stochasticity in the vector population. On the contrary, the filtered trajectories of the
external force of infection A in the Laneri model are much more comparable across stochasticity
frameworks.

In all cases, the overdispersion parameter is lower than in the deterministic case (cf. Figure 2.15),
indicating that less observation noise is needed to explain the data, when process noise is included.
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Figure 2.14 — Number of infected vectors over time. Median of the filtered trajectories and credible
intervals without observation noise. Red: deterministic case. Light blue: stochastic case with demographic
stochasticity only. Dark blue: stochastic case with demographic and environmental stochasticity. A. Laneri
model: rescaled effective force of infection (1N). B1. SEIR-vector model: number of infected mosquitoes
(V). B2. SEIR-vector model: number of infected mosquitoes (V;) in the stochastic case with demographic
stochasticity only.
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Figure 2.15 — Posterior distributions for the overdispersion parameter ¢ in the five models. Red:
deterministic case. Light blue: stochastic case with demographic stochasticity only. Dark blue: stochastic
case with demographic and environmental stochasticity. A. SEIR model. B. Laneri model. C. SEIR-vector
model. D. SEIAR model. E. SEIR2 model.

When environmental stochasticity is added, the log-likelihood values are higher than in both
previous cases (cf. Table 2.10), reflecting that these more flexible models manage to better
reproduce the observed data by filtering. The SEIR model with environmental stochasticity is
identified as the best model by the DIC criterion, probably as it is the most parsimonious one.
On the contrary, RMSE values are higher than in both previous cases in non-vector models (cf.
Table 2.10), mainly because of the higher variability in simulations with increased stochasticity (cf.
Figures 2.12 and 2.13). They reflect the diversity in the simulated trajectories: in some simulations,
the 2012 outbreak is very large, and all the subsequent ones much smaller, in other simulations,
the 2012 is moderate, and large outbreaks occur in the subsequent years. In the SEIR-vector
model, however, the credible intervals are smaller than in the stochastic case with demographic
stochasticity only. The absolute number of infected vectors is higher (cf. Figure 2.14), indicating
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that extra-demographic stochasticity manages to capture the large variability of the data without
increasing demographic stochasticity via the reduction of the compartments’ size. In all models,
the standard deviation of the environmental noise is high, always higher than one (cf. Table 2.10).
On the contrary, the overdispersion parameter is lower than in both previous cases (cf. Figure 2.15):
in these estimations with large environmental noise, less observation noise is needed to explain the
variability in the data. Indeed, the week-to-week variability is smaller than in both previous cases
(except for the SEIR-vector model) and more in adequation with the data, when quantified by the
autocorrelation at lag one week of each simulated series as in King et al. (2008) (results not shown).

The dynamics of the proportion of individuals in the susceptible class are very similar between
models: it is relatively stable about 40%, and about 30% in the SEIR-vector and SEIR2 models (cf.
Figure 2.16). The credible intervals are larger in the stochastic cases, but overall, the dynamics are
similar.
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Figure 2.16 — Proportion of susceptible individuals over time. Median of the filtered trajectories and
credible intervals without observation noise. Red: deterministic case. Light blue: stochastic case with
demographic stochasticity only. Dark blue: stochastic case with extra-demographic stochasticity. A. SEIR
model. B. Laneri model. C. SEIR-vector model. D. SEIAR model. E. SEIR2 model.

The posterior distributions of the main parameters are displayed in Figure 2.17. In the
deterministic framework, in most models, the average annual Ry is estimated between 2 and 3
and the maximum value between 3 and 4. In the SEIR-vector model, the similar Ry values
correspond to a higher proportion of the population to vaccinate in order to reach herd immunity
than in the other models (cf. parameter 7} in Figure B.4). In the stochastic case with demographic
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stochasticity only, the estimated parameters are very close to the deterministic ones (except for the
SEIR-vector model), even though the credible intervals are slightly larger. This may be due to
the fact that the population size is big enough to limit the influence of demographic stochasticity
and that the import parameter prevents from the extinction of the disease. This is not observed
in the SEIR-vector model, because the very small absolute number of vectors estimated leads
to a large influence of demographic stochasticity. In the stochastic framework with additional
environmental stochasticity, the basic reproduction numbers have similar median values, but the
credible intervals are much larger. The import parameter is higher (displaying almost a uniform
distribution between 0 and 1) which may compensate the increased extinction probability in this
highly variable framework. The observation rate differs in the three frameworks, indicating that this
parameter is hard to estimate, even though credible intervals overlap in most cases. Nevertheless,
despite the large differences in the account for stochasticity in the three framework, the parameters
of interest are estimated to similar values.
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Figure 2.17 — Posterior distributions. Posterior distributions in the five models for the mean Ry, the
maximum Ry, the observation rate » and the import parameter 6. Red: deterministic case. Light blue:
stochastic case with demographic stochasticity only. Dark blue: stochastic case with demographic and
environmental stochasticity. Posterior distributions for the other parameters are displayed in Appendix B.4,
Figure B.4.A. SEIR model. B. Laneri model. C. SEIR-vector model. D. SEIAR model. E. SEIR2 model.
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Discussion

We compared five compartmental models and three frameworks for stochasticity, in order to
reproduce dengue data from rural Cambodia. Regarding the differences between compartmental
models, the simple ones perform similarly to the more complex ones, indicating that increasing
model complexity is not supported by the available information in these four-year datasets.
Regarding implementations, stochasticity was introduced in three steps: first we considered only
observation noise in a deterministic transmission model, then we allowed for process noise by
including demographic stochasticity in the transmission dynamics and finally an environmental
white noise was added to the infection reaction (Bretd et al., 2009).

The deterministic framework appears to provide a good approximation of the trajectory, for a
low computational cost. The results are not too dissimilar from the ones including demographic
stochasticity, maybe because the population is large enough to maintain the epidemic although it
is on the lower side of estimated values for the critical community size for dengue (Kuno, 1995;
Wearing and Rohani, 2006; Chowell et al., 2008) and because it is not an isolated area and the import
parameter prevents extinction events (Bartlett, 1957; Stoddard et al., 2013). Nevertheless, models
with vector-borne transmission react more to demographic stochasticity, because low absolute
numbers of infected mosquitoes are estimated. This phenomenon is no longer observed when
environmental stochasticity is added, so that these low numbers might be a way to compensate
the lack of variability of the model by increasing demographic stochasticity, as observed in He
et al. (2010) with the reduction of incubation and infectious periods. The observation noise also
compensates for the lack of variability in the model, as the overdispersion parameter is estimated
to higher values in the absence of process noise: when stochasticity in the propagation model is
included and increased, less observation noise is needed to reproduce the data.

However, parameter estimations in the deterministic case may be overconfident, as larger
credible intervals are estimated in the stochastic cases, especially with environmental stochasticity.
In general, the estimated values of the parameters, especially Ry, are close to previous deterministic
estimations for the same setting with a longer time series (Champagne et al. (2018), section
2.2), mainly because the initial conditions were fixed to the same values. This reduction of the
parameter space permitted the feasibility of the estimation procedure, but variability may then
be underestimated, as uncertainty on the initial state of the system is not taken into account.
Nonetheless, despite very different formulations of stochasticity, Ry is estimated to similar values
in all three frameworks, and our estimated Ry are in the same range as values from the literature
(Imai et al., 2015, 2016; Johansson et al., 2011).

Models including demographic and extra-demographic stochasticity better fit the data: Stocks
et al. (2018) reached a similar conclusion in their model comparison study across stochasticity
frameworks for modelling rotavirus epidemics. In our estimations, due to their increased flexibility,
models allowing for both sources of process noise better reproduce extreme observations and
pluri-annual variations in incidence. Their associated filtered trajectory can be informative on
hidden states of the system such as mosquito compartments, or susceptibles individuals. Yet,
when re-simulated, they lead to unpredictable dynamics, with simulations ranging from no
outbreak to more than the largest epidemic ever observed in the region. In the framework with
extra-demographic stochasticity, the estimated parameter quantifying the amount of environmental
noise is very high and the observational over-dispersion very low, so it seems that, with our inference
procedure, variability in the data is better explained by process noise than by observation noise,
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as far as both sources of noise are properly identified. This large amount of process noise may be
an indication of model misspecification (King et al., 2015; He et al., 2010). As increased model
complexity did not improve notably the estimations, there may be some non-modeled elements
having a strong impact on the dynamic, such as spatial heterogeneity (Lourenco and Recker, 2013),
inter-annual climate variations (Lowe et al., 2015), changes in human behaviour (Funk et al., 2010;
Verelst et al., 2016), or reporting (Funk et al., 2015). Time-varying parameters can be used to
explore these sources of variability (Cazelles and Chau, 1997; Cazelles et al., 2018).

Quality and quantity of data are also important issues. Observing dengue is challenging due to
the high proportion of mild infections unseen by the health system and the relative non-specificity
of symptoms leading to possible misdiagnosis (Grange et al., 2014) . This feature was taken
into account via the overdispersed observation process, and also by combining two datasets with
differing collecting strategies (Huy et al., 2010; Duong et al., 2015). In spite of that, some
identifiability issues remained, as parameters related to durations of infectiousness, incubation and
mosquito lifespan strongly relied on their informative prior distribution. Precise field measures
of these quantities are therefore needed for model predictions to be reliable. Moreover, model
distinguishability issues (Lee et al., 2017; Walter and Pronzato, 1996) were also observed, as some
models of differing complexity performed equally well regarding our datasets, in part because
we restricted the analysis to a four-year time series. In addition to case data, entomological or
seroprevalence data would be highly interesting to include, as differing sources of information are
sometimes difficult to reconcile (e.g. with incidence and seroprevalence data in Kucharski et al.
(2016, 2018); Champagne et al. (2016), chapter 4) and may be more effective in discriminating
models.

Therefore, all these flexible models with many hidden states require a large amount of data
from several sources to be realistically parameterized. In our context, the large uncertainty at
large horizons of the stochastic models indicates that they do not seem appropriate for long-term
forecasting or for testing counterfactual control scenarios, for which their deterministic counterpart
may give in practice a good approximation of the mean dynamic. However, the stochastic
frameworks better evaluate uncertainties in parameter estimates and highlight the remaining gaps
in understanding and prediction of dengue dynamics.
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Chapter 3

Introduire I’aspect spatial

3.1 Introduction

Dengue is caused by a mosquito-borne virus, that circulates in the tropical and subtropical areas
of the globe. Modeling dengue is complex due to the multiplicity of factors involved, especially
because of the role of mosquito vectors in transmission. The Ross-Macdonald model, initially
developed for studying malaria (Smith et al., 2012), is commonly used in order to represent
vector-host disease propagation, and it has been frequently applied to dengue (Reiner et al., 2013).
However, it has revealed several drawbacks. First of all, it includes many parameters and is sensitive
to some of them which are difficult to measure on the field and to identify based on disease data
(Luz et al., 2003; Kao and Eisenberg, 2018). Moreover, in some modeling works, it has been
outperformed by simpler models that do not include explicit vectors (Pandey et al. (2013), and
chapter 2). In addition, it has been observed to generate a higher number of infections than actually
observed (Amaku et al. (2016), Champagne et al. (2016), chapter 4). The Ross-Macdonald model
relies in particular on the homogeneous mixing assumption, which may be too simplistic to account
for the complexity of vector-host encounters (Smith et al., 2014).

To alleviate some of these limitations, Amaku et al. (2016) modify the Ross-Macdonal model
by introducing seasonality and spatial structure to reproduce what they call the "dengue oscillator".
The epidemics propagates spatially and reaches some areas of a city but is stopped by the unfavorable
climatic season for vector-borne transmission; it re-starts the following year, infecting entirely the
previously reached areas and spreading to other areas. This may explain the diversity in dengue
epidemic patterns observed across cities in Brazil: some cities experience 2 to 3 years of large
epidemics followed by 2 to 3 years without epidemics, some experience a single epidemic peak
whereas others experience recurrent annual epidemics. By changing the number of sub-populations
and the timing between seasonality and disease introduction in their model, Amaku et al. (2016)
manage to reproduce qualitatively these different dengue epidemic patterns. The objective of the
present chapter is to confront this theory to data from dengue epidemics in Rio de Janeiro, which
are available at three spatial scales.

Rio de Janeiro has experienced a resurgence of dengue since the 1980’s, with the sequential
re-introduction of all four serotypes in 1986, 1990, 2000 and 2010 (Nogueira et al., 2005; Nogueira
and Eppinghaus, 2011) leading to devastating epidemics, especially in 2002 and 2008. This
mega-city is also characterized by a strong heterogeneity in wealth, infrastructure, urbanization,
and land cover, described by Rosa-Freitas et al. (2010) as a "patchy mosaic of urban ecosystems".
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Rosa-Freitas et al. (2010) develop a classification of these urban ecosystems, and note that areas
with differing characteristic might be equally affected by high dengue incidence. Moreover, results
concerning the influence of socio-economic and ecological factors on dengue risk are heterogeneous
and contrasted (Teixeira et al., 2013), potentially indicating a role for spatio-temporal dynamics in
shaping the city scale herd immunity (Xavier et al., 2017).

Rio de Janeiro is therefore an interesting setting to explore further the theory of Amaku et al.
(2016) in the light of data. After a descriptive analysis of the data series in order to identify
specific patterns coherent with the theory, the model is confronted to the spatial epidemic data,
using MCMC estimation tools.

3.2 Material and Methods

3.2.1 Data

Dengue data

The number of dengue cases in Rio de Janeiro, Brazil are available on Rio’s goverment website
(SMS, 2016a). In particular, we used weekly data from 2000 to 2010 (consulted on 2017-08-31) and
from 2015 to 2017 (consulted on 26 2017-09-26) and monthly data from 2011 to 2014 (consulted
on 2017-08-31). The population size for every sub-population are also indicated.

Socio-demographic data

Socio-demographic indicators were available on the http://www.data.rio website. In
particular, we use the household income (in minimum salaries, based on 2010 census) (data.rio,
2017a), the total number of employees (data.rio, 2017b), the vegetation cover map (PrefeituraRio,
2010) and the administrative map (PrefeituraRio, 2016). From the vegetation cover map, we
calculated the mean surface covered with urban areas per administrative region. The distribution
of these variables in the area is presented in section 3.4.2.

Climate data

Climatic data from the Climatic Research Unit were used (Harris et al., 2014; Harris and Jones,
2017). In particular, we used the series of average temperature (TMP) and precipitation (PRE), for
the grid point associated with the coordinates (lon=-43.25, lat=-22.75), from 2000 to 2003. This
data is based on interpolation from other data sources. In order to assess the validity at this spatial
scale, we checked to coherence with another dataset for temperature from the Santos Dumont
Airport (WeatherUnderground, 2016), (this dataset was not available for the entire studied period
and could not be used instead). The comparison of both datasets for temperature is displayed in
section 3.4.1.

3.2.2 Model
The model (Amaku et al., 2016)

We rely on the following epidemiological model proposed by Amaku et al. (2016), with some
modifications : we assume that the human population is constant, that there is no disease induced
mortality and that the duration in latent state for mosquitoes is exponential.

page 84/248


http://www.data.rio

CHAPTER 3. INTRODUIRE L’ASPECT SPATIAL

dHg;
o+ = —abHs; Z,B,, Ny, st Hsi + s Nt (3.1)
dHj;
— = abHs; Z gl N — (u +yr) Hii (3.2)
dH
dtRl =yuHyi — pgHgi (3.3)
dM.
dSl = Msi Z ﬂ Hpj — umMs;i + pup (Ms; + Mp; + Mp;) (3.4)
t
dMLl
a NHl Zﬂ Hpj—tMp; — up My (3.5)
dM;;
dth =TMp; — My, (3.6)

The population is divided into J sub-populations, so that in each sub-population i the individuals
can be in the susceptible, infectious or recovered state (respectively Hs;, Hy;, Hg;) and the vectors
in the susceptible, latent or infected state (respectively Ms;, My ;, M;;). Movements between
populations are determined by parameters /3’5 (when a susceptible individual from population
i is infected by a mosquito from population j) and ﬁf‘j’.l (when a mosquito from population i is
infected by an infected individual from j). The human population size is constant in each area
(Hs;+Hj;+Hg; = Ng;)and the mosquito population size is assumed to follow seasonal variations,
based on a cosine forcing. The other model parameters are detailed in Table 3.1.

Seasonality

In order to model the influence of seasonal climate on the disease dynamics, Amaku et al. (2016)
introduce a cosine forcing on the mosquito recruitment rate, so that, with our notations, equation
(3.4) becomes:
dMs; Ms;
dt Nyi

t
Z’B‘J HIJ MM5i+,uM (MSi-l-MLi-}-MI,')*(l-f-SCOS[ (% +p):|)
J

where S and p are the amplitude and phase of the cosine forcing.

We also consider an alternative formulation of seasonality that includes local data on climate.
In this version of the model (called climate model 1), seasonality in the mosquito population is
not driven by a cosine function in the recruitment rate but by a function of standardized average
temperature (7) and precipitation (P):

dMs;
dt

M .
= —ac>- Y BMHIj — uyMsi +V Nui (1 + T+ ap P)*
Ny -
connection where V, @, and «, are constants to be estimated, and we note (x)* = max(x,0) .

Another formulation is also explored (called climate model 2), in which the mosquito infection
rate is seasonal instead of the mosquito recruitment rate :

dMs;
dt

=—ac(l+a,T+ap Zﬁ Hyj — upMsi + pupe (Msi + Mp; + Mp;)
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where @, and «, are constants to be estimated (equation (3.5) is also modified accordingly).

Spatial structure

The spatial structure is considered regarding three separate effects. Firstly, the sub-populations
might be heterogeneous in their transmission potential, because they do not have the same mosquito
population size. Secondly, sub-populations are connected according to specific patterns (people
do move between sub-populations, but not homogeneously). Thirdly, the disease is not introduced
uniformly in all sub-populations.

Heterogeneity among sub-populations

We assume that the initial population of mosquitoes is fully susceptible and equal to Ms;(0) =
m; X Ny, so that m; quantifies the abundance of mosquitoes per human in each sub-population.
In a model with J sub-populations, there are therefore J unknown parameters m; for which several
assumptions are explored:

* Homogeneous mosquito density: Vi,m; = m. The abundance of mosquitoes relative to
human population size is the same in all sub-populations.

* Heterogeneous mosquito density: Vi, m;. The abundance of mosquitoes relative to human
population size is specific to each sub-population.

* Heterogeneity with covariates: The abundance of mosquitoes relative to human population
size in area i depends linearly on some characteristics of sub-population i. In particular, we
considered Vi, m; = m + cx X; + ¢, U;, where X; and U; are respectively the average income
and the proportion of urbanized areas in sub-population i.

Connections between sub-populations

Regarding the connections between locations, in a model with J sub-populations, there are 2 x
(J — 1) unknown parameters ﬁg and ﬂf.‘J’.’ , that cannot be all estimated together given the type
of available data. Therefore, we introduce some assumptions on the structure of movements. We
first assume that vectors do not move between patches, due to their short flying range. Regarding
hosts, we assume that in each sub-population i, a proportion 1 — 7; stays in the sub-population
and a proportion 7; travels to other sub-populations, and that infectious individuals have the same
behaviour as the others. In consequence, we consider that:

(i) the movement of susceptible individuals is described by parameters ﬂg such that } ;; ,BL.PJI. =
niand Bfl =1-ni =1~ 3. Bl

(ii) the infection of vectors by infected hosts from different areas is described by parameters
ﬂf‘;’ . Because we assume that vectors do not move between areas, this occurs because of the
movement of infected hosts. Therefore, vectors from population i can be infected either by
individuals from population 7 ( ,Bl’.‘lfl Hy;) or by incoming individuals from other populations
(ﬁf‘]’.f Hpj, j # i). Because we also assume that susceptible and infectious individuals have

the same mobility patterns, there are ,Bfi’ Hj; infectious individuals staying in i and ﬁﬁ Hypj

infectious individuals coming from j. Therefore, we assume that 8 = ;7 and g} = BI.
; M

In this case, we may have )’ ; :81'}' # 1.
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Quantifying human mobility patterns is a difficult task in the absence of specific mobility data,
however, several parametric models for connections between areas exist.

The gravity model was introduced in epidemiology by Xia et al. (2004): the term "gravity"
refers to the analogy with Newton’s law of gravitation, because it is assumed that the intensity of
contacts between two locations depends on the product of their population sizes divided by the
squared distance between them, or, more generally, on these three quantities (the two population
sizes and distance) with specific exponents. This parametric structure, which simplifies greatly
the complexity of the contact matrix, has proven powerful to reproduce the dynamics of measles
in the United Kingdom (Xia et al., 2004), and influenza in the United States (Viboud et al., 2006).
In the latter, data on workflows are used to parameterize the exponent parameters of the models
via regression tools and the obtained gravity model is then applied to simulate epidemic scenarios
at the country scale (Viboud et al., 2006). The gravity model has sometimes been extended by
including other variables in addition to population sizes, such as the population who work in a
certain area (Truscott and Ferguson, 2012), vegetation coverage or indicators of human exposure
risk (Barrios et al., 2012), or economic indices (Stefanouli and Polyzos, 2017).

Another parametric framework for contact structure was introduced by Simini et al. (2012) and
called the radiation model. In this model, the flow between two locations depends positively on
their population sizes, but, unlike the gravity model, it also depends negatively on the population in
a radius around the source location, reflecting the fact that people tend to move on longer distances
when there are fewer opportunities near the area where they live. Recently, Sallah et al. (2017)
proposed another parameter-free model, the impedance model, and applied it to simulated and real
epidemic data.

Whereas many works used these parametric models at the country or the global scales, some also
studied the city scale. Masucci et al. (2013) observed that both the gravity and the radiation models
perform badly to reproduce mobility patterns at the city scale. They emphasize the fact that,
at this spatial scale, employment areas are not well approximated by residential areas, potentially
introducing a bias if the models are parameterized using population sizes. Yanetal. (2014) proposed
another parameter-free model, the population weighted opportunity model (PWO), inspired by the
radiation model but more adapted to the city scale, in which individuals are more prone to travel
long distances and are more mobile. Their work emphasize the capacity of the PWO model to
reflect the mobility patterns in four cities (in China, Ivory Coast and the USA), especially when
only population data is available and the calibration of additional parameters is not possible.

In this work, we explored three hypothesis on ﬁg:

* Independent populations: Vi, j, ,85 = 0. All sub-populations are independent.

TL 772
» Gravity model: Vi # j, gl = p div I~ e [0;1]and Vi, B = 1 - 3, B, The flux from
i to j depends positively on the popujlation sizes of i and j (71 = 0,2 > 0) and negatively
on the distance d;; between i andj (p > 0). f is considered as a normalizing constant.
In order to limit the number of parameters to estimate, we assume that 71 = 0, indicating
that the movement depends on the attractiveness of the destination population and not on the

source population.

TINT2RO
« Employee-based connections: Vi # j, ,85 = /B% € [0;1] and Vi, ﬁg =1-
ij

D j#i ,Bg . The flux from i to j depends also positively on some attributes R; of j reflecting
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attractiveness of the destination (6 > 0): as an indicator, we take the number of employees
in the area. 3 is considered as a normalizing constant.
For parsimony in the number of parameters, we assume that 7» = 7; = 0, indicating that
the movement depends on the attractiveness of the destination sub-population based on the
employment availability and not on the source sub-population.

min;; (di;)”
(J-Dmax; (N;)"1"2max; (R; )%

In order to ensure that )’ ;.; ,85 <1l,wefix g =

Disease introduction
We explore two hypotheses for disease introduction:

* Homogeneous introduction: Vi, Hy;(0) = h;(0) X N; and Vi, M;;(0) = 0. The disease is
introduced homogeneously in all sub-populations.

* Heterogeneous introduction: Vi, H;;(0) = h;;(0) X N; and Vi, M;;(0) = 0. The initial
number of infected individuals is specific to each sub-population.

Parameter Prior Reference

a mosquito biting rate 1 day™! Amaku et al. (2016)

b probability infection from mosquito to human 0.6 Amaku et al. (2016)

c probability infection from human to mosquito 0.5 Amaku et al. (2016)

y,}' infectious period (human) 7 days Amaku et al. (2016)

! EIP 7 days Amaku et al. (2016)

ul’wl mosquito lifespan 21 days Amaku et al. (2016)

,u;,' human lifespan 70 years Amaku et al. (2016)

N cosine seasonality amplitude N(0.47,0.022) in [0,1] Preliminary estimation on aggregated data
P cosine seasonality phase N(0.28,0.006%) in [0,0.5] Preliminary estimation on aggregated data
a; temperature coeff. (model 1) N(0.26,0.05%) in [0,1] Preliminary estimation on aggregated data
ap precipitation coeff. (model 1) N(0.44,0.05?) in [0,1] Preliminary estimation on aggregated data
\% scaling coeff. (model 1) N2.3 %1075, (3% 1075)2) in [107°,1072] Preliminary estimation on aggregated data
a; temperature coeff. (model 2) N(0.40,0.052) in [0,1] Preliminary estimation on aggregated data
ap precipitation coeff. (model 2) N(0.35,0.05%) in [0,1] Preliminary estimation on aggregated data
m or m; mosquitoes per human U[0.0001;0.25]

Hgi(0) initial number of recovered hosts 0

Hp;(0) initial number of infected hosts U107, 1073] = N;

Ms;(0) initial number of susceptible vectors m; X Ngi

My (0) initial number of latent vectors 0

My (0) initial number of infected vectors 0

o) gravity coeff. (distance) U[0;5]

T gravity coeff. (source population) 0

k) gravity coeff. (destination population, gravity model) U[0;1]

ko) gravity coeff. (destination population, employee model) 0

é gravity coeff. (employee) U[0;1]

Cx coefficient for income U[-0.1;0.1]

cu coefficient for urbanization U[-0.1;0.1]

r observation rate ulo;1]

¢ overdispersion U[0;10]

Table 3.1 — Parameters and priors

3.2.3 Estimation method

The number of cases observed during week k in sub-population i, noted C,‘jbis, is assumed to be
drawn from a negative binomial distribution with mean rCy ; and variance rCy ; + ¢(rCy; )2, where
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Ck.; is the number of new cases simulated by the model during week k in sub-population i, r is an
observation rate and ¢ is an overdispersion parameter (Bretd et al., 2009). We note p; (C,‘z}’is) its
density. The observation in differing weeks k = 1...K and sub-populations i = 1...J are assumed
independent conditional on the underlying disease process, and therefore the total likelihood is the

product L = [T7_, TT&, pik (C,‘(’f’f).

Estimations of the deterministic models are performed with Markov Chain Monte Carlo

(MCMC), with random walk Metropolis-Hastings algorithm, using SSM software (Dureau et al.,
2013a). The covariance of the proposal distribution is initially adapted as specified in (Dureau
et al., 2013a). In a preliminary initialization phase, the parameter space is explored by running a
simplex algorithm on parameter sets sampled via latin hypercube sampling (using the lhs package
(Carnell, 2016)): the parameter set with the highest posterior is used as initial point for the MCMC
chain. In the model with employee-based connections and heterogeneity in mosquito populations,
due to the large dimension of the parameter set, the MCMC chain was initialized to the best fitting
parameters for employee-based connections and for heterogeneity in mosquito populations. Prior
distributions are specified in Table 3.1.
In order to restrict the parameter space and improve convergence, we use informative priors for
the seasonality parameters. We first estimated a simple model (J=1) on the aggregated data.
The empirical mean and standard deviation of the marginal posterior distribution for seasonality
parameters is used to calibrate the truncated gaussian prior used in the spatial models.

The maximum a posteriori and 95% credible intervals of model parameters based on the
MCMC chain are displayed. In addition, we calculate the seroprevalence rate as the proportion
of individuals in the Hg compartment at the end of the period, in a deterministic simulation
using the parameter set with the highest posterior. We compute the total seroprevalence Hg/N =
ZiJ=1 Hg;/ 21!:1 N; and of the seroprevalence per sub-population Hg,/N;. In models including
connections, we also compute the proportion of individuals travelling out of each sub-population
L, Ni = Xjzi ,ijl. , using parameters p, T7» and & associated with the highest posterior value;
we then compute the median, minimum and maximum of this indicator among the considered
sub-populations. Models are also compared using the DIC criterion (Spiegelhalter et al., 2002),
the best model being the one with the smallest DIC.

3.3 Results

3.3.1 Descriptive data analysis
Disease dynamics at the city scale

The dynamics of dengue incidence over the period 2000-2017 are presented in Figure 3.1.
Epidemics are highly seasonal, and there were four separate outbreaks over the period, in 2001-2002,
2006-2008, 2011-2013 and 2015-2016.
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Figure 3.1 — Dengue incidence in Rio de Janeiro (number of cases per unit of time, per 100,000 inh.).
2000 to 2010 data are based on 2000 Census. 2014 to 2017 data are based on 2010 Census. A. Dengue
incidence per week from 2000 to 2010. B. Dengue incidence per month from 2011 to 2014. C. Dengue
incidence per week from 2015 to 2017. (SMS, 2016a)

The first two epidemics (2001-2002 and 2006-2008) follow similar patterns, in which small

peaks are followed by a very large outbreak. It is considered that these outbreaks were dominated
by serotype DENV-3 and DENV-2 respectively (Fares et al., 2015). Serotype DENV-3 was first
detected in the Rio de Janeiro state in December 2000 (De Simone et al., 2004), and serotypes
DENV-1, DENV-2 and DENV-3 were co-circulating between 2000 and 2001. However, it seems
that the large 2002 epidemic was mainly due to the newly introduced DENV-3 serotype (Nogueira
et al.,, 2005). The 2007-2008 epidemic is mainly attributed to DENV-2 (Fares et al., 2015;
Rosa-Freitas et al., 2010). There is a different pattern in 2011-2013 with three epidemics of similar
magnitude. DENV-4 was introduced in Rio de Janeiro in 2010 (Nogueira and Eppinghaus, 2011),
and co-circulated with other serotypes during the following outbreaks (DENV-4 represented 44%
of cases sampled between 2011 and 2013 by Heringer et al. (2017)). By 2015 the most frequent
serotypes were DENV-1 and DENV-4 (Fares et al., 2015). In 2015-2016, the magnitude of
epidemics is much lower. It is important to note that, by the end of the period, there may be a
larger immunity in the population since all serotypes have already been introduced. For instance,
Hondrio et al. (2009) reported age-standardized seroprevalence proportions above 50% in three
neighbourhoods sampled between 2007 and 2008. Seroprevalence studies in others cities in Brazil
also report high seroprevalence rates (Braga et al., 2010), and Rodriguez-Barraquer et al. (2011)
hypothesize that, in the 2000’s, the country may be experiencing a shift in transmission from
re-emergence to hyperendemicity.
In addition, other arboviruses have circulated in the region in the second decade: the chikungunya
virus was introduced in Brazil in 2014 (Nunes et al., 2015) and the Zika virus caused a large
epidemic in Rio de Janeiro in 2015-2016. Reporting of Zika cases became mandatory in November
2015 (Villela et al., 2017), but retrospective analysis show evidence of circulation as early as 2013
(Passos et al., 2017). Due to similarities in clinical manifestations and serological cross-reactions
in diagnostic tests between arboviruses, these co-occurrences and changes in reporting might also
affect dengue reporting after 2013.

Disease dynamics at several spatial scales

Surveillance data are available at three regional scales: 10 planification areas (Areas de Planejamento,
AP, cf. Figure 3.2A), 33 administrative regions (AR), and 167 neighbourhoods.
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Figure 3.2 — Administrative divisions in the city of Rio de Janeiro. A. Planification areas, the red
rectangle refers to panel B. B. Sub-area of Rio de Janeiro for estimations (refers to the red rectangle in panel
A).

Figure 3.3 displays the incidence curves in the 10 AP. There is a very strong synchronization of
dengue epidemics among the AP in 2000-2002 and to a lesser extent in 2006-2008. On the contrary,
in 2011-2013 and 2015-2016, the patterns are more heterogeneous: for instance, in 2011-2013, the
largest peak is the first one in AP5.2, the second one in AP5.1 and the last one AP2.1 and AP2.2,
whereas in AP1.0, AP4.0 and AP5.3 three small peaks of similar magnitude are observed.
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Figure 3.3 — Dengue incidence in Rio de Janeiro per planification areas (number of cases per unit of
time, per 100,000 inh.). 2000 to 2010 data are based on 2000 Census. 2014 to 2017 data are based on
2010 Census. A. Dengue incidence per week from 2000 to 2004. B. Dengue incidence per week from 2005
to 2010. C. Dengue incidence per month from 2011 to 2014. D. Dengue incidence per week from 2015 to
2017. (SMS, 2016a)

As an example of dynamics at a finer scale, we focus on AP2.1 and AP2.2 (cf. Figure 3.4) and
AP3.1 (cf. Figure 3.5) in 2000-2003. When AP2.1 and AP2.2 are considered together (cf. Figure
3.4A), the 2002 outbreak is bimodal, but the two sub-areas experience a single peak with a small
delay. This pattern is also observed when focusing on two administrative regions of comparable size
(Lagoa and VilaIsabel, cf. Figure 3.4B) and it is coherent with an epidemic travelling from one area
to the next. However, in 2001, the dynamics in both regions are much more synchronized, indicating
that the disease was introduced in both areas before 2002. Within the Tijuca administrative region,
the neighbourhood of Alto da Boa Vista also displays a delayed epidemic in 2002 (cf. Figure 3.4C).
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Figure 3.4 — Number of dengue cases per week from 2000 to 2004 in AP2.1 and AP2.2. A. Dengue
cases in AP2.1 (blue line), in AP2.2 (red line) and in the sum of both (black line). B. Dengue cases in Lagoa
administrative region (blue line), in Vila Isabel administrative region (red line) and in the sum of both (black
line). C. Dengue cases in Tijuca and Praga da Bandeira neighbourhoods (blue line), in Alto da Boa Vista
neighbourhood (red line) and in the sum of both (black line).(SMS, 2016a)

On the contrary, in AP3.1 (cf. Figure 3.5), the bimodal outbreak in 2002 does not seem to
be due to delay between spatial areas, since this pattern is also observed at the regional scale (in
the Ramos administrative region), and the neighbourhood scale (three neighbourhoods within the
Ramos administrative region).
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Figure 3.5 — Number of dengue cases per week from 2000 to 2004 in AP3.1. A. Dengue cases in AP3.1
(black line), and in the Ramos administrative region (blue line). B. Dengue cases in Ramos neighbourhood
(red line), in Bonsucesso neighbourhood (light blue line) and in Manguinhos neighbourhood (dark blue
line). (SMS, 2016a)
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Figure 3.6 — Dengue incidence per month per neighbourhood in Rio de Janeiro (number of cases per
month, per 100,000 inh.) Only epidemic years and the preceding year are displayed. (SMS, 2016a)

The incidence per neighbourhood (cf. Figure 3.6) is highly heterogeneous across years and areas.
For instance, the north-easter part of the city is affected by the end of the 2001 season, and the
epidemic spreads to the rest of the city the following year. In 2007-2008, the south-western part
seems to be affected before the other areas. In the third epidemic wave between 2011 and 2013, as
observed by Xavier et al. (2017), the most affected regions are not the same from one year to the
next, in particular the southern neighbourhoods are more affected in 2013, whereas the northern
neighbourhoods are more affected in 2012. The fact that some regions are more affected during
some epidemics and others during other epidemics is coherent with a spreading of the epidemic
from one patch to the next. Large epidemics usually start earlier in the year, whereas small ones
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preceding a large outbreak occur later in the season (for example, in 2002 as opposed to 2001),
indicating a potentially crucial role for seasonality as in the framework by Amaku et al. (2016).

3.3.2 Simulations of the model

We then performed some simulations of the model with cosine seasonal forcing to explore its
behaviour with differing parameter sets. As indicated in Amaku et al. (2016), the framework is
very flexible and a wide range of trajectories can be simulated (cf. Figures 3.7 and 3.8). With two
sub-populations that share the same mosquito parameters, by varying the intensity of transmission
and the strength and asymmetry of connections, epidemic patterns can differ strongly (cf. Figure
3.7).
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Figure 3.7 — Examples of deterministic simulations of the model with 2 sub-populations. Median
number of observed dengue cases per week. Total population: black. Sub-population 1: blue.
Sub-population 2: red. N; = N, = 180,000, Hy;(0) = 1, H;2(0) = 0,r = 0.033, p = 0.21, S = 0.59. Other
parameters are as stated in Table 3.1. A. B2 = B2 = 0.002, m; = mp = 0.18. B. 812 = 0.006, 5, = 0,
mp =mp = 0.15

We also simulate the model with nine sub-populations of equal size, considering two simple
hypothesis on the connections between them: connections along a chain (8; ;41 = 0.0002,
Vji#i+1,j#1ip;j=0,cf. Figure 3.8A) and equal connections (Vj # i B;; = 0.0002,
cf. Figures 3.8C). In the chained model, the epidemic affects the sub-regions one after the other,
creating successive peaks, in a pattern that depends on the intensity of connections. However, this
model is less credible at this spatial scale in a city (all sub-regions are more connected) and less
coherent with the data (the epidemics last 2 to 3 years). In the equally connected model, a difference
appears between the first and all the other populations (the intensity of connections influences the
speed at which the other patches are infected). The subsequent patches are very synchronized.
By introducing heterogeneity in population sizes (cf. Figures 3.8B and D), the magnitude of the
subsequent peaks can be modulated.
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Figure 3.8 — Examples of deterministic simulations of the model with 9 sub-populations. Median
number of observed dengue cases per week. Total population: black. Sub-population 1: blue.
Sub-population 2: red. Sub-population 6: purple. Populations 4, 5, 7, 8 and 9 are not represented.
r =0.033,Vi,m; =0.15, p = 0.21, S = 0.59. Other parameters are as stated in Table 3.1.

A. Chained populations. H;1(0) = 1, Vi > 1, H;;(0) = 0. Vi, N; = 125,000, B;i+1 = 0.0002,
Vi#i+1,j#ipBi;j=0.

B. Chained populations, heterogeneous population sizes. H;p1(0) = 1, Vi > 1, H;;(0) = 0. Vi,
Bii+v1 = 0.0002, Vj # i+ 1,j #i p;; =0. 3; Ny =9x125,000, Ny = 250,000, N, = 160000,
N3 = 180,000, N4 = 70,000, N5 = 170,000, Ng = 8000, N7 = 180000, Ng = 72000, Ng = 35000.

C. Equally connected populations. Hjy;(0) = 1, for i > 1, H;;(0) = 0. Vi, N; = 125,000, Vj # i
Bi,; = 0.0002.

D. Equally connected populations, heterogeneous population sizes. H;;(0) = 1, Vi > 1, Hy;(0) = 0. Vi,
N; = 125,000, Vj #i B; ; = 0.0002. 3}; N; = 9 x 125,000, N; = 250,000, N, = 160000, N3 = 180,000,
N4 =70,000, Ns = 170,000, Ng = 8000, N; = 180000, Ng = 72000, N9 = 35000.

3.3.3 Parameter estimations from data

In order to confront the model to the data, we focus on the years 2000 to 2003, because we can
make the simplifying assumption that the epidemics are dominated by a single serotype newly
introduced in the city, and that the population is entirely susceptible at the beginning of the
year 2000. Moreover, in order to limit the model size, we focus on a sub-area of the city (cf.
Figure 3.2B), comprising the South-East and Downtown AP (administrative regions of Botafogo,
Copacabana, Lagoa, Rocinha, Tijuca, Vila Isabel, Centro, Portuaria, Santa Teresa, San Cristovao,
Rio Comprido; we subdivide the Tijuca AR by separating the Alto da Boa Vista neighborhood,
which is covered by a forest). This sub-area of the city was chosen because it is close to the one
considered in Stolerman et al. (2015), and it displayed interesting patterns in the data analysis
phase (cf. Figure 3.4).
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Seasonality

We first fitted a spatial model with independent subpopulations, homogeneous mosquito populations,
and homogeneous disease introduction. This model can serve as a benchmark for comparison of the
differing spatial models and it can also be used to explore the three implementations of seasonality.
Using the model with a cosine forcing (cf. Figure 3.9A), the 2002 peak is well reproduced by the
model, but the 2001 peak is predicted much earlier than observed in the data. We hypothesize that
this effect could be triggered by climatic factors, the epidemic season being delayed this particular
year. Indeed, the population of susceptible mosquitoes simulated by the model is in phase with
the average temperature and precipitation in the region (cf. Figure 3.9D). The timing of the 2001
epidemic is better captured by the two models including a climatic component (cf. Figure 3.9B
and C), and indeed, the growth in the susceptible mosquito population is slightly delayed in 2001,
when climate is accounted for (cf. Figure 3.9E).

A B C
B 6000 B 6000 B 6000
E = =
] ] ]
o 4000 o 4000 & 4000
& i & & j
8 1 It 3 s
o - o o -
2 2000 P 2 2000 2 2000 4
(o)) (o)) [y} .
c c c .
(] [} [} 9
© M © 4 © 2
0 of 0 0
2001 2003 2001 2003 2001 2003
D E
3 150000
1]
(0]
S
2 5
‘\ g 100000
o
1 =
@
o]
0 // j E 50000
\ J 3 ,
-1 » % /
~ 0
2001 003 2001 2003

Figure 3.9 — Comparing differing seasonality models. A to C. Total number of observed cases per
week Models with independent sub-populations, homogeneous mosquito populations, and homogeneous
disease introduction. Median and 95% credible intervals based on simulations from the posterior distribution
(plain line and shaded areas) and observations (black dots). A. Seasonality based on cosine function. B.
Seasonality based on climate (model 1). C. Seasonality based on climate (model 2). D. Mosquito dynamics
in the cosine model and climate data. Black line: standardized total number of susceptible mosquitoes in
the cosine model, }; Mg; (cf. panel A), in a deterministic simulation based on the maximum a posteriori
parameter set. Orange line: Standardized monthly average temperature. Blue line: Standardized monthly
precipitation. E. Susceptible mosquito populations in the three models. Deterministic simulation based
on the maximum a posteriori parameter set. Black line: total absolute number of susceptible mosquitoes
in the cosine model, }}; Ms; (cf. panel A). Blue line: total absolute number of susceptible mosquitoes in
the climate 1 model, }}; Ms; (cf. panel B). Orange line: total absolute number of susceptible mosquitoes
multiplied by the seasonal term in the climate 2 model, (1 + o, T + @), P)* Y Mg; (cf. panel C).
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Model Cosine Climate 1 Climate 2
nb observations 2220 2220 2220
nb parameters 6 7 6
log-likelihood -5631 -5603 -5429
DIC 11278 11222 10872
‘ obs. rate 5.7 (5.3-6.3) 6.2 (5.8-6.9) 5(4.7-5.4) ‘
m 0.12 (0.11-0.12)  0.03 (0.01-0.04) 0.05 (0.05-0.05)
H;(0) 69 (64.4-79.5) 223.9 (170.1-348.7) 143.7 (122.7-161.8)
‘ seroprevalence 49 57 60 ‘
‘ ¢ 2.95(2.32-3.55) 2.46 (1.9-2.78) 1.86 (1.58-2.28) ‘

Table 3.2 — Estimated parameters and information criteria in models with differing models for
seasonality. Maximum a posteriori and 95% credible intervals in parenthesis. Models include independent
sub-populations, with homogeneous mosquito populations, and homogeneous disease introduction.

The climate model 2 performs better than the climate model 1 (it has the smallest DIC in
table 3.2), therefore, we will focus on this model in the following sections. The fitted model
(climate model 2) is compared to the spatial time series in Figure 3.10. The credible intervals due
to observation noise comprise the observed values, except in two areas (Alto da Boa Vista and
Portuaria). However, these intervals are very large, including zero in all areas, and overestimating
the epidemic peak in many regions (especially Botafogo, Copacabana, Lagoa and Vila Isabel).
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Figure 3.10 — Number of observed cases per week per administrative region, in the model with
seasonality based on climate (model 2) The model includes independent sub-populations, homogeneous
mosquito populations, and homogeneous disease introduction. Median and 95% credible intervals based on
simulations from the posterior distribution (plain line and shaded areas) and data points (black dots).
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Spatial models

We then introduce spatial structure by considering separately heterogeneity among sub-populations,
connections among sub-populations and heterogeneity in disease introduction (cf. the first 6
columns in Table 3.3). The best model in terms of DIC is the one including employee-based
connections. In this model, the sub-populations are strongly connected: the proportion of
individuals moving outside their residing sub-population has a median n about 18%. The gravity
model performed similarly to the independent population model: the parameter p indicating the
decay of coupling due to distance is estimated very high, and indeed the median 7 is about 1%.
Regarding heterogeneity in mosquito populations, the model including income and urbanization
("Income.Urb" model) performs slightly better than the basic model, but not as well as the more
complex model in which one parameter per area is estimated ("Heterogeneity" model). The signs of
the coefficients for income and urbanization indicate that a lower income and a higher urbanization
rate are associated with higher local dengue transmission in this model. Heterogeneous disease
introduction ("Introduction” model) improves the model fit, but also with a large increase in the
number of parameters.

Model ‘ Basic ‘ Income-Urb. Heterogeneity  Introduction Gravity Employees
nb observations 2220 2220 2220 2220 2220 2220

nb parameters 6 8 17 17 8 8
log-likelihood -5429 -5399 -5377 -5333 -5429 -5301

DIC 10872 10812 10783 10695 10872 10618

a; 0.39 (0.37-0.42) | 0.4 (0.38-0.43) 0.4 (0.38-0.43)  0.37(0.35-04) 0.4 (0.37-0.42)  0.36 (0.33-0.38)
ap 0.34 (0.31-0.35) | 0.35(0.32-0.36)  0.35 (0.32-0.36) 0.36 (0.34-0.38) 0.33 (0.31-0.35) 0.42 (0.4-0.44)
m 0.05 (0.05-0.05) | 0.05 (0.05-0.05) 0.05 (0.05-0.05) 0.05 (0.05-0.05) 0.03 (0.03-0.03)
H;(0) 143.7 148.4 152.8 138.9 149.6
(122.7-161.8) | (127.2-169.7) (123.7-166.2) (122.3-161.3)  (133.2-175.4)

r (%) 5(4.7-5.4) 5(4.6-5.4) 5.1 (4.7-5.4) 5.3(4.9-5.6) 5(4.7-5.4) 4.5 (4.2-4.9)
¢ 1.86 (1.58-2.28) | 1.87 (1.55-2.31) 1.66 (1.42-2.08) 1.63(1.38-2.03) 1.87 (1.58-2.28) 1.9 (1.56-2.31)
¢x (%) -0.02 (-0.03-0.01)
cu (%o) 0.16 (0.11-0.22)
P 4.02 (1.83-4.93) 0.75 (0.69-0.82)
oré 0.14 (0.02-0.97) 0.25 (0.21-0.3)
median 7 (min-max) 0.01 (0-0.09) 0.19 (0.14-0.26)
seroprevalence (%o) 60 59 59 59 60 53

Table 3.3 — Estimated parameters in models with seasonality based on climate (model 2).

Maximum a posteriori and 95% credible intervals in parenthesis. Basic: Independent populations,
homogeneous mosquito populations and homogeneous disease introduction. Income-Urb.: Heterogeneity
in mosquito populations based on income and urbanization, independent populations and homogeneous
disease introduction. Heterogeneity: Heterogeneous mosquito populations, independent populations
and homogeneous disease introduction. Introduction: Heterogeneous disease introduction, independent
populations and homogeneous mosquito populations. Gravity: Gravity model, homogeneous mosquito
populations and homogeneous disease introduction. Employees: Model with employee-based connections,
homogeneous mosquito populations and homogeneous disease introduction (data for employee number are
based on the year 2000).
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The median seroprevalence at the end of the epidemic is estimated about 60% in all models,
except in the model with employee-based connections, in which it lower (53%) (the global
abundance of mosquitoes is also lower and the observation rate higher, indicating that globally, less
infections occur, cf. Table 3.3). In this model, the seroprevalence is also much more heterogeneous
among sub-populations than in all other models (cf. Figure 3.11). In particular, the Centro region
is highly affected, whereas the southern regions (Botafogo, Copacabana, Lagoa) have the lowest
seroprevalence rate.

Basic Income-Urb. Heterogeneity Introduction Gravity Employees

I 0.7
06
05

0.4

0.3

0.2

Figure 3.11 — Proportion of recovered individuals at the end of the year 2003 (date 2003-12-28).
Deterministic simulation using the maximum a posteriori parameter set.  Seasonality is based
on climate (model 2). Basic: Independent populations, homogeneous mosquito populations and
homogeneous disease introduction. Income-Urb.: Heterogeneity in mosquito populations based on
income and urbanization, independent populations and homogeneous disease introduction. Heterogeneity:
Heterogeneous mosquito populations, independent populations and homogeneous disease introduction.
Introduction: Heterogeneous disease introduction, independent populations and homogeneous mosquito
populations. Gravity: Gravity model, homogeneous mosquito populations and homogeneous disease
introduction. Employees: Model with employee-based connections, homogeneous mosquito populations
and homogeneous disease introduction (data for employee number are based on the year 2000).

Because the model with employee-based connections proved best, we then combined it with
heterogeneity in mosquito populations and disease introduction. Adding heterogeneous mosquito
populations resulted in the largest increase in model fit (cf. Table 3.4). It also resulted in a decrease
in the seroprevalence at the end of the epidemic, which is also more heterogeneous among regions
(cf. Figure 3.12). The regions are more connected, with about 30% of individuals moving out of
their residential area (cf. Table 3.4). Accounting for heterogeneity in disease introduction lead to
a smaller increase in model fit, and parameter estimates are similar to the ones in the model with
employee-based connections only.
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Model Employees Empl.-Income.Urb. Empl.-Heterogeneity Empl.-Introduction
nb observations 2220 2220 2220 2220

nb parameters 8 10 19 19
log-likelihood -5301 -5221 -5182 -5278

DIC 10618 10460 10392 10589

ay 0.36 (0.33-0.38) 0.36 (0.33-0.37) 0.37 (0.34-0.39) 0.36 (0.33-0.38)
ap 0.42 (0.4-0.44) 0.46 (0.44-0.48) 0.44 (0.42-0.46) 0.41 (0.39-0.43)
m 0.03 (0.03-0.03) 0.03 (0.02-0.03) 0.03 (0.03-0.03)
H;(0) 149.6 (133.2-175.4) | 167.8 (153.7-202.2)  148.4 (122.5-166.6)

r (%) 4.5 (4.2-4.9) 5.1 (4.6-5.5) 5.4 (5-5.9) 4.5 (4.2-4.9)

1) 1.9 (1.56-2.31) 1.75 (1.48-2.26) 1.5 (1.28-1.89) 1.82 (1.51-2.31)
cx (%) -0.3 (-0.35-0.25)

¢y (%) 1.04 (0.59-1.62)

g 0.75 (0.69-0.82) 0.56 (0.5-0.64) 0.52 (0.47-0.63) 0.82 (0.71-0.86)
T oré 0.25(0.21-0.3) 0.13 (0.07-0.19) 0.08 (0.04-0.18) 0.28 (0.21-0.31)
median 77 (min-max) | 0.19 (0.14-0.26) 0.31 (0.26-0.39) 0.36 (0.31-0.44) 0.16 (0.12-0.23)

seroprevalence (%)

53

42

44

54

Table 3.4 — Estimated parameters in models with employee-based connections, and seasonality based
on climate (model 2). Maximum a posteriori and 95% credible intervals in parenthesis. Employees:
Model with employee-based connections, homogeneous mosquito populations and homogeneous disease
introduction. Data for employee number are based on the year 2000. Employees-Inc.Urb.: Model with
employee-based connections, heterogeneity in mosquito populations based on income and urbanization
and homogeneous disease introduction. Employees-Het.: Model with employee-based connections,
heterogeneous mosquito populations and homogeneous disease introduction. Employees-Intr.: Model with
employee-based connection, heterogeneous disease introduction, and homogeneous mosquito populations.
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Empl. Empl.-Income.Urb. Empl.-Heterogeneity Empl.-Introduction
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Figure 3.12 — Proportion of recovered individuals at the end of the year 2003 (date 2003-12-28)
in models with employee-based connections. Simulation using the maximum a posteriori parameter
set. Seasonality is based on climate (model 2). Data for employee number are based on the year
2000. Employees: Model with employee-based connections, homogeneous mosquito populations and
homogeneous disease introduction. Employees-Inc.Urb.: Model with employee-based connections,
heterogeneity in mosquito populations based on income and urbanization and homogeneous disease
introduction. Employees-Het.: Model with employee-based connections, heterogeneous mosquito
populations and homogeneous disease introduction. Employees-Intr.: Model with employee-based
connection, heterogeneous disease introduction, and homogeneous mosquito populations.

The estimated abundance of mosquitoes relative to the human population in each patch (m;)
is displayed in Figure 3.13: in particular, we compared the values in models with and without
employee-based connections. When connections are accounted for, the parameter estimates are
lower and much more heterogeneous among areas.

Income-Urb. Heterogeneity Empl.-Income.Urb.  Empl.—Heterogeneity
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Figure 3.13 — Abundance of mosquitoes relative to human population size (m;). Parameter values
associated with the highest posterior for each model.

The fitted model with employee-based connections and heterogeneity in mosquito populations
is compared to the data in Figure 3.14. Similarly to the independent model (Figure 3.10), credible
intervals are very large (even though the overdispersion parameter is estimated to slightly lower
values, cf. Table 3.3 and 3.4), but in some areas, for instance in Botafogo, Copacabana and Lagoa,
the overestimation of the epidemic peak is smaller than in the independent case. However, in
other areas, the credible intervals do not comprise all data points. Moreover, the epidemic is very
synchronized among sub-populations, and the model does not reproduce the fact that the outbreak
starts earlier in some regions (Tijuca and Vila Isabel for instance).
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Figure 3.14 — Number of observed cases per week per administrative region, in models with
employee-based connections and heterogeneous mosquito populations. Median and 95% credible
intervals based on simulations from the posterior distribution (plain line and shaded areas) and data points
(black dots). The model includes homogeneous disease introduction and seasonality is based on climate
(model 2). Data for employee number are based on the year 2000.

3.4 Discussion

In this work, we explore the effects of seasonality and spatial structure on the Ross-Macdonald
model, by confronting models to series of dengue cases in Rio de Janeiro.

Over the years 2000 to 2017, several dengue epidemics struck Rio de Janeiro, especially in
2002, 2008 and 2011-2013. During this period, the city experienced many changes, such as the
successive re-introduction of DENV-3 and DENV-4, and later the introduction of chikungunya and
Zika (Nunes et al., 2015; Villela et al., 2017; Passos et al., 2017), and they may have confounding
effects on the interpretation of dengue curves. For these reasons, we decided to focus on the period
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2000-2002 for estimations.

Including seasonality was decisive to fit the observed dynamics: the "dengue oscillator" effect
of Amaku et al. (2016), namely the disease being stopped by the end of the suitable season for
mosquito propagation and restarting the following year, enabled the model to reproduce global
outbreaks of differing magnitudes (small peaks followed by a large one). The importance of
seasonality highlights the need for a refined representation of seasonal effects, for example by
introducing relationships with climate, as interannual climate variations explain a significant part
of dengue variability (Lowe et al., 2015). In our estimations, a model including temperature and
precipitation proved better to reproduce the observed dynamics. Nevertheless, more details in the
model dependencies on climate could be introduced, for example at several stages of mosquito
development (Lourenco and Recker, 2014; Lourenco et al., 2017) and semi-mechanistic models
could also be used to further explore the type of relationship to include in the model (Cazelles
et al., 2018).

For the studied epidemics, the global dynamics is well captured by the seasonal model
without specific spatial effects, potentially because the local outbreaks are very synchronized
in 2000-2002. However, at the regional scale, the outbreak magnitude is overestimated in some
areas and underestimated in others, and introducing spatial structure has an important impact the
model’s fit. The best models included connections based on the number of employees: in these
models, it is estimated that connections between areas are strong, with about 15 to 30% of the
people in each area moving to other areas. The influence of human mobility on dengue propagation
in cities has been highlighted in many modelling works, both theoretically (Adams and Kapan,
2009; Stoddard et al., 2009; Barmak et al., 2011) and empirically (Stoddard et al., 2013). In our
estimations, outbreaks are very synchronized, and the models do not reproduce the small delays
between areas. A model with sub-populations that are sequentially related to one another, which
would help better fit sequential epidemic peaks, does not seem appropriate to model the disease
at this spatial resolution, because of these strong estimated interconnections. However, patterns of
sequentially infected areas could exist at more detailed spatial scales or refer more to heterogeneity
among individuals or households in terms of connectivity than to administrative entities within the
city.

Besides, the gravity model based on population sizes did not fit the data better than a model
assuming identical independent populations. Population sizes may not be relevant at the city
scale and employment availability seems to be a better indicator of people’s mobility. However,
the considered mobility model can be refined, first by using other measures of distance (effective
distance, based on travel time or road structure, instead of direct kilometric distance) and second
by comparing it with other frameworks, such as the radiation model (Simini et al., 2012), the
impedance model (Sallah et al., 2017) or the population weighted opportunity model (Yan et al.,
2014). If available, other indicators of mobility based on transportation, mobile phone usage
(Wesolowski et al., 2015) or social networks (Kraemer et al., 2018) could also be used.

In addition to connectivity, heterogeneity among the sub-populations played an important role
to improve data fitting, which was stronger when the sub-populations were connected. In particular,
in our estimations, models with connections and heterogeneities had lower and more heterogeneous
attack rates at the end of the epidemic, indicating that space can shape the herd immunity, even at a
coarse spatial resolution. It would be interesting to study to what extend the map of heterogeneities
in transmission potential (modelled here by the abundance of mosquitoes) differs from the one of
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seroprevalence, to explore the difficulty to link dengue seroprevalence to socio-demographic local
factors. The fact that regions with highest transmission potential are not always the ones with
highest dengue incidence, or that areas with limited local transmission can nevertheless experience
epidemics has been observed in several works (Luz et al., 2003; Stoddard et al., 2009; Stolerman
et al., 2015; Kraemer et al., 2018). Interpretations of our results should however be limited firstly
by the influence of the mobility model, as inference of local transmissibility may be sensitive
on mobility assumptions (Kraemer et al., 2018). Secondly, in our model, heterogeneities were
only considered in terms of transmission potential via the abundance of mosquitoes and other
sources of heterogeneities, in disease propagation or reporting, may act as confounding effects. In
particular, we assumed that the observation rate was the same in all sub-populations: even though
the probability of showing symptoms may be homogeneous over spatial areas, the propensity
to report them to public health infrastructures may vary strongly based on socio-demographic
characteristics. Yet, it would be impossible to disentangle spatial differences in transmission from
spatial differences in reporting without additional data. In order to model regional heterogeneities,
we also tested a simple model based two covariates only, income and urbanization, as rough proxies
of the heterogeneities in terms of socio-demographic and environmental factors. As expected, this
simple model did not perform as well as a full model including population-specific transmission
parameters. However, it could also be extended with additional covariates and would be easier to
apply to more subpopulations, or to combine with population-specific disease introduction patterns.
Other types of relationships between mosquito abundance and population density could also be
included in the model (Romeo-Aznar et al., 2018).

This work has also several limitations. First of all, we simplified the model by considering only

one dengue serotype because DENV-3 dominated the 2002 epidemic, even though other serotypes
were present in the city (De Simone et al., 2004). Extending the model to account for several
serotypes would require additional serotype specific data, and this might be decisive in order to
study the following epidemics, especially in 2011-2013. In addition, for simplicity in model fitting
and result interpretation, we focus on a sub-area of the city in isolation; however, the study of
the disease introduction pattern and human mobility would require to extend the model to more
sub-populations to represent the whole city.
Another limitation is the use of passively collected surveillance data. Firstly, given that most
cases are only detected clinically, misdiagnosis may occur; however, this effect should be weaker
during the years 2000-2002, because Zika and chikungunya were not yet introduced in the region.
Secondly, surveillance data is characterized by a strong underreporting, because of the large
proportion of infectious dengue cases with very mild clinical manifestations (ten Bosch et al., 2018).
This effect was accounted for in our overdispersed observation model, and indeed, we estimated
observation rates in the order of magnitude of 5%. Lastly, surveillance data is spatially structured
in administrative areas, which may not be the most appropriate segmentation and resolution
for studying dengue propagation. The spatial resolution is a key element when considering
metapopulation models (Mills and Riley, 2014): the spatial scale for dengue transmission is very
focal, most of inter-human transmission events occurring on distances less than 1 kilometer (Salje
et al., 2012) and the probability of being from the same transmission chain decreasing sharply for
cases separated by more than 200 meters in Bangkok (Salje et al., 2017). However, if the spatial
scale is too detailed, the hypotheses of the deterministic meta-population model would not hold,
so that individual based models and/or stochastic models would be more appropriate.

Fitting these complex spatial processes with deterministic models is a difficult task. First of
all, it is difficult to infer mobility patterns from epidemic data, even though several works have
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performed estimations of gravity models (see for example Xia et al. (2004); Sarzynska et al. (2013);
Gog et al. (2014); Charu et al. (2017); O’Reilly et al. (2018)), often based on summary statistics
on incidence curves such as onset dates (Gog et al., 2014; Charu et al., 2017), or peak timing
and amplitude (O’Reilly et al., 2018). In our case, we simplified the gravity model by removing
the dependence of the origin population, but we still observe correlations between parameters in
the MCMC chain, indicating the difficulty to identify separately all parameters. Detailed study of
the structural and practical identifiability properties (Miao et al., 2011) of these frequently used
mobility models would be very helpful to guide parameter estimations. In addition to mobility
patterns, considering location specific parameters induces a large increase in dimension when
many sub-populations are considered, which requires appropriate sampling methods. Moreover,
estimating more that one set of location specific parameters (heterogeneity both in mosquito
population and disease introduction for instance) would raise additional identifiability issues.
Finally, observation noise is very large in these deterministic models that do not account for
demographic and environmental stochasticity. In all the fitted models, the disease is already
introduced in all considered regions in 2000, and, in the deterministic framework, once the disease
is introduced in a given area, it remains present. In reality, local extinctions may be frequent, both
in scarcely populated areas and during inter epidemic periods with limited transmission. These
effects may influence strongly the behaviour of models, so that an important perspective is the
extend of the analysis to the stochastic framework to include these sources of uncertainty.

Additional figures

3.4.1 Comparison of climate datasets
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Figure 3.15 — Comparison of temperature datasets. Grey : Weather underground weekly data
(WeatherUnderground, 2016). Black: CRU monthly data (Harris et al., 2014; Harris and Jones,
2017).
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3.4.2 Other spatial indicators
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Figure 3.16 — Income and urbanization indicators among administrative regions. Household income
in minimum salaries, based on 2010 census (data.rio, 2017a). Mean surface covered with urban areas per
administrative region (PrefeituraRio, 2010).
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Figure 3.17 — Number of employees per administrative region in years preceding large dengue
outbreaks (2000, 2006 and 2011). (data.rio, 2017b).
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Chapter 4

Une autre arbovirose : le virus Zika

4.1 Introduction

In 2015, another arbovirus transmitted by Aedes species made the headlines in the media, when
a microcephaly epidemic in newborns was reported in Brazil. The Zika virus (ZIKV) was
actually known since the 1950’s, but thought to trigger only mild symptoms that often do not
require medical care. However, it was afterward associated with severe neurological desorders
such as Guillain-Barré syndrome (Cao-Lormeau et al., 2016) and microcephaly in newborns
(Schuler-Faccini, 2016), very rare complications that resulted in high absolute number of cases
because of the large attack rates of the virus.

Before ZIKV reached the Americas, it circulated in Asia and the Pacific, and the well
documented epidemics in the Pacific can be highly informative on the key parameters driving
virus transmission, such as the basic reproduction number (Rg). At the time when this work was
conducted, some estimates were already available for French Polynesia (Kucharski et al., 2016)
and Micronesia (Funk et al., 2016), using deterministic models. In section 4.2, we extended
these analyses by exploring the variability in estimations in two different ways: variability across
geographical settings by considering four islands of differing sizes and variability associated with
the formulation of epidemiological models, by comparing two representations of the mosquito
vector population. Moreover, we introduced stochasticity in the transmission process, since
demographic variations might be influential in islands with a small population size. Using
PMCMC methods, Ry for the Pacific ZIKV epidemics is estimated between 1.5 and 4.1, the
smallest islands displaying higher and more variable values. In addition, we highlighted the
importance of seroprevalence measures for appropriate quantification of pathogen propagation.
Difficulty in predicting the final size of the epidemic, and therefore in reconciling seroprevalence
and incidence data, enabled to shed light on potential model pitfalls and ways of improvements.

In consequence, this work has lead to some extensions. Since dengue virus co-circulated with
Zika in French Polynesia and Brazil, in section 4.3, we modeled both pathogens together to study
potential interaction effects at the population level. Identifiability issues preventing to detect these
interactions were pointed out and we discussed the data needed to explore this question. In addition,
the introduction of non-linear transmission rates in vector-host models to relax the homogeneous
mixing assumption was studied by Billy Bauzile in his master thesis.
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4.2 Structure in the variability of the basic reproductive number (R))
for Zika epidemics in the Pacific islands !

Abstract

Before the outbreak that reached the Americas in 2015, Zika virus (ZIKV) circulated in Asia
and the Pacific: these past epidemics can be highly informative on the key parameters driving
virus transmission, such as the basic reproduction number (Rj). We compare two compartmental
models with different mosquito representations, using surveillance and seroprevalence data for
several ZIKV outbreaks in Pacific islands (Yap, Micronesia 2007, Tahiti and Moorea, French
Polynesia 2013-2014, New Caledonia 2014). Models are estimated in a stochastic framework with
recent Bayesian techniques. Ry for the Pacific ZIKV epidemics is estimated between 1.5 and 4.1,
the smallest islands displaying higher and more variable values. This relatively low range of Ry
suggests that intervention strategies developed for other flaviviruses should enable as, if not more
effective control of ZIKV. Our study also highlights the importance of seroprevalence data for
precise quantitative analysis of pathogen propagation, to design prevention and control strategies.

Introduction

In May 2015, the first local cases of Zika were recorded in Brazil and by December of the
same year the number of cases had surpassed 1.5 million. On February 2016, the World Health
Organization declared Zika as a public health emergency of international concern (WHO, 2016b)
and in March 2016, local transmission of Zika was recognized in 34 countries. Previously the
Zika virus had circulated in Africa and Asia but only sporadic human cases had been reported.
In 2007 the outbreak on Yap (Micronesia) was the first Zika outbreak outside Africa and Asia
(Duffy et al., 2009). Since, Zika outbreaks have been also reported in French Polynesia and in New
Caledonia (Cao-Lormeau et al., 2014; Dupont-Rouzeyrol et al., 2015) between 2013 and 2014 and
subsequently, there have been cases of Zika disease in the Cook Islands, the Solomon Islands,
Samoa, Vanuatu, and Easter Island (Chile) (see Fig. 1 in (Petersen et al., 2016)).

Zika virus (ZIKV) is a flavivirus, mostly transmitted via the bites of infected Aedes mosquitoes,
although non-vector-borne transmission has been documented (sexual and maternofoetal transmission,
laboratory contamination, transmission through transfusion) (Musso and Gubler, 2016). The most
common clinical manifestations include rash, fever, arthralgia, and conjunctivitis (Musso and
Gubler, 2016) but a large proportion of infections are asymptomatic or trigger mild symptoms
that can remain unnoticed. Nevertheless, the virus may be involved in many severe neurological
complications, including Guillain-Barre syndrome (Cao-Lormeau et al., 2016) and microcephaly
in newborns (Schuler-Faccini, 2016). These complications and the impressive speed of its
geographically propagation make the Zika pandemic a public health threat (WHO, 2016b). This
reinforces the urgent need to characterize the different facets of virus transmission and to evaluate
its dispersal capacity. We address this here by estimating the key parameters of ZIKV transmission,
including the basic reproduction number (Ryp), based on previous epidemics in the Pacific islands.

'We reproduce here with small edits the paper: Champagne C., Salthouse D.G., Paul R., Cao-Lormeau V.-M., Roche
B., Cazelles B., Structure in the variability of the basic reproductive number (R() for Zika epidemics in the Pacific
islands. eLife, 2016
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Defined as the average number of secondary cases caused by one typical infected individual
in an entirely susceptible population, the basic reproduction number (Ry) is a central parameter in
epidemiology used to quantify the magnitude of ongoing outbreaks and it provides insight when
designing control interventions (Diekmann et al., 2010). It is nevertheless complex to estimate
(Diekmann et al., 2010; van den Driessche and Watmough, 2002), and therefore, care must be
taken when extrapolating the results obtained in a specific setting, using a specific mathematical
model. In the present study, we explore the variability of Ry using two models in several settings
that had Zika epidemics in different years and that vary in population size (Yap, Micronesia 2007,
Tahiti and Moorea, French Polynesia 2013-2014, and New Caledonia 2014). These three countries
were successively affected by the virus, resulting in the first significant human outbreaks and
they differ in several ways, including population size and location specific features. Hence, the
comparison of their parameter estimates can be highly informative on the intrinsic variability of
Ro. For each setting, we compare two compartmental models using different parameters defining
the mosquito populations. Both models are considered in a stochastic framework, a necessary layer
of complexity given the small population size and recent Bayesian inference techniques (Andrieu
et al., 2010) are used for parameter estimation.

Results

We use mathematical transmission models and data from surveillance systems and seroprevalence
surveys for several ZIKV outbreaks in Pacific islands (Yap, Micronesia 2007 (Dufty et al., 2009),
Tahiti and Moorea, French Polynesia 2013-2014 (CHSP, 2014; Mallet et al., 2015; Aubry et al.,
2015b), New Caledonia 2014 (DASS, 2014)) to quantify the ZIKV transmission variability.
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Figure 4.1 — Graphical representation of compartmental models. Squared boxes and circles correspond
respectively to human and vector compartments. Plain arrows represent transitions from one state to the
next. Dashed arrows indicate interactions between humans and vectors. a) Pandey model (Pandey et al.,
2013). Hg susceptible individuals; Hg infected (not yet infectious) individuals; H; infectious individuals;
Hpg recovered individuals; o is the rate at which Hg-individuals move to infectious class Hj; infectious
individuals (Hy) then recover at rate y; Vs susceptible vectors; Vg infected (not yet infectious) vectors; V;
infectious vectors; V constant size of total mosquito population; 7 is the rate at which Vg-vectors move to
infectious class Vr; vectors die at rate u. b) Laneri model (Laneri et al., 2010). Hg susceptible individuals;
Hp infected (not yet infectious) individuals; H; infectious individuals; Hg recovered individuals; o is the
rate at which Hg-individuals move to infectious class Hy; infectious individuals (Hj) then recover at rate ;
implicit vector-borne transmission is modeled with the compartments « and 1; A current force of infection;
« latent force of infection reflecting the exposed state for mosquitoes during the extrinsic incubation period;
7 is the transition rate associated to the extrinsic incubation period.

Two compartmental models with vector-borne transmission are compared (cf. Figure 4.1).
Both models use a Susceptible-Exposed-Infected-Resistant (SEIR) framework to describe the
virus transmission in the human population, but differ in their representation of the mosquito
population. Figure 1.a. is a schematic representation derived from Pandey et al. (Pandey et al.,
2013) and formulates explicitly the mosquito population, with a Susceptible-Exposed-Infected
(SEI) dynamic to account for the extrinsic incubation period (time taken for viral dissemination
within the mosquito).
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By contrast, in the second model (Figure 1.b.) based on Laneri et al. (Laneri et al., 2010)
the vector is modeled implicitly: the two compartments x and A do not represent the mosquito
population but the force of infection for vector to human transmission. This force of infection
passes through two successive stages in order to include the delay associated with the extrinsic
incubation period: « stands for this latent phase of the force of infection whereas A corresponds
directly to the rate at which susceptible humans become infected.

The basic reproduction number of the models (Rp) is calculated using the next Generation
Matrix method (Diekmann et al., 2010):

RPandey _ BuBvT
) N Rt LYl S
yu(p+ 1)

Laneri _ ﬁ
R, =

Y

In addition, we consider that only a fraction p of the total population is involved in the epidemic,
due to spatial heterogeneity, immuno-resistance, or cross-immunity. For both models we define
N = p- H with H the total size of the population reported by census.

The dynamics of ZIKV transmission in these islands is highly influenced by several sources
of uncertainties. In particular, the small population size (less than 7,000 inhabitants in Yap) leads
to high variability in transmission rates. Therefore all these models are simulated in a discrete
stochastic framework (Poisson with stochastic rates (Bret6 et al., 2009)), to take this phenomenon
into account. Stochasticity requires specific inference techniques: thus estimations are performed
with PMCMC algorithm (particle Markov Chain Monte Carlo (Andrieu et al., 2010)).

Using declared Zika cases from different settings, the two stochastic models (Fig. 4.1) were
fitted (Figs 2-3). These models allow us to describe the course of the observed number of cases
and estimate the number of secondary cases generated, Ry. Our estimates of Ry lie between 1.6
(1.5-1.7) and 3.2 (2.4-4.1) and vary notably with respect to settings and models (Figures 4.2-4.3
and Tables 4.1-4.2). Strikingly, Yap displays consistently higher values of Ry in both models and
in general, there is an inverse relationship between island size and both the value and variability
of Ry. This phenomenon may be explained by the higher stochasticity and extinction probability
associated with smaller populations and can also reflect the information contained in the available
data. However, the two highly connected islands in French Polynesia, Tahiti and Moorea, display
similar values despite their differing sizes.
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Figure 4.2 — Results using the Pandey model. Posterior median number of observed Zika cases (solid
line), 95% credible intervals (shaded blue area) and data points (black dots). First column: particle filter fit.
Second column: Simulations from the posterior density. Third column: Ry posterior distribution. a) Yap.
b) Moorea. c) Tahiti. d) New Caledonia. The estimated seroprevalences at the end of the epidemic (with
95% credibility intervals) are: a) 73% (CI95: 68-77, observed 73%); b) 49% (CI95: 45-53, observed 49%);
¢) 49% (CI95: 45-53, observed 49%); d) 39% (CI95: 8-92). See Figure 4.4.
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Figure 4.3 — Results using the Laneri model. Posterior median number of observed Zika cases (solid
line), 95% credible intervals (shaded blue area) and data points (black dots). First column: particle filter fit.
Second column: Simulations from the posterior density. Third column: Ry posterior distribution. a) Yap.
b) Moorea. c) Tahiti. d) New Caledonia. The estimated seroprevalences at the end of the epidemic (with
95% credibility intervals) are: a) 72% (CI95: 68-77, observed 73%); b) 49% (CI95: 45-53, observed 49%);
¢) 49% (CI95: 45-53, observed 49%); d) 65% (CI95: 24-91). See Figure 4.5.

Regarding model variability, Ry estimates are always higher and coarser with the Pandey model
than with the Laneri model (cf. Tables 4.1-4.2). The Pandey model has two additional estimated
parameters (in particular, the mosquito lifespan), which can explain the higher variability of the
output. It is worth noting that these parameters are very sensitive (see Materials and methods).
The difference in Ry may also be linked to the difference in the estimated initial number of infected
individuals (Hjg), which is higher in the Laneri model than in the Pandey model. Because of the
high proportion of asymptomatic cases (the ratio of asymptomatic:symptomatic is estimated to
be 1:1.3, V.-M Cao-Lormeau personal communication), it is hard to determine which scenario is
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more realistic, the time between introduction of the disease into the island and the first reported
symptomatic case being unknown in most settings.

PANDEY MODEL Yap Moorea Tahiti New Caledonia
Population size H 6,892 16,200 178,100 268,767
Basic reproduction number Ry 3.2(2.4-4.1) 2.6(2.2-3.3) 2.4(2.0-3.2) 2.0(1.8-2.2)
Observation rate r 0.024 (0.019 - 0.032)  0.058 (0.048 — 0.073)  0.060 (0.050 — 0.073)  0.024 (0.010 - 0.111)
Fraction of  population P 74% (69-81) 50% (48-54) 50% (46-54) 40% (9-96)
involved

Initial number of infected Hig 2 (1-8) 5(0-21) 329 (16-1047) 37 (1-386)
individuals

Infectious period in human 7! 5.2(4.1-6.7) 5.2(4.1-6.8) 5.2(4.1-6.7) 5.5(4.2-6.8)
(days)

Extrinsic incubation period 77! 10.6 (8.7 —12.5) 10.5 (8.6 —12.4) 10.5 (8.6 - 12.6) 10.7 (8.9 — 12.5)
in mosquito (days)

Mosquito lifespan (days) u! 15.6 (11.7 - 19.3) 15.3(11.4-19.1) 15.1(11.2-19.0) 15.4(11.6 - 19.4)

Table 4.1 — Parameter estimations for the Pandey model. Posterior median (95% credible

intervals). All the posterior parameter distributions are presented in Figures 4.6-4.9.

LANERI MODEL Yap Moorea Tahiti New Caledonia
Population size H 6,892 16,200 178,100 268,767
Basic reproduction number Ry 2.2(1.9-2.6) 1.8(1.6-2.0) 1.6(1.5-1.7) 1.6 (1.5-1.7)
Observation rate r 0.024 (0.019 - 0.033)  0.057 (0.047 —0.071)  0.057 (0.049 — 0.069)  0.014 (0.010 — 0.037)
Fraction of  population P 73% (69 — 78) 51% (47 - 55) 54% (49 — 59) 71% (27 — 98)
involved

Initial number of infected Hiy 2 (1 -10) 9(1-28) 667 (22 — 1570) 82 (2 -336)
individuals

Infectious period in human y"l 5.3(4.1-6.6) 5.34.1-6.7) 5.24.1-6.7) 5.4(4.1-6.8)
(days)

Extrinsic incubation period 7! 10.7 (8.8 — 12.7) 10.6 (8.6 — 12.6) 10.5 (8.5 -12.5) 10.8 (8.9 — 12.8)
in mosquito (days)

Table 4.2 — Parameter estimations for the Laneri model.
intervals). All the posterior parameter distributions are presented in Figures 4.10-4.13.

Posterior median (95% credible

For the duration of infectious and intrinsic incubation (in human) and extrinsic incubation (in

mosquito) periods, the posterior density ressembles the informative prior (cf. Figures 4.6-4.13),
indicating the models’ incapacity to identify properly these parameters without more informative
data. Moreover, these parameters have a clear sensitivity (see Materials and methods) and precise
field measures are therefore crucial for reliable model predictions.

The fraction p of the population involved in the epidemic is well estimated when the seroprevalence

is known (in Yap and French Polynesia). In these cases, the proportion of the population involved
is slightly greater than the seroprevalence rate, indicating a very high infection rate among involved
individuals. In New Caledonia, as no information on seroprevalence was available, the fraction of
population involved displays very large confidence intervals (cf. Tables 4.1 and 4.2), indicating
that the model did not manage to identify properly this parameter with the available data. In this
case, this parameter is highly correlated to the observation rate » (cf Figures 4.17 and 4.21): r and
p seem unidentifiable without precise information on seroprevalence.
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Discussion

The reproduction number Ry is a key parameter in epidemiology that characterizes the epidemic
dynamics and the initial spread of the pathogen at the start of an outbreak in a susceptible population.
Ry can be used to inform public health authorities on the level of risk posed by an infectious disease,
vaccination strategy, and the potential effects of control interventions (Anderson and May, 1982).
In the light of the potential public health crisis generated by the international propagation of ZIKV,
characterization of the potential transmissibility of this pathogen is crucial for predicting epidemic
size, rate of spread and efficacy of intervention.

Using data from both surveillance systems and seroprevalence surveys in four different geographical
settings across the Pacific (Dufty et al., 2009; CHSP, 2014; Mallet et al., 2015; DASS, 2014; Aubry
et al., 2015b), we have estimated the basic reproductive number Ry (see Figs 4.2-4.3 and Tables
4.1-4.2). Our estimate of Ry obtained by inference based on Particle MCMC (Andrieu et al., 2010)
has values in the range 1.6 (1.5-1.7) - 3.2 (2.4-4.1). Our Ry estimates vary notably across settings.
Lower and finer Ry values are found in larger islands. This phenomenon can at least in part be
explained by large spatial heterogeneities and higher demographic stochasticity for islands with
smaller populations, as well as the influence of stochasticity on biological and epidemiological
processes linked to virus transmission. This phenomenon can also be specific to the selection of
the studied islands or can reflect a highly clustered geographical pattern, the global incidence curve
being the smoothed overview of a collection of more explosive small size outbreaks. However,
it is notable that the two French Polynesian islands yield similar estimates of Ry despite differing
population sizes. Indeed, other important factors differ among French Polynesia, New Caledonia
and Yap, such as the human genetic background and their immunological history linked to the
circulation of others arboviruses. Moreover, whilst both New Caledonia and French Polynesia
populations were infected by the same ZIKV lineage and transmitted by the same principle vector
species, Aedes aegypti, the epidemic in Yap occurred much earlier with a different ZIKV lineage
(Wang et al., 2016) and vectored by a different mosquito species Aedes hensilli (Ledermann et al.,
2014). In French Polynesia, the vector Aedes polynesiensis is also present and dominates in Moorea
with higher densities than in Tahiti. Finally, different vector control measures have been conducted
in the three countries.

To date, studies investigating Zika outbreaks in the Pacific have always estimated Ry using
a deterministic framework. Using a similar version of the Pandey model in French Polynesia,
Kucharski et al. (Kucharski et al., 2016) estimated Ry between 1.6 and 2.3 (after scaling to square
root for comparison) for Tahiti and between 1.8 and 2.9 in Moorea. These estimates are slightly
lower and less variable than ours. This difference can be explained firstly by the chosen priors
on mosquito parameters and secondly because our model includes demographic stochasticity.
Moreover, they predicted a seroprevalence rate at the end of the epidemic of 95-97%, far from
the 49% measured. In Yap island, a study (Funk et al., 2016) used a very detailed deterministic
mosquito model, and estimated an Ry for Zika between 2.9 and 8. In this case, our lower and less
variable estimates may come from the fact that our model is more parsimonious in the number
of uncertain parameters, especially concerning the mosquito population. Finally, a third study
(Nishiura et al., 2016a) relied on another method for Ry calculation (based on the early exponential
growth rate of the epidemic) in French Polynesia as a whole and in Yap. Again, the obtained
parameters are lower than ours in French Polynesia and higher in Yap. The first estimations for
South America using a similar methodology (Nishiura et al., 2016b; Towers et al., 2016b; Gao
et al., 2016) lead to similar Ry values. In all these studies a deterministic framework is used
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excluding the possibility of accounting for the high variability of biological and epidemiological
processes exacerbated by the small size of the population. In these three studies, like in ours, it is
worth noting that little insight is obtained regarding mosquito parameters. Posterior distribution
mimics the chosen prior (cf. Figures 4.6-4.13). Both the simulation of the epidemics and the
estimated Ry are highly sensitive to the choice of priors on mosquito parameters, for which precise
field measures are rare.

In the absence of sufficient data, the modeling of mosquito-borne pathogen transmission is
a difficult task due to non-linearity and non-stationarity of the involved processes (Cazelles and
Hales, 2006). This work has then several limitations. First, our study is limited by the completeness
and quality of the data, with regard to both incidence and seroprevalence, but, above all, by the
scarcity of information available on mosquitoes. Incidence data is aggregated at the island scale
and cannot disentangle the effects of geography and observation noise to explain bimodal curves
observed in Yap and New Caledonia. Moreover, although all data came from national surveillance
systems, we had very little information about the potential degree of under-reporting, especially due
to the high proportion of mildly symptomatic cases, at a time when the dangerous complications
associated with the virus were unknown. Moreover, some cases might have been misdiagnosed
as other flaviviruses, due to similarity in clinical manifestations or cross-reactivity in assays.
Seroprevalence data were gathered from small sample sizes and were also sensitive to cross
reactivity in populations non naive to dengue. In addition, they were missing in New Caledonia,
which leads to strong correlation between our estimation of the observation rate and the fraction
of the population involved in the epidemic. Because of the high proportion of asymptomatic or
mildly symptomatic cases, the magnitude of the outbreaks is difficult to evaluate without precise
seroprevalence data (Metcalf et al., 2016) or detection of mild, asymptomatic or pre-symptomatic
infections (Thompson et al., 2016). Considering vectors, no demographic data were available and
this partly explains the large variability of our Ry estimations.
Secondly, incidence and seroprevalence data were difficult to reconcile; the use of incidence data
led to higher infection rates than those observed in the seroprevalence data. This difficulty has been
overcome by considering that only a fraction of the population (p) is involved in the epidemic and
then our model manages to reproduce the observed seroprevalence rate. This exposed fraction could
be the result of spatial heterogeneity and high clustering of cases and transmission, as observed
for dengue. The small dispersal of the mosquito and the limited population inter-mingling likely
leads to considerable spatial variation in the extent of exposure to the virus and pockets of refugia
in Tahiti as elsewhere (Telle et al., 2016). For instance, previous dengue infection rates in French
Polynesia display large spatial variations even within islands (Daudens et al., 2009). Finer scale
incidence and seroprevalence data would be useful to explore this. Another explanation for higher
predicted than observed infection rates could be due to interaction with other flaviviruses. The
Zika outbreak was concomitant with dengue outbreaks in French Polynesia (CHSP, 2014; Mallet
et al., 2015) and New Caledonia (DASS, 2014). Examples of coinfection have been reported
(Dupont-Rouzeyrol et al., 2015) but competition between these close pathogens may also have
occurred. Finally, mathematical models with vectorial transmission may tend to estimate high
attack rates, sometimes leading to a contradiction between observed incidence and observed
seroprevalence. Assumptions on the proportionality between infected mosquitoes and the force
of infection, as well as the density-dependence assumption in these models could be questioned.
Indeed even if these assumptions are at the heart of the mathematical models of mosquito-borne
pathogen transmission (Reiner et al., 2013; Smith et al., 2014), a recent review (Halstead, 2008)
and recent experimental results (Bowman et al., 2014; Harrington et al., 2014) question these
important points.
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On a final note, the estimates of Ry for ZIKV are similar to but generally on the lower side of
estimates made for two other flaviviruses of medical importance, dengue and Yellow Fever viruses
(Favier et al., 2006; Imai et al., 2015; Massad et al., 2003), even though caution is needed in the
comparison of studies with differing models, methods and data sources. Interventions strategies
developed for dengue should thus enable as, if not more effective control of ZIKV, with the caveat
that ZIKV remains principally a mosquito-borne pathogen with little epidemiological significance
of the sexual transmission route. Even though further work and data are needed to support this
hypothesis (Brauer et al., 2016), two recent studies indicated that sexual transmission alone is not
sufficient to sustain an epidemic (Gao et al., 2016; Towers et al., 2016b).

In conclusion, using recent stochastic modeling methods, we have been able to determine
estimates of Ry for ZIKV with an unexpected relationship with population size. Further data from
the current Zika epidemic in South America that is caused by the same lineage as French Polynesia
lead to estimates in the same range of values (Nishiura et al., 2016b; Towers et al., 2016b; Gao et al.,
2016). Our study highlights the importance of gathering seroprevalence data, especially for a virus
that often leads to an asymptomatic outcome and it would provide a key component for precise
quantitative analysis of pathogen propagation to enable improved planning and implementation of
prevention and control strategies.

Materials and methods

Data

During the 2007 outbreak that struck Yap, 108 suspected or confirmed Zika cases (16 per 1,000
inhabitants) were reported by reviewing medical records and conducting prospective surveillance
between April 1st and July 29th 2007 (Dufty et al., 2009). In French Polynesia, sentinel surveillance
recorded more than 8,700 suspected cases (32 per 1,000 inhabitants) across the whole territory
between October 2013 and April 2014 (CHSP, 2014; Mallet et al., 2015). In New Caledonia,
the first Zika case was imported from French Polynesia on 2013 November 12th. Approximately
2,500 cases (9 per 1,000 inhabitants) were reported through surveillance between January (first
autochtonous case) and August 2014 (DASS, 2014).

For Yap and French Polynesia, the post-epidemic seroprevalence was assessed. In Yap, a
household survey was conducted after the epidemic, yielding an infection rate in the island of 73%
(Duffy et al., 2009). In French Polynesia, three seroprevalence studies were conducted. The first
one took place before the Zika outbreak, and concluded that most of the population was naive
for Zika virus (Aubry et al., 2015a). The second seroprevalence survey was conducted between
February and March 2014, at the end of the outbreak, and reported a seroprevalence rate around
49% (Aubry et al., 2015b). The third one concerned only schoolchildren in Tahiti and was therefore
not included in the present study.

Demographic data on population size were based on censuses from Yap (Duffy et al., 2009),
French Polynesia (Insee, 2012), and New Caledonia (Insee, 2014).
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Models and inference
Model equations

Although the models are simulated in a stochastic framework, we present them with ordinary
differential equations for clarity. The reactions involved in the stochastic models are the same as
those governed by the deterministic equations, but the simulation process differs through the use
of discrete compartments. It is described in the next section.

The equations describing Pandey model are:

% = —BuviHs

da% = BuviHs — cHE
dH;

e ocHg —yH|

dHg

7 =7yH;

dvs BvH|
ar H— N Vs — HVs
dve _ pvHr
i N S E — MVE
dV] _
W =TVE — HV1

where vy = % is the proportion of susceptible mosquitoes, vg = VV’L the proportion of exposed
mosquitoes, and vy = % the proportion of infected mosquitoes. Since we are using a discrete
model, we cannot use directly the proportions vs, vg and v; whose values are smaller than one.
Therefore, we rescale using V = H, which leads to Vi = vs - H, Vj, =vg - H,and V] = v, - H.
In this model, the force of infection for humans is Ay = Bgyv;, and the force of infection for
mosquitoes is 1y = By %

The equations describing Laneri model are:

dHg

— =-1H

dt $
dHEg

—— =A1Hq-0H
dt s —O0HEg
dH;

—— =oHg -yH
dr O —yHy
dHp

R _VH

dr Yy

d«  2BH;T

— = — 27k
dt N

da
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In this model, the role of mosquitoes in transmission is represented only through the delay
they introduce during the extrinsic incubation period (EIP, incubation period in the mosquito).
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For modeling reasons, this delay is included by representing the force of infection from infected
humans to susceptible humans with two compartments « and A: in this formalism, the duration
between the moment when an exposed individual becomes infectious and the moment when another
susceptible individual acquires the infection has a gamma distribution of mean 7~! (Laneri et al.,
2010; Roy et al., 2013; Lloyd, 2001). Therefore, A represents the current force of infection for
humans Ay = A . The compartment « represents the same force of infection but at a previous
stage, reflecting the exposed phase for mosquitoes during the extrinsic incubation period. As an
analogy to Pandey model, the force of infection for mosquitoes is 1y = [i Z{,T, and therefore, the
parameter S can be interpreted as the product of a transmission parameter 8’ by the proportion
of susceptible mosquitoes: B = vyB’. The force of infection for mosquitoes is then similar to
Pandey’s : 1y = ,B/T%.

Again, since we are using a discrete model, we cannot use directly the proportions A and « whose
values are smaller than one. Therefore, we rescale up to a factor N, which leads to L = AN and

K = kN.

In both models, following the dominant paradigm that diseases transmitted by Aedes mosquitoes
are highly clustered, we restricted the total population H measured by census to a fraction N = p.H,
in which the parameter p is estimated. This formulation makes the hypothesis that a fraction of
the total population is not at risk from the epidemic, because of individual factors or because the
individuals remain in areas where the virus is not present. Moreover as the vector’s flying range
is small, the clustering of ZIKV infection may be reinforced. This may result in escapees from
infection within the population, even at a single island scale. The available data does not allow
further exploration of the mechanisms underlying these phenomena, which seem fundamental to
understand ZIKV propagation. At the very least, the restriction to a fraction p enables the model to
reproduce the observed seroprevalence rates, and to provide coherent results with respect to both
data sources (seroprevalence and surveillance data).

Stochastic framework

Both models are simulated in a stochastic and discrete framework, the Poisson with stochastic
rates formulation (Bret6 et al., 2009), to include the uncertainties related to small population size.
In this framework, the number of reactions occurring in a time interval dr is approximated by a
multinomial distribution. In a model with m possible reactions and ¢ compartments, z; being the
state of the system at time ¢ and 6 the model parameters, the probability that each reaction v occurs
ny times in dt is calculated as follows (Dureau et al., 2013a):

(&
pn,nmlz @) = [ [IM1= D p)™ || ()™ ¢ +otdn)
i=1 X (k)=i X (k)=i

with, z\) being the number of individual in compartment i at time ¢,

. =(1- - ol X A €9 B
pe= (1= exp {= Sxa=ir! @, 0)z Vdr}) Sxri r(z0)
o 75 = 2" = Y x(k)=i i (the number of individuals staying in compartment i in dr)

@)
* M; = ( M ) (multinomial coefficient)
Nk X (k)=i i
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Observation models

The only observed compartments are the infected humans (incidence measured every week) and
the recovered humans (seroprevalence at the end of the outbreak when data is available). In order
to link the model to the data, two observation models, for both incidence and seroprevalence data,
are needed.

Observation model on incidence data

The observed weekly incidence is assumed to follow a negative binomial distribution (Breto et al.,
2009) whose mean equals the number of new cases predicted by the model times an estimated
observation rate r.

The observation rate r accounts for non observed cases, due to non reporting from medical
centers, mild symptoms unseen by health system, and asymptomatic infections. Without additional
data, it is not possible to make a distinction between these three categories of cases. We
also implicitely make the assumption that these cases transmit the disease as much as reported
symptomatic cases.

The observation model for incidence data is therefore :

Incops = NegBin(d)_1 )

"1+ ¢rinc

Inc,ps being the observed incidence, and Inc the incidence predicted by the model. The dispersion
parameter (Bretd et al., 2009) ¢ is fixed at 0.1.

Observation model on seroprevalence data

Seroprevalence data is fitted for Tahiti, Moorea, and Yap settings. It is assumed that the observed
seroprevalence at the end of the epidemic follows a normal distribution with fixed standard
deviation, whose mean equals the number of individuals in the Hg compartment predicted by
the model.

The observation model for seroprevalence data is therefore :
H;bs = Normal(HRg, \)

at the last time step, with notations detailed for each model in Table 4.3.

Island Date Standard deviation Observed seroprevalence
bs
A Hgbs
Yap 2007-07-29 150 5005 (Dufty et al., 2009)
Moorea | 2014-03-28 325 0.49 x 16200 = 7938 (Aubry et al., 2015b)
Tahiti 2014-03-28 3562 0.49 x 178100 = 87269 (Aubry et al., 2015b)

Table 4.3 — Details of the observation models for seroprevalence
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Prior distributions

Informative prior distributions are assumed for the mosquito lifespan, the duration of infectious
period, and both intrinsic and extrinsic incubation periods. The initial numbers of infected
mosquitoes and humans are estimated, and the initial number of exposed individuals is set to
the initial number of infected to reduce parameter space. We assume that involved populations are
naive to Zika virus prior to the epidemic and set the initial number of recovered humans to zero.

The other priors and associated references are listed in Table 4.4.

Parameters Pandey model Laneri model References
R(Z) squared basic reproduction number Uniform[0, 20] Uniform[0, 20] assumed
Bv transmission from human to mosquito Uniform[0, 10] . assumed
y! infectious period (days) Normal(5, 1) in [4, 7] Normal(5, 1) in [4, 7] (Mallet et al., 2015)
ol intrinsic incubation period (days) Normal(4, 1) in [2, 7] Normal(4, 1) in [2, 7] (Nishiura et al., 2016b;
Bearcroft, 1956; Lessler
etal., 2016)
! extrinsic incubation period (days) Normal(10.5, 1) in [4, 20] Normal(10.5, 1) in [4, 20] (Hayes, 2009;
Chouin-Carneiro et al.,
2016)
,u’l mosquito lifespan (days) Normal(15, 2) in [4, 30] (Brady et al, 2013;
Liu-Helmersson et al.,
2014)
1% fraction of population involved Uniform[0, 1] Uniform([0, 1]
Initial conditions (t=0) Pandey model Laneri model
Hio Infected humans Uniform[107%, 1]-N Uniform[107%, 1]-N
Hgo exposed humans Hio Hio
Hgro Recovered humans 0 0
Infected vectors Vio=Uniform[107¢, 1]-H Lo=Uniform[107°, 1]-N
exposed vectors VEo = Vig Ko=Lg
Local conditions Yap Moorea Tahiti New Caledonia References
Observation rate Uniform[0, 1] Uniform[0, 1] Uniform[0, 0.3] Uniform[0, 0.23] (Mallet et al.,
DASS, 2014)
H Population size 6,892 16,200 178,100 268,767 (Dufty etal., 2009; Insee,

2012,2014)

Table 4.4 — Prior distributions of parameters. "Uniform[0,20]" indicates a uniform distribution
between in the range [0,20]. "Normal(5,1) in [4,7]" indicates a normal distribution with mean 5
and standard deviation 1, restricted to the range [4,7].

The range for the prior on observation rate is reduced for Tahiti and New Caledonia, in order
to reduce the parameter space and facilitate convergence. In both cases, we use the information
provided with the data source. In French Polynesia, 8,750 cases we reported, but according to local
health authorities, more than 32,000 people would have attended health facilities for Zika (Mallet
etal., 2015) (8750/32000 < 0.3). In New Caledonia, approximately 2,500 cases were reported but
more than 11,000 cases were estimated by heath authorities (DASS, 2014) (2500/11000 < 0.23).
In both cases, these extrapolations are lower bounds on the real number of cases (in particular,
they do not estimate the number of asymptomatic infections), and therefore can be used as upper
bounds on the observation rate.

Estimations
Inference with PMCMC

The complete model is represented using the state space framework, with two equation systems:
the transition equations refer to the transmission models, and the measurement equations are given
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by the observation models.

In a deterministic framework, this model could be directly estimated using MCMC, with
a Metropolis-Hastings algorithm targeting the posterior distribution of the parameters. This
algorithm would require the calculation of the model likelihood at each iteration.

In our stochastic framework, the model output is given only through simulations and the
likelihood is intractable. In consequence, estimations are performed with the PMCMC algorithm
(particle Markov Chain Monte Carlo (Andrieu et al., 2010)), in the PMMH version (particle
marginal Metropolis-Hastings). This algorithm uses the Metropolis-Hastings structure, but replaces
the real likelihood by its estimation with Sequential Monte Carlo (SMC).

Algorithm 9 PMCMC (Andrieu et al., 2010) (PMMH version, as in SSM (Dureau et al., 2013a))
In a model with n observations and J particles.
q(.16?) is the transition kernel.

. Initialize 0.

: Using SMC algorithm, compute p(y;., 10) and sample xan from p(x0:n|V1:n 0.

. for i =1..N% do

Sample 6* from q(.16®)

Using SMC algorithm, compute L(6*) = pA(y‘l;nIH*) and sample x. from p(xo.n|y1:n, 0)

L(©Y)g(]16%)

. L(6%)q(6*1601) . .

If accepted, #U*D = #* and x(()’,“) = x;.,- Otherwise g+ = g() apd xU*D = O
n n 0:n O:n
end for

Accept 6" (et x, ) with probability 1 A

S A U o e

SMC (Doucet et al., 2001a) is a filtering method that enables to recover the latent variables and
estimate the likelihood for a given set of parameters. The data is treated sequentially, by adding
one more data point at each iteration. The initial distribution of the state variables is approximated
by a sample a particles, and from one iteration to the next, all the particles are projected according
to the dynamic given by the model. The particles receive a weight according to the quality of their
prediction regarding the observations. Before the next iteration, all the particles are resampled
using these weights, in order to eliminate low weight particles and concentrate the computational
effort in high probability regions. Model likelihood is also computed sequentially at each iteration
(Dureau et al., 2013a; Doucet and Johansen, 2011).
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Algorithm 10 SMC (Sequential Monte Carlo, as implemented in SSM (Dureau et al., 2013a))
In a model with n observations and J particles.

L is the model likelihood p(y;.716). W,Ej ) is the weight and x,ij ) is the state associated to particle j
at iteration k.

I SetL=1, W =1/J.
2: Sample (x(()j))j:u from p(x|6p).
3: fork=0:n-1do
4. forj=0:Jdo
()

5 Sample (x;/,})j=1.7 from p(xjs1]xi, 6)
6 Seta) = pOal),.6)
7 end for (

() _ oW o ;
8 Set W= Zlf:’l 0 and L =L53¥; a®

9:  Resample (x(()]: ,i +1)j=1:s from W,ﬁ’fl
10: end for

A gaussian kernel ¢(.|6?) is used in the PMCMC algorithm, with mean 6‘”) and fixed variance
24 (random walk Metropolis Hastings).

Initialization

PMCMC algorithm is very sensitive to initialization of both the parameter values #”) and the
covariance matrix X9. Several steps of initialization are therefore used.

Firstly, parameter values are initialized by maximum likelihood through simplex algorithm on
a deterministic version of the model. We apply the simplex algorithm to a set of 1000 points
sampled in the prior distributions and we select the parameter set with the highest likelihood.

Secondly, in order to initialise the covariance matrix, an adaptative MCMC (Metropolis
Hastings) framework is used (Roberts and Rosenthal, 2009; Dureau et al., 2013a). It uses the
empirical covariance of the chain £, and aims to calibrate the acceptance rate of the algorithm
to an optimal value. The transition kernel is also mixed (with a probability @ = 0.05) with another
gaussian using the identity matrix to improve mixing properties.

. 5 2382 N 2.382
g (|xD) = aN(xD, A=—=Id) + (1 - a@)N(x?, /172“>)
The parameter A is approximated by successive iterations using the empirical acceptance rate of

the chain.
Adiy1 = /lia‘(AccRatei -0.234)

The adaptative PMCMC algorithm itself may have poor mixing properties without initialization.
A first estimation of the covariance matrix is computed using KMCMC algorithm (Dureau et al.,
2013a). In the KMCMC algorithm, the model is simulated with stochastic differential equations
(intermediate between deterministic and Poisson with stochastic rates frameworks) and the SMC
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part of the adaptative PMCMC is replaced by the extended Kalman filter. When convergence is
reached with KMCMC, then, adaptative PMCMC is used.

The PMCMC algorithm is finally applied on the output of the adaptative PMCMC, using

50,000 iterations and 10,000 particles. Calculations are performed with SSM software (Dureau
et al., 2013a) and R version 3.2.2.

Ry calculation

Ry is calculated using the Next Generation Matrix approach (NGM) (Diekmann et al., 2010).

Ry calculation in Pandey model

0 0 By - 0 0 0
P 0 0 vl 7 0 0
0 By O 0 0 —(u+7) O
0O 0 O 0 0 T —u
Then we have,
-1/o 0 0 0
vz |~ Vry Uy 0 0
0 0 —1/(u+71) 0
0 0  —7/lu(r+w] —-1/u
and
0 0 —But/lu(t+ W] —Bul/p
Pyl = 0 0 0 0
-Bvly -Bvly 0 0
0 0 0 0

We calculate the eigen values & of —FV ™! :

—a 0  But/lu(t+w] Bulu

0 —a 0 0 |- 2 (az _ BupvT ) _
Bvly Bvly - 0 Yu(T + p)
0 0 0 —a

— _ BHPBVT : : ; _ [BHBvT
Thena =0ora = +, /W(HH) and the highest eigenvalue is Ry = , /7/1(T+u)‘

This formula defines Ry as "the number of secondary cases per generation" (Dietz, 1993):

i.e Ry can be written as the geometric mean Ry = /R(‘)’ Rg,

mosquitoes after the introduction of one infected human in a naive population, and Rg is the number
of infected humans after the introduction of one infected mosquito in a naive population. With this
definition, herd immunity is reached when (1 — R 2) of the population is vaccinated (Dietz, 1993).

where R(‘)’ is the number of infected
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R calculation in Laneri model

Following the analogy with Pandey model, we compute the spectral radius of the NGM for the
Laneri model.

0 1 -c 0 0 O
P 00 vl 7 0 O
0 pgr 0 O 0O 0 -7 O
0 00 o o0 v -t
Then we have,
-1/o 0 0 0
N e VA
0 -1/t 0
0 -1/t -1/t
and
0 0 -1/t -1/t
Pyl = 0 0 0 0
—-prly -Bt/y 0O 0
0 0 0 0

We calculate the eigen values @ of —FV~!:

- 0 1/t 1/t

0 - 0 0 _ az (az ﬁT) -0
Brly Brly -a 0

0 0 0 -«

Thena =0ora = J_r\/g and the highest eigenvalue is ag = \/j

<=

Because A and « can be seen as parameters rather than state variables, the interpretation of
the spectral radius as the Ry of the model is not straightforward. Therefore, we computed the
Ro of the model through simulations, by counting the number of secondary infections after the
introduction of a single infected individual in a naive population. Since Laneri model is considered
here as a vector model, the number of infected humans after the introduction of a single infected is
considered as RS. We simulated 1000 deterministic trajectories, using parameter values sampled
in the posterior distributions for all parameters except initial conditions. With this method, the
confidence intervals for number of infected humans (R(Z)) are similar to the ones of a%, estimated
by the model. As a consequence, Ry was approximated by the spectral radius of the NGM in our
results with our stochastic framework (cf. Table 4.5).

As arobustness check, the same method was applied to Pandey model : the confidence intervals
for the number of secondary cases in simulations are very similar to the ones of R(z) (cf. Table 4.5).
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Pandey model Laneri model

Yap 3.1(2.5-4.3) 2.2(1.9-2.6)
Moorea 2.6 (2.2-3.3) 1.8 (1.6-2.0)
Tahiti 2.4(2.0-3.2) 1.6 (1.5-1.7)

New Caledonia 2.0(1.8-2.2) 1.6 (1.5-1.7)

Table 4.5 — Square root of the number of secondary cases after the introduction of a
single infected individual in a naive population. Median and 95% credible intervals of 1000
deterministic simulations using parameters from the posterior distribution.

Sensitivity analysis

In order to analyse the influence of parameter values on the model’s outputs, a sensitivity analysis
was performed, using LHS/PRCC technique (Blower and Dowlatabadi, 1994), on Tahiti example.
Similar results were obtained for the other settings. Three criteria were retained as outputs for the
analysis: the seroprevalence at the last time point, the intensity of the peak of the outbreak and the
date of the peak. We used uniform distributions for all parameters, which are listed in Tables 4.6
and 4.7. For model parameters, we used the same range as for the prior distribution. For initial
conditions, the observation rate r and the fraction involved in the epidemic p, we used the 95%
confidence interval obtained by PMCMC, in order to avoid unrealistic scenarios.

Parameters Distribution Seroprevalence | Peak intensity | Peak date
Model parameters
RZ Uniform([0,20] 0.87 0.90 -0.55
Bv Uniform[0,10] -0.66 -0.73 0.35
vyl Uniform[4,7] -0.25 0.10 0.20
o Uniform[2,7] -0.03 -0.10 0.15
7! Uniform[4,20] -0.05 -0.07 0.06
u! Uniform[4,30] -0.56 -0.70 0.49
Initial conditions
Hig Uniform[2.1073,0.011] 0.05 -0.02 0.02
Vip Uniform[10~%,0.034] 0.11 -0.00 -0.26
Fraction involved and observation model
o) Uniform[0.46,0.54] 0.47 0.15 -0.03
r Uniform[0.048,0.072] -0.04 0.03 0.05

Table 4.6 — Sensitivity analysis in Pandey model. Tahiti island. 1000 parameter sets were sampled with
latin hypercube sampling (LHS), using /As R package (Carnell, 2016). On each parameter set, the model was
simulated deterministically in order to explore variability in parameters without interference with variations
due to stochasticity. PRCC were computed using the "sensitivity" R package (Pujol et al., 2016).

For all criteria, the key parameters in both models are transmission parameters (Ry and Sy ).
High values for Ry are positively correlated with a large seroprevalence and a high and early peak.
On the contrary, high values for the parameters introducing a delay in the model, the incubation
periods in human (oY andin mosquito (t71), are associated with a lower and later peak, and have
no significant effect on seroprevalence. Moreover, the simulations are clearly sensitive to the other
model parameters, in particular the mosquito lifespan (¢~ ') in Pandey model.

Concerning other parameters, the initial conditions have a noticeable effect on the date of the
peak only. As expected, the fraction involved in the epidemic (p) influences the magnitude of the

page 128/248



CHAPTER 4. UNE AUTRE ARBOVIROSE : LE VIRUS ZIKA

outbreak, by calibrating the proportion of people than can be infected, but it has no significant

effect on the timing of the peak.

Parameters Distribution Seroprevalence | Peak intensity | Peak date
Model parameters
R% Uniform[0,20] 0.62 0.93 -0.50
vyl Uniform[4,7] 0.01 0.62 0.15
ol Uniform[2,7] -0.03 -0.54 0.21
7! Uniform[4,20] -0.03 -0.70 0.47
Initial conditions
Hig Uniform[1073,0.015] 0.05 0.02 -0.32
Ly Uniform[2.1075,0.004] 0.05 0.00 -0.16
Fraction involved and observation model
P Uniform[0.49,0.59] 0.80 0.34 0.02
r Uniform[0.048,0.068] -0.01 0.01 -0.02

Table 4.7 — Sensitivity analysis in Laneri model. Tahiti island. 1000 parameter sets were sampled with
latin hypercube sampling (LHS), using /As R package (Carnell, 2016). On each parameter set, the model was
simulated deterministically in order to explore variability in parameters without interference with variations
due to stochasticity. PRCC were computed using the "sensitivity" R package (Pujol et al., 2016).

Complementary results

These complementary results include PMCMC results for both models in the four settings: the
epidemic trajectories regarding the human compartments for infected and recovered individuals
(Figures 4.4-4.5), the detailed posterior distributions for all parameters (Figures 4.6-4.13) and
correlation plots for all models (Figures 4.14-4.21).
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Infected and recovered
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Figure 4.4 — Infected and recovered humans evolution during the outbreak with Pandey model.
Simulations from the posterior density: posterior median (solid line), 95% and 50% credible intervals
(shaded blue areas) and observed seroprevalence (black dots). First column: Infected humans (Hy). Second
column: Recovered humans (Hg). a) Yap. b) Moorea. c) Tahiti. d) New Caledonia.
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Figure 4.5 — Infected and recovered humans evolution during the outbreak with Laneri model.
Simulations from the posterior density: posterior median (solid line), 95% and 50% credible intervals
(shaded blue areas) and observed seroprevalence (black dots). First column: Infected humans (Hy). Second
column: Recovered humans (Hg). a) Yap. b) Moorea. c) Tahiti. d) New Caledonia.

Posterior distributions
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Figure 4.6 — Posterior distributions. Pandey model, Yap island.
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Figure 4.7 — Posterior distributions. Pandey model, Moorea island.
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Figure 4.8 — Posterior distributions. Pandey model, Tahiti island.
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Figure 4.9 — Posterior distributions. Pandey model, New Caledonia.
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Figure 4.10 — Posterior distributions. Laneri model, Yap island.
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Figure 4.11 — Posterior distributions. Laneri model, Moorea island.
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Figure 4.12 — Posterior distributions. Laneri model, Tahiti island.
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Figure 4.13 — Posterior distributions. Laneri model, New Caledonia.
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Correlation between estimated parameters

The inference technique may fail to estimate some parameters due to identifiability issues. In
particular, when two parameters are highly correlated to one another, the model manages to
estimate the pair of parameters but not each one separately. The analysis of correlation between
parameters’ posterior distributions can reveal such cases. The following graphics display for each
model the correlation coefficients between all pairs of parameters across the MCMC chain. For
example, in models for New Caledonia, the observation rate and the fraction of the population
involved in the epidemic are strongly negatively correlated (Figures 4.9 and 4.13): the inference
technique does not manage to estimate properly these two parameters, due to the lack of information
on seroprevalence.
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Figure 4.14 — Correlation plot of MCMC output. Figure 4.15 — Correlation plot of MCMC output.
Pandey model, Yap island. Pandey model, Moorea island.
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Figure 4.16 — Correlation plot of MCMC output. Figure 4.17 — Correlation plot of MCMC output.
Pandey model, Tahiti island. Pandey model, New Caledonia.
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Figure 4.18 — Correlation plot of MCMC output. Figure 4.19 — Correlation plot of MCMC output.
Laneri model, Yap island. Laneri model, Moorea island.
1 1 1 1 1 1 1 1 1.0 1 1 1 1 1 1 1 1 1.0
Hi, - ' Hi, - F
L, - L, 1 -
r 0.5 0.5
R02 - - ROZ . -
Y 1 4 - Y 1 4 -
L oo Fo.0
o 1 4 - o 1 4 -
T 1 4 - T 1 4 -
0.5 0.5
r 3 r 3
P - P -
T T T T T T T T -1.0 T T T T T T T T -1.0
Hij L R2 y' o' 171 r P Hi, L R2 y' o' 17 r [}
Figure 4.20 — Correlation plot of MCMC output. Figure 4.21 — Correlation plot of MCMC output.
Laneri model, Tahiti island. Laneri model, New Caledonia.
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4.3 Interactions between Zika and dengue

Introduction

Many pathogens coexist and sometimes interact in an environment, and because these interactions
can strongly influence disease dynamics, it is important to take them into account in mathematical
models (Opatowski et al., 2018; Rohani et al., 1998; Vasco et al., 2007; Randuineau, 2015). This is
particularly the case for dengue, due to the presence of four interacting virus serotypes: the infection
by one serotype confers full immunity against this serotype but the effect against other serotypes is
more complex, ranging from different forms of cross-protection to disease enhancement. Among
the biological explanations for these phenomena, is a mechanism called antibody dependent
enhancement (ADE) by which previous dengue antibody would have a counter-productive role
and enhance a secondary infection by a heterologous serotype (Halstead, 2007). There is therefore
an extensive literature on modeling these cross-reactions in dengue (Andraud et al., 2012; ten
Bosch et al., 2016). On the one hand, cross immunity has been considered in many forms, such as
partial immunity (Adams and Boots, 2006), temporary immunity (Wearing and Rohani, 2006), or
clinical cross-protection (protection against the clinical manifestation of the disease but not against
the infection itself) (Nagao and Koelle, 2008; Chikaki and Ishikawa, 2009). On the other hand,
cross-enhancement has also been studied in several forms, such as the increase in infectiousness
(Ferguson et al., 1999; Aguiar et al., 2011; Chikaki and Ishikawa, 2009), in susceptibility (Adams
and Boots, 2006; Recker et al., 2009) or in severity (via disease induced-mortality (Adams and
Boots, 2006) or hospitalization (Aguiar et al., 2011)).

Zika virus is a flavivirus closely related to dengue, that has expanded rapidly in the Pacific
and Latin America since 2007. It was associated with severe complications such as Guillain Barré
syndrome and microcephaly in newborns when it reached French Polynesia in 2013 and Brazil in
2015. In most of the settings affected by Zika, there was past dengue circulation and even sometimes
co-circulation (Cao-Lormeau and Musso, 2014; Dupont-Rouzeyrol et al., 2015; Rodriguez-Morales
et al., 2016), raising the question of possible interactions between the two pathogens. Serological
analysis have already given support for such interactions (Martin-Acebes et al., 2018; Rey et al.,
2018). In vitro, several studies found evidence that dengue antibodies could cause ADE on Zika
virus (Dejnirattisai et al., 2016; Barba-Spaeth et al., 2016; Swanstrom et al., 2016; Durbin, 2016),
or protection against it (Fernandez et al., 2017) and Kawiecki and Christoftferson (2016) found that
Zika may enhance dengue. In vivo, results are still more contrasted (Martin-Acebes et al., 2018;
Rey et al., 2018), as enhancement of Zika infection by previous dengue immunity has be observed
in mice at certain antibody concentrations (Bardina et al., 2017) but not in non-human primates
(Pantoja et al., 2017), even though in this case, the reverse effect has been reported (George et al.,
2017). In Zika-infected patients, however, Terzian et al. (2017) detected no sign of ADE induced
by previous dengue antibodies.

These individual or clinical interaction effects may have specific consequences at the population
level (Opatowski et al., 2018; Randuineau, 2015), that need to be taken into account when planning
control strategies, such as vaccination campaigns (Aguiar et al., 2016). The use of epidemiological
data and mathematical models has permitted the identification of pathogen interactions such as
the ones between influenza and pneumococcal pneumonia (Shrestha et al., 2013; Opatowski et al.,
2013). The objective of this chapter is to study the interaction between dengue and Zika at the
population level through these methods, based on outbreaks that occurred in Rio de Janeiro (Brazil)
and French Polynesia.
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Methods

Data

Two outbreaks in two different settings are studied: the 2015-2016 outbreak in Rio de Janeiro,
Brazil, and the 2013-2014 outbreak in French Polynesia.

Rio de Janeiro, Brazil

For dengue and Zika data in Rio de Janeiro (cf. Figure 4.22), we used the number of new
cases per week between 2015-01-11 and 2016-11-13 from Rio’s government website (updated on
2016-11-16) (SMS, 2016a,b). We also used temperature data from the Santos Dumont Airport,
from the website Weather Underground (WeatherUnderground, 2016).
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Figure 4.22 — Surveillance data in Rio de Janeiro. Dengue cases (black) and Zika cases (red)
per week.

Polynesia

For Zika case data in French Polynesia, we used data from the surveillance system (Mallet et al.,
2015). For dengue cases, two sources of data were compared. On the one hand, we used
confirmed DENV1 cases from the Institut Louis Malardé, that were available since 2006: these
confirmed cases may not be representative of the real dengue trend as the proportion of cases tested
may have changed over the period. On the other hand, we used monthly positive cases through
surveillance (updated on 2014-28-03) (CHSP, 2014). The total population of French Polynesia
was N = 271,800 in 2014 (ISPF, 2014).

In addition, several sero-surveys were conducted in French Polynesia. Using the serosurvey by
Aubry et al. (2017), we add an observation on the seroprevalence for Zika (133,180 on 2014-10-24,
calculated as 0.49 = N). Using the serosurvey among blood donor by Aubry et al. (2015a), we add
an observation on the seroprevalence for DENV1 (176,668 recovered on 2013-02-01, calculated
as 0.65 = V). Finally, using the serosurvey among blood donor by Aubry et al. (2015a), we assume
that the initial proportion of susceptibles to DENV1 in 2013 is 35%.
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Figure 4.23 — Data in French Polynesia. a) Dengue (DENV1) confirmed cases (black) and Zika
surveillance cases (red), weekly data. b) Dengue (black) and Zika (red) surveillance cases, monthly
data (Zika data is aggregated per month to have the same frequency of observation in both datasets,
with linear interpolation in weeks overlapping two months).

Models

Transmission model

We consider a model with two pathogens, dengue and Zika (underscript D for dengue and Z for
Zika), using an SEIR (Susceptible-Exposed-Infected-Recovered) dynamic for each disease, with
possible co-infections (cf. Figure 4.24). For parsimony in the number of parameters, we did not
model explicitly the vector population. The model was considered in the deterministic framework,
with the following equations :

page 140/248

Zika cases



CHAPTER 4. UNE AUTRE ARBOVIROSE : LE VIRUS ZIKA

dHfl—lt)Sz = uN = (Ap + Az)Hsp,s, — pHsps,

dHZ?sZ = ApHs,s, —(1z +op + WHE,s,

dHCI;Sz =opHg,s, — (Az +yp + WHi,s,

dHI;l;SZ =ypHi,s, — (Az + WHg,s,

dHZEz =AzHs,s, —(Ap+0z+ wWHs,E,

dHZ,;Ez = ApHsy e, + AzHg,s, —(0z +op + WHELE,
dHZ;EZ =opHg,E, + AzH1ps, — (07 +yp + WHI E,
de:;Ez =ypH g, + AzHr,s, — (07 + )HrE,
dH;tDIZ =o0zHs, g, — (Ap +yz + WHs,1,

dHZ—;)IZ = ApHs,1, +0zHE E, — (Yz +0p + WHE, 1,
dH(II—?IZ =opHg,1, +0zH1,E, — (Yz +yDp + WHI, 1,
dHZ:)IZ =vypHi,1, +0zHRpE, — (Yz + WHR,1,
dHZ—I;RZ =vyzHs,1, — (Ap + WHs,r,

dHZ?RZ - /fDHSDRZ +yzHg,1, — (0p + WHEp R,
dH;,—l;RZ =opHg,r, +YzH1,1, — (YD + WHI R,
dHI;?RZ =vypHi R, + YzZHR1, — PHR R,

with, in the model without interactions,

HIDSZ +HIDEZ +HIDIZ +HIDRZ +iD

Ap =Ap = Bp N
- HSDIZ+HEDIZ+HIDIZ+HRDIZ+iZ
Az = Az = Bz N
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Zika infection
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Figure 4.24 — Zika-Dengue model, with co-infections. Underscripts D and Z refer to dengue and
Zika respectively. For each disease, there are Hg susceptible, Hg exposed (infected but not yet
infectious), H; infectious, and Hg recovered individuals. Hg individuals move to the infectious
class H; at rate o and H; then recover at rate y. The force of infection is A at primary infection,
and A at secondary infection, and it depends on a transmission parameter . The total population
2. jets,E,1,r)? Hipj, = N is constant, and the recruitment rate equals the mortality rate pp. i is
an import parameter to prevent the extinction of the disease.

Observation model

Observation model in Rio de Janeiro In Rio de Janeiro, since Zika reporting became mandatory
after the 43rd epidemic week (from 18 to 24th October 2015) (Villela et al., 2017), we separated
the series in two periods. Before 2015-10-25, we estimate the total of dengue and Zika infections
(considering possible misdiagnosis between both diseases, with observation rate p). After this
date, we estimate the dengue series and the Zika series separately (with observations rate pp and
pz respectively). The observation model in every case is a negative binomial with dispersion
parameter fixed to 0.1 and estimated observation rate.

Observation model in French Polynesia For both diseases, the observation model is a negative
binomial dispersion parameter fixed to 0.1 and estimated observation rate. Because reporting for
dengue changed after the 36th epidemic week (CHSP, 2014), we assume that, from the 2013-09-21
on, the observation rate for dengue in Malardé data is multiplied by an estimated factor p € [0, 1].
The observation model for seroprevalence is a discretized normal distribution with fixed variance.
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Mean (m) Variance (v)
Rio de Janeiro
Zika + Dengue mpz = p(Hsp,1, + Hepr, + Hipr, + Hrpr,  vpz = 1+ mpz + m% 0
(15/01/11-15/10/18) +Hi,s, + Hiye, + Hipr, + Hipr,)

Zika (15/10/25-16/11/13) mz = pZ(HSDIZ +HED’Z + H]D[Z +HRD]Z) Vz = 1 +myz +m226
Dengue (5/10/25-16/11/13) mp = PD(HIDSZ + HIDEZ + HIDIZ +H]DRZ) vp = 1 +mp +m%)6

French Polynesia

s — — 2
Zika mZ_pZ(HSI)IZ+HEDIZ+HIDIZ+HRDIZ) VZ—l+mz+m26
— — 2
Dengue mp —pD(HIDSZ+H[DEZ +HIDIZ+HIDRZ) Vp = 1+mD +mD6
Seroprevalence mgr = Hs,r, + HEp,r, + Hipr, + HRpR, vr = 20000

Table 4.8 — Observation models.

Dengue-Zika interaction

In order to model Dengue-Zika interaction, we consider that an infection with one of the disease can
induce three types of change in the other disease: change in infectiousness, in susceptibility or in
severity (Ferguson et al., 1999; Adams and Boots, 2006; Recker et al., 2009) . Two parameters ¢Z D
and ¢ are introduced to model these changes: ¢Z? represents the change in dengue infections
for individuals with a previous Zika infection and ¢% represents the change in Zika infections
for individuals with a previous dengue infection. Parameters larger than 1 indicate enhancement,
parameters inferior to 1 indicate protection, and parameters equal to one indicate an absence of
interaction. We perform estimations in five cases :

A. ¢%P = ¢PZ = 1: absence of interaction

B. ¢“P = ¢P% €[0,2]: symetric interaction

C. ¢*P €10,2] and pP% € [0,2]: interaction both ways , non necessarily symetric
D. ¢%P =1 and ¢P? € [0,2]: influence of dengue on zika only

E. ¢?P €[0,2] and ¢P% = 1: influence of zika on dengue only

Model with infectiousness enhancement After a primary infection with one pathogen, there is
a change in infectiousness during infections with the second pathogen. In the baseline model (cf.
Figure 4.24), the forces of infection are

Hips, + Hipe, + 9“P(Hiyr, + Hipr,) +iD

Ap=1Ap = Bp N
- Hsp1, + Hepr, + 9P%(Hipr, + Hrp1,) +iz
Az =z = Bz N

Model with susceptibility enhancement After a primary infection with one pathogen, there is a
change in susceptibility to infections with the second pathogen. In the baseline model (cf. Figure
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4.24), the forces of infection are

HIDSZ +HIDEZ +HIDIZ +HIDRZ +iD

Ap = Bp
P N
HSDIZ + HEDIZ + HIDIZ + HRDIZ + iZ
Az = Bz
N
1 = ZD HIDSZ + HIDEZ + HIDIZ + HIDRZ +1ip
p=9¢""Pp 5
1, = ¢PZ Hs,1, + Hep1, + Hipr, + Hrp1, +iz
z=¢""PBz N

Model with severity enhancement After a primary infection with one pathogen, there is a
change in the reporting rate during infections with the second pathogen (severe infections are more
commonly reported). In the baseline model (cf. Figure 4.24), the means of the observation models
are :

mp = pp(Hi,s, + Hipe, + “PHi, 1, + Hipr, )

mz = pz(Hsp1, + Hepr, + $P%[Hipy1, + Hrp1,))

In Rio de Janeiro, only change in infectiousness was considered (in configurations A, B, C,
D and E). Susceptibility enhancement was not tested because seroprevalence data for dengue was
not available, and severity enhancement was not tested because for a part of the series dengue and
Zika were not observed separately.
In French Polynesia, change in infectiousness, susceptibility and severity were considered. In order
to limit the number of models, only configurations A and C were explored because A corresponds
to the absence of interaction and C is the most general case that comprises the other possibilities
for interaction (B, D and E).

Estimation, parameters and priors

Estimations are performed in the Bayesian framework, with adaptive Metropolis-Hastings algorithm,
using the SSM library (Dureau et al., 2013a). In order to initialize the MCMC chain, a simplex
algorithm was run on 1000 parameter sets from the prior distribution. The parameter set with the
highest posterior was used as initialization of the Metropolis Hastings algorithm.

The durations of infectiousness was fixed to 4.5 days for dengue (WHO, 2017) and 5 days for
Zika (Mallet et al., 2015; Kucharski et al., 2016). The duration of incubation period was assumed
to be the sum of the extrinsic (in mosquito) and intrinsic (in human) incubation periods, and was
fixed to 12.5 days for dengue (Chan and Johansson, 2012) and 14.5 days for Zika (Hayes, 2009;
Chouin-Carneiro et al., 2016; Bearcroft, 1956; Lessler et al., 2016; Champagne et al., 2016). The
mortality rate was fixed to 1/75 year. The other parameters are specific to the geographical setting.

Rio de Janeiro Concerning the initial conditions, all individuals are assumed to be naive to
Zika at the beginning of the studied period (+ = 0), and therefore they are either in Hg, s,
Hg,s,.Hi,s, or Hr, s, . Hr, s, (0) and Hs 5., (0) are estimated.

The model is then estimated in two steps. First, a preliminary model without interactions (case A)
is estimated with priors as indicated in Table 4.9. Second, the observation rate for dengue pp and
Zika pz and the import parameters ip and i are fixed to the median a posteriori of the previous
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estimation and the remaining parameters are estimated, along with interaction parameters (cases
A, B,C,DandE).

Parameters Rio de Janeiro French Polynesia
Preliminary model Final model | Malardé weekly data  Surveillance monthly data
Dengue and Zika parameters
Bp transmission parameter dengue U[0.1,1] U[0.1,1] U[0,2] U[0,2]
Bz transmission parameter Zika UJ[0.1,1] U[0.1,1] UJ[0,2] U[0,2]
oD observation rate dengue U[0,0.25] 0.02 0.09729 U[0,0.25]
0z observation rate Zika U[0,0.25] 0.013 U[0,1] U[0,0.25]

P observation rate dengue+Zika U[0,0.25] U[0,0.25]

p change in dengue observation rate U[0,1]

in import dengue U[0,0.001] 0.00003 0

iz import Zika U[0,0.001] 0.00006 0
Initial conditions
Hs,s,(0) initial condition U[0,1] U[0,1] 0.35*N 0.35*N
Hj,s,(0) initial condition U[0,0.001]*N U[0,0.1]*N U[0,100] U[0,100]
Hg,s, (0) initial condition Hj,s,(0) Hj,s,(0) U[0,100] UJ[0,100]

z introduction Zika U[0,1073] 3.5.1078
Hs,1,(0) initial condition 0 0 2% Hsps,(0) 2 Hs, s, (0)
Hg,1,(0) initial condition 2% Hg,s,(0) z* Hg,s,(0)
Hs, E,(0) initial condition z* Hg,,5,(0) z* Hg,s,(0)
Hg, £, (0) initial condition z* Hgps,(0) z* Hr,s,(0)

Table 4.9 — Prior distributions and fixed parameters.

Because seasonality is a key element in dengue dynamics in Rio de Janeiro, a seasonality
parameter s is multiplied to the force of infection. The time spanned by the data is too short to
estimate precisely the amplitude and phase of a sinusoidal forcing. Moreover, an atypic epidemic
was observed in 2014, unusually small, and that was not well fitted by sinusoidal forcing. We
therefore decided to rely on climatic indicators, such as temperature, following the example of
Lourengo and Recker (2014).

The seasonal forcing is calculated as the moving average over 4 weeks of the following function
(where T is the mean temperature):

5§ = (0.0729T2 - 0.9037) (0.001044T(T —12.286)V32.461 — T)

This formulation is derived from Lourengo and Recker (2014) using values from Lambrechts et al.
(2011). However, in the work of Lourenco and Recker (2014), the mosquito vector is explicitly
modeled, and therefore probability of infection from human to mosquito and from mosquito to
human are separated from one another. In our case, since these two probabilities cannot be
distinguished, and given that they are both multiplied in the resulting reproduction number, we
took the product of both quantities.

Polynesia When Malardé weekly data is used, a preliminary model for dengue alone is fitted
using data from 2006 to 2014, in order to estimate the observation rate for dengue pp. Then, the
model with dengue and Zika is fitted from 2013 to 2014, using prior distributions as in Table 4.9.
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When surveillance monthly data is used, all parameters are estimated using prior distributions as
in Table 4.9, except the introduction parameter for Zika (z), which is fixed to the value found in the
Malardé weekly data model.

Results

Rio de Janeiro

In Rio de Janeiro, the five estimated models manage qualitatively to reproduce the observed data,
except during the transition period due to the change in reporting (cf. Figure 4.25). According to
the DIC criterion, the best models is the one including an influence of Zika on dengue infection,
even though the DIC values are closed to one another (cf. Table 4.10).
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Figure 4.25 — Simulations of the fitted model and observations in Rio de Janeiro (black dots).
Simulations with observation noise of the fitted models using parameter sets from the posterior
distribution (median and 95% credible intervals). First row: total zika+dengue until October
2015. Second row: dengue since October 2015. Third row: zika since October 2015. The three
data series (dengue+zika until October 2015, dengue since October 2015 and Zika since October
2015) were fitted simultaneously. Columns correspond respectively to cases A,B,C,D and E, with
interaction parameters in the infectiousness enhancement case.
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A B C D E
¢ZD = ¢PZ =1 $ZD = ¢PZ c[0,2] ¢ZP % ¢P% € [0,2] #P7Z € [0,2] #ZD ¢ [0,2]
log-likelihood -975 -971 -967 -975 -967
DIC 1960 1953 1948 1962 1946
nb parameters 5 6 7 6 6
pP% 1 1.3 (1.13-1.46) 0.95 (0.72-1.21) 1.0 (0.73-1.31) 1
»*P 1 1.4 (1.24-1.55) 1 1.4 (1.23-1.55)
Bp 0.39 (0.36-0.43)  0.54 (0.45-0.63) 0.57 (0.50-0.64)  0.39 (0.36-0.43) 0.57 (0.50-0.64)
Bz 0.36 (0.35-0.36)  0.32(0.29-0.34) 0.36 (0.32-0.41)  0.36 (0.33-0.38) 0.36 (0.35-0.36)
Hs,s,/N 0.87 (0.80-0.95)  0.61 (0.52-0.74) 0.57 (0.50-0.65)  0.87 (0.79-0.94) 0.57 (0.50-0.67)

Table 4.10 — Estimated parameters on Rio de Janeiro data. Posterior median and 95% credible
interval. Interaction parameters are in the infectiousness enhancement case.

Regarding the influence of dengue on Zika (cases C and D, cf. Table 4.10), the interaction

parameter ¢pP%

is estimated around 1, with a large confidence interval and a correlation with the

transmission parameter (cf. Figure 4.26). It is not clear whether there is no effect or whether we
lack power to detect one. Regarding the influence of Zika on dengue (cases C and E, cf. Table

4.10), the interaction parameter

¢ZD

is estimated significantly over 1, indicating an enhancement

effect of Zika on dengue. In the data, there is indeed a large peak of dengue infections just after the
Zika outbreak (cf. Figure 4.22), and the enhancement effect is a way for the model to reproduce
this pattern without creating a large dengue outbreak the previous year. Caution is however needed
when interpreting these results as some parameters are strongly correlated in the MCMC chain
(cf. Figure 4.26): the proportion of susceptibles to dengue and the dengue transmission parameter
are negatively correlated; the Zika transmission parameter and interaction term are negatively
correlated 7, indicating that both couples of parameters are not identifiable.

H_ID_SZ4

H_SD_SZ+

D+

BZ

oDZ |

$ZD |

I‘O

Figure 4.26 — Correlation matrix of the MCMC chain.

enhancement, case C.

Rio de Janeiro, infectiousness
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French Polynesia

In French Polynesia, the models manage qualitatively to reproduce the observed incidence data, but
they overestimate the seroprevalence at the end of the epidemic (cf. Figure 4.27 and 4.28), except in
the susceptibility enhancement case, in which case the DIC criterion is the smallest (cf. Table 4.11).
Regarding the influence of dengue on Zika, in the infectiousness and susceptibility enhancement
cases, dengue seems strongly protective against Zika, which seems unrealistic as there were indeed
people infected by Zika with previous exposition to dengue (Terzian et al., 2017). This may be a
model artefact to better fit the Zika seroprevalence data at the end of the epidemic (cf. Figure 4.27
and 4.28). In addition, the estimation of the parameter ¢ also faces identifiability issues: it is
very correlated to the transmission parameter for Zika 8 in the infectiousness and susceptibility
enhancement cases, and to the observation rate for Zika pz in the severity enhancement case (cf.
Figure 4.29). Regarding the influence of Zika on dengue, models estimated on both dengue datasets
display contradictory results for the interaction terms: there is cross-protection when considering
surveillance data, and cross-enhancement when considering Malardé data (cf. Table 4.11). Indeed,
due to different reporting strategies, both datasets do not show at all the same dynamic. Since
there are few observed dengue cases compared to Zika, observation noise is very influent on the
dynamic, and the data does not enable the study of this interaction.
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Figure 4.27 — Simulations of the fitted model and observations (black dots). Simulations with
observation noise of the fitted models using parameter sets from the posterior distribution (median
and 95% credible intervals). First row : dengue cases per month (surveillance data). Second row :
Zika cases per month. Third row : Seroprevalence for Zika (Hs, r, + HEp, R, + Hip R, + HRpR,)-
a) Absence of interaction (case A). b) Infectiousness enhancement (case C). ¢) Susceptibility
enhancement (case C). d) Severity enhancement (case C).
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Figure 4.28 — Simulations of the fitted model and observations (black dots). Simulations with
observation noise of the fitted models using parameter sets from the posterior distribution (median
and 95% credible intervals). Firstrow : dengue cases per month (Malardé data). Second row : Zika
cases per month. Third row : Seroprevalence for Zika (Hs,r, + Hepr, + Hipr, + HRpR,)-
a) Absence of interaction (case A). b) Infectiousness enhancement (case C). ¢) Susceptibility
enhancement (case C). d) Severity enhancement (case C).
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Figure 4.29 — Correlation matrix of the MCMC chain. French Polynesia, using surveillance
dengue data. a) Susceptibility enhancement, (case C). b) Severity enhancement, (case C).
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Independence Infectiousness Susceptibility Severity
#ZP = ¢PZ = | #ZD % ¢PZ #ZP % ¢PZ ¢ZD + $PZ
A C C C
using Malardé weekly DENV-1 data
log-likelihood -499 -494 -484 -498
DIC 1011 1002 985 1011
nb parameters 7 9 9 9
pPZ 1 0.00 (0.00-0.04) | 0.02 (0.00-0.07) | 0.65 (0.00-1.85)
»?P 1 1.07 (1.03-1.12) | 1.07 (1.03-1.12) | 1.49 (0.90-1.99)
Bp 0.70 (0.69-0.72) | 0.68 (0.66-0.70) | 0.68 (0.66-0.70) | 0.70 (0.69-0.71)
Bz 0.45 (0.42-0.48) | 1.29 (1.15-1.38) | 1.31(1.21-1.42) | 0.45 (0.42-0.47)
0z 0.14 (0.12-0.16) | 0.14 (0.12-0.16) | 0.34 (0.24-0.42) | 0.18 (0.08-0.37)

using surveillance monthly dengue data

log-likelihood -197 -192 -186 -188
DIC 404 398 387 394

nb parameters 6 8 8 8
pP% 1 0.68 (0.21-1.40) | 0.19 (0.13-0.31) | 0.83 (0.20-1.82)
»?P 1 0.90 (0.85-0.97) | 0.90 (0.86-0.96) | 0.36 (0.19-0.62)
Bp 0.74 (0.71-0.76) | 0.74 (0.72-0.76) | 0.74 (0.72-0.76) | 0.73 (0.71-0.75)
Bz 0.45 (0.44-0.45) | 0.57 (0.35-0.90) | 0.95 (0.82-1.00) | 0.47 (0.46-0.47)
0z 0.13 (0.10-0.17) | 0.14 (0.10-0.18) | 0.19 (0.14-0.25) | 0.15 (0.08-0.25)
oD 0.14 (0.12-0.17) | 0.21(0.15-0.25) | 0.22 (0.16-0.25) | 0.23 (0.19-0.25)

Table 4.11 — Estimated parameters on French Polynesia data. Posterior median and 95%
credible interval.

What data is needed: exploration with simulations

In both settings, the available data does not enable the study of the interaction at the population
level. Therefore, we try to identify which type of data would be needed to fit the models, using
model simulations. We simulate a dataset in a setting comparable to French Polynesia without
observation noise, and then reestimate the models parameters. We assume that seroprevalence
studies are available so that we know the initial conditions, and that the observation rate is stable
over time (p = 1). We also assume that dengue parameters (pp, Sp,ip) are known, as they
could have been estimated on a previous dengue time series, but that the transmission parameter is
unknown for Zika because it is an emerging pathogen. We perform estimations in three scenarios.
First, we estimate S, qSD z ¢ZD and pz. Second, we assume that the observation rate for Zika
is known, and we estimate S, ¢D Z and ¢ZD . Third, we assume that, for each infection, we can
determine whether it is a primary or a secondary infection.
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True value Infectiousness Susceptibility Severity

unknown observation rate pz

¢pP? 1.5 1.32 (0.75-2.00) | 1.06 (0.40-1.82) | 1.4 (0.82-2.00)
¢ZP 1 1.02  (0.99-1.05) | 1.02 (0.99-1.05) | 0.90 (0.80-1.02)
Bz 0.8 0.85 (0.69-1.09) | 0.90 (0.73-1.11) | 0.80 (0.77-0.82)

Pz 0.13 0.13 (0.11-0.14) | 0.12 (0.11-0.14) | 0.13 (0.10-0.17)

known observation rate p,
pP? 1.5 1.13 (0.67-1.82) | 0.97 (0.44-1.66) | 1.29 (1.03-1.60)
p%P 1 1.02 (0.99-1.05) | 1.02 (0.98-1.05) | 0.90 (0.79-1.01)
Bz 0.8 0.9 (0.72-1.09) | 0.92 (0.76-1.10) | 0.80 (0.78-0.82)

identification of primary and secondary infections, known observation rate (=1)
pP% 1.5 1.11 (0.77-1.54) | 1.4 (1.20-1.60)
p*P 1 1.02 (1.00-1.03) | 1.02 (1.00-1.04)
Bz 0.8 0.92 (0.79-1.04) | 0.83 (0.79-0.86)

Table 4.12 — Estimations of the simulated dengue-Zika model. The model was simulated
with the following parameters: Sz = Bp = 0.8, pp = 0.86, pz = 0.13, ip = 0.002, iz =
0,Hs,s,(0)=0.7% N, Hg,s,(0) = 28.8, Hy,,5,(0) = 10.9, z = 0.0002, P% = 1.5, $?P = 1.

In the infectiousness enhancement case, in the three considered estimation scenarios, the effect
of Zika on dengue (¢“?) is well identified to 1 (the credible interval is small and contains the
value 1). However, we do not manage to identify the effect of dengue on Zika ¢”# from the
transmission parameter for Zika 7, and to evaluate if it is superior or inferior to 1 (the credible
interval is large and contains the value 1). In the susceptibility enhancement case, the effect of Zika
on dengue (¢%P) is also well identified to 1. It is only when dengue naive and dengue non-naive
Zika infections are distinguished that the effect of dengue on Zika ¢”7 is estimated superior to 1
(the credible interval does not contain 1 and contains the true value). In the severity enhancement
case, the effect of Zika on dengue (¢%?) is also identified to 1, even though the credible intervals
are greater than in the previous two cases, and less centered around 1. When the observation rate is
known, B is identified, and ¢Z is estimated as superior to 1 (but its credible interval is large and
only slightly above 1). When the observation rate is assumed unknown, Sz is still well identified,
but it is not possible to conclude on the presence of enhancement or inhibition of severity as 1 is
comprised in the credible interval.

Discussion

We used data from two settings affected by both Zika and dengue, Rio de Janeiro (Brazil) and
French Polynesia, to study possible interaction effects between the two pathogens at the population
level. Regarding the influence of dengue on Zika, in both settings, we do not identify robustly any
effect or absence of effect. Regarding the influence of Zika on dengue, results are not consistent
across settings and datasets. In Rio de Janeiro, an enhancement effect is found, but it is sensitive
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to the initial seroprevalence for dengue in the population, which is unknown. In French Polynesia,
even though initial conditions are known via seroprevalence surveys, the estimations using two
different datasets for dengue cases lead to contradictory results. It seems that the surveillance data
better reflects the overall dengue dynamics, as we do not have the information on the proportion of
cases sent to the Institut Louis Malardé for laboratory testing. With surveillance data, in contrary to
estimations in Rio de Janeiro, Zika infection was found to have a mild protective effect on dengue.
Besides, in another epidemiological study, Ribeiro et al. (2018) observed a decrease in dengue
transmission in Salvador (Brazil) after the Zika epidemic and hypothesize a cross-protection effect.
Further data and studies are therefore needed to shed light on these contrasted results. In addition,
Chikungunya virus, another arbovirus sharing the same vector, was present in Latin America
during the Zika outbreak (Rodriguez-Morales et al., 2016; Carrillo-Hernandez et al., 2018), and
could also have had an influence on both pathogens.

In our estimations, there is a clear identifiability issue between Zika parameters and interaction
terms. In a proof-of-principle study, Shrestha et al. (2011) manage to recover interaction parameters
from case data, using likelihood-based inference, even when the observation rate or initial
conditions need to be estimated. Nevertheless, they highlight the importance of using long time
series, as identifiability issues arise in some of their scenarios with less than 40 years of data.
They also assume that the epidemiological parameters are known, in particular the transmission
parameter, an hypothesis that is relaxed in other empirical studies (Shrestha et al., 2013; Opatowski
etal., 2013). In our context, all these limitations are encountered together: time series are short due
to the recent introduction of Zika in both settings, and epidemiological parameters and sometimes
initial conditions are unknown. As highlighted in our estimations, in the infectiousness and
susceptibility enhancement cases, the interaction term is strongly correlated to the transmission
parameter for Zika, a parameter that is impossible to quantify beforehand for a pathogen emerging
in a new area. In the severity enhancement case, it is correlated to the observation rate for Zika,
which is also hard to measure as it depends on both the reporting system and the proportion of
inapparent infections.

In order to identify what type of data would be useful to solve these identifiability issues, we
mimicked ideal data scenarios through simulations. According to the re-estimations on simulated
data, knowledge on the observation rate and the previous immune status of each case would help
disentangle the severity and susceptibility (but not infectiousness) enhancement effects. These
information would however be difficult to collect in a real context. Therefore, there are many
uncertainties on Zika transmission so that, at the population level, it is hard to disentangle the
interaction effect of dengue from the intrinsic Zika characteristics. Modeling together several
geographical settings would probably not be sufficient either: there can be large variations
in transmission between locations (Champagne et al., 2016) that are sometimes stronger than
variations between pathogens (Funk et al., 2016), and therefore transmission parameters need to be
setting specific, which does not permit to solve the identifiability issue. However, specific survey
designs such as case-control studies (Halstead, 2017) could be implemented to explore interaction
effects in the population.
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Discussion et perspectives

5.1 Synthese des résultats (résumé substantiel en langue francaise -
1)

Les arboviroses sont des maladies complexes qui font intervenir des facteurs humains et environnementaux,
et les nombreux mécanismes en jeu dans leur transmission sont autant de pistes de modélisation.
Parall¢lement, de nombreux outils théoriques et computationnels existent aujourd’hui pour confronter

des modeles épidémiologiques aux données observées. L'objectif de ce travail de theése a donc été
d’apporter I’éclairage des données sur les modeles de propagation des arboviroses, afin de comparer
différents modeles (chapitres 2 et 3) et d’adapter les modeles a la situation épidémiologique d’une
maladie émergente (chapitre 4).

Dans le chapitre 2, il s’est agi de comparer différents modeles, en complexifiant d’un coté le
détail de I’histoire de la maladie et de I’autre c6té la prise en compte des incertitudes. Afin de
modéliser les dynamiques de long terme, on a pu souligner I’importance des interactions entre
sérotypes, et a I’inverse, le faible intérét pour la représentation explicite des moustiques vecteurs et
des individus asymptomatiques. Sur des échelles de temps moins longues, la prise en compte de la
stochasticité souligne le fait qu’une large part de la dynamique n’est pas expliquée par le squelette
déterministe du modele et est seulement capturée par la stochasticité. Ce phénomene indique la
présence d’autres éléments non modélisés ayant une forte influence sur les dynamiques observées.

Aussi le chapitre 3 explore-t-il d’autres aspects de la transmission de la dengue, a travers 1’étude
d’un autre contexte ou des données spatiales sont disponibles. Saisonnalité et structure spatiale
sont introduites dans le modele classique de Ross-Macdonald pour la transmission vectorielle,
selon le cadre proposé par Amaku et al. (2016). La saisonnalité a un impact décisif sur la
capacité du modele a reproduire les données observées, ce qui invite a la modéliser plus finement,
notamment en incorporant des variables climatiques. La structure spatiale a également une
influence notable sur les résultats obtenus, méme s’il est difficile de représenter a la fois les
contacts entre sous-populations, I’hétérogénéité entre les régions et les schémas d’introduction de
la maladie.

Enfin, dans le chapitre 4, on a pu appliquer les méthodes d’estimation a I’étude d’une maladie
émergente, le virus Zika, afin d’apporter un éclairage supplémentaire a la compréhension de ce
nouveau probléme de santé publique. On a ainsi pu explorer la variabilité des estimations selon
le contexte géographique, le choix de structure du modele ou I’ interaction avec une autre arbovirose.
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Ces travaux ont toutefois soulevé de nouvelles interrogations, discutées ici sous deux angles :
d’une part celui des méthodes d’inférence, d’autre part celui des difficultés liées a la représentation
des moustiques vecteurs dans la modélisation des arboviroses.

5.2 Discussion et difficultés rencontrées

5.2.1 Inférence des modeles épidémiologiques
Implémentation des méthodes d’inférence

Les méthodes d’estimation utilisées, MCMC et PMCMC ont pour grand avantage leur généralité
et leur capacité a traiter des modeles complexes et variés. Toutefois, elles présentent souvent des
difficultés d’implémentation pratique. Il s’agit en effet d’algorithmes coliteux (surtout dans le
cas du PMCMC), pour lesquels les phases de calibration et d’initialisation sont trés importantes:
elles ont une forte influence sur 1’applicabilité de la méthode et parfois ses résultats. A ce
sujet, on peut évoquer la difficulté a échantillonner des distributions a posteriori multimodales,
souvent rencontrées dans les modeles multi-souches pour lesquelles les conditions initiales sont
inconnues. L’exploration de I’espace des parametres par des méthodes comme I’échantillonnage
par hypercube latin a permis de contourner ce probléme, mais il serait également utile de se tourner
vers des algorithmes plus robustes a la multimodalité. Par exemple, Yang and Rosenthal (2017)
proposent un schéma de MCMC adaptatif spécifique pour les distributions multimodales. Buchholz
and Chopin (2017) évoquent également ce type de problemes dans le contexte de 1’algorithme ABC.

Toutefois, de nombreuses difficultés rencontrées dans I’'implémentation de ces méthodes
d’estimation complexes révelent également un probléme plus profond et structurel : les données
disponibles ne sont pas toujours suffisantes pour estimer convenablement les modeles utilisés,
en raison de problemes d’identifiabilité. Dans les analyses menées dans ce travail de these,
les problemes d’identifiabilité ont été rencontrés de facon récurrente. Les résultats des modeles
multi-souches sont tres sensibles aux conditions initiales, bien souvent inconnues dans les contextes
endémiques et difficiles a reconstituer a partir des données d’incidence. Les durées d’infection
ou d’incubation, chez les hotes comme chez les vecteurs, présentent des distributions a posteriori
marginales treés proches des distributions a priori, indiquant que les données utilisées n’ont pas
permis d’apporter de I’information supplémentaire sur ces parametres. L’analyse des matrices
de corrélation de la chaine de MCMC a permis d’identifier des couples de parametres fortement
corrélés entre eux : bien souvent, seul le couple de parametres est identifiable a partir des données
observés, et non la valeur de chacun d’entre eux.

Comparaison des modeles épidémiologiques

Parallelement, tout au long des chapitres précédents, s’est posée la question de la comparaison
de plusieurs modeles épidémiologiques, afin de sélectionner les éléments les plus importants
pour reproduire les données observées (chapitre 2 et 3), ou bien afin d’évaluer la variabilité des
estimations selon les choix de structure du modele (chapitre 4).

Si de nombreux travaux se sont intéressés a la comparaison de modeles épidémiologiques
(Gibson et al., 2018), cette question demeure complexe. Les méthodes de comparaison entre
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différents modeles doivent s’adapter a I’objectif visé (test d’hypotheses scientifiques ou incorporation
d’incertitude dans les estimations de parametres ou de quantités prédites), mais elles sont aussi
souvent liées au contexte méthodologique considéré. Il faut en effet noter qu’il existe plusieurs
degrés de différences entre les modeles a comparer (méme si les frontieres de ’'un a I’autre sont
poreuses).

Dans certains cas, la comparaison de modeles peut se réduire a un test sur la valeur d’un parametre,
ou sur I’égalité de deux parametres, les modeles étant alors emboités. C’est le cas, par exemple,
lorsqu’on s’interroge sur la présence d’effets d’interaction entre deux pathogenes (cf. chapitre 4) :
en I’absence d’interaction, le parametre d’interaction a une valeur égale a 1.

Dans d’autres cas, il s’agit de comparer deux spécifications fonctionnelles au sein d’un méme
modele. Par exemple, on peut comparer les choix de différentes distributions de la durée passée
dans les compartiments du modele (par exemple entre les distributions exponentielle et Gamma).
On peut aussi comparer plusieurs formulations de la propagation spatiale, par exemple, entre
différents modeles de gravité (cf. chapitre 3), ou en comparaison avec un modele de radiation.
Enfin, les modeles a comparer peuvent différer fortement dans I’ensemble de leur structure, par
exemple, avec ou sans transmission vectorielle, avec ou sans représentation spatiale, modeles
mécanistes ou semi-mécanistes (cf. chapitre 2). Il peut alors s’avérer plus difficile de rapporter les
modeles a un cadre commun permettant la comparaison.

De maniere générale, les méthodes adaptées dans un contexte sont parfois difficilement applicables
dans un autre, en raison de limitations théoriques ou pratiques.

5.2.2 Modéliser la transmission vectorielle pour les arboviroses

L’étude des arboviroses est complexe car elle fait intervenir et interagir deux populations : les hotes
et les vecteurs. Au cours de ce travail, plusieurs modeles qui incorporent cette spécificité ont été
considérés. Notamment, le vecteur a été représenté soit de fagon explicite selon un formalisme de
type Ross-Macdonald, soit de facon implicite a travers une force d’infection externe. Toutefois,
ces modeles ont a plusieurs reprises montré des limites. Dans le chapitre 2, des modeles sans
vecteur incorporant un forcage saisonnier se sont montrés aussi performants que les modeles
a transmission vectorielle, tout en étant beaucoup plus parcimonieux en termes de parametres.
On peut d’ailleurs s’interroger sur la facon d’incorporer la stochasticité démographique dans la
population de moustiques, alors que la taille méme de cette population est inconnue. En outre, les
données disponibles rendent tres difficile 1’estimation des nombreux parametres de ces modeles,
qui reposent donc fortement sur les choix de distributions a priori opérées a partir de données de la
littérature. En particulier, le taux de mortalité du vecteur joue un role important dans la dynamique
du modele et beaucoup de résultats y sont sensibles (comme on peut le voir a travers 1’analyse de
sensibilité du chapitre 4 et dans les travaux de Pandey et al. (2013); Funk et al. (2016)). Or, ce
parametre est difficile 2 mesurer sur le terrain, et les mesures effectuées en laboratoire peuvent mal
refléter la réalité (lorsque des mesures de contréle, par exemple, sont mises en place).

De plus, dans I’étude du Zika en Polynésie et en Micronésie au chapitre 4, les modeles a
transmission vectorielle estimés sur les données d’incidence ont conduit a des taux d’attaque
bien supérieurs a ce qui a été mesuré dans les données de séroprévalence. Cet effet a également
été observé dans d’autres études (Kucharski et al., 2016; Funk et al., 2016; Shutt et al., 2017).
En revanche, ce probléme n’a pas été rencontré dans une analyse utilisant des modeles sans
transmission vectorielle explicite, dans lequel les durées d’incubation et d’infections sont plus
courtes (Andronico et al., 2017). On peut tout d’abord jeter un doute sur les mesures de
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séroprévalence, en raison de la difficulté des diagnostics sérologiques lorsque plusieurs arboviroses
co-circulent. Toutefois, les taux d’attaques estimés a 1’aide des seules données d’incidence sont
supérieurs a 90% de la population, induisant une forte déplétion de la population susceptible, ce qui
semble anormalement élevé. Ce phénomene est d’autant plus problématique que le taux d’attaque,
et par suite I’immunité dans la population et les possibilités de transmission future du pathogene,
font justement partie des questions auxquelles la modélisation est censée apporter des réponses.

Netto et al. (2017) introduisent une prise en compte de la saisonnalité dans le modele,
permettant ainsi une diminution exogéne de la force d’infection par les facteurs climatiques et
une réconciliation des deux sources de données. Toutefois, le climat ne présente pas des variations
saisonnieéres marquées dans toutes les régions affectées par la dengue. D’autres phénomenes
peuvent introduire des variations temporelles dans la transmission, comme les changements de
comportements humains ou les mesures de contrdle. Ces phénomeénes sont plus difficiles a
capturer et introduire des parametres variables dans le temps est une facon de les étudier.

Une autre piste pour expliquer des taux d’attaque plus faibles que ceux prédits par le modele
est la remise en cause de I’hypotheése de mixage homogene entre hotes et vecteurs. Cette hypothese
simplificatrice est au coeur de nombreux modeles a transmission vectorielle (Reiner et al., 2013)
mais elle apparait réductrice a plusieurs échelles spatiales et temporelles, au vu de la complexité de
I’écologie des vecteurs, qui piquent les individus de facon hétérogéne (Smith et al., 2014). Dans
le modele du chapitre 4, un parametre a été ajouté afin de refléter le fait que tous les individus ne
participent pas a la transmission de la maladie, pour des raisons d’immunité, ou d’hétérogénéité
spatiale. Une approche similaire a été adoptée par Shutt et al. (2017) en calculant la population
a risque a ’aide de données d’épidémies antérieures. Toutefois, ce paramétre ne propose pas
une explication du mécanisme par lequel certains individus échappent a 1’épidémie. L hypothese
des interactions entre la dengue et le Zika a été explorée (chapitre 4), mais cette piste est limitée
par I’absence de données sur le temps long et les problemes d’identifiabilité. La piste des taux
de transmission non linéaires a été explorée par Billy Bauzile dans son travail de master. Enfin,
I’hypothese de I’hétérogénéité spatiale a été abordée a travers 1’étude des dynamiques de la dengue
a Rio de Janeiro.

Malgré tout, cette question nécessite d’autres travaux pour €tre mieux comprise.

5.3 Perspectives

Afin de répondre aux difficultés évoquées dans la section précédente, plusieurs pistes de réflexion
peuvent étre envisagées, que 1’on articulera ici autour de trois axes. Dans un premier temps,
on s’intéressera a la question de I’identifiabilité des modeles épidémiologiques. Dans un second
temps, on discutera des méthodes permettant d’incorporer plusieurs sources de données. Enfin,
évoquera la question de la comparaison de modeles.

5.3.1 Identifiabilité

Bien que cette question soit peu souvent abordée dans les applications pratiques en épidémiologie,
il existe une abondante littérature sur I’identifiabilité des modeles dynamiques, notamment ceux qui
représentent la propagation des maladies infectieuses. On peutdiviser les problemes d’identifiabilité
en deux catégories : la non-identifiabilité structurelle et la non-identifiabilité pratique (Raue et al.,
2009). La non-identifiabilité structurelle correspond a une "paramétrisation redondante dans la
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structure formelle" du modele (Raue et al., 2009). Miao et al. (2011) indiquent plusieurs nuances
dans cette définition de la non-identifiabilité structurelle dans la littérature, selon si celle-ci est
globale (valable sur tout I’espace des parametres), locale (valable seulement sur un voisinage d’un
certain jeu de parametres), ou dépend de la connaissance des conditions initiales du systeme.

La non-identifiabilité pratique, elle, survient lorsque les données sont observées avec bruit et que
leur quantité ou leur qualité est insuffisante, ce qui conduit a des intervalles de confiance de taille
infinie (Raue et al., 2009). L’identifiabililté structurelle est donc un pré-requis nécessaire mais non
suffisant a I’identifiabilité pratique.

L’étude de I’identifiabilité des modeles dynamiques non linéaires requiert des méthodes non
triviales (Miao et al., 2011). L’analyse de I’identifiabilité structurelle peut étre menée avec
différentes techniques, parmi lesquelles 1’algebre différentielle qui a été utilisé a plusieurs reprises
en épidémiologie (Eisenberg et al., 2013; Moulay et al., 2012). L’identifiabilité pratique, elle,
nécessite la confrontation a des données expérimentales et peut €tre étudiée a 1’aide de méthodes
de Monte Carlo (toutefois cofiteuses) ou a travers 1’étude des profils de vraisemblance. Miao
et al. (2011) détaillent également des méthodes en lien avec la sensibilité, qui s’intéressent
a I’identifiabilité liée a un jeu de parametres préalablement fixé ("at-a-point identifiability").
Egalement, dans cette perspective, Pant (2018) utilise les fonctions d’information de sensibilité
(information sensitivity functions, ISF). Elles permettent d’identifier les régions de la série
de données qui comportent le plus d’information sur la valeur des parameétres, de révéler les
corrélations potentielles entre eux, ou d’étudier comment 1’identifiabilité de chaque parametre
dépend de la qualité des données observées (en termes de bruit et de fréquence). Ces diagnostics
servent a indiquer quelles sont les données les plus importantes a collecter afin de mieux estimer
les modeles.

Dans le contexte bayésien, la notion d’identifiabilité est plus élusive (cf. discussion sur le

blog d’A. Gelman (Gelman, 2014)). On pourrait considérer qu’un mod¢le non-identifiable est un
modele dont la distribution a posteriori est impropre. Toutefois cette caractérisation, contradictoire
avec les prérequis de 'inférence bayésienne (B. Goodrich in Gelman (2014)), ne semble pas
assez opérationnelle pour analyser 1’éventail des difficultés rencontrées en pratique. De ce fait, la
documentation du logiciel d’inférence bayésienne STAN ({Stan Development Team}, 2017), plutot
que de parler d’identifiabilité, traite la question des "distributions a posteriori problématiques".
Celles-ci se décomposent en plusieurs catégories parmi lesquelles la colinéarité, les distributions
a posteriori plates et la multimodalité.
Dans le cas de la colinéarité, plusieurs parametres sont trés corrélés entre eux et impossible a
distinguer les uns des autres. Dans le cas des distributions marginales a posteriori plates, les
données n’ont pas apporté d’information sur le parametre considéré: pour ce parametre, toute
I’inférence repose sur la distribution a priori, dont la définition est alors tres influente sur les
résultats. Le cas de la multimodalité recouvre plusieurs situations. Certaines peuvent étre reliées
au probléme de non-identifiabilité structurelle, comme par exemple en présence d’échangeabilité
de labels. Dans d’autres situations, la multimodalité ne correspond pas a proprement parler a
une non-identifiabilité, car la distribution multimodale elle-méme est le résultat de 1’inférence.
Toutefois, ceci est a la source de deux types de problémes. D’une part, les méthodes d’inférence ne
sont souvent pas adaptées pour explorer convenablement une distribution fortement multimodale
(souvent, elles restent piégées dans un mode). D’autre part, I’estimation ponctuelle des parameétres
est moins aisée car les statistiques habituelles (moyenne, variance) reflétent mal les distributions
multimodales. La présence de multiples solutions rend plus difficile 1’interprétation des résultats
du modele et de ses potentielles prédictions.
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Plusieurs travaux ont étudié spécifiquement 1’identifiabilité des modeles épidémiologiques.

Dans le cadre d’un simple modele SIR avec forcage saisonnier dans lequel seuls les individus
infectés sont observés, Evans et al. (2002) indiquent qu’il n’est pas possible d’identifier a la fois la
taille de la population, le taux d’observation, le taux de transmission et les conditions initiales du
systeme. Toutefois, le modele est identifiable dés que I’une de ces quantités est connue. Plusieurs
analyses ont été menées dans des contextes plus appliqués, comme I’étude de modeles intra-hotes
pour le VIH (virus de I’immuno-déficience humaine) (Wu et al., 2008) ou sur différents modeles
de choléra (Eisenberg et al., 2013). Ces études permettent notamment d’identifier les parametres
sur lesquels concentrer les efforts de collecte de données.
Les modeles a transmission vectorielle sont également sujets a ces problémes. Leur identifiabilité
a été étudiée par plusieurs travaux, dont beaucoup sont cités par Kao and Eisenberg (2018).
Moulay et al. (2012); Shousheng et al. (2014) étudient a 1’aide de méthodes algébriques les
propriétés d’identifiabilité structurelle de modeles a transmission vectorielle pour le chikungunya,
qui incorporent les stades aquatiques du moustique, en supposant I’observation du nombre d’oeufs
ou de larves. Kao and Eisenberg (2018) en étudient de plus les propriétés d’identifiabilité pratique
sous différentes hypotheéses de données observées a ’aide de profils de vraisemblance : elles
indiquent que, si certains parametres ne sont pas identifiables individuellement, le nombre de
reproduction de base Ry est une combinaison de parameétres qui 1’est.

Face au probleme de I’identifiabilité, notamment de I’identifiabilité structurelle, la premiére
solution consiste a reparamétrer les modeles. C’est ce qui a été fait a de nombreuses reprises. Par
exemple, Pandey et al. (2013) proposent une reparamétrisation du modele de Ross-Macdonald,
en regroupant des combinaisons de parametres qui ne peuvent pas étre identifiées (c’est cette
version du modele de Ross-Macdonald qui a été utilisé a plusieurs reprises au cours des chapitres
précédents). Les nouveaux modeles ainsi obtenus sont alors estimables mais ils peuvent ne pas
suffire a répondre a toutes les questions épidémiologiques pour lesquelles ils ont été formulés. Par
exemple, Kao and Eisenberg (2018) signalent que certaines paramétrisations présentant la méme
adéquation aux données (et donc non identifiables) peuvent conduire a des conclusions différentes
concernant les scénarios de contrdle.

Une autre solution a ces problemes est donc d’incorporer d’autres sources d’information pour lever
les incertitudes présentes dans les données disponibles.

5.3.2 Incorporer d’autres sources d’information
Distributions a priori informatives

Les distributions a priori informatives sont particulierement adaptées pour incorporer une information
préalable et incertaine sur les parametres du modele. Elles peuvent étre construites a partir de
données de la littérature sur des grandeurs mesurables expérimentalement (durées d’infection,
durées de vie, etc.). Dans les chapitres précédents, les distributions a priori informatives ont été
utilisées a plusieurs reprises, notamment pour la proportion initiale d’individus susceptibles ou
les parametres liés au cycle de vie du vecteur. Certains parametres, comme la durée de vie du
moustique, étant particulierement influents sur les résultats du modele, il est donc décisif que les
mesures expérimentales soient précises et transposables au contexte étudié. En effet, si les éléments
comme la moyenne sont bien connus, parfois, la forme de la distribution ou sa dispersion le sont
moins. De plus, les données disponibles ont parfois été récoltées sur une autre zone géographique,
un autre pathogeéne, ou dans des contextes expérimentaux de laboratoire qui peuvent ne pas refléter
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la réalité du terrain.

Les distributions a priori peuvent également étre construites comme résultat d’estimations
préliminaires sur un autre jeu de données, par exemple pour un autre pathogéne proche sur la
région étudiée dans le cadre de modeles bayésiens hiérarchiques (Riou et al., 2018).

Combinaison de jeux de données

Les autres données peuvent également étre incorporées en tant qu’observations, en modifiant
I’expression de la vraisemblance du mode¢le. Chaque jeu de données comporte a les fois des
défauts et des informations spécifiques, et c’est la prise en compte de leur ensemble qui permet
de restreindre les zones d’incertitude, comme cela a pu étre illustré par de nombreux travaux,
comme par exemple Birrell et al. (2011); Rasmussen et al. (2011). La revue de Birrell et al.
(2018) présente différentes approches permettant d’incorporer différentes sources de données dans
les modeles épidémiologiques, qu’ils soient statistiques et mécanistes. De plus, cette perspective
bénéficie du développement de plateformes informatiques permettant de combiner et d’analyser
différentes formes de données simultanément (Jombart et al., 2014a,b). Dans notre cas, nous avons
incorporé plusieurs sources de données d’incidence, pour la comparaison de modeles de dengue
au Cambodge (chapitre 2), et des données d’incidence et de séroprévalence dans I’étude du virus
Zika dans le Pacifique (chapitre 4).

De Angelis et al. (2015) questionnent les enjeux méthodologiques liées a la combinaison de
plusieurs jeux de données. Tout d’abord, il n’est pas toujours évident de quantifier la contribution
relative des différentes sources de données dans la vraisemblance. En effet, le poids de chaque jeu de
données dépend a la fois du nombre d’observations disponibles et de I’ incertitude qui lui est associée
dans le modele d’observation. Le choix du modele d’observation le plus approprié en devient
d’autant plus important. De Angelis et al. (2015) évoquent également les biais systématiques
présents dans certains jeux de données (par exemple, les données internet) ainsi que 1’importance
d’une prise en compte explicite de ces biais dans 1’élaboration du modele.

De plus, si I’hypothese d’indépendance conditionnelle des différents jeux de données permet une
écriture factorielle simple de la vraisemblance et a été trés souvent utilisée, cette hypothése n’est
pas forcément appropriée dans toutes les situations (par exemple, quand les données de séquences
génétiques sont issues des mémes individus que les données d’incidence). De Angelis et al. (2015)
évoquent certaines pistes pour prendre en compte la dépendance entre les jeux de données.

Un autre probleme surgit lorsque le modele relatif a I’un des jeux de données est mal spécifié et
risque de contaminer I’ensemble de I’analyse, ce qui a notamment été étudié par Jacob et al. (2017).
Si I’on représente 1’ensemble des dépendances entre jeux de données et parametres sous forme
d’un graphe, plusieurs distributions-cibles peuvent étre formulées : il est possible de prendre en
compte toutes les dépendances simultanément (a posteriori complet), ou bien de considérer des
distributions "modulaires" qui restreignent la propagation de 1’information au sein du graphe (par
exemple, pour estimer certains parametres, seuls certains des jeux de données, et non tous, sont pris
en compte). Les auteurs indiquent des situations dans lesquelles ces distributions "modulaires"
s’averent préférables a 1’a posteriori complet et proposent une méthode pour choisir parmi ces
différentes formulations a partir des données.

De maniere générale, ces travaux soulignent I’'importance de disposer d’un cadre formel pour
I’intégration de données diverses et hétérogenes.
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Malgré ces nuances, qui sont autant de pistes de prolongements, la confrontation des modeles a
plusieurs jeux de données s’est révélée décisive dans ce travail de these. D’une part, elle a permis de
réduire les problemes d’identifiabilité et de mieux estimer des modeles complexes dans I’étude des
modeles de dengue a Kampong Cham. D’autre part, dans le cas des modeles de Zika, elle a permis
de révéler des situations de conflit entre les jeux de données (incidence et séroprévalence), une
notion également évoquée par De Angelis et al. (2015). Dans ce dernier exemple, la confrontation
aux différentes données observées permet de poser un regard critique sur les modeles et leurs
problémes de spécification. Remettre en cause les modeles et en construire de nouveaux a la
complexité croissante nécessite alors un cadre formel pour les comparer.

5.3.3 Comparer et questionner la structure du modele épidémiologique

Outre les méthodes fondées sur les critéres d’information ou les vérifications "posterior predictive",
une autre approche au probleme de comparaison de modeles dans le cadre bayésien est 1’ utilisation
du facteur de Bayes (Kass and Raftery, 1995). Afin de comparer deux hypothéses ayant pu générer
un jeu de données, on s’intéresse a la transformation permettant de passer du rapport de leurs
distributions a priori a celui de leurs distributions a posteriori, afin de quantifier la certitude en
faveur d’une hypotheése par rapport a I’autre. Ces facteurs ont néanmoins le défaut d’étre sensibles
au choix des distributions a priori dans chacun des mod¢les.

En pratique, ces facteurs, qui reposent sur 1’expression de la vraisemblance marginale, sont

souvent difficiles a calculer ; toutefois, de nombreuses méthodes existent. D’une part, certaines
méthodes permettent d’approximer la vraisemblance marginale (Kass and Raftery, 1995). Touloupou
etal. (2018) comparent plusieurs de ces méthodes sur des données épidémiologiques et en proposent
une nouvelle, qui permet de traiter les situations a variables latentes, fondée sur 1’importance
sampling. En particulier, Alzahrani et al. (2018) I'utilisent dans le cadre de modeles de séries
temporelles estimés par PMCMC.
D’autre part, certains algorithmes permettent de simuler le modéle dans 1’espace agrandi formé
de I'union des espaces de parametres de différents modeles (Gibson et al., 2018). A chaque
itération, un modele, puis ses parametres, sont échantillonnés et potentiellement acceptés ; ainsi,
la probabilité a posteriori d’un modele dépend de la proportion d’itérations pour lesquelles il a
été retenu. Pour cela, certains utilisent des méthodes de MCMC a sauts réversibles (RIMCMC),
la difficulté étant de trouver une densité de proposition permettant d’échantillonner efficacement
I’espace agrandi. Malgré les difficultés computationnelles, Gibson et al. (2018) citent deux
exemples ou cette méthode a été employée. Toni et al. (2009) utilisent, eux, la méthode ABC-SMC
pour approximer la distribution a posteriori de chaque modele, et I’appliquent a des systémes
déterministes et stochastiques en épidémiologie et en écologie (ils comparent notamment plusieurs
modeles épidémiologiques de grippe a la structure différente). Néanmoins, ils mentionnent eux
aussi la sensibilité de cette méthodologie aux distributions a priori, a la fois par la sensibilité
inhérente des facteurs de Bayes (Kass and Raftery, 1995), et par le risque d’un faible taux
d’acceptation pour les modeles dans lesquels les parametres sont échantillonnés dans une étendue
trop grande et donc treés souvent rejetés. Il signalent de plus la sensibilité du facteur de Bayes a
certains parametres de calibration de ’ABC-SMC (seuil de tolérance et fonction de perturbation).
Toutefois, de nombreuses extensions de I’ utilisation de ’ABC pour la sélection de modeles existent
(Pudlo et al., 2016). Récemment, O’Reilly et al. (2018) utilisent également des méthodes d’ABC
pour comparer des hypotheses sur les contacts entre les populations de leur modele spatial de Zika
en Amérique Latine.
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La encore, en plus des limitations méthodologiques dans la comparaison de modeles, une forte
limite pratique est souvent liée au fait que les données ne contiennent parfois pas 1’information
suffisante pour discriminer les modeles ("model distinguishability", Lee et al. (2017)). Ce probléme
est différent selon I’objectif sous-jacent au contexte de modélisation, qui peut €tre une meilleure
compréhension des mécanismes en jeu ou la mise en place de mesures de contréle (Koopman,
2004). Dans le premier cas, la question est de savoir si I’hypothese en jeu est nécessaire pour
expliquer les phénomenes observés, et I’absence de distinction entre deux modeles peut conduire a
privilégier le plus simple. Dans le second cas, la question est de savoir si ’hypothese en jeu a une
influence non seulement sur les données observées mais aussi pour prédire le futur ou des situations
contrefactuelles (scénarios de contrdle). Si les données observées ne suffisent pas a discriminer des
modeles aux prédictions divergentes, il est important de mettre en place des stratégies de prédiction
qui incorporent I’incertitude liée a la structure du modele.

L’incorporation des différentes formes de stochasticité dans le processus épidémiologique est
une étape importante dans cette prise en compte de I’incertitude. Toutefois, en plus de I’incertitude
inhérente & chaque modele, on peut également vouloir incorporer I’incertitude liée aux différentes
structures de modeles possibles. Dans le cas d’une comparaison entre plusieurs modeles, Kass
and Raftery (1995) détaillent dans leur revue des méthodes pour tenir compte de 1’ "incertitude du
modele". A chaque modele est associée une distribution a priori et, par le biais du facteur de Bayes,
une distribution a posteriori. Afin de prédire une quantité en tenant compte de I’incertitude de
modélisation, il est alors possible de construire une moyenne pondérée des prédictions des différents
modeles, le poids associé a chaque modele reflétant sa qualité de prédictions sur les données déja
observées. Raftery et al. (2005) adaptent cette méthodologie aux systémes dynamiques et ce
type d’approche a été utilisé par exemple par Viboud et al. (2018) pour combiner les prédictions
d’épidémies d’Ebola formulées indépendamment par différents groupes de recherche, dans le
cadre du challenge Ebola. Ce cadre d’analyse semble une perspective intéressante pour mieux
tenir compte de I’incertitude de modele dans les prédictions et I’étude de scénarios de controle.

Ainsi, I'intégration de nombreuses sources de données et de diverses formes de modélisation

souleve de nombreux défis méthodologiques et pratiques. Toutefois, elle constitue des pistes
prometteuses pour enrichir 1’analyse et la compréhension de la propagation des arboviroses.
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Appendix A

Annexe: Dengue modeling in rural
Cambodia: statistical performance
versus epidemiological relevance

A.1 Data and codes

The datasets and codes supporting this article are availableathttps: //github.com/clchampag/

KC-dengue.

A.2 Flowchart

NDSS

429 (3,8%)
> 14 years old

11,209 cases

between 2002 and
2015

10,780 cases
< 15 years old

163

DENFREE

2012: 4958 tests
I1C:1502/ Ol: 3456

2013: 6326 tests
1C:726/ Ol: 5600

2012 : 4689 (94,6%)
(3356 neg, 1333 NA)
2013: 5663 (89,5%)
neg

2012: 269 pcr
positive cases
(7 asympt.)
2013: 663 pcr
positive cases
(35 asympt.)

2012 :28 (10,4 %)
(25 > 14 ans, 3 NA)
2013: 61 (9,2%)

> 14 ans

2012: 241 cases
(5 asympt.)
2013: 602 cases
(28 asympt.)



https://github.com/clchampag/KC-dengue
https://github.com/clchampag/KC-dengue

APPENDIX A. ANNEXE: DENGUE MODELING IN RURAL CAMBODIA: STATISTICAL
PERFORMANCE VERSUS EPIDEMIOLOGICAL RELEVANCE

A.3 Convergence diagnosis
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Figure A.1 — Trace plots for the MCMC algorithm, with 100,000 iterations. MCMC chain associated
with the highest posterior. a) SEIR. b) Laneri. ¢) Pandey. d) SEIAR. e) SEIR2. f) SEIR2psi
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Figure A.2 — Correlation plots of the MCMC algorithm, with 100,000 iterations. MCMC chain
associated with the highest posterior. a) SEIR. b) Laneri. c) Pandey. d) SEIAR. e) SEIR2. f) SEIR2psi
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A.4 Effective reproduction number over time

A
2.5

2.0 SEIR
1.5 = |_aneri
1.0 = Pandey
0.5 — SEIAR

0.0 | ‘
2005 2010

2.5
2.0
1.5 Strain 1
1.0 === Strain 2
0.5

0.0 | |
2005 2010

2.5
2.0
1.5 Strain 1
1.0 === Strain 2
0.5

0.0 | |
2005 2010

Figure A.3 — Effective reproduction number over time. Median based on simulations without negative
binomial noise using parameters from the MCMC chain associated with the highest posterior, calculated
using both NDSS and DENFREE datasets. A. Single strain models (SEIR, Laneri and SEIAR are almost
overlapping). B. SEIR2 model. C. SEIR2psi model.
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A.5 Multimodality in multistrain models

Multistrain models are difficult to parameterize, in particular due to the high number of unknown
initial conditions. The adaptive MCMC estimation remains trapped in local maxima, and we
therefore explored the parameter space using the simplex algorithm over a latin hypercube sample
of 100,000 parameter sets. However, in some cases some local maxima are close to each other in
terms of likelihood and difficult to identify.

To illustrate this point, in Figure A.4 we display two parameter sets corresponding to different
initializations of the MCMC chain. The chains have similar marginal likelihoods (cf. overlapping
histograms in panels A) but differing estimated values, for example in terms of basic reproduction
number or observation rate for NDSS data (cf. non overlapping histograms in panels B, C and D),
highlighting the multimodal nature of the posterior distribution.

1A 1B 1C
0.15 90
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0.10 60
5
0.05 30
0.00 0 0
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2A 2B 2C 2D
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Figure A.4 — Posterior distributions of some parameters for two parameterization of the SEIR2 model.
Colors red and blue correspond to two differing parameterizations. The blue one is the one commented in
the main text. Panel 1 refers to the SEIR2 model, and panel 2 to the SEIR2psi model. A. Posterior values
(marginal likelihood multiplied by prior). B. Basic reproduction number Ry. C. Observation rate for NDSS
data. D. Interaction parameter ¢ in the SEIR2psi model.

Moreover, these two parameterizations lead to different trajectories that are both epidemiologically
coherent in terms of strain asynchrony and replacement (cf. Figures A.5 and A.6). Long term
serotype-specific case data and seroprevalence surveys would be crucial to estimate properly these
models.
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Figure A.5 — Simulated trajectories for two parameterizations of the SEIR2 model. Colors red and
blue correspond to two differing parameterizations. The blue one is the one commented in the main text.
A. Individuals infected with strain 1 (H;; + Hj»1). B. Individuals infected with strain 2 (H;, + Hyp2). C.
Individuals infected with any strain (Hyy + Hyo1 + Hyo + Hyp2). D. Proportion of susceptible individuals
with immunity to strain 1 (Hg;/N). E. Proportion of susceptible individuals with immunity to strain 2
(Hsz/N). E. Proportion of individuals susceptible to both strains (Hs/N).
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Figure A.6 — Simulated trajectories for two parameterizations of the SEIR2psi model. Colors red and
blue correspond to two differing parameterizations. The blue one is the one commented in the main text.
A. Individuals infected with strain 1 (H;; + Hj»1). B. Individuals infected with strain 2 (H;, + Hyp2). C.
Individuals infected with any strain (Hy; + Hy2; + Hyo + Hyj2). D. Proportion of susceptible individuals
with immunity to strain 1 (Hg;/N). E. Proportion of susceptible individuals with immunity to strain 2
(Hs2/N). F. Proportion of individuals susceptible to both strains (Hs/N).

Despite these differences, the estimated values, in terms of reproductive number, incidence
proportion and observation rate remain in the same order of magnitude as the other models (cf.
Table A.1).
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Model SEIR2 A SEIR2 B SEIR2psi A SEIR2psi B

nb parameters 11 11 12 12

nb observations 704 704 704 704
ESTIMATION SET

DIC 4492 4506 4446 4460

RMSE NDSS 25 (22-29) 23 (21-25) 21 (19-24) 24 (21-26)
RMSE DENFREE 23 (19-27) 24 (18-30) 25 (19-31) 22 (18-26)
TEST SET

RMSE 2014-2015 17 (13-22) 22 (17-28) 13 (10-16) 17 (13-22)
mean Ry median (95%CI) 1.45 (1.42-1.48) 1.99 (1.93-2.06) 2.47 (2.35-2.57) 1.77 (1.67-1.88)
max Ry median (95%CI) 2.29(2.23-2.35)  3.09 (2.98-3.21) 3.78(3.59-3.94) 2.77 (2.61-2.94)
W median (95%CI) 0.67 (0.62-0.73) 0.6 (0.53-0.69)
Hg(0)/N (%) median (95%CTI) 49 (45-56) 41 (35-45) 35 (30-38) 48 (42-55)
Hg(0)/N (%) median (95%CT) 22 (14-25) 14 (10-20) 14 (10-21) 18 (6-26)
Hg,(0)/N (%) median (95%CI) 27 (19-30) 4 (1-11) 4 (1-11) 22 (10-31)
Observation rate (%) median (95%CI) 11 (10-12) 7 (7-8) 7 (6-7) 9 (8-11)

Median annual incidence proportion

primary infection (%) median 2002-2015 (min-max) 6 (3-10) 13 (6-18) 14 (7-27) 7 (4-13)
secondary infection (%) median 2002-2015 (min-max) 3 (1-5) 7 (3-9) 7 (3-14) 4 (2-7)

mean Re strain 1 median (95%CI) 1.03 (1.02-1.03)  1.03 (1.02-1.03) 1.03 (1.02-1.03) 1.03 (1.02-1.03)
mean Re strain 2 median (95%CI) 1.04 (1.03-1.04) 1.02(1.02-1.03) 1.02 (1.02-1.03) 1.04 (1.03-1.04)
max Re strain 1 median (95%CI) 1.73 (1.69-1.77)  1.73 (1.7-1.77) ~ 1.74 (1.71-1.77)  1.69 (1.66-1.73)
max Re strain 2 median (95%CI) 1.72 (1.69-1.75)  1.72(1.67-1.76)  1.69 (1.65-1.73) 1.73 (1.7-1.76)

Table A.1 — Information criteria and epidemiological indicators, comparing two parameterizations
of multi-strain models. Models A refers to the ones with the best likelihood, described in the main text.
Models B refer to the alternative parameterizations coloured in red in Figures A.4, A.5 and A.6.
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Annexe: Comparison of stochastic and
deterministic frameworks in dengue
modeling

B.1 Model reactions

Here are the reactions describing the stochastic counterparts of all epidemiological models. The
description of parameters and notations can be found in the main text.

B.1.1 SEIR model

Reaction Effect Rate
Infection  (Hs, Hg, H;, HgR) = (Hs — 1, Hg + 1, Hy, HR) B(t)% <E(1)
Incubation (Hs, Hg, Hy, HgR) — (Hs, Hg — 1, Hy + 1, HR) o
Recovery  (Hs,Hg,Hj, Hg) — (Hs, Hg, Hy — 1, Hgr + 1) Y

Birth (Hs,Hg,H;,Hg) — (Hs + 1, Hg, Hy, HR) ugN

Age (Hs,Hg, Hy, HR) — (Hs — 1, Hg, Hy, HR) HH

Age (Hs, Hg, Hy, HR) — (Hs, Hg — 1, Hy, HR) HH

Age (Hs, Hg, Hy, Hr) — (Hs, Hg, Hy — 1, HR) HH

Age (Hs, Hg, Hy, Hr) — (Hs, Hg, Hi, Hr = 1) HH

Table B.1 — Reactions of the SEIR model. In the framework without environmental stochasticity,

£(@) = 1. When environmental stochasticity is added, &£(r) is a Gamma white noise with

infinitesimal variance s2.
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B.1.2 SEIR-vector model

Reaction Effect Rate
Infection (host)  (Hs, Hg, Hy, HR, Vs, VE, Vi) = (Hs — 1, Hg + 1, H;, Hg, Vs, VE, Vi) ,BH% SE()
Incubation (host) (Hs, Hg, Hy, Hg, Vs, Ve, V;) > (Hs, Hg — 1, H; + 1, Hg, Vs, Vg, Vi) loa
Recovery (host)  (Hs, Hg, Hy, HR, Vs, Ve, Vi) = (Hs, Hg, H — 1, Hr + 1, Vs, VE, Vi) Y
Birth (host) (Hs,Hg,Hy, HR, Vs, VE, Vi) > (Hs + 1, Hg, Hy, HR, Vs, Vg, Vi) 1N
Age (host) (Hs, Hg, Hy, HR, Vs, VE, Vi) — (Hs — 1, Hg, Hy, HR, Vs, Vi, Vi) HH
Age (host) (Hs, Hg, Hy, HR, Vs, Ve, V1) = (Hs, Hg — 1, Hy, HR, Vs, VE, VI) HH
Age (host) (Hs, Hg, Hy, HR, Vs, Ve, Vi) = (Hs, Hg, Hy — 1, HR, Vs, VE, Vi) HH
Age (host) (Hs, Hg, Hy, HR, Vs, Vg, Vi) = (Hs, Hg, Hi, Hr = 1, Vs, Ve, Vi) HH
Infection (vector) (Hs,Hg,Hy, Hg, Vs, VE, Vi) = (Hs, Hg, H;, Hg, Vs — L VE + 1,V;) By (t)(H’TJ";)
EIP (vector) (Hs,Hg,H;, Hg, Vs, Vg, Vi) > (Hs, Hg, H;, HR, Vs, Vg — 1,V; + 1) T
Birth (vector) (Hs,Hg,H;,HR, Vs, Vg, Vi) — (Hs, Hg, H;, HR, Vs + 1, Vg, V) uyV
Death (vector) (Hs, Hg, Hy, HR, Vs, VE, Vi) = (Hs, Hg, Hy, HR, Vs — 1, VE, Vi) Hv
Death (vector) (Hs,Hg,H;,HR, Vs, Ve, Vi) — (Hs, Hg, H;, Hg, Vs, Vg — 1, V) Uy
Death (vector) (Hs,Hg,H;, HR, Vs, VE, Vi) = (Hs, HE, Hy, HR, Vs, VE, VI — 1) Uy

Table B.2 — Reactions of the SEIR-vector model. In the framework without environmental
stochasticity, £(r) = 1. When environmental stochasticity is added, £(¢) is a Gamma white noise
with infinitesimal variance s%. V = Vg + Vg + V.

B.1.3 Laneri model

Reaction Effect Rate
Infection (host) (Hs,Hg,H;,Hg, k', 1"y - (Hs — 1, Hg + 1, H;, Hg, k', 1) A-E(1)
Incubation (host)  (Hs, Hg, H;, Hg, k', ") = (Hs, Hg — 1, Hy + 1, Hg, k', 1’) o
Recovery (host) (Hs,Hg,Hy, Hg, k', ') > (Hs, Hg, Hf — 1, Hg + 1, k', ') 0%
Birth (host) (Hs,Hg,Hy, HR, k', A’) > (Hs + 1,Hg, H;, Hg, k', ") ug N
Age (host) (Hs,Hg,Hy, Hg, k', A’) > (Hs — 1,Hg, H;, Hg, k', A7) Uy
Age (host) (Hs,Hg,H;, Hg, k', ') —» (Hs,Hg — 1, Hy, Hg, k', 1") UEH
Age (host) (Hs,Hg,H;, Hg, k', ') —» (Hs,Hg,H; — 1, Hg, k', 1") UH
Age (host) (Hs,Hg,H;,Hg, k', A’) > (Hs,Hg,H;, Hg — 1, k", ") UH
"Infection" (vector) (Hs,Hg,Hy, Hg, k', A") = (Hs, Hg, Hy, Hg, k" + 1, 1) B()2(Hy + )T
EIP (vector) (Hs,Hg,H;,Hg, k', 1") —» (Hs,Hg, Hy, Hg, k' — 1,1’ + 1) 2T
"Death" (vector) (Hs,Hg,H;,Hg, k', ") —» (Hs,Hg,H;, Hg, k', 1’ — 1) 2T

Table B.3 — Reactions of the Laneri model. In the framework without environmental stochasticity,
&£(t) = 1. The quantities k” = akx and 1’ = aA are used. When environmental stochasticity is
added, £(7) is a Gamma white noise with infinitesimal variance 5.
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B.1.4 SEIAR model

Reaction Effect Rate
Infection (Hs, Hg, Hy, Ha, Hy, HR) — (Hs — |, Hp + 1, H, Ha, Hy, Hg) - B(r) 2 HAtHn®0 g (p)
Incubation, asymptomatic (Hs,Hg,H;,Hx,Hy, HRr) — (Hs,Hg — 1,H;,Hs + 1, Hy, HR) PAT
Incubation, hospital (Hs,Hg,H;,Hx,Hy, HRr) — (Hs,Hg — 1, H;, Hs, Hy + 1, HR) pa(l1 —pa)o
Incubation, symptomatic (Hs,Hg,H;, Ha,Hyg, HRr) — (Hs, Hg — 1, H; + 1, Ha, Hy, HR) (1 -pg)(1=pa)o
End of infectiousness (asymptomatic) (Hs, Hg, H;, Ha, Hg, Hr) — (Hs, Hg, Hj, Hs — 1, Hy, Hg + 1) Y
Recovery, hospital (Hs,Hg,H;,Hx,Hy,HR) — (Hs,Hg, H;, Ho,Hy — 1, Hg + 1) Y
Recovery, symptomatic (Hs,Hg,H;,Hp, Hy, HR) — (Hs, Hg, Hy — 1, Hs, Hy, Hr + 1) Y
Birth (Hs,Hg,Hy,Ha,Hy, HR) — (Hs + 1, Hg, Hy, Ha, Hy, HR) uaN
Age (Hs,Hg, Hy, Ha, Hy, HR) — (Hs — 1, Hg, Hy, Ha, Hy, HR) HH
Age (Hs,Hg, Hy, Ha, Hy, HR) — (Hs, Hg — 1, Hy, Ha, Hy, HR) HH
Age (Hs,Hg, Hy, Ha, Hy, HR) — (Hs, Hg, Hy, Ha — 1, Hy, HR) HH
Age (Hs, Hg, Hy, Ha, Hy, HR) — (Hs, Hg, Hy, Ha, Hy — 1, HR) HH
Age (Hs,Hg, Hy, Ho, Hy, HR) — (Hs, Hg, Hp — 1, Hs, Hy, HR) HH
Age (Hs, Hg, Hy, Ha, Hy, HR) — (Hs, Hg, Hy, Ho, Hy, Hr — 1) HH

Table B.4 — Reactions of the SEIAR model. In the framework without environmental stochasticity,
&(t) = 1. When environmental stochasticity is added, £(¢) is a Gamma white noise with infinitesimal
variance 5.
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B.1.5 SEIR2 model

Reaction Effect Rate
Ist infection (Hs, Hg1, Hy1, Hs1, Heo, Hio, Hso, He12, Hi2, He21, Hioi, HR) ﬂ(ﬂw &)
withstrain 1~ — (Hs — 1, Hgy + 1, Hyy, Hsy, Hg2, Hy2, Hs, HE 12, Hy12, HE21, Hy21, HR)

Incubation (Hs, Hg1, Hy1, Hs1, HE2, Hpo, Hso, Hg12, Hr12, HE21, Hp21, HR) o
strain 1 — (Hs,Hg1 — 1,Hyy + 1, Hgy, Hia, Hy2, Hs2, HE 12, Hy12, HE21, Hp1, HR)

Recovery (Hs, Hg1, Hy1, Hs1, HE2, Hpo, Hso, Hg12, Hr12, HE21, Hr21, HR) Y
strain 1 — (Hs,Hg1, Hpy — 1, Hsy + 1, Hga, Hr2, Hso, HE12, Hr12, HE21, Hp21, HR)

2nd infection (Hs, Hg1, Hyt, Hs1, He2, Hio, Hso, He 12, Hiio, He21, Hioi, HR) Bt HHeto: . g (1)
withstrain 2 — (Hs, Hg1, Hii, Hs1 — 1, Heo, Hio, Hso, He12 + 1, Hio, He21, Hioi, HR)

Incubation (Hs, Hg1, Hy1, Hs1, HEa, Hpo, Hso, Hg12, Hr12, HE21, Hp21, HR) o
strain 2 — (Hs, Hgy, Hy1, Hs1, Hg2, Hpo, Hso, He12 — 1, Hpio + 1, Heoy, Hpzt, HR)

Recovery (Hs, Hg1, Hy1, Hs1, HE2, Hpo, Hso, He12, Hr12, HE21, Hr21, HR) Y
strain 2 — (Hs, Hg1, Hy1, Hs1, HE2, Hro, Hso, He12, Hrio — 1, Heo1, Hyp1, Hr +1)

, ) Hip+ Hy1p+6
Ist infection (Hs, Hgy, Hy1, Hs1, Hga, Hpo, Hso, He12, Hp12, HE21, Hi21, HR) ﬂ(ﬂ%’lzm“ -6 (1)
with strain2  — (Hs — 1, Hgy1, Hy1, Hs1, Hgo + 1, Hyp, Hso, HE 12, Hy12, HE21, Hp21, HR)

Incubation (Hs, Hg1, Hy1, Hs1, HEa, Hpo, Hso, He12, Hr12, HE21, Hp21, HR) foa
strain 2 — (Hs,Hgy, Hy1, Hs1, Hgy — 1, Hpy + 1, Hgo, Hg12, Hr12, HE21, Hp21, HR)

Recovery (Hs, Hg1, Hpv, Hsy, Hia, Hyp, Hso, He 12, Hy12, HE21, Hy21, HR) Y
strain 2 — (Hs,Hg1, Hpy, Hs1, Hg2, Hrp — 1, Hso + 1, He12, Hr12, HE21, Hp21, HR)

2nd infection (Hs, Hg1, Hpy, Hsy, Hia, Hyp, Hso, He 12, Hy12, HE21, Hy21, HR) ﬁ(ﬂw <&1(1)
with strain 1~ — (Hs, Hg1, Hj1, Hs1, Hgp, Hpo, Hso — 1, Hg12, Hy12, Heo1 + 1, Hpot, HR)

Incubation (Hs, Hg1, Hpv, Hst, Hia, Hpp, Hso, He12, Hi12, HE21, Hp21, HR) o
strain 1 — (Hs, Hgy, Hy1, Hs1, HEa, Hpo, Hso, HE12, Hy12, HE21 — 1, Hyp1 + 1, HR)

Recovery (Hs, Hg1, Hy1, Hs1, HE2, Hpo, Hso, Hg12, Hr12, HE21, Hp21, HR) Y
strain 1 — (Hs, Hgy, Hy1, Hs1, HE2, Hpo, Hso, H12, Hr12, HE21, Hp21 — 1, HR + 1)

Birth (Hs, Hg1, Hpy, Hs1, Hia, Hyp, Hso, HE 12, Hy12, HE21, Hy21, HR) HUHN
— (Hs + 1, Hg1, Hp1, Hs1, He2, Hpo, Hso, Hg12, Hr12, H21, Hr21, HR)

Age (Hs, Hg1, Hy, Hsy, Hio, Hyp, Hso, HE12, Hy1o, HE21, Hpo1, HR) HH
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— (Hs — 1,Hg1, Hy1, Hs1, Heo, Hy, Hsy, Hi12, Hyv2, Heo1, Hpo1, HR)

Age (Hg, Hg1, Hpv, Hst, Hia, Hpp, Hso, He12, Hi1o, HE21, Hpo1, HR) UH
— (Hs,Hg1 — 1, Hy1, Hs1, Heo, Hp, Hsy, Hg12, Hiv2, He21, Hpo1, HR)

Age (Hs, Hg1, Hy1, Hs1, HEa, Hpo, Hso, Hg12, Hr12, HE21, Hp1, HR) HH
— (Hs,Hg1, Hpy — 1, Hs1, HEa, Hpo, Hso, Hg 12, Hr12, He21, Hpo1, HR)

Age (Hs, Hg1, Hpy, Hsy, Hia, Hyp, Hso, HE 12, Hy12, HE21, Hy21, HR) HH
— (Hs,Hg1, Hyy, Hsy — 1, Hga, Hyo, Hs, He12, Hyv2, He21, Hi21, HR)

Age (Hs, Hg1, Hyy, Hsy, Hia, Hyp, Hso, He 12, Hy12, HE21, Hyp21, HR) HH
— (Hs, Hg1, Hp1, Hs1, Hgy — 1, Hpo, Hso, Hi 12, Hr12, He21, Hro1, HR)

Age (Hs, Hg1, Hpy, Hsy, Hia, Hyp, Hso, HE12, Hp12, HE21, Hpo1, HR) HH
— (Hs,Hg1, Hyy, Hs1, Hgp, Hyp — 1, Hsy, Hi12, Hyv2, He21, Hpo1, HR)

Age (Hs, Hg1, Hpv, Hst, Hia, Hpy, Hso, HE12, Hi1o, HE21, Hpo1, HR) HH
— (Hs, Hg1, Hp1, Hs1, Hgp, Hyo, Hgo — 1, Hg12, Hyv2, He21, Hpo1, HR)

Age (Hs, Hgy, Hy1, Hs1, HEa, Hpo, Hso, He12, Hr12, HE21, Hp1, HR) HH
— (Hs, Hg1, Hy1, Hs1, HEo, Hpo, Hso, HE12 — 1, Hr12, Hg21, Hi21, HR)

Age (Hs, Hg1, Hpv, Hsy, Hia, Hyp, Hso, He 12, Hy12, HE21, Hy21, HR) HH
— (Hs,Hg1, Hyy, Hs1, Hga, Hyo, Hso, Hi 12, Hpi2 — 1, He21, Hy21, HR)

Age (Hs, Hg1, Hyy, Hsy, Hia, Hyp, Hso, HE 12, Hy12, HE21, Hp21, HR) HH
— (Hs,Hg1, Hyy, Hs1, Hgp, Hyo, Hgo, Hi 12, Hy12, Hgp1 — 1, Hypo1, HR)

Age (Hs, Hg1, Hpv, Hst, Hia, Hyp, Hso, HE 12, Hp1o, HE21, Hpo1, HR) UH
— (Hs, Hg1, Hy1, Hs1, Hgp, Hyo, Hgo, HE12, Hp12, HE21, H1 — 1, HR)

Age (Hs, Hg1, Hpv, Hst, Hia, Hpp, Hso, He12, Hi12, HE21, Hpo1, HR) HH
— (Hs, Hg1, Hp1, Hs1, Hga, Hyo, Hso, HE12, Hr12, HE21, Hp21, HR — 1)

Table B.5 — Reactions of the SEIR2 model. In the framework without environmental stochasticity,
&1(t) = & () = 1. When environmental stochasticity is added, &;(¢) and &, (¢) are Gamma white noises

with infinitesimal variance sZ.
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B.2 Values for fixed initial conditions

Model ‘ HS (0) HE(O) H[ (0) HH (0) HA (0)

SEIR 72,853 30 9

Laneri 73,432 11 9
SEIR-vector | 56,517 13 10 . .
SEIAR 73,875 29 6 1 1

MOdel‘Hs(O) Hgi1(0)  Hs(0) Hp(0) Hpp(0)  Hppi(0)  Hypp(0)  Hgi(0)  Hps(0)  Hes(0)  Hgi(0)

SEIR2 ‘ 51,480 19,919 28,821 5 8 3 3 16 26 9 10

Table B.6 — Initial conditions for the date 2011-12-26. These values are obtained using a deterministic
model estimated by MCMC on 14 years of NDSS data and the two-year DENFREE data (Champagne et al.,
2018).
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B.3 Convergence diagnosis

B.3.1 Trace plots
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Figure B.1 — Trace plots in deterministic framework. Trace plots for the MCMC algorithm, with
100,000 iterations. a) SEIR. b) Laneri. ¢) SEIR-vector. d) SEIAR. e¢) SEIR2
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Figure B.2 — Trace plots in stochastic framework. Trace plots for the adaptative PMCMC
algorithm, with 50,000 iterations and 10,000 particles. a) SEIR. b) Laneri. c) SEIR-vector. d)
SEIAR. e) SEIR2.
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Figure B.3 — Trace plots in stochastic framework with white noise on the infection reaction.
Trace plots for the adaptative PMCMC algorithm, with 50,000 iterations and 10,000 particles. a)
SEIR. b) Laneri. c¢) SEIR-vector. d) SEIAR. e) SEIR2.
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Figure B.4 — Posterior distributions. Posterior distributions in the five models for the remaining
parameters. Red: deterministic case. Light blue: stochastic case with demographic stochasticity only. Dark
blue: stochastic case with demographic and environmental stochasticity. Informative prior distributions
are represented with a plain black line. A. SEIR model. B. Laneri model. C. SEIR-vector model. D.
SEIAR model. E. SEIR2 model. Parameters : 1. amplitude of seasonality b , 2. phase of seasonality p ,
3. duration of infectiousness for human host y‘l , 4. incubation period in human host o1, 5. incubation
period in the vector 7~!, 6. initial number of vectors L(0) in Laneri model, and V; (0) SEIR-vector models
(histogram for the stochastic case with demographic stochasticity only is presented separately in C.6b for
appropriate scaling), 7. transmission parameter from host to vector By (histogram for the stochastic case
with demographic stochasticity only is presented separately in C.7b for appropriate scaling), 8. mosquito
lifespan u~', 9. Mean T}, 10. Max Tj, 11. proportion of asymptomatic infections p4.

B.S Information criteria, using absolute error

S S K
1 1 1 i
MAE NDSS = — E MAE NDSS = — E — E simyg _ (°bs

s=1

S S K
mean MAE DENFREE = % MAE DENFREE, = % D % D ICHe (k) - s o)
s=1 s=1 k=1
Model SEIR Laneri SEIR-vector SEIAR SEIR2
nb observations 247 247 247 286 286
DETERMINISTIC
nb parameters 8 10 12 9 8
log-likelihood -758 -756 -751 -817 -848
DIC 1529 1528 1529 1647 1712
mean MAE NDSS 9.6 9.8 9.3 9.9 9.4
mean MAE DENFREE 17.8 18.7 19.9 17.4 21.9
STOCHASTIC (demographic)
nb parameters 8 10 12 9 8
log-likelihood -733 -731 -719 -789 -800
DIC 1481 1480 1460 1598 1620
mean MAE NDSS 10.7 12.7 16.5 10.5 12.2
mean MAE DENFREE 18.2 20.2 22.1 17.8 17.9
STOCHASTIC (demographic + environmental)
nb parameters 9 11 13 10 9
log-likelihood -706 =708 -709 -760 -771
DIC 1427 1435 1440 1536 1558
mean MAE NDSS 17.4 154 134 16.8 21.6
mean MAE DENFREE 244 229 18.6 22.8 233
White noise SD s (median + %95 CI) 25(1.8-34) 1.7(1.2-2.1) 19(1.5-24) | 22(1.5-3.1) | 3.6(2.6-4.8)

Table B.7 — Information criteria. Information criteria for the five models in the three frameworks.
When environmental stochasticity is included, the median and credible intervals for the infinitesimal
standard deviation are indicated.
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Abstract

The spread of disease through human populations is complex. The characteristics of dis-
ease propagation evolve with time, as a result of a multitude of environmental and anthropic
factors, this non-stationarity is a key factor in this huge complexity. In the absence of appro-
priate external data sources, to correctly describe the disease propagation, we explore a
flexible approach, based on stochastic models for the disease dynamics, and on diffusion
processes for the parameter dynamics. Using such a diffusion process has the advantage
of not requiring a specific mathematical function for the parameter dynamics. Coupled with
particle MCMC, this approach allows us to reconstruct the time evolution of some key
parameters (average transmission rate for instance). Thus, by capturing the time-varying
nature of the different mechanisms involved in disease propagation, the epidemic can be
described. Firstly we demonstrate the efficiency of this methodology on a toy model, where
the parameters and the observation process are known. Applied then to real datasets, our
methodology is able, based solely on simple stochastic models, to reconstruct complex epi-
demics, such as flu or dengue, over long time periods. Hence we demonstrate that time-
varying parameters can improve the accuracy of model performances, and we suggest that
our methodology can be used as a first step towards a better understanding of a complex
epidemic, in situation where data is limited and/or uncertain.

Author summary

As our world becomes more and more globalized, infectious disease poses an ever-
increasing threat to human health. The multitude of environmental and behavioral fac-
tors, which account for the spread of infectious diseases, are ever-evolving and thus infec-

tious diseases propagation is complex.
In the face of this complexity, mathematical models offer valuable tools to study the

dynamics of epidemic diseases. Developing adequate statistical and mathematical tools,
that take account of the time-varying nature of the different mechanisms responsible for
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that no competing interests exist. disease propagation, remains a major challenge. To take this increasingly important aspect
into consideration, we propose a flexible methodology that encompasses time-varying
aspects of the epidemic. It does this via diffusion process equations for time-varying
parameters. Considering the relative paucity of available data, our principal assertion is
that it is preferable to use this flexible framework with time-varying parameters, that
tracks epidemiological patterns, and updates the key parameters according to data, than
to use a more complex model.

Introduction

Our world constantly faces the threat of emerging and re-emerging diseases and it has been
shown that this has intensified over the past 50 years. This intensification is due, in part, to cli-
mate change, urbanization and globalization [1] meaning that infectious diseases remain a
constant and unpredictable threat to human health.

Numerous factors contribute to the propagation of an infectious disease. These include
increased human connectivity, limited availability of economic resources for adequate inter-
vention, increasing antimicrobial resistance, evolution of the dominant strains and increasing
parasite and vector resistance to the most widely used drugs and insecticides, etc. A key factor
in this huge complexity is non-stationarity [2], meaning that the characteristics of the dynam-
ical epidemiological processes evolve with time. Thus, the mechanisms of transmission are
uncertain, making it difficult to obtain quantitative predictions. One of the classic aspects of
non-stationarity, is the seasonality of epidemiological dynamics, linked to environment and
climate [3-4] but the environmental variability can shape the disease propagation in unfore-
seeable ways on small and large spatial scales [5-8]. Intervention and control may also modify
the course of an epidemic. A less well-described but equally important cause of non-stationar-
ity is linked to social cycles, e.g. school terms, religious holidays and agricultural cycles [9-13].
Research increasingly focuses on the effect of behavioral change in the presence of epidemio-
logical risk as a source of non-stationarity [14-16]. Societal responses and changing human
behavior play an important role in our connected society. Thus, during an epidemic, depend-
ing on the availability of information on the disease, people exhibit a variety of behaviors
including anxiety and social distancing that might greatly influence the course of an epidemic.

For all of the above reasons, the spread of pathogens through human populations can be
complex and hard to predict. In the face of this complexity, mathematical models offer valu-
able tools to study the dynamics of epidemic diseases, in order to synthesize information to
understand observed epidemiological patterns and to test different hypothesis on the underly-
ing key mechanisms [17]. Moreover, mathematical models play a crucial role in infectious dis-
ease prevention by assessing the impact of different control measures, e.g. vaccination
strategies [18-19].

Nonetheless, there are very few, if indeed any, cases where modelers can access all the nec-
essary information to reliably predict the course of an epidemic. This is particularly the case
when we consider the non-stationarity features of epidemics and their transient nature poses a
challenging problem for modeling. Further to this, different hypothesis must be formulated. In
the case of influenza, for example, some researchers have suggested using a quantitative rela-
tionship between climatic variables and the effective transmission rate [20]. Another recent
example illustrates non-stationarity in epidemiology. Between November 2010 and February
2011, despite a low level of population susceptibility, an unexpected third wave of infection
by the HIN1pdm09 pandemic virus was observed in the United Kingdom. Using a
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compartmental mathematical model of influenza transmission, this third wave was explained,
by a substantial increase in the transmissibility of the HIN1pdm09 virus [21]. It has been pro-
posed that this modification of the transmissibility was caused by the virus evolution with a
better adaptation to the human host, or by climatic factors, namely the very cold weather expe-
rienced in the United Kingdom at that time, or by a combination of these factors [21].

To tackle the problem of non-stationarity in epidemiology, some approaches use a linear
function to reconstruct the effective reproduction number (average number of secondary
cases per primary case, R.g). Wallinga and Teunis [22] proposed a generic method that
requires only case incidence data and the distribution of the serial interval (the time between
the onset of symptoms in a primary case and the onset of symptoms of secondary cases) to esti-
mate Rgover the course of an epidemic. This approach has been improved by numerous
authors and applied to real time estimation of R [23-25]. Other authors estimated using
mathematical models R for each season [26,27]. To calculate the time-varying infection rate
the reconstructed time series of R, derived from the notification data can be used [28].

However, the time evolution of R,;by definition depends not only on the time evolution of
the epidemiological parameters but also on the number of susceptibles. More complex
approaches have therefore been proposed. These approaches use semi-mechanistic models
that incorporate the known compartmental structure of disease transmission but do not spec-
ify the form of the transmission rate equation that is estimated based on the data. In an early
paper, the force of infection is estimated by neuronal network or kernel regression [29]. Now
it is more common to use B-spline [30-33]. An alternative approach is to use diffusion models
driven by fractional Brownian motion to model time-varying parameter of major epidemio-
logical significance [34-36]. The models developed assign diffusion processes to the time-vary-
ing parameters embedded in a state-space framework. With the Kalman filter, the time-
evolution of some key parameters (average transmission rate, mean incubation rate, and basic
reproduction rate) were estimated during the course of the HIV/AIDS epidemics in the Paris
region [34-35]. Dureau et al. [36] generalized this approach using a Bayesian framework with
an adjusted adaptive particle Markov chain Monte Carlo algorithm (PMCMC), but only
applied to the transmission rate, for short epidemics, with application to the 2009 pandemic
flu. Very recently, an algorithm relying on robustly estimating the time-varying infection rate,
based on the method of the unknown input observers from control theory, has been proposed
[37]. Similarly, an approach for the reconstruction of time-dependent transmission rates, by
projecting onto a finite subspace, spanned by Legendre polynomials, has been introduced [38].

In our previous works [34-36], we have introduced an approach for reconstructing the
time evolution of some key parameters with just the weak hypothesis according to which they
follow a basic stochastic process. The parameter time evolution is estimated solely based on
observations of the incidence or the prevalence. Here, we propose to expand this approach to
recurrent epidemics over time periods longer than just one season. The underlying idea of this
approach is to capture unknown influences by considering time-varying parameters. As with
other semi-mechanistic approaches, the key advantage of this approach, for the parameter
dynamics, is that it is data-driven, and thus the shape of change does not need to be specified
beforehand. We applied our framework both to a toy model, where parameters and observa-
tion process are known, and to two real data sets. This allows us to demonstrate that this data-
driven approach is very effective for tackling the non-stationarity of recurrent epidemics, even
with long time series. It has other benefits too. For instance, with limited access to information,
it can capture unknown influences. By so doing, and by analyzing the parameter time evolu-
tion, this framework allows a more thorough analysis of the different influences, facilitating
their introduction in more complex models with pertinent hypotheses based on observations.
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Models with time-varying parameters

Our approach is based on three main components: an epidemiological model embedded in a
state-space framework, a diffusion process for each time-varying parameter and an up-to-date
Bayesian inference technique based on adaptive PMCMC.

The main advantage of the state-space framework is the use of two sets of equations, the
first set describes the propagation of the disease in the population and the second is for the
observation process. This allows for consideration of unknowns and uncertainty both in the
epidemiological mechanisms and in the partial observation of the disease:

{ x(t) = g(t, x(t),0'(t), u(t))
y(O)lx(t) ~ f(h(x(1), (1)

The first equation is for the epidemiological model, with x(t) representing the state variables
(for instance, S(¢) the susceptibles, I(t) the infectious and R(t) the removed for the classical SIR
model) and 0'(¢) the epidemiological parameters. The second is the observational process
defined by probabilistic law fand a reporting rate on transformation of some state variable
h(x(t)) because we may not be able to directly measure all state variables but just some or a
function of them. In these equations, y(f) are partial observations of x(¢), u(f) is the process
noise describing different form of stochasticity and the observational noise is included in f. In
our applications, h(x(t)) will be the cumulative sum of new cases over the observation time
step, that is generally the quantity observed by Public Health systems.

Considering the time-varying parameters 0(t) as a subset of 6'(¢), we make the assumption
that they evolve more or less randomly and do not follow a defined mathematical function. In

(1)

the absence of prior information the use of diffusion motion allows us to impose few restric-
tions on the evolution of 0(). We consider that they follow a continuous diffusion process (a
discrete diffusion process was used in [35]):

do(t) = adB(t)
or (2)
dlog(0(t)) = odB(¢)

where o is the volatility of the Brownian process (dB(t)) and will be estimated during the fitting
process. The use of a Brownian process can be viewed as a weak hypothesis for the imposed
motion of 6(¢) and the volatility o being a regularized factor. Intuitively, the higher the values
of o the larger the changes in 0(f). The logarithm transformation avoids negative values which
have no biological meaning. When prior knowledge on 0(t) is available this Brownian process
can be modified to account for a drift in (2) (see [36]).

For the time-varying parameter, we focus on the parameter of the force of infection classi-
cally defined as:

(3)

with f(#) the transmission rate usually defined by a sinusoidal function. The control or the
behavior modification can also be taken into account:

(™).t

i) = B). -

(4)

£'(¢) describe the clustering of the population [39,40] but can also describe a reduction in
the population due to voluntary avoidance behavior or social distancing. However due to the
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absence of structural identifiability properties [41, 42] it should be very difficult to estimate
simultaneously both j(t) and ().

For model estimation we use Bayesian methods, coupling particle filter and MCMC for par-
tially observed stochastic non-linear systems [36,43] (see Methods). The implementation pro-
vided in SSM software [36] is used.

Results

Reconstructing dynamics and time-varying parameter for a toy SIRS model

We start our demonstration by showing that it is possible to reconstruct both the trajectory of
a SIRS model (SIRS stands for Susceptibles, Infectious, Removed and Susceptibles again) and
that of the sinusoidal transmission rate. In this example, the trajectory of each variable has
been simulated with a model for which all the parameters were known. Moreover we also
knew the observation process that has generated the data, a Poisson law for the incidence with
an observation rate equal to 1. Fig 1 displays the reconstructed trajectories of both the

T

A
200 ]

Incidence

2000 2001 2002 2003

O 1 1

2000 2001 2002 2003
Year

Fig 1. Reconstruction of both the incidence (A) and the time evolution 3(¢) (B) for the SIRS model. In (A) the black
points are observations generated with a Poisson process with a mean equal to the incidence simulated by the model.
In (B) the black points are the true values of B(t) = B,.(1 + f; sin(2m t/365+2mn¢)). The blue lines are the median of the
posterior, the mauve areas are the 50% Credible Intervals (CI) and the light blue areas the 95% CI. For all the figures,
the observation process is also applied to the inferred incidence trajectory. The time unit of the model is day, the initial
date is arbitrary (2000-01-09) and parameters used for the SIRS model are as follows: u = 1/(50%365), e = 1/(7%365),y =
1/14, By = 0.65, ; = 0.4, ¢ = -0.2, p = 1, N = 10000, S(0) = 600, I(0) = 30. The prior and posterior distributions of the
inferred parameters are in S1 Fig.

https://doi.org/10.1371/journal.pcbi.1006211.9001
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Fig 2. Simulation of the STRS model: (A) Susceptibles; (B) Infectious; (C) Time evolution of both Rand B(t). In (A)
and (B) the black lines are the true values, the blue lines are the median of the posterior, the mauve areas are the 50%
CI and the light blue areas the 95% CI. In (A) and (B) the susceptibles and infectious trajectories with a modification of
10% of the value of $(0), 1(0) and B(t) have been added to show the weak sensitivity of the SIRS model to these values.
In (C) the black line is the true values of R,z the blue line is the median of the posterior, and the dashed lines the 95%
CI of R, the red dot line is the true time evolution of A(¢) and the red line the median of its posterior. Model
parameters as in Fig 1: The time unit of the model is day, the initial date is arbitrary (2000-01-09) and parameters used
for the SIRS model are the following: y = 1/(50%365), a0 = 1/(7%365),y = 1/14, B = 0.65, 8, = 0.4, ¢ = -0.2,p =1,

N = 10000, S(0) = 600, I(0) = 30.

https://doi.org/10.1371/journal.pcbi.1006211.g002

incidence and the transmission rate highlighting the potential of the method. The parameter
estimations are in perfect agreement with the values used to generate the observations and the
estimation process has correctly converged (S1 and S2 Figs). This clearly demonstrates the fea-
sibility of accurately ascertaining the time evolution of the transmission rate and correctly esti-
mating the R 4 (see Fig 2). It is worth emphasizing that the STRS model is a complicated
example for different reasons. First, even with a constant transmission rate the SIRS model can
generate oscillations (damped oscillations, see [17,44]). Secondly, the model trajectories are
not very sensitive, a modification of + 10% can induce minor modifications of the trajectories
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that are inside or near the 95% CI of our inferences (Fig 2). Moreover in this example we have
used initial conditions outside the attractor of the dynamics to generate transients that appear
more realistic for real applications, but are more complex to reconstruct. The robustness of
our approach has also been tested: (i) using long time series and initial conditions near the
attractor (Fig 3A and S3A Fig); (ii) modifying the number of inferring parameters (S4-S6
Figs), for instance estimating just the volatility parameter (S7 and S8 Figs); (iii) considering the
possibility of not using the transformation log in the diffusion process (S9 and S10 Figs) and
(iv) using a true fS(t) with 2 or 3 periodic components (Fig 3B and 3C and S3B and S3C Fig).

We have also explored the performance of our approach by comparing their inferences to
those of the true model. The re-estimation of the true model on its own data is displayed in
S11-S13 Figs. Table 1 presents indices of the goodness-of-fit of the true model and models
with time-varying B(t) with different number of parameters inferred. As expected, the error on
B(t) is smaller when the true equation is used (Table 1). However, regarding the estimated inci-
dence, the true model and our approach give similar results both in terms of mean and vari-
ance (Table 1). It could be argued that the price of the flexibility of our approach is a greater
variability in some of the trajectory estimations (Table 1). Nevertheless the average dynamics
are always estimated correctly.

As misspecification is an important problem (e.g. [45]) we have also compared the perfor-
mance of our approach to those of a misspecified seasonal SIRS model. We have thus used the
example of a sinusoidal A(t) with two periodic components (see Fig 3B) and computed the
indices of the goodness-of-fit of the true model with the SIRS model with 1 year sinusoidal 3(t)
and with our time-varying periodic f(¢). The results clearly show that our approach performed
better than the misspecified model for the three trajectories analyzed, Incidence, 8 and R
(Table 2). Once again the price of the flexibility of our approach is a greater variability in some
of the trajectory estimations. However this is preferable to a large error in the median trajecto-
ries as occurred in those observed with the misspecified model (Table 2).

Our methodology is also applicable to other more complex or simpler tasks. For instance, it
can follow the time evolution of a parameter describing the availability of susceptibles, £5(f)
(Fig 4 and S14 and S15 Figs). Fig 4 shows the accurate reconstruction of the trajectory of the
incidence and also of the trajectory of £5(¢) that shifted at a given time point and decreased
slightly thereafter. This highlights once again the potential of our approach as it is never easy
to estimate a discontinuous dynamic with a continuous process (2).

Application to real datasets: Flu

In previous works, the dynamics of influenza in Israel have been analyzed using a discrete
deterministic SIRS model and weekly data from Israel’s Maccabi health maintenance organiza-
tion [20,46]. To describe the seasonality of this recurrent epidemic, the authors used a linear
model between the transmission rate and local climatic variables, daily temperature and rela-
tive humidity [20,46]. We have re-analyzed their dataset (but limited to 1998-2003 due to a
modification in the reporting) to reconstruct the time evolution of A(t). Our results (Fig 5 and
S16 Fig) clearly show the potential of our method, highlighting that the () fluctuations are
more irregular and complex than a simple sinusoidal function.

Application to real datasets: Dengue

Our last example is on dengue in Cambodia. Again the idea is to relax the assumption of a
sinusoidal f(#) in a SEIR model. Monthly data from the capital Phnom Penh [47], for which
the meteorological data is available from the international airport, was used. We can accurately
describe the 12 year time series and reconstruct the time evolution of (¢) (Fig 6 and S17 Fig).
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Fig 3. Reconstruction of both the incidence (bottom panel) and the time evolution of 3(t) and R (top panel) for a SIRS
model with the initial conditions near the attractor of the dynamics. The true 8 is generated by () = B,.(1 + 8; sin(27 t/365
+21¢) + B> sin(2mt/(3 365)+2n¢))+ B3 sin(2nt/(0.5 365)+2n¢)) with in (A) B; = 0.4, B, =0, B3 =0, S(0) = 911.5,1(0) = 3.5; in (B)
B1=0.4,8,=0.3,B5=0,S(0) = 1735,1(0) = 20; and in (C) B; = 0.1, B = 0.1, B5 = 0.1, S(0) = 3365, 1(0) = 3. The other
parameters used are as follows: y = 1/(50%365), o = 1/(7%365),y = 1/14, By = 0.65, ¢ = -0.2, p = 1, N = 10000. In both panels
blue lines are the median of the posterior, the mauve areas are the 50% CI and the light blue areas the 95% CI. In the top
panel, the red line is the reconstructed R, the points are the true values of R (red) and of B(¢) (black). In the bottom panel
the black points are observations generated with a Poisson process. The prior and posterior distributions of the inferred
parameters are in S3 Fig.

https://doi.org/10.1371/journal.pchi.1006211.g003
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Table 1. Comparison of goodness-of fit indices for different models and different numbers of parameters inferred. The indices are computed on Incidence, § and
Rptrajectories: RMSE: root mean square error using the median; MAPE: maximum absolute percentage error using the median; MIQR: mean inter-quartile range. The
parameter values used are in the captions of the figures. For comparison purposes we used a stochastic version of the SIRS model with sinusoidal A and for all figures the
observation process is applied to the inferred incidence trajectory.

Model
Figure
# of parameters inferred

Incidence

B(t)

Reff

RMSE
MAPE
MIQR
RMSE
MAPE
MIQR
RMSE
MAPE
MIQR

https://doi.org/10.1371/journal.pcbi.1006211.t001

Sinusoidal 8 Time-varying S(f) Time-varying (1) Time-varying f({)
S11 Fig Fig 1 S4 Fig S7 Fig
8 7 5 1
4.18 4.14 4.13 4.12
2.24 2.34 2.39 2.24
1.03 0.95 1.04 1.03
0.07 0.11 0.14 0.13
0.29 0.48 0.52 0.50
0.07 0.43 0.36 0.33
0.06 0.19 0.24 0.24
0.18 0.47 0.50 0.50
0.23 0.64 0.53 0.41

Our results stress that the 3(¢) oscillations are more complex than a simple sinusoidal function.
Sometimes bi-modality occurs over one season. In general one observes a fast growth of 5(f)
and a slow decrease. Moreover the amplitude of the 5(¢) varies from year to year, perhaps
depending on the fluctuations in the mosquito population and in the environment. Interest-
ingly the peak in f(t) appears 1 to 2 months before the incidence peak. This delay can be
explained by the extrinsic incubation period and might be used in a warning system.

To explain the (t) oscillations we have explored the potential effects of local and global cli-
matic variables using wavelet decomposition [48] as one of our main underlying hypotheses is
non-stationarity. We observed very significant coherency between f(¢) and climate for the
local climate for the seasonal mode (Fig 7 and S18-S20 Figs) and also for the 2-3 year compo-
nents with global climatic variable (S21 Fig). Thus, the rhythm of 3(f) can be explained per-
fectly by climatic factors. Nevertheless, again mainly due to large non-stationarity, by using
solely one or two climatic variables we are able to correctly describe dengue evolution in the
short-term (Fig 7C, red area) but not over a large time period (Fig 7C, blue area). This reflects

Table 2. Comparison of goodness-of fit indices between a misspecified model and a model with a time-varying parameter. The reference is a sinusoidal model with 2
periodic components. The parameter values used are in the captions of Fig 3. The indices are computed on Incidence,  and R trajectories: RMSE: root mean square
error using the median; MAPE: maximum absolute percentage error using the median; MIQR: mean inter-quartile range. For comparison purposes we used a stochastic
version of the SIRS models with sinusoidal  and for all figures the observation process is applied to the inferred incidence trajectory.

Model

# of parameters
inferred

Incidence RMSE
MAPE

MIQR

B(t) RMSE
MAPE

MIQR

Ry RMSE
MAPE

MIQR

https://doi.org/10.1371/journal.pchi.1006211.t002

Reference: Sinusoidal # with 2 periods (see Fig 3B Sinusoidal g with 1 year period (see Fig 3A Time-varying 8 (f)
caption) caption) (5)
8 including 4 for 7 including 3 for 8 5 including 1 (o) for B
4.80 5.21 4.83
2.21 1.98 2.40
0.87 1.03 0.98
0.05 0.26 0.08
0.22 1.43 0.27
0.06 0.06 0.28
0.06 0.22 0.08
0.12 0.44 0.20
0.20 0.20 0.46
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Fig 4. Reconstruction of both the incidence (A) and the time evolution of £5(¢) (B) for the SIRS model. In (A) the
black points are observations generated with a Poisson process with a mean equal to the incidence simulated by the
model. In (B) the black points are the true value of £5(t): £5(t) = I and shift to £5(t) = 0.96 - (0.012/365) (t—ty;¢) at
tonie = 450 days after ¢, in days. The blue lines are the median of the posterior, the mauve areas are the 50% CI and the
light blue areas the 95% CI. The time unit of the model is day, the initial date is arbitrary (2000-01-09), B(t) = Bo.(1 + B;
sin(2mt/365+2n¢)) and parameters used for the SIRS model are as follows: y = 1/(50+365), a = 1/(7%365),y = 1/14, By =
0.65, ;1 =04, ¢ =-0.2, p = 1, N = 10000, S(0) = 600, 1(0) = 30. The prior and posterior distributions of the inferred
parameters are in S15 Fig.

https://doi.org/10.1371/journal.pcbi.1006211.g004

the complexity of such a disease where the ecology of the vectors, the environment, the climate,
the immune status of the human population and its behavior are all involved. This large non-
stationarity association between dengue and climatic factors has recently been demonstrated
using statistical models (dynamic generalized linear models) and data from a medium-sized
city in Colombia [49]. The authors showed that dengue cases correlate with climatic variables
(temperature, rainfall, solar radiation and relative humidity) but these correlations change
over time, some intervals showing a positive association, while in others the association is neg-
ative [49]. The non-stationarity association between dengue and climate may be explained by
the fact that a climatic variable has different effects depending on the biological cycle of the
pathogen or of the vector. Moreover the effects of one climatic variable can also depend on
other climatic variables potentially enhancing the non-stationarity association.

Discussion

As there remain numerous uncertainties during the course of each epidemic, we are increas-
ingly aware of the importance of developing adequate statistical and mathematical tools. Such
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Fig 5. Reconstruction of both the incidence (A) and the time evolution () (B) in the case of the 1998-2002 seasonal flu
epidemics in Israel. In (A) the black points are influenza-like illness incidence collected by Israel’s Maccabi health
maintenance organization [46]. The blue lines are the median of the posterior, the mauve areas are the 50% CI and the
light blue areas the 95% CI. The prior and posterior distributions of the inferred parameters are in S16 Fig.

https://doi.org/10.1371/journal.pcbi.1006211.g005

tools need to take account of the time-varying nature of the underlying ecological and biologi-
cal mechanisms as well as social and behavioral influences involved in an epidemic. Because of
this, time-varying parameters modeled with a diffusion process, that track epidemiological pat-
terns and update the key parameters according to data appear to be a worthwhile approach.
Indeed developing a more complex model would be difficult considering the relative paucity
of available data.

We propose a flexible modeling framework that encompasses time-varying aspects of the
epidemic. It does this via diffusion process equations for time-varying parameters and also
considers uncertainty associated with key parameters and data. This data-driven framework
for time-varying parameters has been coupled with simple stochastic models and a robust
Bayesian procedure for inference. To test its efficiency, our proposed methodology was first
applied to a toy model and then to real epidemiological examples.

Our results clearly demonstrate the potential of our framework. Firstly, our methodology
was able to accurately reconstruct both the incidence and the sinusoidal transmission rate of a
simple SIRS model just based on noisy observations (Figs 1-4 and $4,55,57,59 and S14 Figs).
Based on these reconstructions one can also closely estimate R, which is one of the key rele-
vant epidemiological parameters. Our results also highlight the flexibility of our developed
methodology. It can reconstruct the time evolution of a shifting parameter (g5(t), see Fig 4 and
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Fig 6. Reconstruction of both the incidence (A) and the time evolution of (t) (B) in the case of the 2002-2013 dengue epidemics in
the province of Phnom Penh (Cambodia). In (A) the black points are dengue incidence recorded by the Cambodian National
surveillance (National Dengue Control Program from the Ministry of Health, see [47]). The blue lines are the median of the posterior,
the mauve areas are the 50% CI and the light blue areas the 95% CI. The prior and posterior distributions of the inferred parameters

are in S17 Fig.

https://doi.org/10.1371/journal.pcbi.1006211.g006

S14 Fig) as well as an oscillating parameter that influences the nonlinear part of the model
(B(1), see Figs 1-3 and S4,55,S7 and S9 Figs). The comparison using goodness-of-fit indices
with the inferred true model allows us to highlight the fact that our methodology performs as
well for the observed incidence. Its flexibility results in greater variability in some other trajec-
tories mainly 3(t) and R (Table 1). Moreover, in the absence of knowledge of the true evolu-
tion of the transmission rate, our approach appears to capture the dynamic observed more
accurately than a misspecified model (Table 2). Secondly, applied to real datasets, our frame-
work is able, based solely on simple stochastic models, to reconstruct complex epidemics such
as flu or dengue over long time periods (Figs 5 and 6). In such cases, the reconstruction of the
time evolution of the transmission rate clearly stresses that, on real datasets, it is difficult to
assimilate the dynamic of this parameter as a simple sinusoidal function. It is more irregular in
amplitude and sometimes multi-modal over one season.

Considering the paucity of information available regarding the complexity of the mecha-
nisms involved during an epidemic, describing and fitting a full model for a given transmissi-
ble disease is always challenging. Our data-driven methodology can be used as a first step
towards a better understanding of a complex epidemic, where data is limited or lacks certainty.
Indeed most of the unknowns and uncertainties can be put into time-varying parameters. The
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Fig 7. Association between dengue transmission rate and monthly average maximum temperature in the province of Phnom
Penh (Cambodia). (A) Time evolution of the normalized median of 5(¢) (blue line) and average temperature (red line) as well as the
evolution of their phase computed based on wavelet decomposition (see Method and [48,70]), blue dashed line for the normalized f(t),
red dashed line for the normalized averaged temperature and black dotted line for their phase difference. (B) Wavelet coherence (see
Method and [48,70]) between the reconstructed () and average temperature. The colors code for low values in white to high values in
dark red. The white dashed lines show the 90% and the 95% CI computed with adapted bootstrappes [71]. (C) Model simulations
using a linear model describing A(¢) with monthly average maximum temperature (S18 Fig) and monthly average minimum
temperature (S19 Fig) (B(f) = ag + a;.MaxTemp(t)+a,.MinTemp(t) ). The red line is the median of the posterior and the red area is the
95% CI when parameters are estimated for the period 2002-2005. The blue line is the median of the posterior and the light blue area is
the 95% CI when parameters are estimated for the full time period. The black points are dengue incidence recorded by the Cambodian
National surveillance [47].

https://doi.org/10.1371/journal.pcbi.1006211.9007

potential effects of all these uncertainties can then be explored by analyzing the reconstructed
time evolution of the time-varying parameters. See Fig 7 for such preliminary analysis of den-
gue in Phnom Penh. This allows a more thorough analysis of the influences and the
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interactions between both the human behavior and complex environmental drivers. In a
recent paper [50], the authors reviewed evidence of interactions between seasonal influenza
virus and other pathogens (bacteria or virus). They concluded that it is important to incorpo-
rate these different coinfecting pathogens in models of seasonal flu in order to get a better esti-
mate of the burden of influenza. Our framework could be an alternative to the development of
complex models with all the potential interactions between pathogens and to estimate the
strength of the interactions. After reconstructing the time evolution of the transmission rate
the statistical association between the coinfecting pathogens and the transmission rate could
be tested. This screening may facilitate the construction of more complex models that could
incorporate only the most significant coinfecting pathogens in the seasonal flu model.

Our methodology also has other advantages. Taking account of the simplicity of the model
used, and the fact that weak hypotheses on the dynamics of the time-varying parameters have
been included, our proposed methodology can retrospectively test the impact of interventions.
This has previously been done in the case of HIV epidemics [34-35], where it was hypothe-
sized that the reduction in the transmissibility was due to a modification of the sexual behavior
in the population and the increase in the seropositive period duration due to the introduction
of the first antiviral treatments. Evaluation of interventions has also been done recently in the
case of the Ebola epidemic in West Africa [51]. The relative simplicity of our methodology is
also suitable for short-term predictions and it can then easily be used to predict an epidemic in
real time. Starting with a given estimated state defining the system, the fitting process can be
run again each time new data is available and the new posteriors are used for new predictions
[36]. This can inform public health decisions and indeed has been done recently to great effect
in the case of the Ebola epidemics in West Africa [52].

A major challenge in model fitting is the reliability of data collected and also the non-iden-
tifiability of the mechanistic models that always have very rich dynamical behavior. The ques-
tion of identifiability is too often avoided in epidemiological models applied to a topical Public
Health issues. There is, however, considerable literature on this subject (e.g. [41,42,53-55]).
Identifiability is not evident even for a simple seasonal SIR model [56]. To solve this problem
one can fit a combination of parameters or fix some of them (the population size for instance)
[57]. In our applications there is a clear limitation due to practical non-identifiability of report-
ing rate and initial conditions. To fix these problems we have used informative priors (see
Method). Using informative priors or fixing some parameters gives very similar results (com-
pare Fig 1 and S4-S7 Figs). Related to this is the misspecification of models [45]. In our cases,
as with other semi-mechanistic models the time-varying parameter methodology captures
some of the information in the data but not in the mechanistic part of the model. If the model
is misspecified due to lack of precision, it compensates for it and the dynamics of 5(f) will
drive improvements in the model to make it more complex and realistic (Table 2). If the
model is misspecified to the extent that it creates mechanisms that do not exist, the recon-
structed B(t) would compensate for these effects but it will be harder to interpret.

In this work we have used simple mechanistic models. The proposed methodology is not
limited to simple models. For instance, a two-strain dengue model has also been tested. In this
case the main problem was linked to the unavailability of both seroprevalence and incidence
for each strain. Indeed, one of the major difficulties with these multi-strain models is the iden-
tification of the initial conditions (e.g. [58]). Nevertheless it is worth emphasizing that the
Bayesian inference method used in our framework, PMCMC, the approximation of the likeli-
hood is limited for a large number of parameters and/or equations [59]. In such cases testing
other methodologies like ABC [60,61] is advisable.

It is always difficult to fit complex models with rich behaviors based on very limited infor-
mation. In this regard we agree with Metcalf et al. [62] who stressed that nowadays we need
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seroprevalence studies to quantify the immunological status of the population, because in
most cases the magnitude of the outbreak is difficult to evaluate without precise seroprevalence
data.

To tackle the uncertainty and the non-stationarity of epidemics, our methodology, although
it appears non-standard, makes important progress towards a better understanding of the
mechanisms responsible for disease propagation. We believe that, should it form part of the
development of the next predictive tools for Public Health, it will make a significant contribu-
tion to improving the understanding and control of infectious diseases in our increasingly
uncertain world.

Methods
Models

SIRS model. Our first model is a classical SIRS model with an observation rate p = I and
Poisson law as the observational process:
S =u(N—S)—B(t).SI/N + aR
I=p(t).SI/N—(y+u).I
C = B(t).SI/N

R=yI—(x+p).R

(5)

where S, I and R are the susceptibles, the infectious and the removed respectively, the transmis-
sion rate B(t) = Bo.(1 + B; sin(2n1t/365+2n¢), 1/ is the average duration of immunity, y is the
recovery rate and y is the recruitment or mortality rate. In (5), C is the number of new cases,
then h(x(t)) is the cumulative sum of C(t) over the observation time step, 7 days. With this
model R (t) = B(t).5(t)/(N.y). The parameter values are in the caption of Fig 1. For the fit of
our simulated data, Gaussian priors are used for epidemiological parameters (o and v). Initially
non-informative priors were used for the volatility o, the reporting rate p and the initial condi-
tions ¥(0) by B(0) but to reduce problems linked to practical non-identifiability materialized by
correlation between some estimates, informative priors were used for p (see S1 Fig). Some
other simulations have been done fixing (0) and p or just inferring o (see S4-S8 Figs).

SIRS flu model. For analyzing Israel flu data we have used a continuous SIRS model iden-
tical to (5), we simply added imported infectious people i in the force of infection:

S(8).(I(t) +1)

o) = plo) =

(6)

The initial guess values for the parameters are from [46]. In this example the observational
process is a Negative-Binomial law with an over-dispersion parameter equal to 0.05 and the
reporting rate p = 0.15 [46]. For the fit, Gaussian priors are used for epidemiological parame-
ters (i, o, y) and non-informative priors for the volatility o and the initial conditions (S(0),
I(0)). S16 Fig displays the priors and the posteriors.

SEIR one strain dengue model. To describe the dengue epidemics, taking account of the
available data for Phnom Penh, we have fitted a one strain model using a SEIR model:

S=u(N-S)—B(t).S.(I+i)/N
E=p(t)S.(I+i)/N—(5+nu).E
[=68E—(y+up).I

R=9yI—-uR
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where E is for infected but not yet infectious, f(t) is the transmission rate, 1/ is the average
duration of the latent period, y is the recovery rate and y is the recruitment or mortality rate.
The initial guess for parameter values comes from the literature [63]. In this example the
observational process is a Negative-Binomial law with an over-dispersion parameter equal to
0.05 and the reporting rate p has been estimated using a narrow Gaussian prior. Non-informa-
tive priors are used for the volatility o, initial condition for infected E(0) and imported infec-
tious people i. Gaussian priors are used for other parameters and initial conditions. When E(0)
is fitted, I(0) is estimated as a steady-state value I(0) = 6.E(0)/(y+u). S17 Fig. displays the priors
and the posteriors.

Inference

Stochastic framework. Due to the use of a diffusion Eq (2) for the dynamic of the time-
varying parameters, the stochastic versions of the previous models have been fitted. Thus the
models are considered in a stochastic framework in which the compartments are discrete and
the number of reactions occurring in a time interval dt is approximated by a multinomial dis-
tribution. It is fully described in [64,65].

SMC algorithm as implemented in SSM [65]. In a model with n observations and J parti-
cles. L is the model likelihood p(y;.,|6). W is the weight and xV” is the state associated to parti-
cle j at iteration k.

1. Set L=1, WY =1/J.

2. sample (x),_,, from p(xo|6)

3. for (k = 0:n-1) do

4 for (j =1:J) do

5. Sample x!), from p(xk+1|x,(f),0)

6 set oV :P(J’kﬂ‘xl(glvg)

7 end for

8 set W2, = /3 o and L= L}Z{:] o)
9 Resample (x[)(’g(ﬂ)j:l:] from WY, .

10. end for

Estimation with particle Markov Chain Monte Carlo (PMCMC). Since the epidemio-
logical propagation models are considered in a stochastic framework, their likelihood is intrac-
table and it is estimated with particle filtering methods (Sequential Monte Carlo, SMC). With
a given set of parameters, the SMC algorithm reconstructs sequentially the trajectory of the
state variables and the time-varying parameters, and computes the associated likelihood.
Firstly, the distribution of the initial conditions of the system is approximated with a sample of
particles. Then, at each iteration, the particles are projected according to the propagation
model up to the next observation point, they receive a weight reflecting the quality of their pre-
diction compared to the observation and the total likelihood is updated. A resampling step
using the weights is performed before the next iteration, in order to discard the trajectories
associated with low weight particles.

In order to estimate the parameters of the system, the particle filter is embedded in a Mar-
kov Chain Monte Carlo framework, leading to the PMCMC algorithm [43]. More precisely,
the likelihood estimated by SMC is used in a Metropolis Hasting scheme (particle marginal
Metropolis Hastings) [43]. The proposal distribution is a Gaussian whose co-variance matrix
is adapted following the framework described in [65].

The starting point of the MCMC chain is initialized using optimal values obtained from the
KSimplex algorithm on a large number of parameter sets. Then, a pre-adaptation of the pro-
posal co-variance matrix is performed with Kalman MCMC (KMCMC). Each time the idea
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relies on less computationally intense algorithms in order to facilitate the exploration of
parameter space. But as we use stochastic models we approximate the likelihood using the
extended Kalman filter both in the simplex algorithm (KSimplex) [65] and in the MCMC
(KMCMC) [36]. Then the adaptive PMCMC is executed on the output of the KMCMC with
100000 iterations and 10000 particles for the final figures. For instance, the results such as
those of Fig 1 take less than 24 hours, on a blade server from PowerEdge M-Series with 40 pro-
Cessor cores.

PMCMC algorithm as implemented in SSM [65]. In a model with n observations and ]
particles.

g(.|6?) is the transition kernel
1. Initialize 6'”
2. Using SMC algorithm, compute p(y,,|0”) and sample x\ from p(x,,|y..,0
3. for (i = 0:N-1) do
4. Sample 6" from g(.|6'")
5. Using SMC algorithm, compute L(0") =p(y,,|0") and sample x; from
P(gulyrn, 07)
6
7

(U))

Accept 6° (and x!

. . . * ok (i) | g%
on) with probability 1/\LL<(Uf,v))P(0w

’ )p(0D)q(0"0)
. i+1)_x* 6(1+1)= O(i)

If accepted, 6= 6" and /" =x, . and

Ko = Koo
8. end for
In order to assess convergence of the chain, the visual inspection of the chains (e.g. S2 Fig or S8
Fig) was complemented by diagnosis provided in the Coda package in R [66]. Due to the large

computational cost of the algorithm, we did not run multiple independent chains, rather we relied

Otherwise,

on diagnosis using one MCMC chain and testing its stationarity: Geweke diagnosis [67] and Hei-
delberger and Welch’s diagnosis [68]. The results are presented in S1 and S2 Tables.

Wavelet analysis

Among the various approaches developed to study nonstationary data, wavelet analysis is proba-
bly the most efficient. In particular, this method gives us the possibility of investigating and quan-
tifying the evolution in time of the periodic components of a time series (see [69]). Wavelets
constitute a family of functions derived from a single function, the “mother wavelet”, \¥,, .(t), that
can be expressed as the function of two parameters, one for the time position 7, and the other for
the scale of the wavelets g, related to the frequency. More explicitly, wavelets are defined as:

v, == ()

The wavelet transform of a time series x(¢) with respect to a chosen mother wavelet is per-
formed as follows:

400

W, (a,7) :%. 7 ()% (0 = / () _dt

—00 —00

where * denotes the complex conjugate form. The wavelet transform W.(a,7) represents the
contribution of the scale a to the signal at different time positions 7. The computation of the
wavelet transform is done along the signal x(f) simply by increasing the parameter 7 over a
range of scales a until all coherent structures within the signal can be identified. Here, as
mother wavelet, we have used the Morlet wavelet [69].

With the wavelet approach, we can estimate the repartition of variance at different scale a
and different time location 7. This is known as the wavelet power spectrum: S(a,7) = | W,(a,7) |-
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An important point with the continuous wavelet is that the relationship between the wavelet fre-
quency f, and the wavelet scale a can be derived analytically. For the Morlet wavelet this relation-
ship is given by:

1 4dma
f fL+V2+f2

Then when f, = 27, the wavelet scale a is inversely related to the frequency, f ~ 1/a. This
greatly simplifies the interpretation of the wavelet analysis and one can replace, on all equa-
tions, the scale a by the frequency for the period 1/f.

To determine the statistical relationship between two time series, wavelet coherence can be
computed (e.g. [48,70]):

B (W, (f. o) "
Rolhe) = <|<Wx(f, IRIUATE f>>|2>

where the angle brackets around terms indicate smoothing in both time and frequency, W,(£,7) is
the wavelet transform of series x(), W,(£,7) is the wavelet transform of series y(f), and W, ,(f,7) is
the cross-wavelet spectrum. The values of wavelet coherence are between 0 < R, (f,7) < 1. The
wavelet coherency is equal to 1 when there is a perfect linear relation at particular time and scale
between the two signals, and equal to 0 if x(¢) and y(¢) are independent.

To complement this, phase analysis can be used to characterise the association between sig-
nals (e.g. [48,70]). The phase difference provides information on the sign of the relationship
(i.e., in phase or out of phase) and can be computed, for complex mother wavelet, with the
wavelet transform W, (f,7) as:

i O 7)
SRR WA ()

Similarly with the cross-wavelet transform W, ,(f,7) the phase difference between the two
time series can be computed:

Im(W,,(f, 7))
Re(W_ (f,7))

xy

., (f 1) = tan~!

Supporting information

S1 Code. Examples of model files and code for using SSM.
(Z1P)

S1 Table. Test of the MCMC chains: Geweke diagnosis [67] that tests for the non-stationar-
ity of the chains, the parameter means computed using the first 10% and the last 50% of
the chain are compared through a Z-score (stationarity is not rejected if the Z-scores are
below the critical values at 5%, NS (non-significant) in the Table). The test was imple-
mented with the Coda package in R [66].

(PDF)

S2 Table. Test of the MCMC chains: Heidelberger and Welch’s diagnosis [68] that tests for
the non-stationarity of the chains (NS (non-significant) in the Table meaning stationarity

is not rejected at the 5% level). The test was implemented with the Coda package in R [66].
(PDF)
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S1 Fig. Prior and posterior distributions for the SIRS model inferences of Fig 1. I(0), S(0)
initial values, B(0) initial value of B(), 1/ is the average duration of immunity, y is the recov-
ery rate, p is the reporting rate and o is the volatility of the Brownian process of (). The blue
distributions are the priors and the discrete histograms are the posteriors. The medians of the
prior distributions for 1(0), S(0), 5(0), 1/¢, 1/y and p are the “true values” used for the simula-
tions of the observed incidences.

(PDF)

S2 Fig. The traces of the MCMC chain for the SIRS model inferences of Fig 1. I(0), S(0) ini-
tial values, B(0) initial value of 5(¢), 1/a is the average duration of immunity, y is the recovery
rate, p is the reporting rate and o is the volatility of the Brownian process of 3(t).

(PDF)

S3 Fig. Prior and posterior distributions for the SIRS model inferences displayed on Fig 3
when the initial conditions are near the attractor of the dynamics. A/ Observed data gener-
ated with a SIRS model and a sinusoidal g with 1 periodic component (5). B/ Observed data
generated with a SIRS model and a sinusoidal 8 with 2 periodic components. In A/ and B/,
I(0), S(0) are initial values, 1/« is the average duration of immunity, y is the recovery rate and o
is the volatility of the Brownian process of (). C/ Observed data generated with a SIRS model
and a sinusoidal B with 3 periodic components, ¢ the volatility of the Brownian process of 3(t)
is the only parameter inferred. The blue distributions are the priors and the discrete histo-
grams are the posteriors. The medians of the prior distributions are the “true values” used for
the simulations of the observed incidences.

(PDF)

$4 Fig. Reconstruction of both the incidence (A) and the time evolution () (B) for the SIRS
model as in Fig 1 but only 5 parameters have been inferred, $(0) and p were fixed. Model

parameters as in Fig 1 and S6 Fig.
(PDF)

S5 Fig. Simulation of the SIRS model when the initial conditions are near the attractor of the
dynamics and just 5 parameters inferred: (A) Susceptibles; (B) Infectious; (C) Time evolution
of both R.rand B(t). In (A) and (B) the black lines are the true values, the blue lines are the
median of the posterior, the mauve areas are the 50% CI and the light blue areas the 95% CI. In
(C) the black line is the true values of R, the blue line is the median of the posterior, and the
dashed lines the 95% CI of R, the red dot line is the true time evolution of () and the red
line the median of its posterior. Model parameters as in Fig 1 and S6 Fig.

(PDF)

S6 Fig. Prior and posterior distributions for the SIRS model inferences of S4 Fig. I(0), S(0)
initial values, 1/a is the average duration of immunity, y is the recovery rate and o is the volatil-
ity of the Brownian process of (). The blue distributions are the priors and the discrete histo-
grams are the posteriors. The medians of the prior distributions for I(0), S(0), 1/a and 1/y, are
the “true values” used for the simulations of the observed incidences.

(PDF)

S7 Fig. Reconstruction of both the incidence (A) and the time evolution () (B) for the SIRS
model as in Fig 1 but o the volatility of the Brownian process of (t) is the only parameter
inferred. Model parameters as in Fig 1 and S8 Fig.

(PDF)
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S8 Fig. The trace of the MCMC chain and the prior and posterior distributions for the
SIRS model inferences of S7 Fig when ¢ is the volatility of the Brownian process of f(f) is
the only parameter inferred.

(PDF)

S9 Fig. Reconstruction of both the incidence (A) and the time evolution (¢) (B) for the SIRS
model as in S4 Fig but the logarithm transformation of the Brownian process of (f) is not
used: df(t) = 0.dB(t). Model parameters as in Fig 1 and S4 Fig.

(PDF)

$10 Fig. As in S6 Fig but the logarithm transformation of the Brownian process of f(f) is
not used: dO(t) = 6.dB(t).
(PDF)

S11 Fig. Reconstruction of both the incidence (A) and the time evolution S(¢) (B) with the
true SIRS model. In (A) the black points are observations generated with a Poisson process
with a mean equal to the incidence simulated by the model. In (B) the black points are the true
values of () = Bo.(1 + B; sin(2nt/365+2m¢)). The blue lines are the median of the posterior,
the mauve areas are the 50% Credible Intervals (CI) and the light blue areas the 95% CI. For all
the figures, the observation process is also applied to the inferred incidence trajectory. The
time unit of the model is day, the initial date is arbitrary (2000-01-09) and parameters used for
the SIRS model are as follows: y = 1/(50+365), 00 = 1/(7%365),y = 1/14, By = 0.65, B; = 0.4, ¢ =
-0.2,p =1, N = 10000, S(0) = 600, I(0) = 30. The prior and posterior distributions of the inferred
parameters are in S13 Fig

(PDF)

$12 Fig. Simulation of the true SIRS model: (A) Susceptibles; (B) Infectious; (C) Time evolu-
tion of both R.and B(¢). In (A) and (B) the black lines are the true values, the blue lines are
the median of the posterior, the mauve areas are the 50% CI and the light blue areas the 95%
CL In (C) the black line is the true values of R.4 the blue line is the median of the posterior,
and the dashed lines the 95% CI of R, the red dot line is the true time evolution of A(t) and
the red line the median of its posterior. Model parameters as in S11 Fig and S13 Fig.

(PDF)

S13 Fig. Prior and posterior distributions for the true SIRS model inferences of S11 Fig.
I(0), S(0) initial values, By, §;, ¢, the parameters of the sinusoidal 3, 1/a is the average duration
of immunity, y is the recovery rate and p is the reporting rate. The blue distributions are the
priors and the discrete histograms are the posteriors. The medians of the prior distributions
are the “true values” used for the simulations of the observed incidences.

(PDF)

$14 Fig. Simulation of the SIRS model: (A) Susceptibles; (B) Infectious; (C) Time evolution of
both R.rand e5(¢). In (A) and (B) the black lines are the true values, the blue lines are the
median of the posterior, the mauve areas are the 50% CI and the light blue areas the 95% CI. In
(C) the black line is the true values of R, the blue line is the median of the posterior and the
dashed lines the 95% CI of R the red dot line is the true time evolution of £5(f) and the red
line the median of its posterior. Model parameters as in Fig 4 and S15 Fig.

(PDF)

S15 Fig. Prior and posterior distributions for the SIRS model inferences of Fig 4. 1(0), S(0)
initial values, 1/« is the average duration of immunity, y is the recovery rate and o is the volatil-
ity of the Brownian process of £5(¢). The blue distributions are the priors and the discrete
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histograms are the posteriors. The medians of the prior distributions for I(0), S(0), 1/c and 1/y,
are the “true values” used for the simulations of the observed incidences.
(PDF)

S16 Fig. Prior and posterior distributions for the parameters of the SIRS flu model. 1(0),
S(0) initial values expressed in percentage of the population N, 3(0) initial value of 5(¢), i
imported infectious, 1/ is the average duration of immunity, y is the recovery rate and o is the
volatility of the Brownian process of 5(t). The blue distributions are the priors and the discrete
histograms are the posteriors. Prior values are adapted from [46].

(PDF)

S17 Fig. Prior and posterior distributions for the parameters of the SEIR dengue model.
E(0), S(0) expressed in percentage of the population N, B(0) the initial value of B(t), y is the
recovery rate, i imported infectious, 1/ is the average duration of immunity, ¢ is the volatility
of the Brownian process of () and p the reporting rate. The blue distributions are the priors
and the discrete histograms are the posteriors. Prior values are adapted from [63].

(PDF)

S18 Fig. Association between dengue transmission rate and monthly average maximum
temperature recorded at the Phnom Penh International Airport (Cambodia). (A) Time
evolution of the normalized B(¢) (blue line) and normalized average temperature (red line). (B)
and (C) Wavelet Power Spectrum (WPS) [48,70] of the two time series. The graph on the right
shows the average WPS. (D) Wavelet coherence [48,70] between the reconstructed S(f) and
average temperature. In (B), (C) and (D) the colors code for low values in white to high values
in dark red. The dashed lines show the 95% CI computed with adapted bootstrappes [71], in
(C) the 90% and the 95% CI have been plotted. (E) The evolution of the phase of the two time
series computed based on wavelet decomposition for the seasonal mode, blue dashed line for
the normalized f(f) red dashed line for the normalized averaged temperature and black dotted
line for their phase difference. The graph on the right shows the distribution of the phase dif-
ferences.

(PDF)

S19 Fig. Association between dengue transmission rate and monthly average minimum
temperature recorded at the Phnom Penh International Airport (Cambodia). (A) Time
evolution of the normalized S(¢) (blue line) and normalized average temperature (red line). (B)
and (C) Wavelet Power Spectrum (WPS) [48,70] of the two time series. The graph on the right
shows the average WPS. (D) Wavelet coherence [48,70] between the reconstructed () and
average temperature. In (B), (C) and (D) the colors code for low values in white to high values
in dark red. The dashed lines show the 95% CI computed with adapted bootstrappes [71], in
(C) the 90% and the 95% CI have been plotted. (E) The evolution of the phase of the two time
series computed based on wavelet decomposition for the seasonal mode, blue dashed line for
the normalized (t) red dashed line for the normalized averaged temperature and black dotted
line for their phase difference. The graph on the right shows the distribution of the phase dif-
ferences.

(PDF)

$20 Fig. Association between dengue transmission rate and monthly rainfall recorded at
the Phnom Penh International Airport (Cambodia). (A) Time evolution of the normalized
B(t) (blue line) and normalized monthly rainfall (red line). (B) and (C) Wavelet Power Spec-
trum (WPS) [48,70] of the two time series. The graph on the right shows the average WPS. (D)
Wavelet coherence [48,70] between the reconstructed 5(t) and monthly rainfall. In (B), (C)
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and (D) the colors code for low values in white to high values in dark red. The dashed lines
show the 95% CI computed with adapted bootstrappes [71], in (C) the 90% and the 95% CI
have been plotted. (E) The evolution of the phase of the two time series computed based on
wavelet decomposition for the seasonal mode, blue dashed line for the normalized 5(¢) red

dashed line for the normalized monthly rainfall and black dotted line for their phase differ-
ence. The graph on the right shows the distribution of the phase differences.

(PDF)

$21 Fig. Association between dengue transmission rate and the Dipole Mode Index (DMI),
a proxy of Ocean Indian Dipole (see [72] and http://www.jamstec.go.jp/frcgc/research/d1/
iod/HTML/Dipole%20Mode%20Index.html). (A) Time evolution of the normalized j(¢)
(blue line) and normalized DMI (red line). (B) and (C) Wavelet Power Spectrum (WPS)
[48,70] of the two time series. The graph on the right shows the average WPS. (D) Wavelet
coherence [48,70] between the reconstructed 3(t) and DMI. In (B), (C) and (D) the colors
code for low values in white to high values in dark red. The dashed lines show the 95% CI com-
puted with adapted bootstrappes [71], in (C) the 90% and the 95% CI have been plotted. (E)
The evolution of the phase of the two time series computed based on wavelet decomposition
for the seasonal mode, blue dashed line for the normalized 3(¢) red dashed line for the normal-
ized DMI and black dotted line for their phase difference. The graph on the right shows the

distribution of the phase differences.
(PDF)
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des dynamiques des arboviroses
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Résumé : L’'importance et I’expansion des arboviroses comme la dengue ou le virus Zika nécessite
des modéles pour mieux comprendre et prédire leurs dynamiques. La propagation vectorielle de
ces maladies est influencée par de multiples facteurs humains et environnementaux qui rendent
complexe la construction de modéles épidémiologiques parcimonieux. Parallélement, de nombreux
outils théoriques et computationnels existent désormais pour confronter ces modéles aux données
observées. L’objectif de ce travail de thése est donc d’apporter I'éclairage des données sur les
modéles de propagation des arboviroses. Dans un premier temps, il s’agit d’identifier les éléments
les plus importants & incorporer pour modéliser les dynamiques de la dengue en milieu rural, dans
la région de Kampong Cham (Cambodge). Différents modéles sont comparés, complexifiant a la fois
le détail de I'histoire de la maladie et la prise en compte des formes de stochasticité. Dans le cadre
déterministe, on a pu souligner I'importance des interactions entre sérotypes, et le faible intérét
pour la représentation explicite des moustiques vecteurs et des individus asymptomatiques. Par
ailleurs, la prise en compte des incertitudes indique qu’une large part de la dynamique est capturée
seulement par la stochasticité et non par les éléments du squelette déterministe du modéle. Aussi
étudie-t-on dans un second temps d’autres aspects de la transmission de la dengue, comme la
saisonnalité et la structure spatiale, grace a des données d’épidémies & Rio de Janeiro (Brésil).
Dans un dernier temps, ces méthodes et modéles sont appliqués a 1’étude d’un arbovirus émergent,
le virus Zika. A partir de données d’épidémies survenues dans le Pacifique, les parameétres-clé de
la propagation du virus sont estimés dans le cadre stochastique, et leur variabilité est envisagée a
la fois en termes de contexte géographique et de modeéle épidémiologique, par la comparaison de
quatre iles et de deux modéles a transmission vectorielle. Par ailleurs, la question des interactions
potentielles du virus Zika avec celui de la dengue est explorée.

Title : Mathematical modeling and statistical inference to better understand arbovirus dynamics
Key words : dengue, Zika virus, infectious disease model, MCMC, PMCMC, stochasticity

Abstract : Arboviruses such as the dengue and Zika viruses are expanding worldwide and mo-
deling their dynamics can help to better understand and predict their propagation, as well as
experiment control scenarios. These mosquito-borne diseases are influenced by a multiplicity of
human and environmental factors that are complex to include in parsimonious epidemiological
models. In parallel, statistical and computational tools are nowadays available to confront theore-
tical models to the observed data. The objective of this PhD work is therefore to study arbovirus
propagation models in the light of data. Firstly, in order to identify the most important elements
to incorporate in models for dengue dynamics in a rural setting, several dengue models are com-
pared using data from the Kampong Cham region in Cambodia. Models incorporate increasing
complexity both in the details of disease life history and in the account for several forms of sto-
chasticity. In the deterministic framework, including serotype interactions proved decisive, whereas
explicit modeling of mosquito vectors and asymptomatic infections had limited added value, when
seasonality and underreporting are already accounted for. Moreover, including several forms of un-
certainties highlighted that a large part of the disease dynamics is only captured by stochasticity
and not by the elements of the deterministic skeleton. Therefore, secondly, we explore other aspects
of transmission, such as seasonality and spatial structure, in the case of dengue epidemics in Rio
de Janeiro (Brazil). Finally, the models and estimation methods are applied to study an emerging
arbovirus, the Zika virus. Using data from epidemics in the Pacific, we estimate the key parameters
of disease propagation in the stochastic framework and explore their variability in terms of geogra-
phic setting and model formulation by comparing four islands and two models with vector-borne
transmission. In addition, potential interactions with the dengue virus are explored.
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