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Résumé de la thèse

La grippe est une maladie transmissible causant des épidémies saisonnières et occasion-

nellement des pandémies. Chaque année plus de 500000 morts sont dûes à la grippe. La

transmission de la grippe a été largement étudiée a�n de décrire et de prédire la propaga-

tion de la maladie au sein des populations. Ces modèles reposent sur de fortes hypothèses

concernant les paramètres de l'histoire naturelle de la grippe tels que l'infectiosité, la péri-

ode de latence, la période infectieuse ou le temps de génération.

Dans ce contexte, l'objectif principal de cette thèse était de dé�nir un ensemble d'outil

méthodologique pour décrire et étudier l'évolution au cours du temps de la grippe ainsi

que les paramètres de son histoire naturelle. Le travail principal a été le dévelopement

d'un modèle décrivant la chronologie de l'infection grippale et des symptômes associés.

La cinétique virale (VK) de la grippe est utilisée pour représenter l'infectiosité alors que

l'histoire naturelle de la grippe est décrite par la dynamique des symptômes (SD).

Dans un premier temps, nous décrivons l'évolution de l'infection grippale au cours du

temps ou dynamique intra-hôte. Nous nous intéressons aux interactions existant entre le

virus et son hôte et desquelles resulte le cycle de réplication virale. Puis, nous présen-

tons les deux volets de la réponse immunitaire en cas d'infection grippale, avec leurs

protagonistes, leurs rôles et leurs dynamiques. La réponse immunitaire innée intervient

précocemment et confère une première défense non spéci�que et la réponse immunitaire

adaptative est mise en place après quelques jours et est spéci�que. En�n, nous décrivons

l'expression clinique de la grippe et son évolution au cours du temps.

Il est généralement considéré que la grippe est une maladie aéroporté via des gouttelettes

produites lors de la toux et/ou des éternuements et contenant du virus. La transmssion de

la grippe d'un individu infecté à un individu susceptible dépend alors de la susceptibilité

de l'individu contact, du taux de contact entre les deux individus et de la quantité de

particules infectées produites par l'individu infecté. Or cette dernière hypothèse repose

sur la caractérisation de la VK et de la SD des in�vidus infectés qui a été peu étudiée.
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Nous dé�nissons alors des paramètres de l'histoire naturelle de la grippe en nous basant

sur l'hypothèse selon laquelle l'infectiosité est proportionnelle à la charge virale excrétée.

Ces paramètres sont l'infectiosité, la période de latence, la durée d'infectiosité et le temps

de génération.

L'infection grippale est variable d'un individu à l'autre aussi bien en ce qui concerne

la VK, que la SD ou encore la réponse immunitaire. Nous nous intéressons alors aux

di�érentes sources pouvant expliquer cette variabilité. Nous distinguons trois grandes

sources de variabilité: variabilité environnementale, variabilité liée au virus et variabilité

liée à l'hôte. Nous insistons en particulier sur l'évolution constante du virus et sa capacité

à s'adapter rapidement en cas de pression de sélection et sur la variabilité de la réponse

immunitaire de l'hôte qui peut être aussi bien qualitative que quantitative et toucher la

réponse innée ou adaptative.

Pour modéliser la dynamique de l'infection grippale, il est donc important d'une part

de représenter le phénomène infectieux et les relations entre le virus, les cellules cibles

et l'immunité et d'autre part de prendre en compte les di�érents niveaux de variabilité.

Nous présentons donc les modèles historiques de cinétiques virales initialement dévelop-

pés dans le cadre des infections par le VIH, puis les spéci�cités liées à la modélisation de

la VK pour la grippe. Ces modèles, dits mécanistiques, se basent sur les connaissances

concernant les interactions entre virus et son hôte et l'immunité. Ainsi, les paramètres

utilisés ont une réelle signi�cation biologique. Nous présentons ensuite l'approche de pop-

ulation qui est une mèthode de modèlisation statistiques permettant de prendre en compte

plusieurs niveaux de variabilité et est donc adaptée au cas de la grippe.

C'est dans ce cadre que nous avons développé un modèle original de cinétique vi-

rale/dynamique des symptômes (VKSD) en utilisant une approche de population. Etant

donné que les cytokines pro-in�ammatoires produites lors de la réponse immunitaire innée

sont responsable des symptômes systémiques, l'objectif de ce travail était de développer
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un modèle qui lierait de manière causale la VK, la SD et la réponse immunitaire innée. De

plus, précédemment, un seul modèle avait été ajusté sur des données humaines, avec un

petit nombre de participant et la méthode utilisée ne prenait pas en compte la variabilité

inter-individuelle. Le modèle que nous avons développé comporte sept compartiments: la

charge virale, les cellules cibles, les cellules infectées en phase latente et productive, les

cytokines pro-in�ammatoire, les cellules NK et les symptômes systémiques. Nous avons

utilisé l'approche de population pour modéliser la variabilité inter-individuelle. Ce mod-

èle a été ajusté sur des données individuelles de charge virale et de score de symptômes

systémiques, obtenu chez 56 volontaires expérimentalement infectés avec une souche de

virus A/H1N1. Les données utilisées était particulièrement riches avec une mesure de la

charge virale par jour et deux mesures de l'intensité des symptômes systémiques par jour.

Bien que les participants aient été comparable en terme de données physiologiques et

démographiques, les courbes de VK et SD étaient très variables. En e�et, 12 volontaires

n'ont pas excrété de virus et parmi les 44 restants, 19 n'ont pas développé de symptômes

systémiques. L'approche de population était donc la mieux adaptée. Les paramètre du

modèle ont été estimé en utilisant l'algorithme SAEM implémenté dans MONOLIX. A

partir de ce modèle, nous décrivons la cinétique de la charge virale, des cytokines pro-

in�ammatoires, des cellules NK ainsi que la dynamique des symptômes systémiques. Nous

mesurons également l'infectiosité comme étant l'aire sous la courbe VK. Nous trouvons

que cette infectiosité est 15 fois supérieure chez les sujets avec de symptômes systémiques

comparativement aux sujets qui en sont indemnes (P<0.001). La période de latence dé�nie

comme le temps nécessaire pour devenir infectieux variait de 0.7 à 1.9 jours et la période

d'incubation qui est le temps nécessaire à l'apparition des premiers symptômes variait de

1.0 à 2.4 jours.

Notre modèle prolonge des travaux précédents en incluant la réponse immunitaire innée

et en apportant des estimations réalistes des paramètres de l'infection et de la maladie,

en prenant en compte la forte variabilité inter-individuelle.
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Ce modèle pourrait être complété avec la description des symptômes respiratoires qui

jouent un rôle central dans la propagation du virus dans l'environnment. De plus ce

travail apporte des informations sur l'infectiosité qui est un paramètre clef pour la trans-

mission de la grippe. Nous discutons plus particulièrement la proportion d'infectiosité

ayant lieu avant l'apparition des symptômes et nous proposons une correction en prenant

en compte la dynamique des symptômes respiratoires.

En�n, concernant ce travail nous discutons l'applicabilité de ce modèle à des infections

acquises naturellement et pour lesquelles la date d'infection est inconnue.

Etudier la VK de la grippe représent plusieurs dé�s. En e�et, l'infection grippale est

très rapide, le pic d'excrétion a lieu avant le début des symptômes et en cas d'infection ac-

quise naturellement la date d'infection est inconnue. De plus, des problèmes d'identi�abilité

des paramètres peuvent exister. Le choix du protocole est donc crucial a�n d'obtenir des

données su�samment informatives et à un coût minimum. Nous nous sommes donc in-

téressé au développement de protocoles optimisés pour étudier la VK et la SD de la grippe.

Déterminer un protocole consiste à identi�er le nombre de prél�vements nécessaires ainsi

que le temps de prélèvement pour chaque individu et à dé�nir le structure du proto-

cole: nombre de groupes, nombre de prélèvements par groupe et proportion d'individus

dans chaque groupe. Nous présentons d'abord brièvement la méthode utilisée pour les

analyses d'optimisation de protocoles. La matrice d'information de Fisher permet de

quanti�er l'information relative à un paramètre contenue dans une distribution. Le but

qui est de minimiser les variances des paramètres, équivaut donc à maximiser la matrice

d'information de Fisher par rapport au protocole de population.

Le choix des protocoles est crucial pour estimer précisemément les paramètres du modèle.

À cet e�et, nous avons réalisé une analyse d'optimisation de protocole a�n de proposer

des protocoles économiques et faciles à mettre en place. Un jeu de protocoles adaptés à

l'étude de la VK, de la réponse immunitaire innée et/ou de la SD ont été élaborés. Nous
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avons inclu des sites de prélèvement supplémentaires: les cytokines pro-in�ammatoires

et les cellules NK. En apportant de l'information dans ces compartiments, certains prob-

lèmes d'identi�abilité pourraient être résolus et la précision d'estimation des paramètres

accrue. Ces protocoles pourraient aider à la mise en place de futures études de la VK

de la grippe en diminuant l'inconfort des patients et le coût et permettraient d'a�ner les

résultats concernant la réponse immunitaire innée.

En�n, nous avons réalisé une étude in silico de l'e�et des inhibiteurs de neuraminidase

sur la VK et la SD grippales et sur l'émergence de résistance. En utilisant le modèle VKSD,

nous avons exploré l'e�cacité virologique et clinique de l'oseltamivir en modélisant la phar-

macocinétique du produit pour di�érentes posologies. Nous avons simulé pour chaque cas

une population de sujets immunocompétents et une population de sujets immunodé�-

cients. Une administration précoce assure une e�cacité élevée. L'immunodé�cience était

associée à une nette augmentation de la proportion de sujets excrétant du virus résistant

et un e�et dose a été clairement identi�é.

Cette thèse illustre l'importance de la prise en compte des connaissances sur la biologie

de la grippe dans les modèles à l'échelle de la population a�n de faire face à l'infection

grippale et d'atténuer son impact.

***

Mots clefs: Grippe, Virus grippal, Cinétique virale, Symptômes systémiques, Immunité,

Traitement antiviral, Inhibiteur de neuraminidase, Résistance aux antiviraux, Modèles

Non linéaires à e�ets mixtes, Optimisation de protocole.
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Thesis summary

The main objective of this PhD was to de�ne a set of methodological tools to describe

and study the time course of in�uenza and to measure its natural history parameters.

The principal work was the development of a model to describe in�uenza infection and

illness timeline. In�uenza virus kinetics (VK) is used as a surrogate of infectiousness,

while the natural history of in�uenza is described by symptom dynamics (SD). We devel-

opped an original virus kinetics/symptom dynamics (VKSD) model based on a population

approach. Our approach extends previous works by including the innate response and

providing realistic estimates of infection and illness parameters, taking into account the

strong interindividual variability.

We were then interested in de�ning optimized designs to study in�uenza VK and SD. The

choice of the study design, i.e. when and how many times samples are to be collected

in individuals depending on the sample size, is crucial to accurately estimate the model

parameters. For this purpose we performed an optimal design analysis to propose cost-

e�ective and practical designs. A set of designs adapted to study in�uenza VK, innate

immune response and/or SD was elaborated and could help design further studies on in-

�uenza viral kinetics with decreased discomfort and cost.

Finally, we realised an in silico analysis studying the e�ect of neuraminidase inhibitors on

in�uenza infection and illness and on resistance emergence. Using the VKSD model, we

explored the virological and clinical e�cacy of oseltamivir through simulated pharmacoki-

netics for di�erents regimens. We simulated each time a population of immunocompetent

subjects and one of immunode�cient subjects. An early administration provided a high

e�cacy, but led to resistant virus emergence. Immunode�ciency was associated with a

substantially increased proportion of subjects shedding resistant virus and a clear dose

e�ect was found on resistance emergence.

This thesis illustrates the need of incorporating biological knowledge in models at popu-

lation scale to improve the accuracy of the predictions.
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Antiviral, Neuraminidase inhibitor, Antiviral resistance, Nonlinear mixed e�ect modeling,

Optimal design.

13



Production scienti�que

Publications

Canini L., and F. Carrat. Impact of di�erent oseltamivir treatment regimens in the

otherwise healthy or immunocompromised in�uenza infected patients: insights from a

modelling study. In preparation

Canini L., and F. Carrat. (2012) Ready-to-use optimized designs to study in�uenza

infection dynamics. In review in PLoS ONE

*Canini L., and F. Carrat. (2011) Viral kinetics on in�uenza: When and how many

times are nasal samples to be collected? In�uenza and other Respiratory Viruses 5(suppl

1):144-47

Canini L., and F. Carrat. (2011) Population modeling of in�uenza A/H1N1 viral kinetics

and symptom dynamics. Journal of Virology 85(6):2764-70

*Canini L., L. Andréoletti, P. Ferrari, R. D'Angelo, T. Blanchon, et al. (2010) Surgical

Mask to Prevent In�uenza Transmission in Households: A Cluster Randomized Trial.

PLoS ONE 5(11): e13998

* Prepared during the PhD period but not included in the manuscript

Communications orales et posters

Canini L., and F. Carrat. "Viral kinetics studies on in�uenza: when and how many

times are nasal samples and symptoms scores to be collected?", Poster presented at the

international conference 51st ICAAC, in Chicago IL, USA, in September 2011

Canini L., and F. Carrat. "Impact of di�erent oseltamivir treatment regimens in the

otherwise healthy or immunocompromised in�uenza infected patients: insights from a

modelling study", Poster presented at the international conference 4th ESWI conference,

in Malta, in September 2011

14



Canini L., and F. Carrat. "Optimal designs to study in�uenza viral kinetics", Talk at

the 5ème conférence d'épidémiologie clinique in Marseille, France, in May 2011

Canini L., and F. Carrat. "Viral kinetics studies on in�uenza: when and how many

times are nasal samples to be collected?" Poster presented at the international conference

Option for the control of in�uenza VII, in Hong Kong SAR, China, in September 2010

Canini L., and F. Carrat. "Population modeling of in�uenza A/H1N1 viral kinetics and

symptom dynamics", Talk at the international conference Epidemics2 in Athens, Greece,

in December 2009

15



Contents

1 Introduction 19

2 Timeline of in�uenza infection and epidemiologic considerations 23

2.1 Dynamics of in�uenza infection . . . . . . . . . . . . . . . . . . . . . . . . 23

2.1.1 Host � virus interactions . . . . . . . . . . . . . . . . . . . . . . . . 23

2.1.2 Immune response to in�uenza infection . . . . . . . . . . . . . . . . 25

2.1.2.1 Innate immune response . . . . . . . . . . . . . . . . . . . 25

2.1.2.2 Adaptive immune response . . . . . . . . . . . . . . . . . 26

2.1.3 Clinical expression of in�uenza infection . . . . . . . . . . . . . . . 26

2.2 From within host dynamics to between host dynamics . . . . . . . . . . . . 29

2.2.1 In�uenza transmission . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.2.2 De�nition of epidemiological parameters . . . . . . . . . . . . . . . 30

3 Variability of in�uenza infection and illness 33

3.1 Sources of variability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.1.1 Environmental variability . . . . . . . . . . . . . . . . . . . . . . . 34

3.1.2 Virus variability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.1.3 Host biology variability . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.1.3.1 Host genetic e�ect on susceptibility . . . . . . . . . . . . . 36

3.1.3.2 Antibodies with cross reactivity . . . . . . . . . . . . . . . 37

3.1.3.3 Immunosenescence . . . . . . . . . . . . . . . . . . . . . . 37

16



3.2 Consequences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4 How to model infectious diseases dynamics 39

4.1 The �rst models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.2 Models for in�uenza dynamics . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.3 Conclusion on modeling viral kinetics . . . . . . . . . . . . . . . . . . . . . 43

4.4 How to model the variability . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.4.1 Between-subjects variability . . . . . . . . . . . . . . . . . . . . . . 44

4.4.2 Covariate modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.4.3 Estimation approaches . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.5 Population modeling of in�uenza A/H1N1 viral kinetics and symptom dy-

namics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.5.1 Article Published in Journal of Virology . . . . . . . . . . . . . . . 48

4.5.2 Comments and perspectives . . . . . . . . . . . . . . . . . . . . . . 56

4.5.2.1 About the VKSD model . . . . . . . . . . . . . . . . . . . 56

4.5.2.2 About the natural history parameters . . . . . . . . . . . 56

4.5.2.3 Modeling naturally acquired infections . . . . . . . . . . . 58

5 Optimizing designs to study in�uenza dynamics 60

5.1 Sampling design for population model . . . . . . . . . . . . . . . . . . . . . 60

5.2 Design optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.3 Ready-to-use optimized designs to study in�uenza infection dynamics . . . 62

5.3.1 Article In review in PLoS One . . . . . . . . . . . . . . . . . . . . . 62

5.3.2 Comments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

6 Interventions to mitigate in�uenza 80

6.1 Vaccines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

6.2 Non-pharmaceutical interventions . . . . . . . . . . . . . . . . . . . . . . . 82

6.3 Antiviral treatments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

17



6.4 Modeling antivirals e�ects on viral kinetics and symptoms dynamics . . . . 85

6.4.1 Article in progress . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

6.4.2 Comments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

7 Conclusion & perspectives 114

Bibliography 118

18



1 Introduction

In�uenza is a transmissible disease. In�uenza virus' structure, its genome, the immune

response elicited against it, vaccines to protect against it and its epidemiology have been

the subjects of overwhelming attention. The pathogens responsible for the disease are

RNA viruses from the Orthomyxoviridae family, namely the Orthomyxoviruses A, B and

C. This classi�cation is based on the type-speci�c nucleoprotein and matrix protein anti-

gens.

The type A virus which was �rst isolated in 1933, is associated to the most serious clinical

manifestations. It can be found in human beings as well as in di�erent animal species

such as birds, horses, pigs, seals, whales, dogs... [1�3]. The type B virus was �rst isolated

in 1940 and was only described in human beings [4]. The type C virus rarely circulates

in human populations at present [5].

In�uenza virus is continuously evolving and is highly contagious which is why the dis-

ease is considered a major problem in Public Health. It induces a cost in terms of human

lives during pandemics and can generate economical losses (absenteeism, medical cares,

hospitalizations...) which are generaly mild but can be sometimes severe.

In�uenza viruses are also classi�ed in subtypes depending on their genetic structure and

on the antigenic properties of their surface glycoproteins: the haemagglutinine (HA) and

the neuraminidase (NA). Sixteen di�erent HA were identi�ed: H1 to H16 and nine NA:

N1 to N9 [6�8]. Most of the circulating subtypes are responsible for animal infections

and only the subtypes A/H1N1, A/H2N2 and A/H3N2 were formally identi�ed in human

epidemics. Subtypes were not identi�ed for type B virus [5].
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Figure 1.1: In�uenza virus structure. (Credit: CDC/SCIENCE PHOTO LIBRARY)

Viruses of type A and B are responsible for annual epidemics in humans. The seasonal

characteristic of in�uenza is marked in the temperate regions where the disease appears

in winter months whereas in tropical regions cases may occur all year long [9].

Each year 5 to 20% of the population is infected with 3 to 5 million severe infectious

cases and results in more than 500,000 deaths worldwide [10, 11]. Besides these yearly

epidemics, in�uenza can lead to pandemics during which millions of persons might die.

Outbreaks of human in�uenza virus infection is believed to have happened since as far

back as 430 BC [12]. During the XXth century, three pandemics were identi�ed. In

1918, a A/H1N1 virus emerged and replaced the A/H3N8 virus previously circulating and

caused the "Spanish �u" which was responsible for the death of more than 40 millions per-

sons [13�15]. Then in 1957�1958, a A/H2N2 virus appeared causing the "Asian �u" and

circulated until 1968�1969 when a A/H3N2 virus emerged and led to the "Hong Kong"

�u [16]. More recently, the emergence of the A/H1N1pdm virus in April 2009, which

spread rapidly around the world, caused the �rst pandemic of the XXIst century [17].
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Several works have focused on modeling the spread of the disease in the populations

and the e�ect of public health measures [18�25]. These models are based on strong hy-

potheses concerning in�uenza natural history parameters, its transmission and the e�cacy

of the measures to control its spread. One hypothesis is that infectiousness (cf. de�nition

in part 2.2.2) which is a key-parameter is proportional to the viral shedding [18, 26, 27].

Mechanistic models were developed to represent the evolution of viral shedding in time

(also called viral kinetics) [28�32], however all of these models used only viral kinetics

data. Moreover, in�uenza shows great variability in terms of virus shedding as well as in

clinical expression. The between subject variability of in�uenza remains poorly explored

but could provide meaningful insights to the study of in�uenza disease and epidemiology.

By using other sources of information, the evolution of the symptoms or a more accurate

description of the immune response could be provided.

This work began in this context and was aimed at providing an accurate description of

in�uenza infection and illness dynamics. In the �rst part, we expose brie�y the dynamics

of in�uenza infection and illness as well as the underlying biological mechanisms. We

then explain how the within-host dynamics of in�uenza virus plays a role in the disease

transmission and how it is linked to its epidemiology (or between-host dynamics). We also

study the origin and consequences of in�uenza infection variability. We then present the

di�erent models used to study infectious diseases and the "population approach" aimed

at describing and analyzing di�erent levels of variability. The core work of this project

is then presented. It consist of a within host model describing the viral kinetics as well

as the dynamics of systemic symptoms. We used the "population approach" to study the

between subject variability. We also deduced several epidemiological parameters from the

viral kinetics and symptoms dynamics curves.

We then present the designs used to study in�uenza dynamics and an approach used
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to optimize them. We present the second article in which we propose a series of designs

to study in�uenza dynamics in several situations. Indeed, due to the quick evolution of

the infection, appropriately choosing the sampling times is crucial to obtain informative

data. We used a model-based approach to derive well-balanced designs for studying viral

kinetics, innate immune response dynamic and/or systemic symptoms dynamics.

We continue by describing the di�erent possible measures to mitigate in�uenza infec-

tion and how their e�cacy relies on the disease dynamics. We present a simulation study

comparing the e�ect of di�erent oseltamivir regimen in immunocompromised and other-

wise healthy subjects. For this purpose, we simulated the pharmacokinetics of oseltamivir

and the viral kinetics and symptoms dynamics in 1000 subjects. We used a stochastic

process to take into account the emergence of resistant virus. We assessed the virological

and clinical e�cacy as well as the proportion of subjects shedding resistant virus.

This work stresses that in�uenza infection is a complex process which needs appro-

priate statistical and methodological tools for its study. We also show that the great

variability observed must be taken into consideration when planning the strategies for

in�uenza mitigation as the success of disease control depends on the timing of the onset

of infectiousness relative to the onset of detectable clinical signs.
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2 Timeline of in�uenza infection and

epidemiologic considerations

2.1 Dynamics of in�uenza infection

The dynamics of in�uenza infection re�ects the e�ects of the virus on the host and con-

versely the e�ects of the host's reaction on the virus population. The replication cycle

describes the interaction between in�uenza virus and the host at the molecular and cellular

level and can be depicted by viral kinetics data. The short-term as well as the long-term

immune response will be associated with the host's susceptibility. The dynamics of in-

�uenza infection can be modi�ed by the use of antivirals or vaccine. Here we present the

dynamics of in�uenza in the case of an otherwise healthy subject who would neither be

immune nor have received treatment.

2.1.1 Host � virus interactions

The in�uenza virus replication cycle is a complex phenomenon resulting from the inter-

actions between the virus and the host cells (cf. Figure 2.1). First, the virus binds to

receptors on the surface of the host cell with the HA and is internalized into endosomes.

M2 ion channel proteins allow for the acidi�cation of the endosome which triggers the

fusion and the uncoating. The viral genome is released in the form of viral ribonucleo-

proteins (vRNPs) into the cytoplasm. The vRNPs are then imported into the nucleus
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for replication. The positive-sense viral messenger RNAs (mRNAs) are exported out of

the nucleus into the cytoplasm for protein synthesis. Some of the proteins are imported

into the nucleus to assist in viral RNA replication and are assembled with the negative-

sense RNA to form new vRNPs, which also occur in the nucleus. Later in the infection,

vRNPs form and leave the nucleus, and progeny viruses assemble and bud from the plasma

membrane [33].

Figure 2.1: In�uenza virus replication cycle (from [34])

Previous works depicted in�uenza viral kinetics as follows: The standard in�uenza

virus kinetic pattern includes rapid exponential growth, peak viral load occurring 2 to

3 days after infection, and a decline toward virus undetectability over the following 3

days [28,35,36] (cf. Figure 2.2).
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2.1.2 Immune response to in�uenza infection

Immunity �nds its etymology in the latin word immunis meaning "to make safe". The

medical meaning is related to the ability of an organism to defend itself against a disease

[37]. The immune response follows a timeline during which the innate immune response

which is unspeci�c is �rst activated before the adaptive immune response which is antigen-

speci�c.

2.1.2.1 Innate immune response

During the �rst days of infection, the innate immune response, mediated by pro-in�ammatory

cytokines, chemokines, sentinelle cells and natural killer (NK) cells, provides nonspeci�c

defenses pending activation of adaptive responses [38]. It does not require a preliminary

immunization. A recent study showed that after in�uenza infection the host antiviral

program is activated 36 hours before symptoms onset [39]. Its di�erent actors have sev-

eral e�ects such as a strictly speaking antiviral action, a mutual potentialization and the

induction of the adaptive immunity (cf. Figure 2.2).

Among the principal cytokines, interferons (IFN) α and β are produced by the infected

cells and the dendritic cells. They induce the production of antiviral proteins which block

the transcription of the viral mRNA in viral proteins. They also stimulate the NK cells.

IFN γ activates the macrophages and also acts as an antiviral. The tumor necrosis factor

α (TNF-α) activates the neutrophile cells. Interleukine-2 (IL-2) induces the proliferation

of the T lymphocytes and stimulates the NK cells. Interleukine-6 (IL-6) stimulates the B

and T cells. Interleukine-12 stimulates the NK cells. The chemokines recruit monocytes

and B and T lymphocytes. The sentinelle cells, namely dendritic cells and macrophages,

produce several cytokines, induce the internalization and the processing of viral antigens,

and migrate to the lymph nodes to inform the T and B lymphocytes. Finally, NK cells

recognize the infected cells and cause their lysis and shed several cytokines.
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2.1.2.2 Adaptive immune response

The adaptive immune system comes into play a few days later and eventually clears the

virus [31, 40]. It also confers a long-time protection to the host.

The e�ector cells are mainly the B and T CD8+ and T CD4+ lymphocytes. The main

role of the B lymphocyte is to produce antibodies whereas the T CD8+ lymphocytes,

also called cytotoxic T lymphocyte (CTL) induce the lysis of the infected cells. Each

lymphocyte targets a speci�c antigen thanks to speci�c receptor. The T CD4+ lympho-

cytes, once informed by the dendritic cells, promote the evolution of B lymphocytes in

circulating plasmocytes producing antibodies and activate the CTLs.

It takes several days for the adaptive immunity to take place. However, in case of rein-

fection by a similar virus, the adaptive immune response can be rapidly deployed thanks

to the memory B or T lymphocytes which have a long life span and are speci�c to the

immuno-inducing antigen [41].

2.1.3 Clinical expression of in�uenza infection

In�uenza-like illness is an association of systemic and respiratory symptoms. In sev-

eral trials the case-de�nition used was a temperature over 37.8◦C with cough or sore

throat [42�44]. Cytokines have a protective role, but their levels also correlate with sys-

temic symptom dynamics. In particular, IL-6 and IFN-α levels in nasal washing �uid

are causally linked to viral titers, body temperature, mucus production, and symptom

scores [45].

In�uenza virus replication takes place in the epithelial cells of the upper respiratory tract

and major central airways. The infection leads to the desquamation of the epithelium of

the nasal mucosa, the larynx and the tracheobronchial tree. The resulting loss of respi-

ratory epithelial cells is one major reason for several of the symptoms that accompany

infection such as cough, depressed tracheobronchial clearance, and altered pulmonary

function [46,47].
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A review from experimentally challenged volunteers showed that the average total symp-

toms score increased one day after the inoculation and that the total symptom score

peaked by day 2 or 3 after inoculation to return to baseline at day 8 after inoculation.

Systemic symptoms (fever, muscle aches, fatigue, headache) peaked earlier, by day 2 after

inoculation, and resolved faster than respiratory or nasal symptoms [35] (cf. Figure 2.2).
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Figure 2.2: Dynamics of in�uenza infection: A) Viral kinetics of in�uenza A/H1N1 virus
in the upper panel, A/H3N2 virus in the middle panel and B virus in the lower panel,
B) Cytokines dynamics with the IL-6 in the upper panel, IFN − α in the second panel,
TNF − α in the third panel and IL-8 in the lower panel, C) Symptoms dynamics: total
symptoms score for A/H1N1, A/H3N2, A/H2N2 and B virus in the upper panel and
systemic symptoms, respiratory symptoms and nasal symptoms score in the lower panel
(from [35,45])
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2.2 From within host dynamics to between host

dynamics

2.2.1 In�uenza transmission

In�uenza is considered an airborne disease, though its transmission remains not fully

understood. Droplets are produced during sneezing, coughing and exhalation and may

contain di�erent amounts of virus [48, 49]. Droplets small enough evaporate, leaving

microscopic particles or aerosols that can remain suspended in the air [50]. Bigger particles

will tend to sedimentate and cover the surrounding surfaces. They can then be transferred

by hand contact which would represent another transmission route [51�53]. The role

played by each of these routes remains under discussion [54].

Therefore the transmission of in�uenza from an infected subject i to a susceptible

subject j at time t will depend on [55]:

• The quantity of infected particles produced by the subject i. This quantity

will vary in time according to the quantity of virus shed in the upper respiratory

tract and to the frequency and intensity of cough and sneeze. The characteristics of

the environment (humidity, ventilation, ...) can impact the dynamics of the infected

particles.

• The susceptibility of the subject j which can be modi�ed by vaccination, pre-

vious exposition to in�uenza virus or by the use of antivirals as prophylaxis.

• The contact rate between the subjects i and j.

Whereas the second and third aspects have been widely studied, the studies on the e�ect

of viral kinetics / symptoms dynamics on in�uenza transmission remain scarce. The

parameters of interest quantifying the duration and intensity of exposition (for instance

the viral particles concentration, the distance between subjects, the exposition duration)

were not described in human beings and remain scarce in animals [56,57].
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2.2.2 De�nition of epidemiological parameters

The infectivity refers to the e�ciency of infection for a particular viral strain. It is an

intrinsic characteristic of the virus. The infectiousness of a subject i at the time t and

at the place P is the probability for the virus that he shed to reach a susceptible subject

who would be in contact with him at this place and at this time [55].

Consequently, under the hypothesis of homogeneous mixing, the duration of infectious-

ness is de�ned as the average period during which a subject is capable of transmitting

the virus and the latent period as the period during which a subject is infected but not

yet infectious. The incubation period is de�ned as the average time from infection to

apparition of disease symptoms [58].

Under the hypothesis that viral titer is a surrogate of infectiousness [18, 26, 27] and

for a given infectiousness threshold, latent period, infectiousness and its duration can

be easily derived from the viral kinetics (VK), as shown in Figure 2.3. The incubation

period can be derived from the symptom dynamics (SD) curve. Infectiousness is then

computed as the area under the VK curve. However, this de�nition remains theoretical

as a subject shedding virus but without contact would not infect anybody. The e�cient

infectiousness depends on the theoretical infectiousness and the contact rate. For the

latent period and the duration of infectiousness, it is necessary to choose a threshold

above which subjects will be considered as infectious. The latent period would hence be

the time from inoculation to VK curve exceeding this threshold whereas the duration of

infectiousness would be the period during which the VK curve is above this threshold.

These two parameters have to be considered with caution as they depend on an arbitrarely

chosen threshold to represent the transition to infectiousness which is in fact a continuous

process as shown in the Figure 2.3.

The generation time, Tg, is an epidemiological parameter representing the mean

interval between infection of a primary case and his/her secondary cases and indicating

the speed at which an epidemic spreads [59]. The shorter the generation time is, the faster
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Figure 2.3: De�nition of the epidemiological parameters from the VK curve: The upper
panel shows how the parameters are computed from the VK curve. The lower panel shows
a more realistic representation of in�uenza infection timeline with a continuous transition
from non-infectious (blue) to infectious (orange) states.

the epidemic spreads. Generation time distribution was shown to be quantitatively similar

to viral shedding curves from experimental infection studies in human volunteers [18].

Assume that contacts between individuals occur according to a homogeneous Poisson

process, and that the probability of infection when a contact occurs is proportional to the

current viral excretion level. In this description, secondary infections caused by a case

occur according to a time in homogeneous Poisson process with intensity ωV (t) , where

ω is a positive random number and V (t) is the viral load at time t after infection. We

assume that V and ω are independent. The density function of the generation time is
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obtained as the normalized average viral excretion pro�le:

f(t) =
V (t)∫ +∞

0
V (x).dx

(2.1)

And the average generation time Tg is Tg =
∫ +∞
0

t× f(t).dt [35].

Of course, if the process of contacts is not homogeneous or depends on viral load, this

formula does not hold and it is necessary to di�erentiate a theoric generation time from

an e�cient generation time. The �rst one depends only on the infectiousness whereas the

second one takes into account the contact rate. If the contact rate decreases in time (due

to mitigating measures for instance), then the e�cient generation time will be shorter

than the theoretical generation time.
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3 Variability of in�uenza infection and

illness

3.1 Sources of variability

Exposure to an infectious agent does not always result in infection. Whether or not an

infection develops depends on innate immunity, alone or together with adaptive immunity.

Biological and/or clinical expression might be detectable after infection is established and

immunity is involved. The process that goes from exposure to an infectious agent to the

development of a clinical disease is subject to host and environmental variability. Host

factors might be genetic or not, and might act at the level of exposure to or infection

with the pathogen. Environmental factors might be microbial or related to the mode of

exposure, and might have an impact at each stage of the interaction (cf. Figure 3.1).
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Figure 3.1: A schematic showing the stages of the host�environment interaction in the
course of infection [60].

3.1.1 Environmental variability

Several factors from the environement could explain a part of the observed variability. The

virus infectivity may be modi�ed by the changes in the environment characteristics. For

instance, the stability of the virus in the aerosol is associated with the level of humidity

[61]. Cold temperatures are also associated with in�uenza virus increased infectivity as

breathing cold air would slow mucociliary clearance and thereby encourage viral spread

within the respiratory tract [62].

Also vitamin D, which is activated by the UVB rays from the sun [63] triggers the innate

immune response [64,65]. It has been hypothesized that its variations due to the duration

of daylight could be one of the factors explaining in�uenza seasonality in temperate regions

[66�68], though it remains controversial [69].
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3.1.2 Virus variability

In�uenza virus is continuously evolving. The mechanisms of in�uenza virus evolution

include mutation and genome reassortment. Mutations are random events that generate

genetic variations. By changing the properties of the virus it allows it to persist in the

host population despite selective pressures such as the immunity to strains from previous

years or antiviral use [70,71].

It is important to note that in�uenza virus as other RNA viruses has a high mutation

rate and rapid replication cycles which lead to its rapid evolution. For the purpose of

comparison, RNA virus mutation rate varies between 10−3 and 10−5 per base per gen-

eration [72] whereas human genomic mutation rate was estimated to ≈ 2.5 × 10−8 per

base per generation [73]. In�uenza viruses are hence "moving targets" as they can quickly

develop resistance to antiviral drugs and escape the immune response.

One of the consequences of this dynamic evolution is the existence of quasispecies which

are collections of similar variants generated by mutations and with related sequences.

The cloud of variants can hence quickly react to selective pressure by selecting the best

adapted candidate genome [74]. The mutations conferring bene�cial functional alteration

are more likely to be preserved.

However, even though mutations often directly cause a bene�cial functional alteration

(such as antigenic shift or drug resistance), they can be deleterious to protein-level proper-

ties such as folding, stability or expression. Secondary mutation can reinforce the protein-

level properties damaged by the functional mutation, but by itself may confer no major

adaptive bene�t.

For instance, the His274 → Tyr274 (H274Y) mutation confers in�uenza virus oseltamivir

resistance [75, 76] but also compromises viral �tness [77]. H274Y also induces a protein-

level defect that decreases the amount of neuraminidase expressed on the cell surface and

hence reduces the infectivity of the virus [78]. Secondary "permissive" mutations can

occur that restores the virus �tness [79]. Both mutations are needed to yield a protein
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that possesses the bene�cial functional alteration and the requisite protein-level proper-

ties [80].

Another consequence of the virus evolution is that the antibodies produced during a pre-

vious infection or after vaccination are not always e�cient against the new variant in

which case the subject will be susceptible to infection [5].

3.1.3 Host biology variability

The host susceptibility and clinical expression is highly variable between subjects. Both

the innate and adaptive immune response can be variable and can explain partly the

observed variability. The variability of the immune response could result from a polymor-

phism of the genes which might be regulated in an age-dependant manner and from the

history of previous infections which might enhance the adaptive response to in�uenza.

3.1.3.1 Host genetic e�ect on susceptibility

Host genetic e�ect on susceptibility to in�uenza was increasingly studied in recent years

[81,82]. Hints came from a review of epidemiological patterns of A/H5N1 cases in humans

which noted apparent familial clustering of cases, a relative lack of nonfamilial clusters,

cases separated by time and place among related individuals, and relatively few cases in

some highly exposed groups [83] and from an investigation of the in�uenza death records

over the past 100 years in the population of Utah which provided evidence for an increased

risk in close and distant related relatives [84]. However the analysis of in�uenza related

deaths in the population of Iceland during the Spanish �u pandemic did not �nd any

conclusive evidence for a genetic contribution [85].

In a recent study, the transcriptional responses of human hosts towards in�uenza viral

pathogens was studied. It revealed an over-stimulation of multiple viral sensing pathways

in symptomatic hosts and that their temporal trajectory was associated with development
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of diverse clinical signs and symptoms [39] suggesting that:

• viral sensing and in�ammation correlate to clinical symptoms dynamic in symp-

tomatic subjects

• asymptomatic subjects have a rapid innate immune response quickly clearing the

virus from the organism

• anti-oxydant response may be an antiviral mechanism by which aberrant immune

response are avoided in asymptomatic subjects

3.1.3.2 Antibodies with cross reactivity

Antibodies with cross reactivity allow a subject to be protected against a subtype strain

when he/she was previously exposed to another strain of this subtype. Hence older sub-

jects, as they have a longer infectious history, tend to have a lower risk for in�uenza

infection [86]. This is particularly obvious for the A/H1N1 and B viruses for which the

genetic evolution is slower than for the A/H3N2 viruses [87].

3.1.3.3 Immunosenescence

Immunosenescence is the decline of the immune function due to aging. While the ability

to recall antigens might be conserved, the ability to initiate a primary immune response

against novel antigens decreases. Both the innate and adaptive immunity are modi�ed [88]:

• the production of pro-in�ammatory cytokines increases,

• the NK cells number increases while their function decreases,

• the number of CD4, CD8, B lymphocytes, macrophages and the antibody decrease.
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3.2 Consequences

In�uenza infection can present variability both within subjects and between subjects. The

within subject variability results from the evolution of immune response during the lifetime

and from the evolution of the virus. One of the consequences is that children are more

susceptible and more infectious than adults [23, 36, 89]. Hence they play a speci�c role

in the transmission of the disease in the population and can be the target for mitigating

interventions. Another consequence is the increased risk of death for the elderly due to

immunosenescence.

Second, the between host variability due to genetic background of the subjects as shown

previously is associated with the speed and "quality" of the innate immune response [39].

Therefore asymptomatic subjects resolve rapidly the infection and are less infectious.

Finally, the between host variability of the clinical expression leads to the undetection of

infected subjects as they do not match the case-de�nition.
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4 How to model infectious diseases

dynamics

We will limit the presentation here to the mechanistic models which are based on the

knowledge about the interaction between the virus and its host as presented in 2.1.1. It

is noteworthy that the parameters of these models have a biological meaning.

4.1 The �rst models

The �rst models describing viral kinetics were developed for HIV infection. If the virus

is produced by infected cells at the rate P and the virus is cleared at the rate c, then the

equation corresponding to the evolution of the viral titer V in time t is:

dV/dt = P − cV (4.1)

If the virus production is blocked then P = 0 and V (t) = V0e
−ct, where t = 0 is the

treatment initiation time and V (0) = V0. The minimal viral clearance, c, can hence be

estimated. If we assume that at the treatment initiation the viral kinetics is at a steady

state, then P = cV0 and the virus production rate P can be determined. The virus half-

life, T1/2, is the time necessary for the viral titer to be divide by 2. It can be deduced as

T1/2 = ln(2)/c [90].
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The model was then re�ned by taking into account the dynamical interaction between

the virus and the target cells T . A set of ordinary di�erential equations was used. In the

absence of infection, the target cells are produced at the rate λ and die at the rate d. The

infection was modeled as follows: the target cells are infected by the virus. Infected cells

I produce virus at the rate p and die at the rate δ. The measured response is the viral

titer, V . We will call it the "classic model" thereafter.

Free virus

Target cells

Infected cells


dT/dt = λ− kV T − dT

dI/dt = kV T − δI

dV/dt = pI − cV

(4.2)

Several biological entities can be deduced such as the average life-times of uninfected

cells and infected cells which are given by 1/d and 1/δ respectively. The average number

of virus particles produced over the lifetime of a single infected cells is p/δ [91].

Similar models were also used to study HBV, HCV and cytomegalovirus infection dynam-

ics [92, 93]. This model can then be adapted to various situations. Here we present the

models developed for treatment e�ect and for drug resistance.

Drug resistance raises several issues. Were resistant viruses present in the drug-naive

quasispecy or did they emerge during the treatment [94]? If so, what is the probability

of obtaining a mutant during the treatment? What role does treatment selective pressure

play? How should decreased viral �tness be taken into account?

If resistant virus is present before the treatment begins, the following model can depict

the dynamic of both sensitive and resistant virus in the absence of treatment [95]:
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Free virus

Target cells

Infected cells
I1

I2

Resistant virus



dT/dt = λ− k1V1T − k2V2T − dT

dI1/dt = (1− µ)k1V1T + µk2V2T − δI1

dI2/dt = µk1V1T + (1− µ)k2V2T − δI2

dV1/dt = p1I1 − cV1

dV2/dt = p2I2 − cV2
(4.3)

where I1, I2, V1, and V2,are respectively cells infected by sensitive virus, cells infected

by mutant virus, free sensitive virus, and free mutant virus. µ represents the mutation

rate.

In case of rare events the deterministic approach used so far might not be realistic. A

strain created by mutation can be lost due to stochastic e�ect as its frequency is very

small. In this case, each event (production of uninfected cells, infection of target cells,

death of target cells, death of infected cell...) is assigned a probability which is related

to the deterministic rates. Hence the stochastic expression of the equation of the classic

model 4.2 is represented in table 4.1 [96].

Table 4.1: Structure of the stochastic process

Event Population at t → Population at t+ ∆t Probability
Production of uninfected cell T → T+1 λ∆t
Death of uninfected cell T → T-1 dT∆t

Production of infected cell
{

I
}

→
{

I+1
}

kTV∆t
T T-1

Death of infected cell I → I-1 δI∆t
Production of free virus V → V+1 pI∆t
Clearance of free virus V → V-1 cV∆t
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4.2 Models for in�uenza dynamics

More recently, models have been developed for in vivo in�uenza infection [28�32,97,98].

Target cell-limited model

The classic model was modi�ed to accurately represent the dynamics of in�uenza infection.

First, considering the short duration of in�uenza, target cells' production and death were

ignored. Second, a latent phase in the infected cells dynamic was included assuming that

infected cells do not die before they begin to produce viruses [99]. The model in which

in�uenza virus infection is limited by the availability of susceptible target cells is hence

written [28]:

Free virus

Target cells
Latent 

infected cells

Productive
infected cells



dT/dt = −βTV

dI1/dt = βTV − kI1

dI2/dt = kI2 − δI2

dV/dt = pI2 − cV

(4.4)

where T is the target cells, I1 the latent infected cells, I2 the virus-producing cells

and V the free virus, β is the rate at which target cells are infected by free virus, k the

rate at which latent cells move into the virus-producing state, δ the mortality rate of

virus-producing cells, p the virus production rate and c the virus clearance. However, it

is more realistic to consider that the innate immune response controls the viral growth

and that the adaptive immune response helps to eliminate the virus.

Innate immune control

Only the dynamics of pro-in�ammatory cytokines such as IFN have been modeled for

in�uenza. The �rst model proposed for the innate immune response was an extension of

the previous one describing the IFN kinetics as

dF/dt = sI2(t− τ)− αF (4.5)

where F is the IFN level, s is the rate at which IFN is secreted by virus-producing cells,

τ is the lag-time necessary for the virus-producing cells to secrete IFN and α is the
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IFN clearance rate [28]. The e�ect of interferon was modeled as a decrease of the virus

production rate, p, and/or as a decrease of the rate at which latent cells move into the

virus-producing state, k.

Free virus

Interferon

Target cells
Latent 

infected cells

Productive
infected cells


p =

p̂

1 + ε1F

k =
k̂

1 + ε2F

(4.6)

where p̂ and k̂ are the value of these parameters in the absence of IFN and ε1 and ε2

represent the IFN e�ciencies [28]. Another way to describe IFN e�ect is to model the

production of cells that are refractory to infection [32,97].

Adaptive immune control

The acquisition of both CTLs and speci�c antibodies and their role in virus clearing were

modeled [29,100,101].

However, in all the experiments, subjects were primo-infected. Thus the e�ect of pre-

existing immunity on the infection settlement remains unstudied.

Antiviral treatment

A model similar to the one used for protease inhibitors in HIV infection was used for the

neuraminidase inhibitors in the case of in�uenza [30].

4.3 Conclusion on modeling viral kinetics

The modeling of viral kinetics has increased over the past �fteen years and has provided

a better understanding of the mechanisms underlying infection dynamics. It allows to

simulate various scenarii and to debate the biological relevance of several hypotheses.

43



The parameters estimates quantify the interactions between the virus, its host and the

immune response and allow to measure the e�ect of interventions such as antiviral treat-

ment. Finally, it can be used to make predictions.

However, there are several limitations. First, identi�ability is a problem often raised in

viral kinetics modelling [28, 30, 32]. Indeed the models used to describe viral kinetics

are complex, nonlinear and depends on unknown parameters [102]. Three possible solu-

tions in case of non-identi�ability are 1) simplifying the model, 2) �xing parameters with

biologically plausible value and 3) enriching the data with additional sampling sites or

measurements [99,102]. The two �rst are often used and simpli�ed models were proposed

to help identify the parameters [103]. However, as these models focus on viral kinetics,

information about the dynamics of the infected cells or about the immune response is lost.

Concerning the third option, beside the numerous di�erent responses that could be col-

lected (di�erent types of cytokines levels [45], symptoms score [35], NK cells activity), only

viral titer was used in most of the studies �tting models to dynamics data. These obser-

vations would bring additional information which would allow more complex models [104].

4.4 How to model the variability

4.4.1 Between-subjects variability

Nonlinear mixed e�ect models, or "population approach" were �rst developed to study

the pharmacokinetics of drugs [105]. They allow to describe the population characteristics

(mean parameters) as well as di�erent levels of variability such as the interindividual

variability or the variability observed at di�erent stages of the treatment, namely the

interoccasion variability [106].

Let yi be the vector of the ni observations of subject i, with i varying from 1 to N . Let

f be a function describing the phenomenon to model, depending nonlinearly from θi, the
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vector of the p parameters of the subject i. Suppose that ξi represents the vector of times

at which samples are collected from subject i, ξi = (ti1, ti2, ..., tin). The statistical model

for the subject i is then:

yi = f(θi, ξi) + εi(σinter + σslopef(θi, ξi))

where εi is the vector of the residual errors which is the part of the observations

unexplained by the model f . We will suppose that these errors are independant from

one observation to another and that their distribution is gaussian εi ∼ N (0, Ini
), where

Ini
is an identity matrix of dimensions (ni, ni). σinter and σslope are two parameters

characterizing the error model variance.

In nonlinear mixed e�ect models, the model f is common to all the subjects, but the

vector of parameters θi for the subject i may vary from one subject to another. The

interindividual variability is modeled with the vector of random e�ect parameters bi. The

vector of parameter θi for the subject i can then be expressed as a "second level" model

which links with the function g the vector of �xed e�ect parameters β common for all

subject and the vector of random e�ects bi speci�c for the subject i: θi = g(β, bi). The

vector of random e�ect is supposed to follow a gaussian distribution bi ∼ N (0,Ω), bi and

εi are supposed to be independant for the subject i and bi|εi is supposed independant

from one subject to another. Ω is the matrix of random e�ect variance. Most of the time,

the function g is an additive or exponential model. The vector of parameters is hence

written θi = β + bi or θi = βbi respectively.

4.4.2 Covariate modeling

The inter-individual variability can either be related to natural variations, or caused by

di�erences in covariate values between and/or within subjects [107]. As the number

of extra parameters to be estimated tends to grow considerably with the inclusion of

covariates and their associated random e�ects in the model, the decision on whether or

not to include a covariate has to be carefully considered.
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4.4.3 Estimation approaches

The estimation approach the most frequently used for in�uenza viral kinetics was a "two-

stage approach". In the �rst step, each individual's data were separately �tted using

nonlinear least squares. In the second step, the geometric mean of the individual pa-

rameters is computed and represents the average population parameter. However, this

approach leads to an overestimation of the variability as the parameter uncertainty is

ignored in the second step [108], thus an appropriate method is required to model the

di�erent levels of variability.

For nonlinear mixed e�ect models, several methods are available. The objective is to

maximize the likelihood. However, with such models the integral of likelihood function

cannot be explicitly solved.

• Estimation method based on model approximation

A �rst-order linearization of the regression function with respect to the random

e�ects, as the �rst-order method and �rst-order conditional estimation methods

implemented in NONMEM and in the nlme function in Splus and R, allows to obtain

an analytical expression of the likelihood [109,110]. Laplace or Gaussian quadrature

approximation can also be used [111]. These two algorithms are implemented in SAS

procedure NLMIXED.

However, several limitations are noteworthy: 1) these methods needs very long

computation times, 2) convergence problems occur frequently and 3) the number of

parameters that can be estimated is limited [112].

• Bayesian inference

Here, a prior distribution of the parameters is included in the mixed model and

the objective is to assess the posterior distribution which is proportional to the

likelihood. Markov Chain Monte Carlo (MCMC) methods is a class of algorithms

for generating samples that mimic a target distribution. In bayesian statistics, the
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Gibbs sampling and the Metropolis-Hastings algorithm are the most frequently used.

It was developped to approximate the posterior distribution and is implemented in

the BUGS softwares [113].

• Expectation-Maximization (EM) based methods

This iterative method allows an exact maximization of the model likelihood. Each

iteration is performed in two steps: expectation (E) step, which computes the expec-

tation of the log-likelihood evaluated using the current estimate for the parameters,

and a maximization (M) step, which computes parameters maximizing the expected

log-likelihood found on the E step [114]. A variant algorithm called Stochastic Ap-

proximation EM was developped [115,116] and implemented in MONOLIX software.

4.5 Population modeling of in�uenza A/H1N1 viral

kinetics and symptom dynamics

As shown in the part 2.1, the dynamics of in�uenza infection is a complex phenomenon

during which the virus interact with the host. The innate immune response leading to

the clearance of the virus is also responsible for the systemic symptoms. The objective of

this �rst work was to provide a model which would causally link the viral kinetics to the

systemic symptoms dynamic through the dynamic of the innate immune response.

Only one in�uenza viral kinetics model was previously �tted to human data, with a rela-

tively small number of subjects [28] and a two-stage approach was used. The parameters

were estimated with a two-stage approach which as we showed in part 4.3.2 leads to an

underestimation of the between subject variability.

We used data from �ves studies in which 56 healthy volunteers under placebo were ex-

perimentally challenged with a A/H1N1 virus. The participants were carefully monitored

with one viral sample and two symptoms measures each day collected. It was the �rst time

that such a rich dataset was analyzed. Even though the volunteers were comparable on a
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physiological and demographical point of view, the viral kinetics and systemic symptoms

dynamics patterns showed a high variability. Indeed, 12 participants did not shed virus

and from the 44 remaining 19 did not exhibit any systemic symptom.

Considering the number of subjects from the dataset and the observed variability, we used

the population approach which allowed us to give a �rst description of the between subject

variability. Moreover this rich dataset allowed us to re�ne the innate immune response

model in which we included the dynamics of the NK cells.

The parameters estimates were coherent with previous �ndings [28�32,97,98]. Moreover,

the predicted cytokines response with a sharp increase and a peak occuring a few hours

after the viral titer's was in agreement with what was previously found [45]. Information

concerning the NK dynamics remains scarce for in�uenza infection, however our �ndings

showing a later peak and a slow decrease seems in line with the result from the study of

another acute disease, the Epstein-Barr virus infection [117].

We also derived several epidemiological parameters and their between subject variability:

the latent period, infectiousness, duration of infectiousness, generation time and incuba-

tion. We computed them based on the assumption than infectiousness is proportional to

the viral titer. Once again, the results obtained were consistent with previous �ndings

from challenge and epidemiological studies [18,20,22,35].

4.5.1 Article Published in Journal of Virology
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Influenza virus kinetics (VK) is used as a surrogate of infectiousness, while the natural history of influenza
is described by symptom dynamics (SD). We used an original virus kinetics/symptom dynamics (VKSD) model
to characterize human influenza virus infection and illness, based on a population approach. We combined
structural equations and a statistical model to describe intra- and interindividual variability. The structural
equations described influenza based on the target epithelial cells, the virus, the innate host response, and
systemic symptoms. The model was fitted to individual VK and SD data obtained from 44 volunteers experi-
mentally challenged with influenza A/H1N1 virus. Infection and illness parameters were calculated from
best-fitted model estimates. We predicted that the cytokine level and NK cell activity would peak at days 2.2
and 4.2 after inoculation, respectively. Infectiousness, measured as the area under the VK curve above a viral
titer threshold, lasted between 7.0 and 1.3 days and was 15 times lower in participants without systemic
symptoms than in those with systemic symptoms (P < 0.001). The latent period, defined as the time between
inoculation and infectiousness, varied from 0.7 to 1.9 days. The incubation period, defined as the time from
inoculation to first symptoms, varied from 1.0 to 2.4 days. Our approach extends previous work by including
the innate response and providing realistic estimates of infection and illness parameters, taking into account
the strong interindividual variability. This approach could help to optimize studies of influenza VK and SD and
to predict the effect of antivirals on infectiousness and symptoms.

Viral shedding kinetics and symptom dynamics (SD) are
often used to describe the natural course of infections. In
influenza virus infection, virus kinetics (VK) is used as a sur-
rogate for infectiousness, and parameters such as the latent
period, the duration of infectiousness, and the generation time
can be deduced directly from viral shedding data (13). The
standard influenza virus kinetic pattern includes rapid expo-
nential growth, peak viral load occurring 2 to 3 days after
infection, and a decline toward virus undetectability over the
following 3 days (5, 8, 10).

This kinetic pattern results from interactions between the
virus, host target cells, and the immune system. During the first
days of infection, the innate immune response, mediated by
cytokines and natural killer (NK) cells, provides nonspecific
defenses pending activation of adaptive responses (16). Cyto-
kines have a protective role, but their levels also correlate with
systemic symptom dynamics. In particular, interleukin 6 (IL-6)
and alpha interferon (IFN-�) levels in nasal washing fluid are
causally linked to viral titers, body temperature, mucus pro-
duction, and symptom scores (20).

Nonlinear models have previously been used to characterize
the kinetics of agents causing chronic infections, such as HIV
(29), hepatitis B virus (28), and hepatitis C virus (27), and have
proved useful both for explaining sustained replication and for
studying the effect of antiviral drugs. Few nonlinear models of
influenza have been published (4, 6, 17–19, 21, 24, 26, 31), and

only one used actual human data (3). The latter model was
fitted to viral shedding data from six experimentally challenged
subjects and was based on compartments describing target
epithelial cells (infected or uninfected), the virus titer, and the
interferon response.

We extended this model and used an original virus kinetics/
symptom dynamics (VKSD) “population” approach to esti-
mate infection parameters and to characterize the overall pat-
tern and variability of influenza virus infection and illness. Our
approach fits VK and SD simultaneously, using predicted (un-
observed) cytokine and NK cell effects.

Data came from the experimental influenza virus infection
of healthy volunteers who showed substantial variability in viral
shedding and symptoms, with some individuals remaining
asymptomatic (32). In the “population” approach, widely em-
ployed in pharmacokinetic/pharmacodynamic studies, the data
are modeled with structural equations and a statistical model
to capture the full intra- and interindividual variability of virus
kinetics and symptoms.

MATERIALS AND METHODS

Design. We used data from five randomized, double-blind, placebo-controlled
registration studies of zanamivir treatment of H1N1 influenza virus (NAIA1001,
NAIA1002, NAIA1003, NAIA1004, and NAIA1010). The studies were con-
ducted between 1993 and 1997 and involved experimentally challenged volun-
teers. All were approved by ethics committees, and the volunteers gave their
written informed consent.

Volunteers were eligible for these studies if they were Caucasian men or
women aged from 18 to 40 years, with serum hemagglutinin antibody titers of
�1:8 to the relevant virus strains. They were nonsmokers or smoked an average
of less than 10 cigarettes per day and agreed not to smoke for the duration of the
isolation period. They had normal pulmonary function, were within �30% of
their ideal weight for height, were using effective contraception (women), and
were judged to be healthy based on medical history taking, physical examination,
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routine laboratory investigations, screening electrocardiograms (ECGs), and the
absence of lymphadenopathy.

The volunteers were challenged with 105 median (50%) tissue culture infective
doses (TCID50) of influenza A/Texas/91 (H1N1) virus intranasally and were
monitored daily for the following 7 or 8 days. A sample for viral shedding kinetics
analysis was taken from each volunteer 8 or 9 times. In four studies (48 subjects),
sample collection took place on day 0 (D0) before the challenge, and then on D1,
D2, D3, D4, D5, D6, D7, and D8; no D8 sample was collected in the fifth study
(8 subjects). The following symptoms were noted: earache, runny nose, sore
throat, coughing, sneezing, breathing difficulties, muscle ache, fatigue, headache,
a feverish feeling, hoarseness, and chest discomfort. The intensity of each symp-
tom was scored by the patient from 0 (none) to 3 (severe). The symptom data
were collected twice a day, at 0800 and 2000 on the same days as the viral titer
samples.

A systemic symptom score (range, 0 to 12) was constructed by summing the
scores for muscle ache, fatigue, headache, and a feverish feeling. We focused on
these systemic symptoms as they occurred first (8) and adequately delineated the
incubation period. In addition, these symptoms are causally related to the cyto-
kine level (20).

We also summed all the systemic symptom scores over the entire study period.
Volunteers with total systemic symptom scores below 2 over the 7 or 8 days of
follow-up were considered free of systemic symptoms.

On the whole, 56 volunteers were included in the placebo arms of these trials.
For this study, we selected subjects who had virus-positive samples on at least one
occasion after the challenge, leading us to exclude 12 volunteers who were
considered to not have been infected as they did not shed virus.

Forty-four volunteers with a mean age of 22.7 � 4.2 years (range, 18 to 35
years) were selected, of whom 35 (80%) were male. The mean body mass index
(BMI) was 24.3 � 3.5 kg/m2 (range, 18.8 to 33.6 kg/m2).

The subjects were influenza virus positive for 1 to 8 days (at least), and the
observed viral titer peak ranged from 0.75 to 9.5 log10 (TCID50/ml).

The observed systemic symptom scores ranged from 0 to 10 points, and
systemic symptoms lasted between 0 and 8 days (or more). Six volunteers had no
respiratory symptoms and no systemic symptoms and were thus considered
totally asymptomatic. Maximal viral shedding did not correlate with the maximal
systemic symptom score (Spearman’s rho, �0.28; P � 0.18).

Viral shedding. Daily nasal washing fluid samples, first taken on the day before
virus inoculation, were collected by introducing 5 ml of phosphate-buffered
saline per nostril and allowing it to dwell for 10 to 15 s before the volunteer
gently blew into a sterile container that was then transported to the laboratory
for processing. Two milliliters of each sample was combined with 0.5 ml of
concentrated virus transport medium. The residual sample was stored at �70°C
until titration. Aliquots of 0.2 ml were inoculated on quadruplicate monolayers.
Samples were incubated at 33 to 35°C for 14 days and examined for cytopathic
effects every day. Negative controls were conducted each day. Titers were cal-
culated from 10-fold dilutions of positive samples by the Karber method and
expressed as TCID50 per ml (14).

Modeling. (i) Population VKSD model. Population VKSD models were con-
structed with MONOLIX software version 3.1, and population parameters were
estimated with the maximum likelihood method and the stochastic approxima-
tion expectation maximization algorithm (23). The two responses (viral shedding
titer and systemic symptom score) were fitted simultaneously.

(ii) Structural VK model. This model extended the IFN compartmental model
proposed by Baccam et al. (3) and used a set of ordinary differential equations.
The compartments were uninfected target cells (T), infected but not yet virus-
producing cells (I1), productively infected cells (I2), cytokines (F), natural killer
(NK) cells, and infectious viral titers expressed in TCID50/ml (V) (Fig. 1). Note
that the cytokine compartment is taken “as a whole” and is not restricted to IFN
as in the Baccam et al. model. Cytokine production was assumed to be directly
proportionally to the number of infected cells and was attributed either to
infected cells themselves (30) or to activated macrophages and dendritic cells (2).
The cytokine compartment included all cytokines, such as IFN-� and IL-6, that
are causally linked to systemic symptoms, NK cell activation, and virus produc-
tion (34).

The equations describing the VK model are as follows: dT/dt � ��TV; dI1/dt �
�TV � kI1; dI2/dt � kI1 � �I2 � �I2NK; dF/dt � I2 � �F; dNK/dt � F � �NK;
and dV/dt � pI2/(1 	 
F) � cV; where � is the target cell infection rate, k is the
transition rate from I1 to I2, � is the mortality rate of infected cells, � is the effect
of NK cells on infected cells, � is the cytokine clearance, � is the mortality rate
of NK cells, p is the rate of virus production by I2, 
 is the effect of cytokines on
p, and c is the virus clearance. T0, the initial number of target cells in the upper
respiratory tract, was set at 4 � 108 (3). We set the cytokine and NK cell

production rates to 1, as this changes only the units in which the early immune
response is measured and does not lead to a loss of generality.

The average life span of infected cells is about 1 day (35), and � was thus set
at k/(k � 1).

We defined the half-life of free virus (i.e., the time required for a 50% decline
in the quantity of shed virus) as ln(2)/c, the half-life of cytokines as ln(2)/�, and
the half-life of NK cells as ln(2)/� (3, 36).

(iii) Structural SD model. Systemic symptoms were modeled as being depen-
dent on the level of cytokines (20), as follows: dS/dt � �F � hS, where � is the
rate at which systemic symptoms (S) appear and h is the rate of symptom
resolution.

(iv) Modeling the different degrees of variability. In the population approach,
each model parameter can be decomposed into a “population” parameter (a
fixed effect) and an interindividual variability (IIV) parameter (a random effect).
We illustrate this approach in a simple modeling example (Fig. 2). In our VKSD
model, the IIV parameters were tested one by one to determine if they signifi-
cantly improved the model. The three different error models (additive, multipli-
cative, and mixed) (12) were tested to model residual variability. The model was
fitted for two responses: the viral titer and the systemic symptom score. The
minimum value of the objective function (�2 log likelihood) was the main
criterion used for model selection. Nested models were compared by using the
likelihood ratio test (11). Model selection was also based on goodness-of-fit
plots, and the precision of the parameter estimates, in terms of the relative
standard error (RSE), was calculated as the standard deviation (STD) estimate
divided by the parameter estimate.

Influenza infection and illness parameters. We estimated the latent period,
infectiousness and its duration, the incubation period, and the generation time.
The latent period is defined as the time during which a subject is infected but not
yet infectious, while the duration of infectiousness is the average period for which
an individual is capable of transmitting the infection; the incubation period is
defined as the average time from infection to the appearance of symptoms of
disease (1).

As the viral shedding titer above which a subject will enter the infectious
period is unknown, we calculated the latent period, infectiousness, and the
duration of infectiousness for various thresholds of viral shedding titers. The
latent period was calculated as the time from inoculation to viral shedding
exceeding a given threshold for the first time. Infectiousness was calculated as the
area under the predicted VK curve (AUC) above the threshold (maximal infec-
tiousness corresponding to the AUC calculated with no threshold), and the

FIG. 1. Graphical presentation of the VKSD model. The free
virus (V) infects target epithelial cells (T), which become infected
cells not yet producing virus (I1,), before becoming productively
infected cells (I2). These latter cells produce free virus and lead to
the production of cytokines (F), either directly or via activation of
macrophages or dendritic cells. Cytokines reduce the virus produc-
tion rate, activate natural killer (NK) cells and induce systemic
symptoms (S). NK cells kill infected cells. The symbols above each
arrow represent model parameters. Parameters between I2 and F, or
F and NK, were fixed at 1.
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duration of infectiousness was defined as the period during which viral shedding
exceeded the threshold.

The incubation period was calculated as the time from inoculation to the onset
of a systemic symptom score of �1 in volunteers with systemic symptoms.

Finally, for the different thresholds, we calculated the generation time (Tg), an
epidemiological parameter representing the mean interval between infection of
a primary case and his/her secondary cases (33) and indicating the speed at which
an epidemic spreads.

Assuming infectiousness to be proportional to the viral shedding titer, random
contacts between infectious and susceptible individuals (i.e., homogeneous mix-
ing) which do not depend on the viral shedding titer, Tg can be calculated (8, 15)
as follows:

Tg � �
0

	

t � V�t�

�
0

	

V�x�dx

dt

We used the trapezoidal rule as a numerical integration method to compute the
generation time from individually predicted VK curves.

RESULTS

Population VKSD model. The population VK and SD pa-
rameter estimates are shown in Table 1. The best results were
obtained with an additive error model for both the VK and SD
components. Interindividual variability on all parameters sig-
nificantly improved the model.

The estimated average viral shedding titer increased sharply
from day 1 and peaked 2.0 days after inoculation (Fig. 3), then
fell rapidly to 1 log10 (TCID50/ml) between days 6 and 7. The

cytokine level and systemic symptom score showed roughly the
same dynamic pattern, and their peaks lagged behind the viral
titer peak by 0.2 and 0.4 days, respectively. The NK cell num-
ber peaked at 4.2 days but decayed slowly, remaining at 82% of
the peak on day 8.

The half-life of free virus was 2.3 h (STD, 0.4 h). The aver-
age cytokine half-life was 9.1 h (STD, 1.8 h), and the average
half-life of NK cells was 11.4 days (STD, 4.7 days).

Virus kinetics and symptom dynamics were highly variable
across the volunteers, as shown in Fig. 4. Volunteers with the
highest viral titers usually had the strongest predicted innate
responses but not necessarily the highest symptom scores.
Nineteen volunteers had no systemic symptoms, and these
subjects had significantly lower peaks of viral shedding than
volunteers with systemic symptoms (P � 0.001). The effect of
cytokines on virus production and the virus clearance were
significantly higher in volunteers without systemic symptoms
than in volunteers with systemic symptoms (Table 2).

Influenza infection and illness parameters. The average la-
tent period ranged from 0.4 days (STD, 0.3 days) to 1.5 days
(STD, 0.6 days), depending on the chosen viral titer threshold
(Fig. 5). In the same way, infectiousness lasted 1.3 days (STD,
0.8 days) at a threshold of 4 log10 (TCID50/ml) and 7.0 days
(STD, 2.1 days) when no threshold was applied. In the latter
case, 95% of the total amount of infectiousness was concen-
trated between day 1.2 and day 3.9 after inoculation. The
incubation period was 1.9 days on average (STD, 0.7 days) and
ranged from 0.9 to 4.5 days.

The average generation time was 2.1 days (STD, 1.0 day),

FIG. 2. Illustrative explanation of the population approach. We illustrate the statistical population approach with a simple monocompartmental
model simulated on individuals (i � 10) and described by the equation dX/dt � �kX [i.e., X(t) � X(0) � e�kt], with a single parameter, the
elimination rate k. Parameter k was the population estimate but was assumed to vary across individuals such that ki equals k exp(�i), with �i being
normally distributed (0,�2). In the example, k equals 2 and � equals 1, leading to an interindividual variability of 100%. To model residual
variability, i.e., the difference between predicted and observed values, the following three different error models can be tested: additive [Xi(t) �
X̂i(t) 	 ε1], multiplicative [Xi(t) � X̂i(t)(1 	 ε2)], or mixed [Xi(t) � X̂i(t)(1 	 ε2) 	 ε1], where ε1 and ε2 follow N(0,�1

2) and N(0,�2
2), respectively,

and X̂i(t) is the individual predicted value. (a) Simulated data for 10 subjects. (b) Population predictions (red line), the population confidence
interval (orange lines), and the simulated data (blue dots) are shown. (c) Predicted individual curves (green). The population curve (red) is shown
for information. (d) For two subjects, we present the individual prediction (green) and the prediction interval (magenta) obtained with the additive
error model.
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while the times computed from individual predictions ranged
from 1.2 to 6.2 days (Fig. 5).

Infectiousness was on average 14 to 16 times lower in vol-
unteers without systemic symptoms than in volunteers with
systemic symptoms (Fig. 5). The latent period was 0.2 days
longer with the 0.5 log10 (TCID50/ml) threshold (Mann-Whit-
ney test; P � 0.045), and the generation time was 1 day longer
(Mann-Whitney test; P � 0.002) in subjects without systemic
symptoms than in volunteers with systemic symptoms. How-
ever, regardless of the threshold, no significant difference in
the duration of infectiousness was found between subjects with
and without systemic symptoms.

DISCUSSION

We used an original model to characterize influenza virus
shedding kinetics and symptom dynamics. This model offers a
mechanistic approach to influenza infection and illness and an
overall view of the disease time course. Relative to previous
work, our approach comprises three novelties: influenza infec-
tion and illness were fitted simultaneously, the innate immune
response was modeled and predicted, and we used a statistical
population approach which contributes to the description and

explanation of different levels of variability, including interin-
dividual variability. We also characterized major influenza in-
fection and illness parameters. Our model parameter estimates
for virus kinetics were of the same order as those found in
other studies. The infection rate, �, was 2.7 � 10�5 to 3.2 �
10�5 (TCID50/ml)�1 � days�1 (3); the virus clearance, c, was
3.0 to 5.2 days�1 (3, 26); and we found 3.0 � 10�5 (TCID50/
ml)�1 � days�1 (95% confidence interval [CI], 1.4 � 10�5 to
4.6 � 10�5) and 7.1 days�1 (95% CI, 3.6 to 11), respectively.
The average lifetime of infected cells was fixed at 1 day, as
overfitting occurred when this parameter was estimated.
The use of other lifetimes (12 h to 4 days) did not modify the
main findings. The VK and SD curves were also consistent
with those obtained in a previous study (8) in which the viral
titer and systemic symptoms peaked on day 2. However, ours
is the first study to quantify the interindividual variability of
parameters describing viral shedding and symptoms. We
showed that some of these parameters were highly variable
across individuals, such as parameter 
 (the effect of cyto-
kines on the virus production rate), while others were rela-
tively constant across individuals, such as parameter k (the
transition rate from I1 to I2).

As we had no data on cytokine or cellular responses, we
designed the innate response compartments as a “black box,”
representing the pooled cytokine response, and an NK cell
compartment. We predicted that the cytokine level peaked at
2.2 days and had a half-life of 9.1 h. This pattern was similar to
the IL-6 and IFN-� kinetics observed in a volunteer challenge
study of influenza virus (20). The NK cell kinetics was in line
with that found in a study of young subjects with Epstein-Barr
virus infection (36). Our model does not take into account the
adaptive immune response, as the early adaptive immune re-
sponse, and particularly cytotoxic T lymphocyte destruction of
virus-infected cells, would tend to appear a certain time after
infection (nearly 5 days) and would peak later (between 9.5 to
11 days) (7). The adaptive response is unlikely to have a
marked effect on the observed kinetics during the first days of
infection.

The model predictions were then used to calculate several
influenza virus infection and illness parameters. We arbitrarily

TABLE 1. Population VKSD parameter estimates and their precisiona

Parameter Parameter description Unit Estimates
(% RSE) % IIV (% RSE)

� Infection rate (TCID50/ml)�1 � day�1 3.0 � 10�5 (18) 74 (19)
k Transition rate from non productive to productive

infected cells
Day�1 2.8 (7) 28 (23)

� Effect of NK cells on infected cells 3.8 � 10�6 (49) 126 (36)
� IFN clearance rate �F�/day 1.82 (20) 111 (14)
� Mortality rate of NK cells 0.061 (41) 114 (33)
p Virus production rate TCID50/ml � day�1 0.043 (16) 60 (22)
c Virus clearance rate Day�1 7.1 (17) 91 (15)

 Effect of cytokines on virus production rate (p) �F��1 2.4 � 10�7 (145) 778 (14)
V0 Initial no. of viruses TCID50/ml 0.50 (13) 67 (15)
� Rate characterizing systemic symptoms Symptom score point � day�1 2.2 � 10�6 (34) 78 (37)
h Systemic symptom resolution rate Day�1 6.1 (26) 64 (40)
εV Additive part of the model error for the viral titer TCID50/ml 1.2 (5)
εS Additive part of the model error for systemic symptoms Symptom score point 0.59 (3)

a The estimates column provides the population fixed effect parameters or “average value of the parameter in the population” with their precision of estimation
(relative standard error [RSE] as a percentage), while the IIV column represents the predicted interindividual variability for each parameter in the population and is
shown along with its own precision of estimation.

FIG. 3. Population predictions of viral titer (black), cytokines
(green), and NK cell (purple) kinetics and systemic symptom intensity
(orange) dynamics. The cytokine and NK cell kinetics were scaled in
proportion to their maximum values.
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chose viral titer thresholds to distinguish between infectious
and noninfectious individuals, as there is no clear boundary.
We deduced from these thresholds a series of values for infec-
tiousness, its duration, and the latent period. These parameter
values were consistent with the results of previous studies (8, 9,
13, 25). The generation time was calculated assuming (i) in-
fectiousness proportional to the viral titer, thus ignoring other
key factors contributing to virus transmissibility, such as respi-
ratory symptoms; and (ii) homogeneous random contacts in-
dependent of viral shedding. Our estimated generation time
(2.1 days) was consistent with the values obtained in a meta-
analysis of volunteer challenge studies (8) and with epidemio-
logical data (13) but showed increased variability (range, 1.2 to
6.2 days), which may be important from an epidemiological
standpoint. We found that participants without systemic symp-
toms were on average 15 times less infectious than participants
with systemic symptoms, confirming and extending the results
of a study of naturally acquired infection in which asymptom-
atic subjects had lower viral titer peaks than symptomatic sub-
jects (22). We believe that this result is particularly important,
as poorly symptomatic individuals who go undiagnosed are
poorly infectious and would not markedly influence the effec-

tiveness of interventions (antivirals, isolation, etc.) aimed at
controlling epidemics.

Our study has two main limitations. First, the analysis was
based on a relatively homogeneous population, and second,
the data came from experimental rather than naturally ac-
quired infection. The applicability of our model to the nat-
ural infection depends on the pathogenicity of the virus used
to challenge the volunteers, as well as preexisting immunity
and the relevance of the challenge method to natural influ-
enza virus acquisition (8). We believe that these issues are
unlikely to affect the validity of our modeling approach: the
viral shedding data and the rate of symptomatic infection, as
well as the estimated infection and illness parameters, are
consistent with the results of studies based on epidemiolog-
ical data (13, 25).

Our findings have several important implications. First,
similar models could be used to predict the time course of
respiratory symptoms in influenza, thereby providing more
realistic estimates of infectiousness by taking into account
the high interindividual variability. Second, our approach
could be used to predict the effect of antiviral treatment on
infectiousness and symptoms. Finally, this approach might

FIG. 4. Individual predictions of the viral titer (a), cytokines (c), and NK cell (d) kinetics and systemic symptom dynamics (b). The curves are
ordered from the lowest peak viral titer (dark blue) to the highest (red). The order of the cytokines and NK cells peaks roughly follows that of
the viral titers, contrary to the order of the peak systemic symptom scores.

TABLE 2. Differences in mean individual VKSD parameters between volunteers with and without systemic symptoms

Parameter Parameter description Unit Systemic symptoms No systemic
symptoms P

p Virus production rate TCID50/ml � day�1 0.047 0.038 0.009

 Effect of cytokines on virus production rate (p) �F��1 7.1 � 10�6 1.7 � 10�3 0.0001
c Virus clearance rate Day�1 7.6 10.3 0.03
� Rate characterizing systemic symptoms Symptom score point � day�1 2.6 � 10�6 2.0 � 10�6 0.012
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help to optimize the design of future influenza VK and
VKSD studies with respect to the necessary number of par-
ticipants and samples.
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4.5.2 Comments and perspectives

4.5.2.1 About the VKSD model

This model is in line with the previous models used to describe in�uenza viral kinet-

ics [28, 29, 31]. These complex models raise the problem of identi�ability. However, it

takes into account two responses for the �rst time which allow the model to be more

complex.

Modeling the respiratory symptoms dynamics would be of great interest. Indeed, in�uenza

virus is mainly spread in the environment by sneezing and coughing. The infectiousness

should also be associated with respiratory symptoms intensity then. However, the under-

lying physiological mechanisms for respiratory symptoms such as sneezing and coughing

are complex. They are related to local in�ammation at di�erent sites such as nasopharynx,

larynx or below. The virus spreads from one site to another and causes local in�ammation

responsible for these symptoms [118]. Therefore spatially-structured model to represent

in�uenza virus tropism could be developped supposing that the intensity of respiratory

symptoms depends on the quantity of infected cells.

We also found that 19 of the 44 subjects did not exhibit systemic symptoms, suggesting

that the proportion of asymptomatic infections is coherent with a study �nding that 59%

of the infection of the Royal Air Force personnel in 1918 were asymptomatic [119].

4.5.2.2 About the natural history parameters

The evolution of infectiousness in time is one central question for those who want to control

in�uenza pandemic, and assuming that infectiousness is proportional to viral shedding,

our study brings with relevant and original information regarding infectiousness in these

subjects. However, as we mentioned in section 2.1.2, the infectiousness that we computed

is theoretical.

The proportion of infectiousness prior to symptom onset and prior to physician consul-

tation may play a major role in the disease transmission. Also infectiousness of poorly
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symptomatic individuals is of major interest as these spreaders are undetectable and might

not be subjects to the measures aiming to decrease the contacts. The Figure 4.1 shows

that in average 29% of the infectiousness occurs prior to symptom onset, 94% until 1

day after symptom onset and that 2% remains after the systemic symptoms alleviation

(Figure 4.1 - upper left panel).

0 2 4 6 8

0

20000

40000

60000

80000

V
ira

l t
ite

r 
(lo

g1
0(

T
C

ID
50

/m
L)

Time post inoculation (days)

29% 65% 4% 2%

0 2 4 6 8

0

V
ira

l t
ite

r 
(lo

g1
0(

T
C

ID
50

/m
L)

Time post inoculation (days)

8% 82%8% 2%

0 2 4 6 8

0.0

0.2

0.4

0.6

0.8

1.0

Time post−inoculation (days)

R
es

pi
ra

to
ry

 s
ym

pt
om

s 
sc

or
e

●

●

●

●
●

●

●

●

●

●

Figure 4.1: Proportion of infectiousness. Upper left panel: Infectiousness is proportional
to the VK only as in [120]. Upper left pannel: Infectiousness is proportional to VK and
respiratory symptoms. Lower panel: respiratory symptoms intensity depending on time.
The dots represents the average respiratory symptoms observed as presented in [35]. The
line is the �t used to compute infectiousness

Respiratoy symptoms have a di�erent dynamics from systemic symptoms (cf. Fig-

ure 4.1 - lower panel). They peak 1 to 2 days later and then decrease slowly until the

eighth or nineth day post inoculation [35]. If we use the average observed respiratory

symptoms [35] and consider infectiousness proportional to both viral titer and respira-

tory symptoms intensity, we �nd that in average 8% of the infectiousness occurs prior
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to symptom onset, 90% during the �rst day of symptoms and that 2% remains after the

systemic symptoms alleviation (cf. Figure 4.1 - upper right panel). Using the respiratory

symptoms dynamics provides a generation time lasting in average 2.3 days vs. 2.1 days

with the previous method. In both cases, we �nd that more than 65% of the total infec-

tiousness occurs during the �rst day of symptoms and that at the end of this �rst day of

symptoms less than 15% of the total infectiousness remains, suggesting that interventions

are probably ine�cient or poorly e�cient if began after.

Modeling accurately respiratory symptoms dynamics and its variation would hence have a

great importance and could provide estimates of the e�ective natural history parameters.

It would be however more realistic to consider 1) a constant baseline virus spread due to

exhalation and 2) an increase of the spread linked to the intensity of respiratory symptoms.

4.5.2.3 Modeling naturally acquired infections

For naturally acquired infections, studying in�uenza dynamics remains challenge. In

an epidemiological study where the viral titer was measured, three samples were col-

lected each three days after symptom onset of households index case [36]. The data

are presented in the Figure 4.2. 61% of the samples were below the limit of detection

(0.3log10(TCID50/mL) [36]). The incubation period was previously shown to be variable

and to range from 0.9 to 4.5 days [120] and in the case of naturally acquired infections,

the time of infection is unknown. If we represent viral load data depending on the time

from symptoms onset, the ditsribution is stretched as shown in Figure 4.5.2.3

The variability observed for incubation period, responsible for the "`data stretch"'

could lead to misinterpretations in transmission studies. Let us consider a household

where two subjects 1 and 2 are co-infected in the same time. Subject 1 has a shorter

incubation period than subject 2, then subject 1 will be considered as an index case

whereas subject 2 will be considered as a transmission case. Similarly, it can lead to a
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Figure 4.2: Viral load data in naturally infected subjects. Data available from [36] at
http://web.hku.hk/~bcowling/influenza/HK_NPI_study.htm
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Figure 4.3: Viral load depending on the time scale used. Upper panel: viral load depending
on time from inoculation. 0 stands for symptom onset. Lower pannel: viral load depending
on time from inoculation. 0 stands for inoculation time

confusion of secondary and tertiary cases [121]. Determining the timeline of in�uenza

infection within host would therefore help to understand transmission timeline.
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5 Optimizing designs to study in�uenza

dynamics

In�uenza as an acute infection represents several challenges. Indeed the infection and

illness are very brief and the peak of viral shedding occurs before the peak of systemic

symptoms, or around the �rst day of symptoms. Thus, �nding an appropriate design is

crucial to study in�uenza dynamics.

5.1 Sampling design for population model

Let N be the number of subjects from the population to study. An elementary design

ξi with i varying from 1 to N is de�ned by the number of samples to collect ni and by

the sample time allocation: ξi = (ti1, ti2, ..., tin). The population design is the set of ele-

mentary designs: Ξ = (ξ1, ..., ξN). It is described by the N elementary designs for a total

number of observation n such as n =
N∑
i=0

ni. When there are Q groups of subjects having

the same elementary designs ξq with q varying from 1 to Q, the population protocol is

written Ξ = {[ξ1, N1] ; [ξ2, N2] ; ...; [ξQ, NQ]}, where each Nq is the number of subject with

the same design ξq, with
Q∑

q=1

Nq = N and n =
Q∑

q=1

nq ×Nq [122].

Determining a design implies the identi�cation of the sample times allocation for each

subject and to de�ne the structure of the design: the number of groups, the number of

samples per group and the proportion of subjects in each group for a total number of
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samples n.

5.2 Design optimization

Simulation studies showed that the balance between the number of groups, the number

of subjects per group and the sample times allocation in each group has an e�ect on

parameters estimates accuracy and that unbalanced designs can lead to uninterpretable

studies [123,124]. Therefore it is important to carefully choose the design, and even more

so in populations such as paediatrics, elderly or patients with chronic diseases for which

the number of samples is often limited [125�127]. Hence a well-balanced design can in-

crease the e�ciency of the study while being ethical and less expensive as the number of

samples per subject is minimized and that all samples are informative.

The simulation approach to optimize designs, while being reliable, is expensive in term of

computation time. Another approach using the non-linear regression consist in minimiz-

ing the variance-covariance matrix of parameter estimates [128, 129]. Now, according to

the Rao-Cramer inequality, the Fisher information matrix inverse is the lower bound of

variance-covariance matrix of any unbiased estimator.

There is no exact analytical expression for the Fisher information matrix when used for

nonlinear mixed e�ect models. However several approximations have been proposed and

validated by simulation. By linearizing the model f(g(β, b, Z), ξ) with a �rst-order Taylor

approximation around the expectation of random e�ects [130�132], analytical values for

the elements of the Fisher information matrix can be obtain.

For the covariate vector Z and for the elementary design ξ, the matrix can be written

as follow: Ey|Z

(
−∂

2L(Ψ; y)

∂Ψ∂Ψ′

)
, where L(Ψ; y) is the log-likelihood of observations vector

y for the population parameters vector Ψ.

The expression of the Fisher information matrix in the nonlinear mixed e�ect models

depends on the sampling design and on the population parameters vector. Minimizing
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the variances is equivalent to maximizing the Fisher information matrix regarding the

population design. The most classical criterion used is D-optimality for which the deter-

minant of the Fisher information matrix is maximized. However other criteria are available

such as A-optimality (minimization of the sum of the asymptotic variances), C-optimality

(minimization of the sum of the estimates squared variation coe�cient) and E-optimality

(maximization of the smallest peculiar value of the Fisher information matrix) [128,133].

5.3 Ready-to-use optimized designs to study in�uenza

infection dynamics

5.3.1 Article In review in PLoS One
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Abstract 22 

Background: Viral kinetics is increasingly used to study influenza infectiousness. The 23 

choice of the study design, i.e. when and how many times samples are to be 24 

collected in subjects is crucial to efficiently estimate the viral kinetics parameters.  25 

Material and methods: We performed a model based analysis to derive the optimal 26 

design for studying influenza viral kinetics, innate immune response dynamic and/or 27 

systemic symptoms dynamics. In a first step, we defined a set of possible sample 28 

times as well as the number of possible subgroups of subjects with different sampling 29 

protocols. In a second step, we computed the requested number of subjects to 30 

accurately estimate the model parameters.  31 

Results: We provided a set of optimized designs with up to 6 sample times per 32 

subject. In a parsimonious design, viral titre and pro-inflammatory cytokines or NK 33 

cells would be measured in 8 subjects at 6 different sampling times over 9 days.  34 

Conclusions: These findings should help designing further studies on influenza viral 35 

kinetics. It also provides an original set of protocols for the study of pro-inflammatory 36 

cytokines and NK cells dynamics in influenza.  37 

 38 

Word count: 182  39 

 40 

Key words: optimal design, influenza, viral kinetics, innate immunity 41 
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Introduction 42 

Volunteer challenge studies have been widely used to describe viral shedding 43 

kinetics during influenza infection [1]. Recently, viral kinetics (VK) was also studied in 44 

naturally acquired influenza infection [2,3]. These studies are helpful to provide 45 

information on the influenza infection timelines and to estimate natural history 46 

parameters such as the latent period or the duration of infectiousness [1,2,3,4].  47 

In the 56 studies describing VK which were reported in a meta-analysis [1], the 48 

number of subjects varied from 6 to 76, the follow-up from 6  to 17  days and the 49 

number of samples collected from 1 over the entire follow-up to 3 per day. These 50 

differences led to a highly variable amount of information across the studies to 51 

accurately estimate the parameters describing VK. When the number of sample 52 

collections and the number of subjects are too limited, uncertainties on parameter 53 

estimates are huge and no relevant conclusions can be drawn from the study 54 

findings. In contrast, a large number of repeated collections in a large number of 55 

subjects will provide accurate estimates of VK parameters, but with a dramatic 56 

increase of general discomfort for enrolled subjects and elevated cost of 57 

experiments.  58 

In order to correctly estimate the parameters it is crucial to determine a design to 59 

collect sufficiently informative data. This is the objective of optimal design approach, 60 

which determines from previous experiments, the number and allocation of sample 61 

times per subject as well as the number of subjects to include in another experiment 62 

[5]. Over the last ten years, optimal design analysis has been used increasingly in the 63 

general field of pharmacokinetic/pharmacodynamic studies to provide cost-efficient 64 

designs [6]. Few optimized designs have already been used and proved to be useful 65 

in pharmacokinetic studies [7,8]. Recently, the optimal design approach has been 66 
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used to describe VK in Hepatitis C Virus infection [9]. In influenza, this approach has 67 

never been used. Moreover, the dynamics of pro-inflammatory cytokines [10], or NK 68 

cells, or systemic symptoms [4], have received little attention in influenza but would 69 

be interesting to describe in addition to VK. 70 

Our objective was to apply the optimal design approach for studies describing the 71 

VK, the pro-inflammatory cytokines, NK cells and/or systemic symptoms dynamics in 72 

influenza infection. We estimated the number of participants, the number of samples 73 

to collect and their time allocations. 74 

 75 

Methods 76 

We used a previously published viral kinetics – symptoms dynamic model of 77 

influenza infection [4].  This model used a set of ordinary differential equations 78 

(Figure 1). The compartments were uninfected target cells (T), unproductive infected 79 

cells (I1), productive infected cells (I2), infectious viral titers expressed in TCID50/mL 80 

(V), natural killer cells (Nk) and cytokines (F). Note that here the cytokines 81 

compartment is taken “as a whole" and not restricted to the IFN only as in the 82 

Baccam model. It involves a large number of cytokines as immunomodulators [11]. 83 
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 84 

The compartmental model was parameterized in terms of the infection rate (β), 85 

cytokines clearance (α), the transition rate from unproductive to productive infected 86 

cells (k), the mortality rate of infected cells (δ), the rate of virus production by infected 87 

productive cells (p), the effect of cytokines on p (ψ), the effect of NK cells on infected 88 

cells (τ), the NK cells clearance (ξ) and the virus clearance (c). T0, the initial number 89 

of target cells in the upper respiratory tract, was set to 4x108 cells [12]. We set the 90 

cytokines and NK cells production rates to 1, as this changes only the units in which 91 

the early immune response is measured and does not lead to a loss of generality. 92 

It was shown that infected cells lifespan lasts in average 1 day. We set 
1

11 =+
δk  and 93 

estimated only k [12]. 94 

Systemic symptoms were modeled as being dependent on the level of cytokines [10].  95 

hSF
dt

dS −= γ  96 

where γ  is the rate at which systemic symptoms appear and h is the rate of symptom 97 

resolution. 98 
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We used a population approach in which each coefficient of the structural model is 99 

composed of a fix and a random parameter. The fix parameter represents the 100 

average value observed in the population whereas the random parameter models the 101 

inter-individual variability. We will call the random parameter η variable thereafter. 102 

Each η variable was assumed to have a mean of zero and a variance of ω². 103 

Assuming that the distribution of the individual parameters around the population 104 

value was lognormal, each ω² was estimated with an exponential error model. 105 

For example, the IIV on virus clearance was modeled as follows: 106 






×= η c

ii cc exp   ηc

i
~ ( )ω2

,0
c

N  107 

where ci is the predicted viral clearance in the ith subject, c is the population viral 108 

clearance value, and ηi
c are random variables that are independent and identically 109 

and normally distributed. 110 

The magnitude of the IIV in viral kinetic parameters was equal to ω.  111 

The differences between the observed and predicted values were regarded as 112 

random quantities and were modeled with ε variables. Each ε variable was assumed 113 

to have a mean value of zero and a variance of σ².  114 

The additive error was modeled as follows 115 

( ) ( ) ε+= tVtV   ε ~ ( )σ 2
,0N  116 

where V(t) is the observed viral titer at time t, ( )tV is the predicted viral titer at time t, 117 

ε is the error, σ 2
 is the variances of the error. 118 

 119 

The parameters were estimated from a follow-up over 9 days of 56 experimentally 120 

challenged volunteers with daily viral titre and twice daily systemic symptoms 121 
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measurements. Estimated fixed effect parameters were used as reference values 122 

and our goal was to derive optimized sampling protocols, involving a limited number 123 

of sample collections and a limited number of subjects while leading to accurate 124 

estimation of the model parameters. Therefore the optimal design analysis is a 125 

model-based approach [4]. The optimal design analysis was conducted in two steps: 126 

first, optimization of the sample times was performed using the maximization of the 127 

Fisher information matrix determinant (criterion of "D-optimization)"[13]. We used the 128 

Fedorov-Wynn algorithm implemented in PFIM 3.2 [14]. Second, we calculated the 129 

requested number of subjects as the number providing a sufficient accuracy on fixed 130 

effect estimates. We defined the accuracy as the ratio of the fixed effect parameter to 131 

its standard error. An accuracy above 2 would correspond to a relative standard error 132 

below 50% and hence we used this value as a threshold to select the optimized 133 

designs.  134 

The random effect parameters’ accuracies were examined to reinforce the selection 135 

process of the optimized designs.  136 

The requested number of subjects was finally inflated by 25% to take into account 137 

that 25% of volunteers experimentally inoculated with influenza virus did not shed 138 

virus [4]. For the purpose of comparison, we also computed the accuracy for designs 139 

with the total number of subjects set to 20 and 5. 140 

Four coefficients were fixed (i.e. not to be estimated) to avoid numerical problems, 141 

namely: the virus production rate, the effect of pro-inflammatory cytokines on virus 142 

production rate, the rate characterizing the systemic symptoms and the systemic 143 

symptoms resolution rate [4]. We also fixed the inoculation time to 8:00 and we 144 

limited the choice of sampling times to 8:00 and 20:00 for each day.  145 
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Three sets of designs were optimized, each including measurements of viral titre 146 

obtained from isolation from nasal washing according to described methods [4,10]. In 147 

set 1 (S1), pro-inflammatory cytokines is measured from the nasal wash fluid and can 148 

be determined using commercially kits [10]. In set 2 (S2) NK cells response is 149 

measured from simultaneous peripheral blood collection as the proportion of NK cells 150 

expressing the CD69 receptor [15]. In set 3 (S3) systemic symptoms are assessed 151 

as the sum of muscle ache, fatigue, headache, and feverish feeling rated on a four-152 

point scale: 0–3 corresponding to absent to severe [4]. We considered designs with 153 

at least 3 sample times. For each set, we selected the most parsimonious design, i.e. 154 

the design with the lowest total number of sample collections.  155 

 156 

Results 157 

The number of sampling times per subject would vary between 5 and 6 in all 158 

optimized parsimonious designs. 159 

In designs involving less than 5 time-dependent measurements per individual, 160 

individual predictions would not be accurate as the parameter distribution would 161 

shrink towards the mean population value. 162 

More specifically, for S1 six samples should be collected in 8 subjects as follow: on 163 

day 1 at 20:00, on day 2 at 8:00 and 20:00, on day 3 and on day 4 at 8:00 and on 164 

day 5 at 20:00 in 12% of the subjects, at inoculation time, on day 1 at 20:00 and on 165 

day 2, 3, 7 and 8 at 8:00 in 38% of the subjects and on days 1 and 2 at 8:00, on day 166 

6 at 20:00, on day 7 at 8:00 and 20:00 and on day 8 at 8:00 in 50% of the subjects. 167 

For S2 six samples should be collected in all subjects at inoculation time and on days 168 

2, 3, 4, 6 and 8 at 8:00 (cf. Figure 1). 169 
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For S3 five samples should be collected in all subjects on day 2 at 8:00 and 20:00, 170 

on days 3 and 4 at 20:00 and on day 8 at 8:00. 171 

The figure presents the accuracy for each fixed effect parameter with the different 172 

designs and the different population sizes. 173 

Overall, the parameters were more precisely estimated with S2 and the accuracy 174 

was lower with S3. With 20 subjects included, the number of sample times would be 175 

decreased by 76% for S1 and S2 and by 80% for S3, compared to the design used in 176 

the original study where 56 subjects were sampled 9 times. For S1 and S2, the 177 

accuracy of all the parameters would exceed 2 and for S3 one parameter, the 178 

mortality rate of the NK cells, would not be accurately estimated (cf. figure 2).  179 

In optimized designs, the number of subjects would vary from 8 for S1 and S2 to 850 180 

for S3 and the total number of sample collections from 48 for S1 to S2 and 4250 S3. 181 

The total number of viral titre samples collected would be decreased by 91% with the 182 

optimized designs for S1 and S2. 183 

The model performing the best in term of random effects accuracy is the 184 

parsimonious S2 design (not shown).  185 

 186 

Discussion 187 

We used the optimal design approach to derive optimised protocols combining 188 

simultaneous collections of VK with pro-inflammatory cytokines, NK cells or systemic 189 

symptoms, in order to estimate the viral kinetics-symptom dynamics model 190 

parameters with sufficient accuracy. These designs are well balanced between the 191 

amount of necessary information and the expected accuracy of estimation, leading to 192 

a number of collected samples decreased by up to 91% compared with the original 193 

data set. It is important to note that the optimal design approach is developed for a 194 
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particular model. Therefore our findings cannot be transposed to other models 195 

describing influenza infection or illness with different parameterizations. The choice 196 

of this particular model was motivated because it provided the most complete picture 197 

of acute influenza infection, by describing the viral shedding, the pro-inflammatory 198 

cytokines and NK cell responses as well as the course of illness [4]. 199 

We retrieved one study with pro-inflammatory cytokines measurements during 200 

experimental human influenza A virus infection [10]. In this study 19 volunteers were 201 

sampled 9 times leading to a total of 171 paired collections of viral titre and cytokines 202 

to analyse. Our optimized design with pro-inflammatory cytokines involves 8 203 

volunteers and 6 samples per subjects, thus would decrease the total number of 204 

collected samples by 72% and would provide accurate estimates for both fixed and 205 

random parameters. 206 

NK cells dynamics has been to our knowledge the subject to only one human 207 

influenza infection study [15]. The optimized design with 6 samples per subject would 208 

provide precise estimates for both fixed and random parameters. 209 

The design combining viral titre and systemic symptoms measurements was 210 

potentially the easiest to implement with limited volume of blood collection per 211 

subject. The implementation of this design with only 5 point measurements per 212 

subject and 20 subjects would not achieve our accuracy objective for the mortality 213 

rate of the NK cells. Similarly in the original study [4], one parameter implied in the 214 

innate immune response modelling, the effect of the pro-inflammatory cytokines on 215 

virus production rate, was roughly estimated. The parameters accuracy is similar for 216 

the S3 design with 20 subjects. To obtain precise estimates of all fixed effect 217 

parameters, 850 volunteers would have to be recruited - this design is meaningless 218 

from a practical standpoint.  219 
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It is worth noting that the original model was fitted on viral titre and symptoms data 220 

obtained from healthy volunteers with low serum haemagglutinin antibody titre and 221 

intranasally inoculated with influenza A/Texas/91 (H1N1) virus [4]. Consequently, the 222 

optimized designs could be unsuited for studying naturally acquired influenza 223 

infections or experimental infections with other influenza viruses or for studies 224 

intended in other populations. 225 

Our approach has several limitations. First, four coefficients of the model were fixed 226 

to avoid numerical problems. These parameters exhibited wide inter-individual 227 

variability when they were initially estimated [4] - and the selected optimized designs 228 

are therefore not adapted for measuring these parameters.  229 

Second, we did not optimize designs with viral titre measurement only for which 230 

simpler models involving only VK should be used [12].  231 

Finally, we forced sample collection during daytime and simultaneous measurements 232 

of different outcomes in order to ensure practicability of the design. It is however 233 

possible that optimized designs with a lower number of total measurements could be 234 

obtained if these constraints were removed.  235 

Our findings should help in designing further studies on influenza viral kinetics. It also 236 

provides an original set of protocols for the study of pro-inflammatory cytokines and 237 

NK cells dynamics in influenza. The approach could also be extended to estimate 238 

treatment-related parameters in population pharmacokinetic / pharmacodynamic 239 

studies of influenza antivirals.  240 
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Figure legends 313 
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 315 

Figure 1: Optimized designs. For each case, we indicate the data points where the 316 

viral load (left panels) and the second response (right panels) is sampled. The upper 317 

panels represent the dynamics for the S1 design where viral kinetics and pro-318 

inflammatory cytokines are sampled. The percentages presented in the corner 319 

correspond to the proportion of subject in each group. The middle panels represent 320 

the dynamics for the S2 design where viral kinetics and NK cells are sampled. The 321 

lower panels represent the dynamics for the S3 design where viral kinetics and 322 

systemic symptoms are sampled. 323 
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 324 

Figure 2: Predicted accuracy for each fixed effect parameter for the three sets 325 

of designs with different population size : the accuracy was defined as the ratio of 326 

the parameter prediction to the predicted standard error and was set to a minimum of 327 

2 in optimized designs. β stands for the viral infection rate, k for the transition rate 328 

from non productive to productive infected cells, τ for the effect of NK cells on 329 

infected cells, α for the pro-inflammatory cytokines clearance rate, ξ for the mortality 330 

rate of the NK cells and c for the virus clearance rate.  331 

 332 

 333 
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5.3.2 Comments

The designs proposed here were developed to both be practical and provide precise esti-

mates of the model parameters. They are adapted for experimental infections as the time

is scaled on the inoculation time and as we supposed that inoculation time is known. The

designs proposed here enhance the identi�ability of the model. As expected, enriching the

data with additional sampling sites or measurements such as cytokines level or NK cells

activity greatly improved the estimates precision (cf. part 4.3.1).

The e�ect of pro-in�ammatory cytokines on virus production rate, ψ, was less precisely

estimated than other parameters. Indeed, ψ links the innate immune response to the vi-

ral kinetics and is associated with a high degree of nonlinearity [134,135], indicating that

linear approximation does not perform as well as with the other parameters [136, 137].

This problem could be resolved by �xing this parameter with biologically plausible value.

***

Even though optimal designs has been subject to numerous study [128, 130�133, 138,

139], few optimized designs were actually used for trials [125, 126, 138, 140, 141]. It is

possible that investigators have little con�dence in this type of analyses, eventhough the

results were promising.
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6 Interventions to mitigate in�uenza

Three possible ways of mitigating in�uenza can be envisaged: 1) increasing the immunity

with vaccines, 2) limiting the contamination of the environment with non-pharmaceutical

interventions and 3) decreasing the subjects' infectiousness with antiviral treatment and

decreasing the transmission between subjects with non pharmaceutical interventions.

6.1 Vaccines

Vaccination is aimed at enhancing the immunity to a particular disease and thus to de-

crease the susceptibility of the subjects.

Most countries use split virion (virus particles have been partially or completely dis-

rupted by physicochemical means) or subunit (the preparation consists predominantly of

haemagglutinin and neuraminidase antigens) non-adjuvanted inactivated vaccines [142].

The vaccines used are trivalent: they contain since 1977 a A/H1N1, a A/H3N2 and B

strain. Its fabrication depends on the strains that circulated the previous year and in

the Northern hemisphere on the strains that ciruculated in the Southern hemisphere [5].

Live attenuated seasonal in�uenza vaccines have been shown to be more e�ective in im-

munologically naive individuals than un-adjuvanted and inactivated seasonal in�uenza

vaccines [143]. Figure 6.1 shows that while being in general less reactogenic, puri�ed

in�uenza virus surface antigens are less immunogenic than puri�ed whole virion vaccines

in immunologically naive individuals such as small children and subjects with no contact

to circulating in�uenza viruses [144].
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Figure 6.1: Activation of the adaptive immunity by vaccination (from [144]): In the
case of live in�uenza viruses, the viruses infect a variety of cells except for plasmacytoid
dendritic cells (pDC) and produce RNAs resulting in type 1 interferon production. pDCs
are resistant to infection and phagocytose the viral particle, and RNA is liberated in the
phagolysome, which result in activation of Toll-like receptors (TLR)-dependent pathway
and type 1 interferon production. In the case of inactivated whole virus vaccine, this
cannot infect but pDCs engulf the inactivated virus, and subsequent activation of TLR-
dependent pathway leads to production of type 1 interferon. This pathway is also essential
to induction of adaptive immunity against in�uenza virus. Split vaccine lacking RNA is
not e�ective in naive persons but can play a role in protection by activating memory B
cells in people who have already experienced in�uenza viral infection
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Vaccination against in�uenza is recommended for subjects over 65 years in France

and in the United States. Speci�c recommandations include subjects susceptible to de-

velop severe infections such as immunocompromised patients or patients su�ering from

respiratory pathologies.

6.2 Non-pharmaceutical interventions

Several non-pharmaceutical interventions are available for in�uenza such as using face-

masks [43,44,145�148] and respirators [147], hand hygiene [149], social distancing measures

and isolation of patients or quarantine of contacts [150].

These measures are aimed at limiting the contamination of the environment and thus

in�uenza transmissio. However none of these measures appeared to be e�ective to limit

in�uenza transmission.

6.3 Antiviral treatments

Among the pharmaceutical ways of counteracting in�uenza virus, antivirals can be used as

well for prophylaxis as for treatment to reduce the symptoms intensity and infectiousness

[151�153]. Figure 6.2 shows the di�erent anti-in�uenza-virus compounds and their target

[34]:

1. M2 ion channel inhibitors

2. Neuraminidase inhibitors

3. RNA polymerase inhibitors

Two classes of antivirals are currently available: M2 ion chanel inhibitors and neu-

raminidase inhibitors [154]. The M2 ion chanel is a membrane protein which is highly

expressed at the surface of infected cells and plays a major role during the internalization
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Figure 6.2: Life cycle of the in�uenza virus and targets for therapeutic interventions
(from [34])

of the virus [155]. The main M2 ion channel inhibitors used were amantadine commercial-

ized as Symmetrel R© and Mantadix R© and rimantadine commercialized as Flumadin R©.

Due to the large number of resistance to M2 inhibitors and the transmissibility of drug-

resistant virus, neuraminidase inhibitors and especially oseltamivir were recommended for

the prophylaxis and treatment of in�uenza in "at-risk" group [156].

Neuraminidases inhibitors, also called sialidases, impedes the release of virus and

hence reduce its replicability [157]. Indeed, neuraminidases cleaves terminal sialic acid

(N-acetylneuraminic acid) residues from cellular and viral glycoconjugates which pro-

motes the release of progeny viruses and the spread of the virus from the host cell to

uninfected surrounding cells. Inhibition of neuraminidase enzymatic action by antibody,

mutation, or chemicals causes virus particles to aggregate at the cell surface and with

each other [158]. Two neuraminidases are commercialized, namely oseltamivir, commer-
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cialized as Tami�u R© and zanamivir, commercialized as Relenza R©. A third compound is

under development: peramivir which was experimentally used during the 2009 pandemic.

Finally, laninamivir is in phase III clinical trials [159].

RNA polymerase inhibitors are still under development

***

Taken individually, each intervention has its limitation. Especially due to the pro-

portion of transmission occurring prior to the onset of clinical symptoms as shown in

Figure 6.3, the e�cacy of measures aiming to reduce the contacts with patients is often

limited [160]. In this context, understanding in�uenza infection timeline and its between

subjects variations could be crucial to improve the strategies to mitigate the disease.

Figure 6.3: Key epidemiological determinants. These determinants describe the pattern
of typical disease progression for an individual patient as a function of time since infection
(measured in arbitrary units). Filled curves represent infectiousness through time (left
axis). The black curve represents the probability of a person not having developed symp-
toms by a certain time (right axis). The basic reproduction number R0 is the area under
the infectiousness curve (solid color plus cross-hatched section). The solid-colored area
represents transmission arising prior to symptoms such that the proportion of presymp-
tomatic transmission, is the proportion of the total area under the infectiousness curve
that is solid-colored. (from [160])

Moreover, several studies showed that when di�erent measures are combined their

e�ciency might be increased in favorable conditions and that the epidemic peak would

be delayed and reduced [18�21,25].
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6.4 Modeling antivirals e�ects on viral kinetics and

symptoms dynamics

6.4.1 Article in progress
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Abstract 
 

Several studies have proven oseltamivir to be efficient to reduce viral titre and 

symptoms intensity of influenza. However the usefulness of oseltamivir can be 

compromised by the emergence and the spread of drug-resistant viruses. The 

selective pressure exerted by oseltamivir and the effect of the regimen has received 

little attention.  

In a previous work, we fitted a model of viral kinetics and symptom dynamic to human 

influenza infection data using a population approach. Using this model, we explored 

the virological and clinical efficacy of oseltamivir through simulated pharmacokinetics. 

We simulated populations of 1000 subjects using between-subject variability 

parameters to describe the observed heterogeneity and we modelled 

immunodeficiency as a lack of cytotoxic activity from the NK cells. We simulated 

random mutations conferring resistance to oseltamivir and emergence of resistant 

virus on treatment. We explored the effect of the dose, of the time of first intake, of 

intake frequency and of immunodeficiency on influenza infection, illness dynamics 

and resistant virus emergence. An early administration, i.e. administration prior to the 

average symptom onset time, provided a high efficacy, but led to resistant virus 

emergence if the oseltamivir carboxylate concentration was below the IC50 at the 

inoculation time. Immunodeficiency was associated with a substantially increased 

proportion of subjects shedding resistant virus and a clear dose effect was found on 

resistance emergence.  

Our model provides a global picture of the effect of oseltamivir. It indicates that once 

subjects are infected, “the sooner the better” as it combines higher efficacy and lower 

risk of resistance emergence. In addition, it suggests that immunocompromised 

87



 3 

subjects should be treated with high doses in order to reduce the risk of resistance 

emergence. Prophylaxis should be used with caution as it can lead to resistance 

emergence. This work provides new leads to understand neuraminidase effect at the 

population level. 

Word count: 298 (max 300) 
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Introduction 

In addition to influenza vaccination, neuraminidase inhibitors are currently the best 

recommended pharmaceutical intervention to reduce the burden of seasonal or 

pandemic influenza [1,2,3,4,5,6]. Neuraminidase inhibitors comprise two European 

marketed drugs: nebulised zanamivir (Relenza® ; Glaxo Wellcome) and oral 

oseltamivir (Tamiflu® ; Hoffmann-La Roche), which interfere by blocking the release 

of progeny influenza virus from infected host cells and hence, by reducing the spread 

of infection in the respiratory tract  [7]. Oseltamivir has been stockpiled in many 

countries for pandemic preparedness and is the most frequently used neuraminidase 

inhibitor worldwide [8]. Treatment with oseltamivir accelerate time to alleviation of 

influenza-like illness and post-exposure prophylaxis with oseltamivir reduce 

secondary transmission of influenza [9]. However the effectiveness of oseltamivir 

strongly depends on the delay between infection (or onset of symptoms) and first 

antiviral intake. The effectiveness of oseltamivir can also be compromised by the 

emergence and further spread of drug-resistant viruses [10]. Most resistant isolates 

emerged during post-exposure prophylaxis [11] or under treatment in subject with 

intense or prolonged viral shedding, such as children [12] or immunocompromised 

persons  [13,14,15]. 

The interactions between time of infection, first oseltamivir intake, dose regimens and 

host response to infection, with clinical and virological effectiveness and emerging 

resistance are complex. Moreover, influenza infection dynamics is highly variable 

between subjects [16] and the pharmacokinetics of oseltamivir leads to great 

concentration variations in time [17] that can lead to variable efficacy at the individual 

level. To the best of our knowledge, the between subject variability and the effect of 
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oseltamivir pharmacokinetics have never been studied in details. We therefore 

explored these interactions in silico, using a stochastic adaptation of both the 

pharmacokinetic (PK) model of oseltamivir [17] and the virus kinetics / symptoms 

dynamic (VKSD) model fitted to experimental human infection data [16]. We provided 

an integrative framework to assess antiviral treatment by simultaneously taking into 

account random mutations, oseltamivir efficacy and selective pressure.  

 

Material and methods 

Structural equations modelling 

To describe the pharmacokinetic of oseltamivir, we used a model describing the 

pharmacokinetics of the prodrug, oselatmivir phosphate (OP) and its metabolite, 

oseltamivir carboxylate (OC) which is the active drug. We used a 7 compartments 

model with 2 compartments for OP disposition, 3 for OC disposition, a metabolism 

compartment describing the conversion of OP in OC, and a compartment for first-

pass metabolism (Figure 1). The model used nine fixed parameters and five mixed 

parameters, which consist of a fixed and a random parameter [17] (cf. supplementary 

information). 

The time-course of influenza infection and symptoms was described by a  

compartmental model including epithelial cells (infected or not), free virus, pro-

inflammatory cytokines level, NK cells and systemic symptoms as shown in Figure 2 

[16]. Influenza viral kinetics (VK) was expressed in TCID50/mL of virus titres and the 

systemic symptoms as a score representing the intensity of fever or feverish feeling, 

headaches, muscular aches and fatigue. The systemic symptom score ranged from 0 

to 12 when all symptoms were at their highest intensity. The infection and illness 

model used ten mixed parameters [16]. 
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The effect of the OC was modelled as inhibiting virus release from productive 

infected cells as follows: 















+
−=

C

C
pp

IC50

1'  

Where p’ is the virus production rate under treatment, p is the virus production rate 

without treatment, C is the OC concentration and IC50 is the concentration of 

oseltamivir that provides 50% inhibition of the virus production. IC50 was set to 2µg/L 

for susceptible virus [18]. 

We modelled the emergence of resistant variant virus as a random event occurring in 

productive infected cells with a probability λ.  We considered the kinetics of the 

resistant variant virus and of the wild type virus to be similar [19,20]. The IC50 of 

resistant virus was set to 800 µg/L as it was shown that resistant virus IC50 is 400 

times higher than susceptible virus IC50 [21]. We assumed that the target cells could 

be infected only by one type of virus at a time, which is a common way to model 

resistant virus kinetics [25,26].  

We set the resistant variant emergence rate to 2 10-7 resistance 

emergence/replication cycle based on previous observations showing that between 

0.4 and 1% of treated patients would shed resistant virus when treated with 75 mg 

bid during 5 days as previously found [22,23].  We simulated that with 75 mg bid 

during 5 days in average 1% of the subjects treated after three days post inoculation 

would shed resistant virus over the limit of detection (LOD = 0.3 log10(TCID50/mL) 

[24]).  

Response to infection in the immunocompromised was simply modelled by assuming 

that the NK cells had no cytotoxic effect on productive infected cells, all other 

parameters being unchanged. 
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We formulated the model [16] as a finite-cell-population stochastic model. The 

deterministic model, as well as the structure of the stochastic process, is presented in 

the Supplementary material. 

Simulations 
We simulated the PK and VKSD for two oseltamivir approved regimens in adults: 75 

mg daily during 10 days (post-exposure prophylaxis regimen), 75 mg twice a day 

during 5 days (treatment regimen). For comparison purposes, we also explored 150 

mg twice a day during 5 days (recommended regimen in severe pandemic influenza 

[27]) and 300mg twice a day during 5 days [6]. We chose six possible first intake 

times. We simulated a first intake 7 or 1 days before the inoculation time. To simulate 

post-exposure prophylaxis, the first intake was set 0.5 day after inoculation or 1 day 

before whether we considered that the subject was contaminated or not at the 

prophylaxis start. Finally, to simulate curative regimen, we set the first intake 2, 3 and 

4 days after inoculation time which correspond to 0, 1 and 2 days after symptom 

onset [6]. The VKSD was simulated during 8 days for otherwise healthy and during 

15 days for immunocompromised subjects, which corresponded to maximal durations 

of shedding when no treatment was taken. 

Two populations of 1000 healthy and immunocompromised subjects were simulated. 

Fixed parameters were considered equal to the mean population value. For mixed 

parameters, the individual parameters were drawn from a lognormal distribution 

lnN(µ,ω²) where µ is the mean population value and ω² is the mean inter-individual 

variability [16,17].  

We used a binomial leaping algorithm from the package GillespieSSA implemented 

in R [28] to simulate our system.  
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Endpoints 

We primarily assessed the virological efficacy as the average decrease of the area 

under the curve (AUC) of viral titres (in natural scale) under treatment related to the 

AUC of viral titres without treatment. Clinical efficacy was measured as the average 

decrease of the AUC of systemic symptoms under treatment related to the AUC of 

systemic symptoms without treatment. The results are presented as the mean value 

and a 95% interval of simulation values (95% ISV) thereafter. The lower bound of the 

interval was the 25th permille and the upper bound was the 975th permille. 

Emergence of resistant virus was evaluated as the proportion of subjects who could 

have been detected as shedding resistant virus during the infection period at any 

moment during the infection, i.e. when the quantity of resistant virus shedding 

exceeded the LOD. We used the normal approximation to compute the binomial 

prediction interval of this proportion.  

Results 

Baseline 
Figure 3 shows the simulated average viral kinetics and symptoms dynamic in 

otherwise healthy subjects and the immunocompromised. The viral titre peak were 

4.9 log10(TCID50/mL) (95% ISV 0 – 6.0 log10(TCID50/mL)  in healthy subjects vs. 5.7 

(95% ISV 0 – 6.6) in immunocompromised, and duration of viral shedding above the 

LOD was 6.5 days (95% ISV 2.1 – 7.7 days) in otherwise healthy subjects vs. 12.8 

days (95% ISV 3.2 – 14.7 days) in immunocompromised). The incubation period was 

similar in both cases (1.9 days in average) but systemic symptoms score were much 

higher and lasted longer (6.3 days (95% ISV 1.1 – 13.6 days)) in 

immunocompromised subjects than in otherwise healthy subjects (respectively 3.9 

points (95% ISV 0 - 12) and 2.4 days (95% ISV 0.2 -6.4 days)). The AUC of the viral 

93



 9 

curve was 4.8 log10(TCID50/mL) in otherwise healthy subjects vs. 5.3 log10(TCID50) in 

immunocompromised subjects.  The AUC of the systemic symptoms curve was 5.2 

points in otherwise healthy subjects vs. 37.4 points in immunocompromised subjects. 

Pharmacokinetics 
Our simulated PK model shows increases of OC concentrations with peaks occurring 

in average 4 hours after each intake.  After last treatment intake a prolonged 

decrease (Figure 4) was observed. The height of the peak was proportionate to the 

dose regimen. OC concentrations above the IC50 for susceptible viruses were 

obtained in the first hour after first treatment intake.  

Treatment effect 
Figure 5 shows that in immunocompetent subjects, the virological and clinical 

efficacies were increased with higher doses. With a first intake 0.5 day after 

inoculation and with 75mg bid during 5 days, the virological efficacy was 91.2% 

(95%ISV: 0 – 100). When the dose was 150 mg bid during 5 days, the virological 

efficacy increased to 91.7% (95%ISV: 0 – 100) and with 300 mg during 5 days it 

increased to 99.9% (95%ISV: 0 – 100). Similarly the clinical efficacy increased from 

94.8% (95%ISV: 26.6 – 100) to 96.4% (95%ISV: 51.5 – 100) and to 96.9 % (95%ISV: 

58.2 – 100) when subjects received 75 mg, 150 mg and 300 mg bid during 5 days 

respectively. 

The virological and clinical efficacies were significantly improved by a first intake 

around inoculation time: With 75mg bid during 5 days, the virological efficacy was 

90.2% (95% ISV: 0 – 100) for a first intake occurring 1 day before infection, 91.2% 

(95% ISV: 0 – 100) during the incubation and fell to 37.0% (95% ISV: 0 – 99.9) three 

days after inoculation.  
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The frequency of oseltamir intake was associated with the virological and clinical 

efficacy when the first treatment intake occurred 7 days before inoculation. In this 

case the virological efficacy was 38.2% (95% ISV: 0 – 100) with 75 mg bid during 5 

days and 46.0% (95% ISV: 0 – 100) with 75 mg ind during 10 days.  

In immunocompromised subjects, we found a marked dose effect.  The virological 

and clinical efficacies were increased with higher doses. With a first intake 0.5 day 

after inoculation and with 75mg bid during 5 days, the virological efficacy was 79.1% 

(95%ISV: 0 – 99.9). When the dose was 150 mg bid during 5 days, the virological 

efficacy increased to 83.8% (95%ISV: 0 – 100) and with 300 mg during 5 days it 

increased to 88.7% (95%ISV: 0 – 100). Similarly the clinical efficacy increased from 

44.0% (95%ISV: 0 – 100) to 56.0% (95%ISV: 0 – 100) and to 68.5 % (95%ISV: 0 – 

100) when subjects received 75 mg, 150 mg and 300 mg bid during 5 days 

respectively. 

 Virological and clinical efficacy were also improved by an early intake (Figure 5): 

With 75mg bid during 5 days, the virological efficacy was 71.7% (95% ISV: 0 – 100) 

for a first intake occurring 1 day before infection, 79.1% (95% ISV: 0 – 99.9) during 

the incubation (12 h after inoculation) and fell to 20.1% (95% ISV: 0 – 99.1) three 

days after inoculation. The frequency of oseltamir intake was associated with the 

virological and clinical efficacy. Specifically, for a first intake 1 day before the 

inoculation, the regimen 75mg ind during 10 days led to a virological efficacy 1.85 

lower and a clinical efficacy 3.0 times lower than with 75mg bid during 5 days.  

Resistance emergence 
In immunocompetent subjects, the proportion of subjects shedding resistant virus 

remained below 1% with all possible regimens except in the case of a first intake 7 

days before virus inoculation. With this regimen, the proportion of subjects shedding 
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resistant virus was 3.7% (95%ISV: 2.5 – 4.9) with 75 mg bid during 5 days, 5.7% 

(95%ISV: 4.3 – 7.1) with 150 mg bid during 5 days, 6.3% (95% ISV: 4.8 – 7.8) with 

300mg bid during 5 days and 5.0% (95%ISV: 3.6 – 6.4) with 75mg ind during 10 days 

(Figure 5 – left lower panel).  

 
 
Immunocompromised subjects had an increased risk of resistance emergence. The 

dose was associated with the proportion of subjects shedding resistant virus. For a 

first intake 0.5 day after inoculation, this proportion was 8.6% (95%ISV: 6.9 – 10.3) 

with the regimen 75 mg bid during 5 days, 6.3% (95%ISV: 4.8 – 7.8) with 150 mg bid 

during 5 days, and 6.0% (95%ISV: 4.5 – 7.5) with 300 mg bid during 5 days. 

The proportion of subjects shedding resistant virus remained below 10% for first 

intakes between 1 day prior to inoculation and 3 days after inoculation and with 

intakes twice daily. It increased to 20.7% (95%ISV: 18.2 – 23.2) with 75 mg bid 

during 5 days, 19.4% (95%ISV: 16.9 – 21.9) with 150 mg bid during 5 days and 

22.4% (95%ISV: 19.8 – 25.0) with 300 mg bid during 5 days when the first intake was 

7 days before inoculation.  

Spacing out the intakes to one intake per day led to modified efficacy and resistant 

emergence patterns. The proportion of subjects shedding resistant virus was overall 

higher than with the other regimens. More specifically, this proportion was 19.1% 

(95%ISV: 16.7 – 21.5) with 75 mg ind during 10 days for a first intake 1 day prior 

inoculation whereas it was 7.5% (95%ISV: 5.8 – 9.0) when oseltamivir is taken twice 

daily. 
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Discussion 

Our simulations showed that the virological and clinical efficacies were consistent 

with previous results: early administration of oseltamivir increased virological and 

clinical efficacy [29].  We complete this picture with prophylaxis when the first intake 

occurs 7 days before infection which was associated with both a decreased efficacy 

and an increased risk of resistance emergence. We found a dose effect in the 

immunocompromised subjects but not the otherwise healthy subjects like in previous 

findings [30]. More specifically the mean virological efficacy was 37% when 

oseltamivir was taken within 3 days after inoculation which is consistent with what 

was found in an epidemiological study [30].  

The resistance emergence we described herein is consistent with what was 

described in experimental studies [31] as well as in epidemiological studies [14,32].  

The proportion of subjects shedding resistant virus under various oseltamivir 

regimens remains low in the otherwise healthy when the first intake was 1 day before 

inoculation or during the incubation period or as a treatment whereas it increases up 

to 6.3% when the first intake was 7 days before inoculation.  

In a previous modeling study of oseltamivir effect on influenza infection, the treatment 

effect was considered constant over time and ineffective on resistant strains [33] We 

added interindividual variability for both the viral kinetics and pharmacokinetics which 

reflects the great heterogeneity observed in the population and we considered that 

the resistant strain might be susceptible to high OC concentrations [21].  

In our model, we supposed that every subject was infected with susceptible virus and 

we did not consider the case of subjects infected with resistant virus or with a mixture 

of both.   
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We made several other assumptions. First, in previous studies, [22,23], drug 

susceptibility was measured only at one sample time. We thus believe that our 

hypothesis concerning the emergence of resistant virus should be considered as a 

mimimum risk.  

Second, this study was limited to adult subjects as the parameters used were 

obtained from studies conducted in this population. However, even if the time course 

of influenza was found to be similar in adults and children [24], the pharmacokinetics 

might differ in children. Indeed, the recommended dose is 1.0 mg/kg and 2.0 mg/kg 

bid in neonates and children aged 1-5 years respectively, leading to lower 

concentration than in adults [34,35,36]. This could explain the increased risk of 

resistance emergence in children [36]. 

Finally, we used a simplistic mean for simulating subjects with deficient innate 

immune response. It was shown that a depletion in NK cells increases morbidity and 

mortality in case of influenza infection [37,38,39] and  considering the prolonged 

shedding and the raise of the proportion of subjects shedding resistant virus, this 

model seems to provide reliable prediction of resistance emergence in this population 

[14].  

This model needs to be confronted to real experimental data to be validated. It can 

also help to design new experiment.  

This work provides a global and accurate picture of oseltamivir effects in terms of 

efficacy and resistance emergence. However, to study oseltamivir effect after 8 days 

of follow up, the model should be completed to take into account the adaptive 

immune response necessary to clear the virus [40].  

Our model indicates that oseltamivir should be used with caution for prophylaxis as it 

increases the risk of resistance emergence if the OC concentration is below the IC50 
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at the infection time. In addition, it suggests that immunocompromised subjects 

should be treated with high doses in order to reduce the risk of resistance 

emergence. Once subjects are infected, “the sooner the better” as it combines higher 

efficacy and lower risk of resistance emergence. Further works might focus on 

different antiviral treatments and other administration routes.  
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Figure 1: Graphical presentation of the PK model of oseltamivir. PDEP1, 
oseltamivir phosphate before absorption; PDEP2, oseltamivir phosphate before first-
pass effect;P, oseltamivir phosphate; PM, conversion compartment; M, oseltamivir 
carboxylate. The five mixed parameters are: ka, absorption rate constant; pclu, 
urinary clearance of P from compartment 1; pclm, metabolic clearance of P from 
compartment 1; kpmo, P −M conversion rate; mcl, total elimination clearance of M 
from compartment 1. 
 
 

 
Figure 2: Graphical presentation of the VKSD model with resistance emergence 
and treatment effect. The free virus infects target epithelial cells, which become latent 
infected cells i.e. not yet producing virus, before becoming productive infected cells. 
These latter cells produce free virus and lead to the production of pro-inflammatory 
cytokines, either directly or via activation of macrophages or dendritic cells. Cytokines 
reduce the virus production rate, activate natural killer (NK) cells and induce systemic 
symptoms. NK cells kill infected cells. Resistant virus can emerge during replication 
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and will itself infects target cell and induce the whole VKSD cycle. Moreover, 
oseltamivir treatment acts by blocking the release of free viruses. 
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Figures 3: Population viral kinetics (left panel) and symptoms dynamic (right 

panel) for healthy (black) and immunocompromised (red) subjects   
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Figure 4: Oseltamivir carboxylate kinetics (purple line: 300 mg bid during 5 days, 

orange line: 150 mg bid suring 5 days, green line: 75 mg bid during 5 days, pink line: 

75mg in.d. 10 days) 
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Figure 5: Oseltamivir efficacy: (R1: 75mg in d. 10 days, R2: 75 mg bid 5 days, R3: 

150mg bid 5 days, R4: 300mg bid, 5 days). 0 stands for the inoculation time; negative 

times represent prophylaxis intakes and positive times treatment intakes. 

The upper panel represents the virological efficacy, i.e. the decrease of virus 

shedding over time depending on the time of first oseltamivir intake. The middle 

panel represents the clinical efficacy, i.e. the decrease of systemic symptoms 

intensity over time depending on the time of first oseltamivir intake. The lower panel 

represents the emergence of resistant virus, i.e. the proportion of patients shedding 

resistant virus above the LOD. 
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Supplementary material 

The PK model for oseltamivir used a set of ordinary differential equations.  
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Where PDEPi, stands for oseltamivir phosphate before absorption; P, oseltamivir 

phosphate; M, oseltamivir carboxylate; PM, conversion compartment. The index is 

related to the compartment in which the compound is at time t. 1 is used for the 

central compartement whereas 2 and 3 are peripherical compartements in which the 

molecule is distributed. 

The model was parameterized with pclm, metabolic clearance of P from compartment 

1; pclu, urinary clearance of P from compartment 1; pv1, volume of distribution of P in 

compartment 1; ka, absorption rate constant; fx, bioavailability; pq2, distribution 

clearance of P from compartment 1 to 2; pv2, volume of distribution of P in 

compartment 2; kpmo, P −M conversion rate; mwf, molecular weight correction;mcl, 

total elimination clearance of M from compartment 1; mv1, volume of distribution of M 

in compartment 1; mq2, distribution clearance of M from compartment 1 to 2; mv2, 
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volume of distribution of M in compartment 2; mq3,  distribution clearance of M from 

compartment 1 to 3; mv3, volume of distribution of M in compartment 3. 

 

The VKSD model used a set of ordinary differential equations. The compartments 

were uninfected target cells (T), unproductive infected cells (I1), productive infected 

cells (I2), infectious viral titers expressed in TCID50/mL (V), natural killer cells (Nk) 

and cytokines (F) (Figure 1-b). Note that here the cytokines compartment is taken “as 

a whole" and not restricted to the IFN only as in the Baccam model. It involves a 

large number of cytokines as immunomodulators [41]. 
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Compartmental models were parameterized in terms of the infection rate (β), 

cytokines clearance (α), the transition rate from unproductive to productive infected 

cells (k), the mortality rate of infected cells (δ), the rate of virus production by infected 

productive cells (p), the effect of cytokines on p (ψ), the effect of NK cells on infected 

cells (τ), the NK cells clearance (ξ) and the virus clearance (c). T0, the initial number 

of target cells in the upper respiratory tract, was set to 4x108 cells [42]. We set the 

108



 24 

cytokines and NK cells production rates to 1, as this changes only the units in which 

the early immune response is measured and does not lead to a loss of generality. 

 

Individual parameters were simulated as e i

popi

ηθθθ = , where θi is the individual 

parameter for the subject i, θpop and ηθi are the population parameter and the random 

effect. θpop and ωθ were drawn from lognormal distributions lnN(µθ, σ²θ) and 

lnN(µω, σ²ω) respectively, where µx and σ²x were the mean and variance estimated in 

previous works [16,17,43]. ηθi was drawn from a Gaussian distribution N(0, ωθ
2
), 

where ωθ represents the inter-individual variability of the parameter θ 
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Supplementary Table 1: Structure of the stochastic process: PDEP1, oseltamivir 
phosphate before absorption; PDEP2, oseltamivir phosphate before first-pass 
effect;P, oseltamivir phosphate; M, oseltamivir carboxylate; PM, conversion 
compartment; pclm, metabolic clearance of P from compartment 1; pclu, urinary 
clearance of P from compartment 1; pv1, volume of distribution of P in compartment 
1; ka, absorption rate constant; fx, bioavailability; pq2, distribution clearance of P from 
compartment 1 to 2; pv2, volume of distribution of P in compartment 2; kpmo, P −M 
conversion rate; mwf, molecular weight correction;mcl, total elimination clearance of 
M from compartment 1; mv1, volume of distribution of M in compartment 1; mq2, 
distribution clearance of M from compartment 1 to 2; mv2, volume of distribution of M 
in compartment 2; mq3,  distribution clearance of M from compartment 1 to 3; mv3, 
volume of distribution of M in compartment 3. 
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6.4.2 Comments

We simulated the e�ect of oseltamivir treatment on viral kinetics and systemic symptoms

dynamics as well as on resistant virus emergence. We explored for the �rst time the e�ect

of time of �rst intake, of regimen and of immune status. We used parameter estimates

from two studies [120, 161] and we derived the resistant variant emergence based upon

observations of the proportion of treated patients shedding resistant virus [162, 163]. We

found that the clinical and virological e�cacy as well as the resistant variant emergence

depended on the time of �rst intake, on the immune status and we found a stronger dose

e�ect in immunocompromised than in otherwise healthy subjects. We also found that

when the �rst intake was set 7 days prior inoculation time, it led to high proportion

of subjects shedding resistant virus in both immunocompromised and otherwise healthy

subjects, respectively between 19.4 and 22.4% and between 3.7 and 6.3% depending on

the dose. This situation can occur in the case of a seasonal or post-exposure prophylaxis.

We can also doubt of the subjects' compliance in the real world in the absence of symp-

toms or in the absence of cases in their circle. This could lead to an even more increased

proportion of subjects shedding resistant virus.

Eventhough this model needs to be confronted to real experimental data to be validated,

simulation is useful to consider hypotheses that cannot be investigated during a trial,

such as testing regimens likely to generate resistant virus or experimental inoculation of

in�uenza virus in immunocompromised subjects.
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7 Conclusion & perspectives

In�uenza epidemiology has been intensively studied. Several models were developed to

describe the disease transmission in the population and the e�ect of mitigating mea-

sures [18�21, 25]. These models use natural history parameters which are directly con-

nected to in�uenza dynamics.

Thus understanding in�uenza infection dynamics within host and its variability be-

tween subjects is crucial. Key parameters of in�uenza transmission models such as infec-

tiousness and generation time depend directly on viral shedding as shown in part 2.2.2.

In this thesis, we used an integrative approach to describe the complex phenomenon which

is in�uenza infection. It combines biological knowledge about in�uenza infection and im-

mune response, mathematical modeling and epidemiology.

We develop the �rst model of kinetics of in�uenza infection taking into consideration

the subject's symptoms such as fever as presented in part 4.5. We used for this work a

population approach which allows one to use the information from a set of patients to

infer the distribution of parameters that characterize the infection and patient symptoms

in the population as well as in each individual.

The models presented in this thesis were developed for speci�c populations experimentally

inoculated for simplicity purpose.

This model also proposed an innate immune response model to describe the time course

of NK cell activity and even though the results concerning the pro-in�ammatory cy-
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tokines and NK cells were speculative, they were in accordance with what was previously

oberved [45, 117]. By de�nition, a model is a simpli�ed representation of reality and is

thus imperfect. The approximations have little impact on the viral kinetics or symptoms

dynamics conclusions, as they are descriptive. However, the �ndings about innate immune

response should be carefully considered as they were based on speculation. This shows

the importance of adapting the study design.

We derived natural history parameters from the viral kinetics and symptoms dynamics,

based upon the hypothesis that infectiousness is proportional to the viral titer. Some on-

going studies are using viral titers as a primary source for transmission model parameter

estimation.

Another novelty of this work was the use an appropriate statistical method to describe

the di�erent levels of variability. In�uenza infection and illness variability is responsible

for several issues in epidmiological studies. For instance, in�uenza-like illness clinical case

de�nition is temperature over 37.8◦C with cough or sore throat. We found a high rate of

asymptomatic infection explaining that it is di�cult to clearly identify the chain trans-

mission.

Viral kinetics was only recently studied. Indeed, the data are scarce and di�cult to

collect, especially in the case of naturally acquired infections. On the other hand, ex-

perimental inoculation of in�uenza virus can be seen as unethical. This is why, planning

rationalized study design is crucial. We need data that are enough informative to �t the

model and easy to collect for practical reasons. We then proposed a design that meets this

requirement in part 5. This design needs 50% less samples and allows precise estimates of

the model parameters. We suggest to add sample times for pro-in�ammatory cytokines

and/or NK cells to bring information about the innate immune response and to re�ne the

model previously developed.
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A better understanding of in�uenza infection dynamics could also enhance the strate-

gies to mitigate in�uenza. Several measures might be ine�ective due to a bad synchronisa-

tion of their application with the disease dynamics. For instance patient isolation occurs

often after the infectious period which making it ine�ective. During the 2009 pandemic,

according to World Health Organization, the virus was identi�ed in May. However, vacci-

nation campaign in France started in October, �ve months after the �rst cases. In case of

a new pandemic, several weeks will be necessary to develop an adapted vaccine. Contrary

to vaccine the mechanism of action of antivirals is independent of the viral strain and

could hence be used in the early stage of a pandemic when vaccine could not be developed

in time [164, 165]. The use of antivirals is thus essential in the initial response to pan-

demic in�uenza. An other matter is resistance emergence. There is indeed a high level

of resistance of circulating in�uenza strains to anti-in�uenza drugs, such as oseltamivir.

We need to rich a balance between e�cacy and resistance emergence to preserve the use-

fulness of such drugs. We hence used the model from part 3 and modi�ed it to take into

account oseltamivir pharmacokinetics and resistant strains emergence. Our result suggest

that prophylaxis should be avoided as it may dramatically increase the risk of resistance

emergence.

Many perspectives can be considered. First, �tting the model to data enriched with

pro-in�ammatory and/or NK cells dynamics data is necessary to validate our results.

Second, repiratory symptoms could be modeled to complete the picture of in�uenza dy-

namics. Respiratory symptoms are associated with the spread of the virus in the environ-

ment and most probably modify the infectiousness in time.

Third, some avenues of research should be investigated to explain the great variability

observed in in�uenza dynamics. For instance, transcriptional dynamics role on in�uenza

infection and illness variability could be studied as it was shown to be associated with

in�uenza illness severity and could explain a great part of in�uenza infection variability.
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Also, the in�uence of the viral strains of in�uenza dynamics should be studied. The role of

pre-existing adaptive immune on susceptibility to in�uenza could also be explored. As the

protection towards in�uenza varies with the antibody titers, studying antibodies kinet-

ics could bring new elements for in�uenza epidemiology. Little is known about adaptive

immune response dynamics in humans and immune response dynamics after vaccine was

never studied to our knowledge.

These improvements are aimed to describe in�uenza infection and illness dynamics to

provide an image as close as possible to naturally acquired infection. Undersanding the

disease dynamics without interventions is a �rst step to �gure out the e�ect of measures

such as antiviral use. This work point out the importance of learning as much as we can

about dealing with in�uenza infection and mitigating its impact.
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