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RESUME « Application de la génomique virale pour comprendre l'épidémiologie et l'évolution des virus à ARN dans le context d'épidémies passées et en cours »

Les pandémies qui ont impacté le début du XXIe siècle (la grippe H1N1 en 2009 et la COVID-19 actuellement) soulignent l'importance du défi global que posent les maladies infectieuses virales émergentes et ré-émergentes à nos sociétés. Par exemple, au cours des deux dernières années seulement, le virus chikungunya (CHIKV) a provoqué des épidémies majeures dans plusieurs pays d'Asie du Sud-Est, auxquelles s'ajoute le fardeau croissant du syndrome respiratoire aigu sévère (SARS-CoV-2), avec des conséquences majeures dans le monde entier. Bien que les pandémies ne soient pas un phénomène nouveau, la popularité croissante des technologies de séquençage de nouvelle génération, l'accélération de la génération de données génomiques -qui élargissent les bases de données de génomes viraux -et les progrès des méthodes phylodynamiques ainsi que de l'informatique ont permis d'utiliser les génomes viraux pour répondre à des questions épidémiologiques cruciales, renforçant les réponses de la santé publique aux épidémies.

Ce travail s'est concentré sur l'étude de l'origine, aussi bien spatiale que temporelle, et de la propagation des maladies infectieuses virales d'épidémies passées et en cours. Pour ce faire, nous avons utilisé l'épidémiologie génomique et montré qu'elle peut être un outil très puissant pour enquêter sur les épidémies de maladies infectieuses à différents niveaux. Par exemple, nous avons réussi à mettre en place un protocole de séquençage métagénomique profond qui nous a permis de découvrir que l'agent étiologique responsable d'une série de cas de méningite dans le sud de l'Espagne, au cours de la période 2015-2018, était le virus Toscana (TOSV), un arbovirus responsable d'un nombre croissant d'infections dans les pays bordant la mer Méditerranée. Ensuite, nous avons développé une approche de séquençage basée sur des amplicons qui nous a permis d'obtenir la séquence complète du TOSV à partir d'échantillons de qualité et charge virale très variables. Nous sommes ensuite allés plus loin dans les analyses des épidémies de CHIKV au Cambodge. En effet, l'analyse phylogénétique des génomes que nous avons générés nous a permis d'étudier la diversité génétique du CHIKV et, en ajoutant des données temporelles, d'estimer le moment auquel il a été introduit dans la population. Dans un second temps, une analyse phylogéographique nous a fourni un niveau de détail supplémentaire en mettant en lumière les origines de l'épidémie, les liens avec les épidémies précédentes dans la même région et la dispersion du virus dans le pays. Enfin, à une autre échelle, nous avons pu suivre la dynamique de la population virale du SARS-CoV-2 lors de l'infection à long terme d'un patient immunodéprimé, ce qui a souligné les défis de la prise en charge de ces membres vulnérables de notre société pour lesquels il existe un risque accru de maladie grave.

Pour conclure, ces travaux contribuent à une meilleure compréhension de l'épidémiologie et l'évolution de plusieurs virus à ARN qui représentent encore aujourd'hui des menaces importantes pour la santé humaine, et soulignent les apports de l'épidémiologie génomique contre les épidémies.

Le chapitre 2 a également combiné deux méthodes de séquençage (approches métagénomiques et basées sur les amplicons) pour obtenir des séquences complètes de CHIKV à partir de cas détectés au Cambodge lors de deux épidémies différentes : 2011-2013 et 2020. Pour tenter d'obtenir de plus amples informations sur ces épidémies et leur dynamique, nous avons d'abord ajouté des données temporelles à nos données génomiques pour estimer la période où le CHIKV a été introduit dans la population. Ensuite, nous avons inclus des données géographiques et nous avons effectué une analyse phylo-géographique donnant un niveau de détail supplémentaire, mettant ainsi en lumière l'origine potentielle de l'épidémie, les liens avec les épidémies dans la même région et la circulation du virus dans le pays. Dans l'ensemble, notre analyse phylogénétique a montré que les souches de CHIKV circulant au Cambodge de 2011 à 2013 appartenaient vii à la lignée IOL, très probablement introduite dans le pays depuis la Thaïlande entre 2009 et 2011. Le CHIKV de cette épidémie abritait la substitution E1: A226V, associée à une augmentation de la dissémination du CHIKV chez les moustiques Aedes albopictus, ainsi que deux autres mutations de la glycoprotéine E2 qui semblaient être caractéristiques des souches appartenant à ce clade. En revanche, les virus signalés au Cambodge en 2020 n'avaient pas la substitution E1:A226V mais abritaient une double substitution dans les protéines de surface, qui ont récemment été associées à une infectiosité et une transmission accrues par Aedes aegypti (E1:K211E et E2:V264A). Notre analyse a également montré que les souches de CHIKV de l'épidémie de 2020 étaient phylogénétiquement plus proches du CHIKV circulant en Asie du Sud-Est. Cela suggère que la récente épidémie n'a pas été déclenchée par le CHIKV circulant auparavant au Cambodge, mais plutôt par l'introduction de virus à partir des pays voisins. En effet, notre analyse phylogénétique a proposé cinq scénarios différents pour expliquer l'introductions du virus, de Thaïlande et de Chine par exemples. Néanmoins, ces résultats doivent être interpréter en prenant notamment en compte la diversité génétique échantillonnée. Nous sommes conscients des limites de notre étude pour les données épidémiologiques et génomiques CHIKV disponibles pour le Cambodge et les pays voisins.

Lorsque des génomes viraux séquencés à partir de la même région au cours de différentes épidémies sont disponibles, la phylo-dynamique peut fournir des informations importantes sur l'évolution du virus au cours de la période inter-épidémique. Ces informations pourraient être utilisées pour répondre aux questions suivantes : le virus a-t-il pu persister dans la population entre les deux épidémies? Ou, le virus a-t-il été introduit dans la population par le biais d'un nouveau passage de la barrière espèce à partir d'un réservoir animal? Ces questions ont déjà été explorées à travers les différentes épidémies précédentes comme celle du virus Ebola (EBOV) par exemple. Dans le deuxième chapitre, nous avons exploré l'évolution inter-épidémique et la propagation du CHIKV au Cambodge. À la lumière des données génomiques et épidémiologiques disponibles pour la région de l'Asie du Sud-Est, notre analyse a suggéré que l'épidémie n'a pas été déclenchée par le CHIKV circulant auparavant au Cambodge, mais plutôt par l'introduction du virus à partir de pays où le CHIKV semble circuler presque continuellement, comme Inde.

La génomique virale peut également être utilisée pour étudier l'évolution intra-hôte. Le NGS permet le séquençage des virus à une profondeur de couverture élevée, caractérisant le répertoire complet des variants de la population virale. L'étude de la diversité de la population virale intra-hôte peut fournir des informations sur la manière dont ces processus pourraient être liés à l'évolution du virus à plus grande échelle. Il s'agit d'un point de discussion majeur sur la pandémie de COVID-19 en cours. En effet, il a été proposé que des infections chroniques conduisant à une accumulation substantielle de modifications nucléotidiques pourraient être responsables de l'émergence de COV tels que les variants Omicron ou Alpha. Le chapitre 3 explore cette thématique en analysant l'évolution du SRAS-CoV-2 au cours d'une infection à long terme chez un patient immunodéprimé. Nous avons constaté que l'évolution à long terme du SRAS-CoV-2 chez un individu immunodéprimé n'est pas toujours associée à une forte accumulation de changements, en particulier dans la protéine de surface. De plus, étant donné le traitement du patient par plasmathérapie convalescente, nous avons étudié l'impact de ce traitement sur l'évolution de la population virale chez le patient. D'une manière intéressante, nous avons noté une modification significative de la diversité virale mais aucune clairance du virus suite au traitement. En effet, le traitement a permet de restaurer le génotype dominant à l'état précoce de l'infection, caractérisé par la variante de la protéine de surface S50 (S:S50) au lieu de L50 (S:L50). Les séquences en acides aminés de la population dominante remplacée et de la nouvelle population dominante ne diffèrent qu'à cette position. Étant donné que la plupart des anticorps neutralisants ciblent la protéine de surface et que le traitement par plasmathérapie a induit un seul changement d'acide aminé dans la population virale, qui était situé dans la protéine de surface, nous proposons les deux scénarios suivants. Dans le premier scénario, la population x ACKNOWLEGMENTS I want to start by thanking Etienne for accepting me into his laboratory and giving me the opportunity to conduct my Ph.D. Thank you for the trust you have given me in the projects, the freedom to conduct them, and for letting me develop my ideas while challenging me with yours. I am very grateful for our discussions on RNA virus evolution, which I have always found fascinating. I also thank you for insisting that I had a backup plan project(s), which has ultimately become plan A. I joined your lab a few months after it opened, and now, looking retrospectively, it is great to see how we have all grown along with it. While being the first Ph.D. student from the lab has been a challenge for both of us, in addition to projects that did not go as expected and the COVID-19 pandemic that turned our plans upside down, we managed to make it work, and I take with me great learning from all these years spent in the GEVA lab.
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INTRODUCTION

From the 2009 H1N1 influenza pandemic to severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) COVID-19 pandemic, emerging and re-emerging infectious diseases have constituted one of the most significant global challenges of the twenty-first century. They have placed a substantial threat to public health and the global economy (1). It has been more than two years since the first cases of SARS-CoV-2 infection were reported (2) and the subsequent declaration of a pandemic by the World Health Organization (WHO) on March 11 2020. Since the start COVID-19 pandemic, we have witnessed devastating consequences: loss of human life (by the time of writing of this thesis, there are more than 6 million deaths globally), a profound economic crisis with millions of people who had fallen into poverty, and an estimated loss of US$12 trillion on the global economy by the end of 2021 (3,4) and a social crisis provoked by an increase in social inequalities at every scale, along with the negative impact of the social distancing and confinement measures on the psychological well-being of the general population (5), in particular children (6). Although the public health surveillance systems have been improving to face the consequences of the growing human population and increasing world connectivity, the ongoing effects of the COVID-19 pandemic are a reminder of the risk of emerging infectious diseases and highlight the importance of having a framework to survey and curb the ongoing pandemic and any other infectious disease that might arise in the future.

Nonetheless, history has shown us that emerging infectious diseases are not new. It is believed that a key event for the spread of human diseases was the rise of agriculture nearly 11,000 years ago, as it led to the settlement of people and the increase in the human population (7,8). Between the five-teen and eightteen centuries, diseases such as smallpox, tuberculosis, and polio circulated in several regions of the world promoted by colonization, slavery, and war, causing substantial morbidity and mortality (9). However, in the past two decades, the increasing global connectivity together with demographic and ecological factors have changed the dynamics and the potential risk of infectious diseases (9). For instance, the increased international travel and trade have promoted the rapid spread of pathogens over large distances connecting pathogens with new host populations (9,10).

INTRODUCTION PART 1: Emerging and re-emerging infectious diseases

An emerging infectious disease is a disease caused by a new and previously unknown pathogen. In some instances, after the number of infections was reduced and the diseases no longer recognized as a public threat, the infectious diseases may reappear or appear in new locations or under a new variant form (e.g., drug-resistant or recombinant form). These are known as re-emerging infectious diseases (1).

Emerging infectious diseases can be caused by different infectious agents, including viruses, bacteria, fungi, protozoa, and helminths (11). This thesis will focus on those caused by viruses.

Depending on the context and its transmissibility among humans, an emerging pathogen can lead to individual or few infections resulting in a local outbreak. It can develop into an epidemic if the number of infections increases and there is geographic expansion. In a worst scenario, the disease can reach several countries or continents, affecting many individuals leading to a pandemic. Also critical to some regions are the so-called neglected diseases. These are diseases that have not received much attention at the national and international level but circulate and affect, in particular, low-income countries in Africa, Asia, and Latin America. Neglected diseases are commonly found in tropical areas and, for this reason, are also known as neglected tropical diseases. It is believed that these diseases continue to persist in communities due to a combination of several factors, including poverty, poor sanitation, and socio-political conflicts. Examples of neglected tropical diseases are dengue fever, rabies, and chagas disease (12).

What are the sources of emerging infectious diseases?

Indirect zoonoses are transmitted to humans by being in contact with contaminated objects or surfaces or by being exposed to areas where animals live and roam (16). Additionally, indirect zoonoses are associated with the butchering and consumption of wildlife and domesticated animals (21). For example, the emergence of human immunodeficiency virus (HIV) that causes the Acquired immunodeficiency syndrome (AIDS) is believed to have arisen from hunting non-human primates for food in Africa (22,23).

Transmission of pathogens from animals to humans can also occur through arthropod vectors such as mosquitoes, ticks, or sandflies, falling under the scope of indirect transmissions of zoonotic diseases (24). Viruses that maintain transmission cycles between vertebrate animal reservoirs as main amplifying hosts and insects as primary vectors are known as arthropod-borne viruses or arboviruses. In particular, when the main vectors are mosquitoes, they can be further named mosquito-borne viruses (24), for example West Nile virus (WNV). WNV is maintained by an enzootic (wild) transmission cycle between wild birds, which act as reservoir hosts, and Culex mosquitoes. WNV is then occasionally transmitted to humans and other mammals through the bite of an infected mosquito (25). WNV cannot be directly transmitted from person to person, and humans are dead-end hosts as viremia does not reach a sufficient level to infect new mosquitoes and continue the transmission chain (26,27). However, while humans do not contribute to the transmission cycle of WNV, other important arboviruses infecting humans, such as dengue virus (DENV), Zika virus (ZIKV), yellow fever virus (YFV), and chikungunya virus (CHIKV), can reach high enough levels of viremia for subsequent transmission to mosquitoes and in this way be transmitted among humans through mosquito bites (28).

Main components in the emergence of infectious viral diseases

Understanding the processes underpinning the emergence and re-emergence of infectious viral diseases is important to understand their origin and prevent and control current and future epidemics. The main components in the emergence of the infectious viral disease include human, environmental, and viral factors (29,30).

Human factors

Human population growth and encroachment of natural habitats

Although the population growth rate is currently decreasing (around 1.05% per year in 2020, down from 1.08% in 2019 and 1.10% in 2018), in average, the global human population currently increases by 81 million people per year (31).

Such growth in the human population increases the demand for natural resources in several world regions, leading to the fragmentation and degradation of wildlife habitats, with humans and livestock encroaching on natural habitats. Indeed, according to a report from the Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services released in 2019, only one-quarter of land areas remain undamaged by human activity. This encroachment of natural habitats and land-use change can alter the size and composition of the animal communities and the overall ecosystem functioning (32), therefore impacting the emergence of infectious diseases. A systematic review identified the most common land-use change types linked to zoonotic disease transmission: deforestation, agricultural development, irrigation, and urbanization (33).

Habitat destruction, such as deforestation, can increase human exposure to zoonotic diseases due to, for example, the release of host reservoirs (30,34). A recent study performed a large-scale analysis of the association between deforestation and EBOV outbreaks in Central and West Africa. The authors suggested that EBOV spillovers were associated with recent deforestation in the area, highlighting the importance of preventing the loss of natural forests to reduce the likelihood of future outbreaks (35).

Urbanization -the movement of people from rural to urban areas -is considered a significant driver for the emergence and spread of several arboviral diseases, including dengue (36)(37)(38). Arboviruses such as DENV or CHIKV are transmitted by Aedes mosquitoes, mainly Aedes aegypti and Aedes albopictus (39), two mosquitoes species well-adapted to urban settings. It has been proposed that the development of dense and sedentary human societies and the development of irrigation systems played a fundamental role in adapting mosquitoes to breed in human habitats. The reason for this might be the following: female mosquitoes lay their eggs in the water, and humans have developed ways to manipulate and store water like no other species. In the case of a dry season, a female mosquito looking for a place to oviposit would find the stored water in human settlements very appealing (40,41).

Intensification of domestic livestock farming

Population growth has also increased the demand for animal protein, which has led to the intensification and industrialization of animal production (30). Domestic livestock farming, especially without effective disease-control practices, constitutes an important driver for the emergence of diseases. A possible reason for this is how these systems generally work: intensive livestock systems often have large numbers of genetically similar animals kept in close proximity to each other. In such conditions, homogeneous populations may favor the transmission and adaption of pathogens (42). Transmission of pathogens from livestock to humans can occur through direct contact with the animals (the farmworkers being especially at risk) or through the animal waste that is spread on the land and can come into contact with humans, wild animals, or contaminate the water (43). Additionally, intensification might also demand increased movement of vehicles, people, or animals between farms, which can increase the risk of pathogen transmission (44). A well-known example of how the destruction of natural habitats, land-use change, and livestock farming promoted the emergence of a disease is the case of the Nipah virus (NiV) outbreak in Southeast Asia. NiV is a paramyxovirus that has spilled over from fruit bats to livestock, particularly pigs, and humans, causing disease (45). The first known outbreak of NiV happened in Malaysia in 1998 on a pig farm, causing the death of 108 humans, and in reaction, 1 million pigs had to be euthanized (42). Epidemiological investigations suggested that the emergence of NiV was linked to several related human activities. During the 1970-the 1990s, there has been intense deforestation of Peninsular Malaysia for pulpwood and industrial plantations such as palm oil (46), reducing the fruit bat habitat and their food supply. Consequently, NiV-infected bats went out in search of food and were attracted to orchard fruit trees that had been planted adjacent to the pig farm. Pigs got infected by consuming fruits contaminated with bat saliva or urine. Transmission and spread of NiV among the pigs were facilitated by the farm conditions and the transportation of pigs to other farms, leading to subsequent outbreaks in the South of Malaysia and Singapore (47). Transmission of NiV to humans is thought to have occurred through direct contact with infectious secretions or excretions of pigs, with no evidence of a direct spillover from bats nor evidence of human-to-human transmission (42). However, the ecology of NiV spillover does not end here. Other routes of human NiV infection in Southeast Asia are associated with human activity. For example, in India and Bangladesh, a common infection mechanism is consuming contaminated date palm sap (48,[START_REF] Singh | Nipah virus: epidemiology, pathology, immunobiology and advances in diagnosis, vaccine designing and control strategies-a comprehensive review[END_REF]. (Figure 2-1) Date palm sap collection is the main livelihood of the gachis (i.e., date palm sap collectors) and consists of shaving the bark of the trees and hanging clay pots in the trunks to collect the sap at night. During the night, large fruit bats, also called flying foxes, are attracted to these settings, and while feeding on these clay pots, they contaminate them with their saliva, urine, or feces (48). Furthermore, in Bangladesh direct contact with infected patients or their secretions consist of a major pathway of humanto-human infection [START_REF] Luby | Recurrent zoonotic transmission of Nipah virus into humans, Bangladesh, 2001-2007[END_REF]. More recently, in 2014, an outbreak in the southern Philippines caused severe illness to humans and horses. The serological and limited genomic data suggested that the etiologic agent was NiV or a closely related virus (Henipavirus genus). Furthermore, epidemiologic data suggest that the outbreak was characterized by horse-to-human transmission, probably through direct exposure to infected horses during slaughtering or consumption of the meat of diseased horses and direct human-tohuman virus transmission [START_REF] Ching | Outbreak of henipavirus infection, Philippines, 2014[END_REF]. 

Exploitation of wildlife

Humans have hunted wild animals for consumption since ancient times, and it remains part of some cultures. However, past and recent outbreaks have shown us that hunting wildlife can promote pathogen spillover through consumption or exposure during handling and butchering [START_REF] Kurpiers | Bushmeat and emerging infectious diseases: lessons from Africa[END_REF].

Wild meat hunting is still important in several Africa, Asian, and Latin American countries. Considering only Africa and Latin America, estimates indicate a wild meat harvest of nearly 6 million tonnes per year [START_REF] Nasi | Empty forests, empty stomachs? Bushmeat and livelihoods in the Congo and Amazon Basins[END_REF]. It is believed that the consumption of wild meat in some areas of the world remains a relevant human activity for two main reasons. First, as the human population grows, there is an increased demand for animal food, and low-income countries cannot always afford livestock domestication. In this way, bushmeat is an important source of food in many low-income countries, e.g., West and Central African countries [START_REF] Kurpiers | Bushmeat and emerging infectious diseases: lessons from Africa[END_REF][START_REF] Coad | Towards a sustainable, participatory and inclusive wild meat sector[END_REF]. Second, in some regions of the world, the consumption of wild animals is a symbol of status and a luxury good [START_REF] Kurpiers | Bushmeat and emerging infectious diseases: lessons from Africa[END_REF][START_REF] Coad | Towards a sustainable, participatory and inclusive wild meat sector[END_REF].

Travel and Transportation

Throughout history, traveling and trade between countries have been accompanied by the spread of diseases. The introduction of smallpox and measles virus in the Americas during the sixteen century are old examples that illustrate this. However, the incredible expansion of global travel, either through air or water, and the development of high-speed railway networks and roads has resulted in unprecedented interconnectivity between human populations. These networks have promoted the rapid movement of people and pathogens over large distances like never before (29). According to the International Civil Aviation Organization, in 2019, before COVID-19, air travel rose to 4.5 billion passengers per year, which is 3.6% higher than in 2018 [START_REF]The World of Air Transport in[END_REF]. This explosion of global connectivity fueled by human travel and trade favors viral spread. Indeed, international air travel is believed to have had an important role in the global spread of SARS-CoV-2 [START_REF] Russell | Effect of internationally imported cases on internal spread of COVID-19: a mathematical modelling study[END_REF]. Epidemiological and genomic investigations indicate that multiple introductions of SARS-CoV-2 in Brazil [START_REF] Candido | Evolution and epidemic spread of SARS-CoV-2 in Brazil[END_REF] and California, United States [START_REF] Deng | Genomic surveillance reveals multiple introductions of SARS-CoV-2 into Northern California[END_REF], occurred by air travel. Furthermore, international travel driving the introduction of infectious diseases into new regions has been described for other viruses such as ZIKV during its emergence in the Americas in late 2014 [START_REF] Faria | Zika virus in the Americas: Early epidemiological and genetic findings[END_REF] or the DENV outbreak in Madeira, Portugal in 2012 [START_REF] Semenza | International Dispersal of Dengue through Air Travel: Importation Risk for Europe[END_REF]. Similarly, although it is hard to demonstrate the exact pathway through which WNV was introduced into North America in the 1990s, either shipping or air travel have been postulated to be the most plausible scenarios [START_REF] Kilpatrick | Globalization, land use, and the invasion of West Nile virus[END_REF].

Population mobility at the country level can also play an important role in disease spread; however, this type of data is often limited. Recently it has been proposed to use mobile phone data to assess how people move within communities [START_REF] Grantz | The use of mobile phone data to inform analysis of COVID-19 pandemic epidemiology[END_REF]. This data would come from anonymized mobile phone call detail records in which the time and location of each call and text made by each anonymized individual are registered by mobile networks operators. The analysis of such data would allow the inference of the movement of people to trace patterns of local mobility that could help study potential drivers of spatiotemporal spread [START_REF] Grantz | The use of mobile phone data to inform analysis of COVID-19 pandemic epidemiology[END_REF]. Owing to the popularity of mobile phones worldwide, obtaining such data could be relatively straightforward, offering an unprecedented source of information on human mobility. Nevertheless, the use of mobile phone data faces several challenges, a significant one is the concern about potential loss of privacy and data protection [START_REF] Oliver | Mobile phone data for informing public health actions across the COVID-19 pandemic life cycle[END_REF].

Environmental factors: climate change and global warming

Climate change has been described as a significant factor in disease emergence. Indeed, climatic changes can affect key climatic parameters such as global temperatures, soil composition, or rainfall patterns. Changing such environmental conditions can, in turn, influence the survival, reproduction, abundance, and distribution of host reservoirs, vectors, and pathogens [START_REF] Naicker | The impact of climate change and other factors on zoonotic diseases[END_REF].

Global temperature is rising, primarily due to the anthropogenic emission of greenhouse gases, with 2019 and 2020 being the warmest years since the pre-industrial era [START_REF]Alarming rise in global temperatures 2021[END_REF]. Ectotherms mosquitoes, such as Aedes aegypti and Aedes albopictus, are sensitive to environmental temperature variations, which directly impact in their internal temperature [START_REF] Reinhold | Effects of the Environmental Temperature on Aedes aegypti and Aedes albopictus Mosquitoes: A Review[END_REF]. Consequently, environmental temperature is the main abiotic factor influencing mosquito physiology, ecology and behavior [START_REF] Reinhold | Effects of the Environmental Temperature on Aedes aegypti and Aedes albopictus Mosquitoes: A Review[END_REF]. Mosquitoes can only survive and reproduce in specific environments which will depend on the ecological and biological characteristics of each species. For example, for a given activity (e.g., feeding, flying, host-seeking, and reproduction) each species has an optimal temperature range. In the case of Aedes aegypti, it can develop (i.e., eggs, larvae and pupae) and survive between 16⁰C and 34⁰C while for Aedes albopictus the temperature range is wider between 10.4⁰C and 35⁰C (66, 67). This allows Aedes albopictus to tolerate lower temperatures. While extreme temperatures would kill mosquitoes within their survival range of temperature, it is known that warmer temperature increases mosquito activity, including development, blood-feeding, and reproduction [START_REF] Reiter | Climate change and mosquito-borne disease: knowing the horse before hitching the cart[END_REF]. In this way, rising temperatures produce warmer winters, reducing mosquito mortality, and warmer summers, increasing mosquito density and activity. This could extend the mosquito circulation period and lead to a geographic expansion or redistribution of mosquitoes.

Indeed, a recent study used a model of viral transmission by mosquito vectors to predict and map Aedes aegypti and Aedes albopictus global distribution in the current and future (projected risk for 2050 and 2080) climate [START_REF] Ryan | Global expansion and redistribution of Aedes-borne virus transmission risk with climate change[END_REF]. Briefly, in agreement with a previous study [START_REF] Kraemer | The global distribution of the arbovirus vectors Aedes aegypti and Ae. albopictus[END_REF], this work suggests that Aedes mosquitoes' distribution will likely continue to expand. However, while Aedes albopictus transmission potential will increase in Europe and North America, it might decline in the tropics (e.g., Southeast Asia, West Africa), where temperatures might become too high for these mosquitoes. In sum, this study suggests climate change might lead to a shift in the geographic distribution of mosquitoes, leading to a net increase and new exposures to Aedes mosquito-borne viruses.

Viral Factors: the role of rapid evolution in RNA viruses

The 2003 SARS-CoV outbreak, the 2009 H1N1 influenza pandemic, the 2012 MERS-CoV outbreak, the 2013-2016 EBOV outbreak in West Africa, the 2015 ZIKV epidemic in the Americas and the SARS-CoV-2 COVID-19 pandemic all have in common that the causative pathogen is an RNA virus.

What is so special about RNA viruses? Their intrinsic propensity for rapid evolution.

RNA viruses can generate high genetic diversity, which allows them to quickly adapt to changing environments, e.g., new host, adaptive immune responses, or antivirals. This constitutes a challenge for their control and possibly, contributes to their emergence risk.

The mechanism of RNA viruses genetic variation include: mutation, recombination, and reassortment; although these mechanisms occur to different extent in different virus families (Figure 2-2) [START_REF] Dolan | Mechanisms and Concepts in RNA Virus Population Dynamics and Evolution[END_REF][START_REF] Lauring | Within-host viral diversity: a window into viral evolution[END_REF]. The fate of mutations or genomic variations will rely on two evolutionary process: natural selection and genetic drift. Selection tends to increase the frequency of beneficial genomic variants in a population while decreasing the frequency of detrimental ones, two processes that are usually referred to as positive and negative selection, respectively. In contrast, genetic drift refers to the stochastic change in the frequencies of genomic variants, which is particularly prominent in small populations [START_REF] Lauring | Within-host viral diversity: a window into viral evolution[END_REF].

Mutation

A mutation is a change in the nucleotide sequence. During replication of the genetic information, the DNA or RNA polymerase can incorporate a non-complementary nucleotide, resulting in a point mutation (Figure 2-2A). Mutations that result in a different amino acid are called non-synonymous, while those that do not result in amino acid changes are synonymous [START_REF] Lemey | The phylogenetic handbook: a practical approach to phylogenetic analysis and hypothesis testing[END_REF]. In addition, mutations can result in the insertion or the deletion of one or several nucleotides, collectively known as indels. Since in protein-coding nucleotide sequences, three nucleotides (termed a codon) will encode an amino acid, unless the length of the insertion or deletion is a multiple of three, it will alter the reading frame. The result, very likely, will be an entirely different protein [START_REF] Lemey | The phylogenetic handbook: a practical approach to phylogenetic analysis and hypothesis testing[END_REF].

RNA viruses have important features (74):

1. high mutation rates (i.e., the rate at which mutations arise in the genome), with estimates that span between 10 -4 to 10 -6 substitutions per nucleotide per generation. Such mutation rates are largely the consequence of the error-prone RNA-dependent RNA polymerase (RdRp), which, in most cases, lacks proofreading activity, and it can introduce mutations during the replication of the genome 2. short and compact genomes, typically around 10 Kb, with some exceptions, such as the members of the Coronaviridae family, whose genomes are roughly 30 Kb in length 3. short generation times and large population sizes.

Each new mutation might have a different effect on the replicative success, or fitness, of the viral population. Mutations that confer a negative effect on viral fitness are known as deleterious mutations, while those with a positive effect are beneficial mutations. In addition, mutations conferring no (or minimal) effect on the fitness of the viral population are called neutral mutations [START_REF] Acevedo | Mutational and fitness landscapes of an RNA virus revealed through population sequencing[END_REF]. As already mentioned, the fate of every mutation will be determined by natural selection or genetic drift. When the population size is sufficiently large, natural selection is expected to account for the changes in variants frequencies: deleterious mutations will likely be removed through negative or purifying selection, and beneficial mutations may become fixed in the population through positive selection. In this way, natural selection has a deterministic impact on the evolution of the viral population [START_REF] Acevedo | Mutational and fitness landscapes of an RNA virus revealed through population sequencing[END_REF]. When the size of the viral population is significantly reduced, for example during inter-host transmission (transmission bottlenecks) or strong selective swaps, genetic drift -that is, the stochastic fluctuation of variants frequency in the population -might have an important role. Under such circumstances, deleterious and neutral mutations can be fixed [START_REF] Dolan | Mechanisms and Concepts in RNA Virus Population Dynamics and Evolution[END_REF][START_REF] Holmes | The evolution and emergence of RNA viruses[END_REF].

Experimental studies have shown that most mutations arising during replication are deleterious [START_REF] Sanjuán | The distribution of fitness effects caused by single-nucleotide substitutions in an RNA virus[END_REF][START_REF] Sanjuán | Mutational fitness effects in RNA and single-stranded DNA viruses: common patterns revealed by site-directed mutagenesis studies[END_REF]. One possible explanation is their compact genomes, often dense with protein-coding regions and functional RNA structures, and sometimes gene overlapping, leading to structural and functional constraints [START_REF] Elena | Mechanisms of genetic robustness in RNA viruses[END_REF].

Intra-host populations can be very large in RNA viruses. For instance, for HIV-1, it is estimated that nearly 10 12 virions are produced in a single individual every day [START_REF] Perelson | HIV-1 dynamics in vivo: virion clearance rate, infected cell life-span, and viral generation time[END_REF]. As a consequence of such large population sizes and high mutation rates, RNA viruses typically exist within each host as genetically diverse populations or mutant swarms [START_REF] Acevedo | Mutational and fitness landscapes of an RNA virus revealed through population sequencing[END_REF].

Although deleterious mutations are commonplace in RNA viruses, the selection of mutations that confer an adaptive advantage can occur, as observed during several outbreaks. For example, it has been proposed that an AA change in the envelope glycoprotein of CHIKV (E1-A226V) augmented the capacity of CHIKV to infect and be transmitted by Aedes albopictus [START_REF] Tsetsarkin | A Single Mutation in Chikungunya Virus Affects Vector Specificity and Epidemic Potential[END_REF]. Similarly, a single mutation on the glycoprotein of EBOV (GP-A82V) has been proposed to increase infectivity in human cells [START_REF] Urbanowicz | Human adaptation of Ebola virus during the West African outbreak[END_REF]. More recently, throughout the ongoing COVID-19 pandemic, we have observed the emergence of SARS-CoV-2 genetic changes, leading to new SARS-CoV-2 variants. An example of these genetic changes is the D614G mutation in the spike glycoprotein of SARS-CoV-2, the first mutation during the COVID-19 pandemic to gain researchers' attention. It was first detected in March 2020, and it appeared several times independently in the global SARS-CoV-2 population, suggesting convergent evolution and an adaptive benefit of this mutation [START_REF] Harvey | SARS-CoV-2 variants, spike mutations and immune escape[END_REF]. However, later genomic investigations revealed the presence of this mutation in viruses collected from China in late January, suggesting that it could have resulted from "founder effect" events [START_REF] Lauring | Genetic Variants of SARS-CoV-2-What Do They Mean?[END_REF]. Later, several studies showed that the D614G substitution confers an advantage for transmissibility [START_REF] Hou | SARS-CoV-2 D614G variant exhibits efficient replication ex vivo and transmission in vivo[END_REF][START_REF] Volz | Evaluating the effects of SARS-CoV-2 spike mutation D614G on transmissibility and pathogenicity[END_REF][START_REF] Plante | Spike mutation D614G alters SARS-CoV-2 fitness[END_REF]. In early September 2020 in England, a new lineage emerged; it received the name of B.1.1.7 or, more recently, the Alpha variant [START_REF] O'toole | Tracking the international spread of SARS-CoV-2 lineages B. 1.1. 7 and B. 1.351/501Y-V2 with grinch[END_REF]. The Alpha variant spread rapidly, outcompeting the circulating variants. Seventeen lineage-defining mutations characterized this lineage. Eight of these mutations are located in the spike glycoprotein, including the N501Y substitution in the receptor-binding domain [START_REF] Lauring | Genetic Variants of SARS-CoV-2-What Do They Mean?[END_REF]. Interestingly, lineages that emerged later in different parts of the world, precisely the lineage B.1.351 and P.1, also known as the Beta and Gamma variants, respectively, harbor the N501Y mutation. Again, convergent evolution suggests an adaptive benefit of this mutation which was further supported by studies showing that the N501Y mutation increases binding affinity to the human cellular receptor Angiotensin-converting enzyme 2 (ACE2) [START_REF] Starr | Deep mutational scanning of SARS-CoV-2 receptor binding domain reveals constraints on folding and ACE2 binding[END_REF] and cell infectivity in mice models [START_REF] Gu | Adaptation of SARS-CoV-2 in BALB/c mice for testing vaccine efficacy[END_REF][START_REF] Montagutelli | The B1.351 and P.1 variants extend SARS-CoV-2 host range to mice[END_REF]. A more detailed description of the SARS-CoV-2 variants will be addressed in Chapter 3.

Furthermore, today, next-generation sequencing tools are revolutionizing the study of viral populations. This is because these tools allow the sequencing of viruses at a high depth of genome coverage, resulting in a comprehensive characterization of the full variant repertoire within the viral population, including low frequency variants. Identifying these low frequency variants is relevant for understanding how viral populations evolve within each host and how the immune host response or treatments (e.g., antivirals, convalescent plasma therapy) may impact in the composition of the viral population. Finally, studies of within-host viral population diversity could provide some insights into how within-host processes relate to the evolution of the virus on a larger scale [START_REF] Lauring | Within-host viral diversity: a window into viral evolution[END_REF].

Recombination

Error-prone viral polymerases can also generate recombination during replication. In RNA viruses, the most common recombination mechanism is copy-choice, in which the RdRp releases the template strand (donor strand) while retaining the nascent transcript and then continues RNA synthesis by associating to another template (acceptor strand) or another place on the same template (Figure 2-2B). Viral recombination thus corresponds to the generation of viral RNA from at least two different templates. Hence co-infection is required [START_REF] Dolan | Mechanisms and Concepts in RNA Virus Population Dynamics and Evolution[END_REF]. Several factors can favor this process, the most important one being the sequence homology between the donor and the acceptor strand, and this might result in hot spots of recombination along the genome. This form of recombination can be further classified according to its final product: homologous and non-homologous. In homologous recombination, the process of template switching occurs between regions of sequence homology leading to a complete phylogeny strand. In contrast, in non-homologous recombination, the template jumping occurs in a different genomic region, leading to the synthesis of a progeny with either an additional or missing sequence [START_REF] Holmes | The evolution and emergence of RNA viruses[END_REF]. Additionally, nonreplicative recombination has been described [START_REF] Gmyl | Nonreplicative RNA recombination in poliovirus[END_REF]; however, this mechanism is less often compared to copy-choice in RNA viruses.

Recombination occurs at different rates within RNA viruses [START_REF] Simon-Loriere | Why do RNA viruses recombine?[END_REF]. It frequently occurs in retroviruses like HIV with an estimated recombination rate of 1.38x10 -4 and 1.4x10 -5 per site per generation. For enteroviruses (EVs), recombination is also a major mechanism of evolution [START_REF] Kyriakopoulou | Recombination among human non-polio enteroviruses: implications for epidemiology and evolution[END_REF][START_REF] Muslin | Recombination in enteroviruses, a multi-step modular evolutionary process[END_REF]. EVs are positive singlestranded RNA viruses which belong to the Picornaviridae family. More than 100 types of EVs infect humans and are classified into four genotypes (A-D) [START_REF] Lefkowitz | Virus taxonomy: the database of the International Committee on Taxonomy of Viruses (ICTV)[END_REF]. In Europe, different genotypes and serotypes of EV cocirculate and replace one another in annual cycles, often leading to the emergence of new genotypes through recombination [START_REF] Oberste | Evidence for frequent recombination within species human enterovirus B based on complete genomic sequences of all thirty-seven serotypes[END_REF]. We will delve into the mechanism of EV recombination in Chapter 1. Recombination is also frequent in viruses from the Coronaviridae family For instance, recombination events are reported for SARS-CoV-2. In recent work, Jackson et al. scanned 279 thousand genomes collected from the UK, assigned to the Alpha variant but did not contain the full set of lineage-defining mutations. By doing so, they identified 16 recombinant sequences [START_REF] Jackson | Generation and transmission of interlineage recombinants in the SARS-CoV-2 pandemic[END_REF].

Recombinant variants might have different properties (e.g., pathogenicity) hence the importance of their surveillance. For example, recombination between members of the Coronaviridae family led to the emergence of a new coronavirus in turkeys. This recombinant virus resulted from the recombination between infectious bronchitis virus (IBV), a chicken-specific coronavirus, and another coronavirus. Analysis showed that the recombination event led to the replacement of the spike gene of IBV with the sequence of the other coronavirus. This is a remarkable example as it is one of the few documented cases in which recombination seemed to have resulted in cross-species transmission and subsequently viral emergence [START_REF] Jackwood | Emergence of a group 3 coronavirus through recombination[END_REF].

Reassortment

Reassortment constitutes an important evolutionary mechanism of segmented RNA viruses, these are viruses that maintain their genomes as several RNA molecules [START_REF] Mcdonald | Reassortment in segmented RNA viruses: mechanisms and outcomes[END_REF]. In such viruses, when co-infection with different genotypes occurs, the progeny could inherit segments from both parental viruses. We refer to such progeny as reassortants and they can yield new phenotypes ( 99

) (Figure 2-2C).
Reassortment is a mechanism of genetic diversity which can result in numerous combinations of genotypes. For example, a virus with eight segments could potentially generate 256 reassortants. This tremendous genomic novelty could have dramatic consequences for the emergence of infectious diseases. One of the most prominent examples is the antigenic shift in influenza viruses. The influenza virus genome consists of 8 single-stranded RNA segments coding for ten essential proteins and several accessory proteins. The eight gene segments are numbered from one to eight or named after the main protein they encode (Table 1) (100). In particular, the influenza A virus (IAV) has been classified into different subtypes based on the two surface proteins, HA and NA. Eighteen subtypes of HA (H1 to H18) and nine NA subtypes (N1 to N9) have been recognized so far. While a limited number of HA and NA subtypes have been isolated in humans, all have been found in aquatic bird populations, the natural reservoir of IAV (100).

The segmented nature of the IAV genome allows for exchanging segments between different influenza viruses during co-infection in a host. Indeed, in the 20th century, three IAVs caused major pandemics : the 1918 H1N1 virus, the 1957 H2N2 virus, and the 1968 H3N2 virus (101, 102). More recently, the 2009 H1N1 virus (different from the 1918 H1N1 virus) led to another IAV pandemic (103). Briefly, all these pandemics resulted from the introduction and successful spread of a novel HA subtype in the human population from an animal source, leading to antigenic shift. For instance, the 1957 H2N2 virus resulted from the reassortment between circulating in the human population IAV H1N1 and avian IAV H2N2. Similarly, in 1968 H3N2 virus emerged due to the reassortment of human IAV H2N2 with avian IAV H3N2 (101). The 2009 H1N1 virus detected was a reassortant of avian, porcine and human viruses (109).

Two different hypotheses may explain the mechanism of emergence of such IAVs. First, the avian IAV was introduced in the human population, which then reassorted with human IAVs. Second, both the avian and the human IAV infected and reassorted in an unknown mammal (e.g., pigs), and subsequently, this reassortant was transmitted to humans (104).

In sum, given their high mutation rates and recombination and reassortment mechanisms, large population sizes and short generation times, RNA viruses can evolve rapidly, quickly adapting to changing environments. This rapid evolution constitutes a challenge for their control and likely contribute to their emergence risk.

Key points of Introduction part 1: Emerging and re-emerging infectious diseases

 Infectious diseases have occurred periodically throughout history; however, today, the increasing interconnectivity of our world together with demographic and ecological changes have been changing the dynamics and the potential risk of infectious diseases. For example, due to the higher human mobility, pathogens can spread faster and wider, leading to the introduction of pathogens to new host populations.

INTRODUCTION PART 2: Using viral genomic epidemiology to strengthen public health responses to outbreaks

Introduction to genomic epidemiology

The emergence of an outbreak brings several questions: what is the causative pathogen? What is its mode of transmission? Where did it come from? How many introductions to the human population have there been? Since when has the pathogen been circulating in the population? What are the drivers of its emergence? Is the outbreak linked to any other outbreak? These (and many more questions) are crucial to better understand the pathogen underpinning the outbreak and develop strategies to mitigate and control the disease (105).

Before the development of next-generation sequencing (NGS) technologies, most of these questions were answered using epidemiological data (i.e., case data) through the inference of key epidemic parameters (105). These epidemiological parameters such as the doubling time (i.e., the time that takes a population to double in size), basic reproductive number R0 (i.e., the expected number of secondary cases generated in the population where all individuals are susceptible to infection), the effective reproductive number Rt (i.e., the expected number of secondary cases generated in the current state of the population, not necessarily all susceptible to infection) (106) and the incubation period (i.e., the time period from infection to symptom onset of an infected person) (107) are important quantities to inform about the progression of the disease and the impact of control policies. However, the epidemiological data to estimate such parameters might not always be available (105). In addition, when different disease-mitigating interventions are being applied to different populations, a higher resolution may be needed to support interventions, as is the case for the ongoing COVID-19 pandemic (108). Therefore, there are major benefits of integrating epidemiological data with pathogen genomic data and contact-tracing data.

Viral genomic data has been used for epidemiological investigations for decades. However, today, the amount and the speed of genomic data generation have increased, and in parallel, new mathematical and computational tools for their analysis are being developed. As a result, using pathogen genomic data to complement epidemiological analysis increases its popularity (109,110). Indeed, the science of using genomics and associated analysis to investigate infectious diseases is now referred to as "genomic epidemiology" (105).

Identification of the viral agent causing the disease

The notification of several patients sharing a pattern of symptoms can reveal the beginning of an outbreak. At this point, the most important task is to identify the etiologic agent. There are several methods for pathogen identification, including molecular tools such as PCR (polymerase chain reaction), which allows the detection of the genetic material of the pathogen, serology methods such as ELISA (enzyme-linked immunosorbent assay), which allow the detection of viral proteins or antibodies developed against the infectious pathogen on clinical samples (e.g., serum). Although still of great importance, one limitation of these methods is that they require previous knowledge of a given pathogen. An important improvement in NGS technologies has been the advent of metagenomic next-generation sequencing (mNGS) from clinical samples through which all genomic information is sequenced in an untargeted manner (111,112).

In this way, the major advantage of using mNGS is the possibility to identify viral, bacterial, fungal, and any other eukaryotic pathogen directly from the infected individuals without prior knowledge of the etiologic agent. For example, metagenomic sequencing from serum and tissue samples enabled the identification of a novel member of the Arenaviridae family, Lujo virus, as the virus responsible for an outbreak in South Africa in 2008 (113). Similarly, unbiased metagenomic sequencing allowed the identification of a novel coronavirus, which today is known as SARS-CoV-2, from samples from patients with pneumonia in China in 2019 (2). In addition, with its untargeted approach, mNGS has the power to detect novel drug-resistant variants form of the pathogen, which is crucial to guide treatments of HIV or Hepatitis C virus (HCV) (111) as well as new recombinant forms of the virus ( 114). Due to its potential and as they become more affordable and cost-effective, NGS platforms are moving from the research centers to routine use in clinical microbiology laboratories (115).

Nevertheless, there are several challenges when using mNGS. For example, common technical problems during NGS are the low amount or quality of genetic material in the samples, contamination with background RNA/DNA, and cross-contamination of samples. We will expand on the challenges of using mNGS for disease diagnosis in Chapter 1.

The sequencing platforms moved to clinical laboratories and, on some occasions, to the epicenter of disease outbreaks (115). This has been possible as sequencing technologies have become more affordable and mobile, exemplified by MinION (Oxford Nanopore Technologies), introduced in 2014 (116). MinION is a handheld DNA/RNA sequencer that can be easily transported, and unlike most other sequencing platforms, it has the advantage of yielding long-read sequences (116). For example, the MinION has been used in tent laboratories set up at the epicenter of the disease outbreak during the Ebola epidemic (117,118) and the ZIKV outbreak in Brazil in 2016 (119). It has even been taken to the International Space Center (120). However, in-field metagenomics faces even more challenges than clinical metagenomics. To the technical problems already mentioned, we add an increased likelihood of cross-contamination of samples by not having completely separate environments for sample manipulation and library preparation and, on some occasions, low computer power, poor internet connection, and difficulties in collecting samples metadata (115). Furthermore, despite the possibilities provided by the MinION, it comes at the expense of sequencing accuracy and thus the need for sequencing genomes to high coverage (116). Nonetheless, with the continuous improvement of the sequencing platform, this challenge will likely be overcome shortly.

Phylodynamics as a framework for outbreak analysis

The term "phylodynamics" was first coined in 2004 by Grenfell et al., referring to the "melding of immunodynamics, epidemiology, and evolutionary biology" to study patterns of viral genetic variation (121). Phylodynamics has become a widely used statistical framework for a better understanding of infectious disease transmission and evolution by extracting the evolutionary and epidemiological information from pathogen genomes (122).

This framework can be applied to study the epidemiology and evolution of pathogens such as RNA viruses because they are rapidly evolving pathogens that accumulate mutations almost in real-time as they spread in the population (105,115,122). Phylodynamics relies on two main pillars to recover the evolutionary and epidemiological information from mutations that accumulate in the genomes: (i) phylogenetic inference as the primary analytical tool -that is, the reconstruction of the evolutionary relationships among nucleotide or amino acid sequences, and (ii) the integration of additional data (e.g., sampling time, sampling location) (122).

Several examples illustrate the utility of phylogenetic inference to recover information about the evolutionary and epidemiological processes from mutations that accumulate on viral genomes. For instance, the first phylogenetic analysis of the IAV H1N1 strain during the 2009 pandemic quickly showed that the genomic segments were closely related to the ones already detected in swine suggesting spillover from pigs to humans (103). In a similar way, phylogenetic analyses of Lassa fever virus (LASV), an endemic virus in West Africa, revealed that LASV infections are mostly the results of multiple independent rodentto-human transmission rather than human-to-human transmission (123). This is in contrast to what was observed in the EBOV outbreak in West Africa. Genomic analyses suggested that EBOV infections during 2014 were the result of a single transmission event from the reservoir followed by human-to-human transmission (124).

The field of phylodynamics includes a wide variety of methods. The following sections briefly describe some of them while providing examples to illustrate their utility.

Phylogenetic reconstruction

A phylogenetic tree or phylogeny is a diagram that shows the evolutionary relationships between different species, organisms, or genes. The resulting branching pattern is often called the topology of the tree, and it indicates how sequences are related to each other. The external or terminal nodes represent the existing taxa (e.g., viral sequences), while the internal nodes represent hypothetical progenitors of the previous ones (125).

There are different methods for phylogenetic reconstruction, and they fall into two categories according to the type of data they use: distance-based and character-based methods (126). Distance methods like neighbor-joining (NJ) calculate the genetic distance between every pair of sequences from a given alignment and use the resulting matrix distance to construct a tree. The most popular character-based methods are Maximum parsimony (MP), Maximum likelihood (ML), and Bayesian inference. In these methods, each sequence position in the aligned sequences is a "character," and the nucleotides (or amino acids) at that position are the "states" [START_REF] Lemey | The phylogenetic handbook: a practical approach to phylogenetic analysis and hypothesis testing[END_REF]. Here is a brief introduction to these methods.

MP follows the principle "plurality should not be posited without necessity" from the philosopher William of Ockham. In short, parsimony methods aim to find the tree topology for a set of aligned sequences that can be explained with the fewest number of character changes (i.e., nucleotide changes). In this way, MP methods will determine the amount of character change for each tree topology. The tree that yields the minimum number of changes is selected as the MP tree. However, as it calculates every possible tree topology, this method might be inefficient for large datasets.

ML is similar to the MP method in that it evaluates different tree topologies and estimates the relative support by summing over all sequence positions. But it differs in that it relies on an explicit model of sequence evolution and the likelihood function ( 126). The use of an explicit model of evolution allows ML methods to incorporate well-known features of sequence evolution such as different rates between character states (e.g., different rates between transitions and transversions) and different rates of changes among sites (e.g., higher rates at the third codon position). The likelihood function is the conditional probability to observe the data (D) given a hypothesis including a tree topology (t) and parameters of the evolutionary model (α), as described by Equation 1:

Equation 1 ( 73) 𝐿(𝑡, 𝜃) = 𝑃𝑟(𝐷|𝑡, α) ML algorithms will search for a tree topology (t) and parameters of the evolutionary model (α) that maximizes the probability of observing the data. The ᾶ and ẗ are the values of α and t, maximizing the likelihood function:

Equation 2 (73) ᾶ, ẗ = 𝑎𝑟𝑔. max 𝐿(𝑡, α)

Based on the search algorithm, the likelihood of each tree is estimated, and the tree topology with the highest likelihood is the ML tree [START_REF] Lemey | The phylogenetic handbook: a practical approach to phylogenetic analysis and hypothesis testing[END_REF]126).

Bayesian methods also employ an explicit model of sequence evolution and the likelihood function but it differs from ML methods as they do not search for the single best tree. Instead, Bayesian methods compute a distribution over the parameter space (α and t), called the posterior probability density function, and they search for a possible set of trees and values parameters for the given data. Bayesian methods require a prior belief or knowledge about α and t, which is formalized as a prior probability distribution [START_REF] Lemey | The phylogenetic handbook: a practical approach to phylogenetic analysis and hypothesis testing[END_REF].

The posterior probability can be derived using the Bayes' theorem considering: the likelihood of observing the data D given a tree topology (t) and parameters of the evolutionary model (α), f(D|α,t); our prior knowledge or beliefs about α and t, f(α,t), that is the prior probability distribution; and, the evidence of the data, f(D). The following equation describes the Bayes' theorem: Calculating the posterior probability distribution can be very difficult. A solution to this problem would be to estimate it by drawing random samples. However, this is unlikely to work. The reason is that the posterior probability distribution that we are trying to estimate (the one yielding the tree topologies that best explain the data and the prior beliefs) is likely concentrated in a limited part of the vast parameter space. Therefore, the likelihood of sampling the best tree at random is very low [START_REF] Lemey | The phylogenetic handbook: a practical approach to phylogenetic analysis and hypothesis testing[END_REF]. This brings the following question: how can one obtain random samples from the actual posterior probability distribution that one wants to estimate? One possible answer is: using Markov chain Monte Carlo (MCMC) sampling [START_REF] Lemey | The phylogenetic handbook: a practical approach to phylogenetic analysis and hypothesis testing[END_REF]127). MCMC couples two methods: The Monte Carlo and Markov chain. The Monte Carlo approach is a sampling technique that allows estimating a distribution by taking random samples from the distribution.

For example, if we would like to estimate the mean height of Ph.D. students at the Institut Pasteur, a Monte Carlo approach would draw a large number of random samples and calculate the sample mean of those instead of directly calculating it from the equations of the distribution. The Markov chain part of the MCMC is the notion that random samples are obtained by a special sequential process. In this way, the Monte Carlo part of the name refers to the sampling purpose, whereas the Markov Chain refers to how we obtain these samples.

Briefly, a Markov chain is a stochastic model describing a sequence of possible events, and is used to estimate the probability distribution among states after a large number of steps. Markov chain has two important properties: (i) the probability of transitioning to any state depends only on the current state (hence the chain), and (ii) regardless of the starting point, the chain will converge towards an equilibrium state ("stationary state").

Therefore, the idea behind the MCMC method is to construct a Markov chain that contains in each state all the parameters of the model, and that has as stationary distribution the posterior probability distribution of the parameters that we want to calculate. This can be achieved using different methods such as the Metropolis-Hastings method [START_REF] Lemey | The phylogenetic handbook: a practical approach to phylogenetic analysis and hypothesis testing[END_REF]127).

The MCMC initiates by simulating a random set of parameters values (α and t). In the next step of the chain, it proposes a "new state" by making small changes to the values of the parameters. In each step, the outcome is evaluated, and the parameter values are either accepted or rejected. If accepted, it becomes the next sample in the MCMC chain. If rejected, the next sample in the chain is a copy of the previous sample. After n number of states is hoped that the chain has converged such that the stochastic algorithm samples from the posterior probability distribution. Those early states in which the chain has not converged are discarded as they do not follow the posterior distribution, and they are usually referred to as "burn-in" [START_REF] Lemey | The phylogenetic handbook: a practical approach to phylogenetic analysis and hypothesis testing[END_REF]127).

For the tree reconstruction, once we have sampled tree topologies from the posterior distribution using the MCMC method, the sampled trees can be summarized according to one of the several existing methods (128). One of the most widely used approaches is the maximum clade credibility (MCC) tree. Using this approach, each clade within the tree is given a score based on the number of times it appears in the sampled posterior trees. The product of all these clades' scores is taken as the tree score. The tree with the maximum product of the posterior clade probabilities is therefore the MCC tree (128).

Dating the phylogenetic history of the outbreak

Extracting information from genetic data through phylogenetic inference is the bedrock of phylodynamics, and this method can be further exploited by the integration of additional data. Bayesian inference is particularly attractive for phylodynamics as it can easily integrate different types such as temporal or geographic data. Mr. Bayes (129), BEAST (130) and BEAST2 (131) are three important and widely used software packages for Bayesian phylogenetic analysis. This introduction will be focusing on Bayesian analysis implemented in BEAST.

Incorporating sampling time (i.e., when genomes were sampled) into phylogenetic analysis is a common and important approach (122). It allows calibration of phylogenies in calendar time. By doing this the phylogenetic tree is transformed into a time-structured phylogeny resulting in the following changes: (i) branch lengths are converted from divergence units to time units, (ii) the positions of terminal nodes (or branch tips) correspond to sampling times, and (iii) internal nodes are placed at the most likely time of divergence.

We use molecular clock methods to obtain a time-calibrated tree. In short, molecular clock methods enable calculating the time of divergence between two sequences. Importantly, this calculation depends on the molecular clock hypothesis assumed (122). Indeed, there are different clock models that can be used. The first one to have been developed was the strict clock which assumes nucleotide substitutions (or amino acid substitution when using protein sequences) occur at a constant rate among different sequences (132). In other words, that every branch in a phylogenetic tree evolves according to the same evolutionary rate. However, this model can be too restrictive in some scenarios (133), stimulating the development of more relaxed models. One that has gained popularity is the uncorrelated relaxed clock. In short, the uncorrelated relaxed clock allows each branch of a phylogenetic tree to have its own evolutionary rate with no correlation between neighboring branches (134). The different clock models are reviewed in (135).

The molecular clock can be calibrated using the collection date of the samples. In the same way as we use distance and time to calculate the speed of a car, sequence divergence and time can be used to calculate the evolutionary rate. Using the molecular clock to calculate the evolutionary rate serves two primary purposes. First, to describe the evolutionary process and compare it with previous outbreaks, and second, to date the phylogenetic history (122). Regarding the latter, estimating the evolutionary rate gives an estimation date for an individual branching event on the tree or for the last common ancestor at the root of the tree, which may help resolve the origins of an outbreak. Several examples have illustrated this. For example, the first cases of ZIKV in the Americas were initially detected in Brazil in May 2015; however, phylodynamics analysis suggested that the virus was introduced between May and December 2013, long before the first documented cases in Brazil [START_REF] Faria | Zika virus in the Americas: Early epidemiological and genetic findings[END_REF].

Before estimating the evolutionary rate, it is crucial to study the "clockliness" of the data. It means to study if the rate at which mutations are accumulated in the genomes is relatively constant, such that it follows a molecular clock of evolutionary change (136). Checking this is important because if the data was collected over a short period or early in an outbreak, we might not have captured a measurable amount of evolutionary change, yielding a poor correlation between sequence divergence and time (137). Additionally, the presence of recombination events could also invalidate the assumptions of the molecular clock (138). If any of these situations is the case, estimates from the molecular clock would be inadequate, and it is advisable to use the evolutionary rate from a previous outbreak or a related virus in these cases (105, 137).

Phylodynamics approaches to better understand viral transmission dynamics

At an early stage of a viral outbreak, an important piece of information is the rate at which the virus spreads in the population. As noted in the introduction of this section, R0 and Rt are two epidemiological parameters used to measure the transmissibility of a given pathogen. These parameters are usually estimated from cumulative incidence data through epidemiological analyses. However, knowing the number of cases during an epidemic might not always be the case, particularly during the initial stages of an outbreak when R0 might be measured most accurately. Due to the relevance of this information in understanding and controlling the outbreak, a central objective in phylodynamics is to quantify dynamic population processes using genome information (122). Indeed, Bayesian phylogenetic methods are commonly applied to viruses to infer epidemiological processes from genetic data offering an alternative solution. This is possible because, as mentioned before, RNA viruses accumulate genetic changes as the outbreak unfolds. Therefore, specific processes such as population bottlenecks, the rapid expansion of the viral population, or selective sweeps might leave a footprint on the genetic structure of the viral population. Such footprint will be reflected in the topology of the resulting phylogeny, and it could be used to estimate changes in the population size (i.e., number of infected individuals) (139). For instance, Figure 3-1 illustrates idealized scenarios of phylogenies showing the effect of changes in the viral population size.

Viruses spreading rapidly in the population will probably produce a phylogenetic tree with external branches relatively longer than the internal ones (Figure 3-1A). This is because quickly expanding viruses are more likely to share a common ancestor when the population is small. On the contrary, a virus population that stays constant in size over time will result in a phylogeny with external branches shorter than the internal ones (Figure 3-1B) (139). Extracted from [START_REF] Volz | Viral Phylodynamics[END_REF].

The interest to investigate how these transmission dynamics and population history impact on viral genetic variation led to the development of models that relate patterns of evolution with population genetic approaches. These are known as "tree-generative" models and can be implemented as tree prior in Bayesian inference (122). Example of tree prior models are the exponential growth and constant population size models (represented in Figure 3-1) and the widely used Bayesian Skyline or Bayesian Skygrid. A complete description about these models and their implementation can be found at (https://beast.community/tree_priors). It is important to note that all these models primarily differ in the prior that they put on the effective population size. Due to the joint inference of the phylogeny and the model for the population dynamics, the choice of the tree prior will not only influence the estimated population size but also the phylogeny, in particular the tMRCA. Hence, the resulting phylogeny will strongly depend on the accuracy of the tree prior (140).

Birth-death models are attractive "tree-generative" models as they allow the estimation of R0. Such calculation is achieved by linking the shape of the tree to the rate at which lineages are added to the tree (birth rate , λ) and the rate at which lineages are removed from the tree (death rate, δ) (141). In this way, R0, can be estimated using the following the equation:

Equation 4 𝑅 0 = λ δ
In the context of epidemiology, λ and δ would correspond to the transmission rate (rate at which infected individuals infect susceptible individuals) and becoming non-infectious rate (rate at which infected individuals recover or die) respectively (141).

There are other methods based on classic susceptible-infected-recovered (SIR) compartmental models which also allow the estimation of R0 directly from viral sequence data (142).

As an example of application of these methods, the birth-death model was used to investigate the dynamics of the HCV outbreak in Egypt (143). Egypt is the country most affected by hepatitis C virus (HCV) infection with an overall prevalence of 10%, one-fold more than the world population. It is believed this major spread of HCV was driven by campaigns of parenteral antischistosomal therapy (PAT), where millions of people received intravenous injections to fight schistosomiasis (144). Stadler et al. analyzed HCV genomes collected from 63 patients in 1993 and observed an increase in Rt, being larger than one around the 1920s, coinciding with the start of the PAT campaign, peaking in 1960 and then decreasing around the 1970s when PAT was changed to oral therapy (144).

Similarly, this methods have been also used during the early spread of EBOV particularly in Sierra Leone in 2014. Interestingly, the authors used a range of phylodynamic approaches based on birth-death models to estimate the R0. Overall the authors managed to estimate an R0 based on sequencing data alone ranging from 1.65 to 2.18, showing that despite efforts to curb the outbreak, it was not enough to reduce the R0 of the virus (145).

Reconstructing dispersal history and dynamics of the outbreak

Incorporating spatial data into phylogenetic inference has significant benefits as it allows for a better understanding of viral spread. The approach is based on applying an idea mentioned in the previous section: viruses accumulate genetic variation almost in real-time as the outbreak unfolds. Therefore, as the outbreak progresses, viruses will spread, and this spatial separation may lead to genomic divergences, leaving a genetic footprint on the viral population. Thus, viral genomes constitute an important source of information about the underlying processes shaping the spread of the outbreak. Figure 3-2 illustrates the concept of how spatial spread and therefore spatial heterogeneity might be reflected in the genetic structure. It shows two different phylogenies: panel A represents viruses with strong spatial structure, in contrast to panel B. Viruses that circulate in similar hosts (e.g., humans), or within the same region (e.g., continent or country) are expected to be more closely genetically related as transmission will occur more often between them (139). However, this might not be the case for all viruses which is a reflection of the global interconnectivity.

This interaction between genome sequence evolution and geographical dispersal can be studied using phylogeographic approaches, which have developed into a research field referred to as phylogeography (146). These methods rely on assigning a geographical location to unsampled ancestral viruses through a process called ancestral state reconstruction. In this way, each branch of the tree is an independent trajectory of viral movement with a start location, end location, and duration, and the phylogenetic tree, a collection of viral movements which are phylogenetically related. Therefore, if time and location sampling is known for all the genomes, spatial dynamics of the epidemic can be drawn from these movements (147).

Through the integration of geographic data, phylogeographic methods have two major purposes. First, to reconstruct the complete spatial history and patterns of virus spread (146), and second, to evaluate the impact of external factors on the dispersal history and dynamics of viral spread, which could be used to control and prevent the spread of the ongoing and future outbreaks (148).

Discrete and continuous diffusion models for reconstructing viral spatial spread

The reconstruction of the spatial spread of the virus from genetic data, treat sampling location as a discrete or continuous trait and as an intrinsic property of the collected virus. The information about how the virus spreads is represented by changes in the trait along the branches of the tree. This "trait evolution" approach has the advantage of inferring the location of common ancestors based on the observed locations of the sampled viruses (10,146). Unlike in other methods, sequences and ancestral states are simultaneously inferred in Bayesian inference frameworks, implying that both genomic and spatial data will impact the phylogeny (147).

Treating locations as discrete or continuous traits in a phylogeographic diffusion model primarily relies on the sampling pattern and the biological question. Discrete diffusion may be preferred when viruses are sampled from different countries or within a space that can be subject to discretization under realistic criteria. The continuous model might be the best choice when working with viruses sampled over a continuous space, e.g., province or district level, or where administrative borders do not confer a reason for discretization. If the sampling space can be considered a discrete or continuous space, the choice should refer to the biological question (Figure 3-3) (146). Concerning the latter, it is necessary to understand the nature of the two models, which determines the information that we can obtain from their implementation. In discrete Bayesian phylogeographic approaches, transitions of the virus from one location to another are modeled using continuous-time Markov Chain (CTMCs). In short, considering the transitions between three different states: A, B, C representing changes of three sampling location along a tree (Figure 34), all the possible transitions will be represented by transition rate matrix Λ, describing the rate at which transitions between states occur (Figure 3-4 B). The dimension of the matrix will be K x K, with K being the total number of states (or sampling locations). For more details about CTMC please refer to (149).

The transitions among locations can be further described as symmetrical or asymmetrical transitions. In contrast to the symmetrical model, the asymmetrical allows jumps from A to B and B to A to have different rates providing a more realistic scenario. When studying the spatial diffusion process in a "real" context, the space state-trait is not usually reduced to three states as in the example given above but is rather large. Not all transitions are expected to be informative; indeed, it is expected that most transitions will rarely, if ever, occur. Hence, many transitions rates are likely to be zero or close to zero. For this reason, Bayesian discrete phylogeographic frameworks are extended with a stochastic search variable selection (BSSVS) procedure that allows the use of a Bayes Factor (BF) test to identify non-zero transition rates. In this procedure, each transition (i) is modeled with an associated coefficient βi, estimating its contribution, and a binary indicator δi indicating if the transition is included in the model (150).

Subsequently, the BF test will assess the strength of the support for a particular transition by comparing the posterior to the prior odds that the transitions are non-zero given by the following formula (150): where, qi and pi define the prior and the posterior probability that the rate i is non-zero, respectively. The value of pi can be extracted from the transition rate matrix obtained after running the analysis.

Equation 5 𝐵𝐹 (𝑖) = 𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 𝑜𝑑𝑑𝑠 (𝑖) 𝑝𝑟𝑖𝑜𝑟 𝑜𝑑𝑑𝑠 (𝑖) = 𝑝 𝑖 1-𝑝 𝑖 𝑞 𝑖 1-𝑞 𝑖
The discrete model has two main disadvantages. First, the locations of all ancestors are restricted to the sampled locations. Second, discretization of sampling locations may imply an arbitrary or unrealistic grouping of sampling locations leading to an oversimplified abstraction or unrealistic space subdivision.

Bayesian continuous phylogeographic approaches reconstruct viral dispersal and infer ancestral locations of internal nodes using a relaxed random walk (RRW) diffusion process that adapts to the standard Brownian diffusion process (151). In the RRW model, the space is explored in two directions (i.e., latitude and longitude coordinates), allowing ancestral locations to be located at any point in the continuous space. Furthermore, the spatial movement is not assumed to be homogenous over the entire phylogeny; it allows each branch to have its own diffusion rate. In addition to reconstructing the spatiotemporal dispersion of the virus, continuous diffusion models enable the calculation of summary statistics of spatial spread such as dispersal velocity, diffusion coefficients, or evolution of the maximal wavefront distance. All those statistics help describe an outbreak's dynamics further and compare the mode and rate of spatial spread among different outbreaks (152).

In conclusion, the main difference between the two models is in the inference of the likely ancestral location of the internal nodes. While the discrete model infers ancestral locations from the sampled locations in abstraction from a geographical perspective, the continuous model provides a more realistic representation of the diffusion process by allowing the virus to exist in any location within the continuous space, restricted to the assumptions of the model (i.e., diffusion rates) (151).

For this reason, in general, discrete phylogeographic models are preferred for hypothesis testing about an epidemic origin or epidemiological linkage between locations. For instance, during the CHIKV epidemic in Italy, the index case was reported to have hosted a relative from India, information which was concomitantly validated by phylogeographic analysis (153). Similarly, the phylogeographic analysis indicated that the ZIKV responsible for the 2015-2016 outbreak in Cape Verde was likely introduced from northeast Brazil between June 2014 and August 2015 (154). However, although the implementation of CTMCs to discrete models results in parameter estimates, the realization of the process remains unobserved. For this reason, complementary approaches have been developed that allow the calculation of the total number of transitions along the phylogenetic branches (jumps) (155). Recently, this approach has been applied to assess location-transition histories of SARS-CoV-2 from 44 different locations incorporating travel history data (156).

Unlike its discrete counterpart, continuous phylogeographic models are mostly used to characterize the dispersal history and estimate the spatial spread statistics. For example, it was used to characterize the dispersal history and dynamics of YFV during the outbreak in Brazil in 2017, which revealed an initial circulation of the virus among non-human primates and viral dissemination toward densely populated YFV-free areas followed by spillover to humans and an increase in the number of human infections (157). More recently, a continuous phylogeographic model was used to address the spatiotemporal spread of SARS-CoV-2 in Brazil, which allowed the authors to show that during the first phase of the epidemic the virus spread was mostly local and was reduced by the implementation of schools and stores' closure. This was followed by a second phase of long-distance movement events [START_REF] Candido | Evolution and epidemic spread of SARS-CoV-2 in Brazil[END_REF].

It is important to note that although phylogeographic reconstructions have proven to be very informative, estimated ancestral locations can be highly uncertain, in particular when the sampling is limited. For this reason, these approaches succeed to be more informative when associated with a thorough sampling process (122,137,158). It is also very important to take into account possible sampling bias. An unbalanced sampling between regions will bias the results towards overrepresented locations in the data. This sampling bias issue has been shown for discrete and continuous methods. For instance, in discrete analyses, the overrepresentation of a country in the dataset will probably lead to a higher inference of this location in the internal nodes. Therefore, using this data to infer the origin of a viral lineage could lead to the wrong conclusion that the overrepresented country is seeding more locations than in reality. The reverse might also be true: the underrepresentation of countries will lead to a lower inference of internal nodes for these locations. Finally, sampling bias can affect conclusions when comparing the importance of repeated introductions versus the local spread. If the country of interest is oversampled compared to the rest of the potential source locations, this could lead to estimate smaller number of introductions. In continuous analyses, sampling bias can also incorrectly estimate the "true" origin location of the root and the diffusion rate of the virus (122, 158).

Predicting social and environmental factors driving the outbreak

As we mentioned at the beginning of this section, apart from the spatiotemporal reconstruction of the viral dispersal history, phylogeographic approaches yield yet another important goal: to evaluate social and environmental factors driving the outbreak spread, which could ultimately contribute to better surveillance and control measures (148). This is often achieved by evaluating the virus genetic diversity with geographical and additional data such as human mobility, climate, or vector abundance. As is the case for location, many of these additional data can be represented or treated as a finite number of discrete values. This can be implemented in Bayesian discrete diffusion models, such as the one implemented in BEAST that incorporates additional data (i.e., vector abundance) as covariates or predictors of the transition rates, allowing to evaluate the impact of such variables in the diffusion process (159). This can be done by implementing a generalized linear model (GLM), in which rates are a linear log function of various potential predictors. Descriptions and mathematical details on the GLM model can be found in Text S1 from Lemey et al., 2014 (160).

GLM approach has been applied, for example, to reconstruct the spatiotemporal spread of the EBOV during the 2013-2016 outbreak in West Africa (161). This study consisted of a phylodynamic analysis using more than 1500 genomes collected from 56 different administrative regions with a GLM fitted to the discrete trait model to evaluate the association of 25 predictors with the viral movement among the administrative regions. The study revealed a positive effect of the origin and destination population sizes and an inverse effect of the geographic distance on the spread of the virus. Additionally, this study showed that EBOV dispersal occurred mainly within each country rather than international dispersal, suggesting that the international borders limited virus spread (161). Also, there are post hoc analyses for continuous phylogeography that investigate the impact of environmental factors on the dispersal of the virus. Such analyses can be implemented using the R package Seraphim (162). For example, it was used to investigate the impact of environmental factors on the dispersal of WNV in North America from 1999 to 2016 (163). This study found that among the environmental factors tested, temperature was the main predictor of viral dispersal with a tendency to disperse faster in areas with higher temperatures.

In sum, at the core, phylodynamic methods rely on the fact that epidemiological and evolutionary processes underlying viral outbreaks occur on the same temporal scale. Consequently, genomic viral sequences collected from individuals (often) differ enough to reconstruct their phylogeny. This genetic variation can be read as the trace that the combination of epidemiological, evolutionary, and immunological processes leave in their genomes as the outbreak unfolds and viruses spread in the population. Therefore, analyses that reconstruct viral phylogeny and the dynamics of an epidemic in light of additional data (e.g., epidemiological, spatial data) can uncover important information about the processes driving the outbreak that would otherwise remain hidden. Such information includes relevant epidemiological parameters (e.g., R0), timing and origin of the outbreak, estimated number of introductions that seeded the outbreak, or environmental and social factors fueling the viral dispersal (e.g., air travel or vector density).

Examples of genomic epidemiology studies shaping intervention strategies in response to an outbreak

Viral genomic data coupled with sufficient sampling, metadata, and appropriate statistical and bioinformatics framework can complement traditional surveillance approaches, providing robust information to control and mitigate the outbreak (164). Critically, this is not always the case, mostly because it is not always possible to acquire and analyze genomes in real-time. Nevertheless, there are several examples where we have observed genomic epidemiology in action informing public-health decisions.

For instance, in the 2013-2016 Ebola epidemic in West Africa, whole-genome virus sequencing was used to reconstruct transmission chains. It subsequently contributed to confirm that a person could sexually transmit the disease even a year after becoming infected with EBOV, providing also evidence of persistent infection of EBOV in semen. Consequently, male survivors were recommended to have their semen tested for persistent EBOV infection (165,166). Thanks to this, several studies later showed viral persistence infection in more than 50% of male survivors with a maximum duration of persistence in semen up to 500-700 days after being discharged from the Ebola treatment units.

Seven years later, from February to June 2021, Guinea faced a new EBOV outbreak (167). Genomic characterization and phylogenetic analysis showed that the collected viruses fell within the EBOV lineage from the 2013-2016 outbreak suggesting that this new outbreak was not the result of a new spillover event from the virus reservoir. This information was crucial because it confirmed that molecular-diagnostic tools (e.g., PCR) and available therapeutics could be immediately applied to mitigate and control the epidemic. Furthermore, it opened up a new perspective on EBOV reemergence mechanisms. Indeed, the low genetic divergence between 2013 and 2016, and 2021 viruses is compatible with continuous slow replication among humans or a long phase of latency where the virus could have persisted at a low level in survivors from the previous outbreak. This led to the hypothesis of different scenarios of EBOV transmission to the index case: (i) sexual transmission by exposure to contaminated semen, (ii) contact with the body fluids from a survivor who had relapsed, (iii) relapsed of the index case (although index case did not experience any previous symptomatic EBOV infection), and (iv) the index case was not the index case but part of a small previously unknown chain of human-to-human transmission (167). This study emphasized the risk of EBOV resurgence and the need to survey EBOV-infected survivors to monitor possible reactivation or relapse of EBOV infection and concomitant virus spread.

During the 2016-2017 YFV outbreak in Brazil, YFV genomes have been used to show that human infections result from continuous and direct sylvatic spillover (Haemagogus mosquitoes-NHP) rather than urban transmission (Aedes aegypti -Human). As the sylvatic cycle involves different mosquito species than urban, this represented critical information about vector control strategies (157).

Likewise, ZIKV genomes sequenced from humans and mosquitoes in Florida showed that the outbreak was fueled by multiple introductions of the virus from the Caribbean rather than local vector-borne transmission, highlighting that traveler education and surveillance are important to reduce future outbreaks (168).

Finally, complete genome sequencing allows to monitor genetic changes in the viral population over time, a piece of crucial information for the design of effective diagnostics and therapeutics. Vaccines, for instance, are an essential line of defense against seasonal influenza, and they are playing a major role in our effort to control the COVID-19 pandemic. Genome sequencing coupled with appropriate bioinformatics analyses provides powerful tools to analyze the virus evolution in real-time, allowing the regular update of vaccines as is the case for the influenza virus vaccine (169). Similarly, in the context of the COVID-19 pandemic, real-time sequencing of SARS-CoV-2 has allowed scientists to track the emergence of the new variants throughout the pandemic, with the Omicron variant being the most recent VOC designated by WHO at the time of writing this thesis (170). Preliminary studies have already shown that the vaccine's effectiveness against Omicron is significantly reduced compared to the Delta variant. For this reason, booster vaccine campaigns have become highly recommended around the world to protect the population against the new variant, and companies such as Pfizer-BioNTech are working on a variant-specific vaccine for Omicron, hoping to induce a high level of protection against the Omicron variant and to prolong immune protection compared to the current vaccine. In addition, Pfizer-BioNTech has already started clinical trials with other variant-specific vaccines to protect against Alpha, Beta, Delta, and simultaneously Alpha/Delta variants (170).

These studies represent clear examples of the contribution of genomic epidemiology to developing public health strategies to mitigate and control an outbreak.

Key points of Introduction part 2: Using viral genomic epidemiology to strengthen public health responses to outbreaks

 Genomic epidemiology has a great potential to inform about a disease outbreak and to collaborate with the public health response, particularly if genomic data can be acquired and analyzed in real-time.

 Viruses, in particular RNA viruses, are rapidly evolving pathogens that accumulate mutations as they spread in the population.

 Certain processes such as expansion or bottlenecks of the viral population, selective sweeps or spatial separation can leave footprints in the genetic structure of the viral population. Extracting this information from pathogen genomes through phylogenetic inference is the bedrock of phylodynamics  Phylogeography combines genomic and geographic data to reconstruct the dispersal history of the virus.

 Genomic pathogen data can complement "traditional" epidemiological studies to understand better the pathogen underpinning the outbreak and ultimately develop strategies to mitigate and control the disease.

OBJECTIVES

Over the last years, large-scale outbreaks caused by RNA viruses such as EBOV, CHIKV, or SARS-CoV-2 have greatly burdened public health and economic stability. Nonetheless, today, thanks to the growing popularity of NGS technologies and the progress in bioinformatics and phylodynamic methods, pathogen genomic information can be used to re-construct outbreak dynamics and contribute to the response to emerging infectious diseases.

This thesis aims to dive into the origin, timing and spread of viral infectious diseases in the context of past and ongoing outbreaks using genomic epidemiology. In particular, it is divided into three different parts addressing specific questions driven by recent outbreaks.

In the first project, in collaboration with the "Instituto de Salud Carlos III" and the "Instituto Maimónides de Investigación Biomédica de Córdoba" from Spain, we aimed at investigating known and unknown meningitis cases from Southern Spain during 2015-2019. More specifically, we used mNGS: (i) to characterize pathogens previously identified via standard laboratory diagnostics, and (ii) to explore the presence of RNA viruses known to cause meningitis in those cases lacking microbiological diagnosis.

The second project aimed to study the emergence and spread of CHIKV in Cambodia during the 2011-2013 period and, after almost a decade of absence, in 2020; two studies in collaboration with Institut Pasteur du Cambodge. In addition, during the 2011-2013 outbreak, multiple cases of encephalitis were detected by our colleagues. Therefore, to gain insights into the difference in disease outcomes upon CHIKV infection, we also aimed to sequence in parallel serum and CSF samples from infected patients with classic chikungunya symptoms or neurological affliction.

In the third project, we addressed different aspects of the epidemiology and evolution of SARS-CoV-2. In particular, we performed phylogenetic studies to investigate the introduction and early spread of SARS-CoV-2 in the northern regions of France. Additionally, we aim at monitoring the long-term intra-host evolution of SARS-CoV-2 in an immunocompromised patient treated with convalescent plasma therapy.

To answer all these questions, we followed the workflow depicted in Figure 4-1.

We sequenced viral genomes from clinical samples (CSF, sera, or respiratory samples) using two approaches. Initially, we pursued an untargeted metagenomic sequencing, following the outlines previously described by Matranga et al. (171). This method uses a selective depletion step to remove unwanted carrier RNA (generally added during the RNA extraction to increase the yield) and host ribosomal RNA, enriching in proportion the sample with viral material. Despite the major improvements of this protocol to generate virus genomes from clinical and biological samples, it might fail to generate complete viral genomes from low-concentrated or low-quality samples. We designed an amplicon-based sequencing approach to overcome this challenge, following the protocol described by Quick et al. (172).

Next, using in-house bioinformatics pipelines, we proceed to generate the consensus sequence of the virus and, when applicable, to analyze the viral population, including low frequency variants.

Armed with our viral genomes, we implemented different genomic tools to shed light on the epidemiology and evolution of these RNA viruses. In particular, we inferred phylogenetic trees, a natural means to illustrate and study the evolutionary relationship among our viral genomes and closely related sequences found in public databases, such as Virus Pathogen Resource (ViPR) (173). When available, we integrated genomic with temporal and geographic data to reconstruct time-calibrated trees and perform phylogeographic analysis. The following pages present our work concerning the study of known and unknown meningitis cases collected from Southern Spain between 2015 and 2019. The chapter starts by providing a short introduction to the use of mNGS to diagnose neurological infections such as meningitis. It continues outlining the details of our work, and finally, the chapter finishes with a general discussion and conclusion about the study.

Metagenomic sequencing for the diagnosis of neurological infections

As already discussed in the main introduction of the thesis, one of the most significant use cases of NGS technology is metagenomic sequencing in clinical samples, through which total DNA or RNA material in the sample can be sequenced in an untargeted manner (111,112). Given the continuous enrichment of microbial genomic databases through pathogen discovery studies, mNGS allows for identification of potentially any pathogen (excluding prions) present in the sample, including novel recombinant forms or emerging drug-resistant genetic variants ( 112). Being such a powerful, mNGS has already helped diagnose several infectious diseases with severe symptoms such as meningitis and encephalitis. In these cases, samples from the CSF or brain tissue obtained by biopsy have been sequenced allowing the identification of viruses (e.g., WNV, CHIKV), bacteria (e.g., Salmonella enterica) or fungi (e.g., Candida dubliniensis) as potential etiologic agent (174-177).

Neurological infections are a significant cause of morbidity and mortality worldwide, with 10.6 million cases of viral or bacterial meningitis alone in 2017 (178). Despite this high prevalence, the etiologic agent responsible for meningitis often remains unknown (179,180), reaching 81% in one study (181). Indeed, several difficulties are associated with diagnosing patients with such neurological infections. First, meningitis and encephalitis are caused by various pathogens, including viruses, bacteria, fungi, and parasites (182). Studies have estimated that over one hundred viral and bacterial species can lead to meningitis, most of which are viruses (180,183). For instance, among the viruses causing neurological infections, EVs are recognized as the most common cause of meningitis. Several members of Enterovirus genus have been implicated, such as EV-A71, EV-D68, and coxsackievirus B (182, 184). Numerous viruses belonging to the Herpesviridae family are commonly implicated in the development of meningitis or encephalitis: namely, Herpes Simplex virus type 1 and type 2, Varicella zoster virus, and Cytomegalovirus (184). Within the Paramyxoviridae family, infections with members such as Mumps virus (MuV) have been reported to cause meningitis (185). In addition, the infection with arboviruses can lead to meningitis and other neurological disorders. These arboviruses include members of several families: Flaviviridae (e.g., WNV, Japanese encephalitis virus, and DENV), Togaviridae (e.g., Eastern equine encephalitis virus and CHIKV), and Phenuiviridae (e.g., Toscana virus). Second, specific-pathogen diagnostic assays such as PCR may fail to detect the pathogen in case of genetic divergence. Lastly, several emerging and re-emerging pathogens might present new neurological manifestations, for instance, ZIKV. During the outbreak in Brazil in 2015, ZIKV was, for the first time, associated with several cases of microcephaly and Guillain-Barré syndrome [START_REF] Faria | Zika virus in the Americas: Early epidemiological and genetic findings[END_REF].

However, some of the challenges in diagnosing neurological infections can be overcome using mNGS. For example, mNGS allows the identification of several different pathogens in a single assay, thereby saving the need for having a broad panel of pathogen-specific tests to diagnose neurological infections.

Furthermore, its unbiased nature can identify novel pathogens to a specific region or population, highly divergent from previously known pathogens or presenting atypical neurological manifestations (186).

Viral meningitis in Spain

There are three major groups of viruses responsible for most meningitis cases in Spain. EV occupies the first place, given that they are the primary cause of meningitis and other neurological manifestations, with most studies reporting on EV-A71 (187, 188), EV-D68 ( 189) and EV-B (e.g., Echovirus 9 and 30) (190,191). These are followed by arboviruses such as WNV or Toscana virus (TOSV) (192). In particular, TOSV has gained much attention given that since its identification, it has been associated with sporadic but increasing numbers of meningitis and encephalomeningitis cases in southern Spain (193). Lastly, lymphocytic choriomeningitis virus (LCMV) is a rodent-borne virus, and it has been associated with several sporadic cases of meningitis (192).

In the following two subsections, a brief introduction will be provided about the biology and epidemiology of EV and TOSV, the two viruses on which our work, described in the next section of this chapter, has focused.

Enteroviruses

EVs are non-enveloped viruses with a positive-sense single-stranded RNA genome of approximately 7,500 nucleotides long (194). Their genome contains a single open reading frame that encodes a polyprotein that is subsequently subdivided into three other segments: P1, P2, and P3. The P1 region encodes the structural proteins (VP1, VP2, VP3 and VP4), while the P2 and P3 regions encode the non-structural proteins associated with replication (194). Beyond the name EV, old naming conventions are still used, which terms EVs as coxsackieviruses A or B (CAV or CBV) or echoviruses (E) according to their biological properties rather than their genetic relationship; therefore, these viruses are found distributed across the four EV species. In addition, numerous serotypes have been assigned within each group, which is named by consecutive numbering (e.g., EV-A71, EV-D68, CAV-16, E11, E30) (195).

EVs belong to the

While millions of people get infected with EV every year, most cases remain subclinical. Nevertheless, symptomatic infections show a broad spectrum of clinical manifestations, from fever to severe respiratory or/and neurological diseases, including meningitis, encephalitis, paralysis, and myocarditis (197,198).

EVs show seasonal incidence patterns in temperate and tropical regions with a higher number of cases during summer and early autumn (198). In particular, in Europe, EVs are more commonly detected in late summer and autumn (199). Several different EV serotypes may circulate at different frequencies during a season, and their prevalence may change from season to season, with different EV serotypes replacing each other. For instance, before 2008 in Spain, the most prevalent EV was E30, replaced the following year by E6 (200). Between 2016 and 2019, E30 and E6 were the most prevalent EV types in Spain, together with E7, E9, and EV-A71, to name a few (201). Furthermore, certain EVs have been associated with recent outbreaks, resulting in significant morbidity and mortality, and for this considered emerging pathogens (197). For example, EV-71 has been responsible for a significant outbreak of hand, foot and mouth disease with neurological affliction in Asia. The EV-D68 caused a large outbreak associated with respiratory and neurological disease in children in North America in 2014 ( 202), and the wave of cases continued in 2016 and 2018 (203). More recently, an increasing number of EV-D68 infections has been reported in Europe, peaking in September 2021 (204).

As noted in the main introduction, recombination is an important mechanism of evolution for EV [START_REF] Kyriakopoulou | Recombination among human non-polio enteroviruses: implications for epidemiology and evolution[END_REF][START_REF] Muslin | Recombination in enteroviruses, a multi-step modular evolutionary process[END_REF].

During epidemics, recombinant EVs forms are frequently observed, especially those forms arising from the genetic exchange between viral strains within the same serotype [START_REF] Oberste | Evidence for frequent recombination within species human enterovirus B based on complete genomic sequences of all thirty-seven serotypes[END_REF]205,206). The high frequency of recombination among EVs might be due to two main reasons: (i) the extensive co-circulation of different genotypes and serotypes of EV in a specific geographic region, and (ii) the possibility of human coinfections. Regarding the first, in Europe, several studies have reported the co-circulation of multiple EV-D68(207), EV-A71 strains (206), or serotypes A, B and C (208). Regarding the latter, human co-infections with different EV strains have been detected (209).

Studies analyzing the genetic diversity of circulating EVs have revealed junctions between the 5'UTR and the structural region and junctions between the structural and non-structural regions as potential recombination hotspots [START_REF] Muslin | Recombination in enteroviruses, a multi-step modular evolutionary process[END_REF]. While EVs with chimeric protein capsids have been reported (e.g., as a result of the recombination between CV-B3 and CV-B4 ( 210)), intertypic recombination occurs mostly outside the structural region (the P1 region), particularly throughout the P2 region (211). The low frequency of recombination within the capsid region can be primarily explained by structural constraints between the capsid proteins from different EV types during virus assembly or receptor binding [START_REF] Muslin | Recombination in enteroviruses, a multi-step modular evolutionary process[END_REF].

These observations were later on confirmed by experimental recombination studies, which identified six recombination hotspots within the EV genome. The first three are located in the 5'UTR and the other three in the non-structural region (P2 and P3 regions), at the junction between two viral genes: VP1-2A, 2A-2B, and 2C-3A (Figure 5-1) [START_REF] Muslin | Recombination in enteroviruses, a multi-step modular evolutionary process[END_REF]. In this way, while structural regions (P1) appear to be cold-spots, P2 and P3 regions are hotspots for recombination. This observation has led to the concept of separate and modular evolution of structural and non-structural regions of the EV genome, where in contrast to the capsidencoding regions, non-structural regions are subject to frequent recombination [START_REF] Kyriakopoulou | Recombination among human non-polio enteroviruses: implications for epidemiology and evolution[END_REF][START_REF] Muslin | Recombination in enteroviruses, a multi-step modular evolutionary process[END_REF]212).

These recombinant events have the potential to generate recombinant variants which might have different properties (i.e., pathogenicity) than those of the parental strains. This, together with the increasing incidence of non-polio EVs and their ability to cause severe respiratory and neurological disease calls for strong genomic surveillance programs to monitor and control these viruses.

Despite this, at the moment, non-polio EVs are not included in the global virus surveillance guidelines by WHO (213,214). Before 2020, EV surveillance relied on voluntary and laboratory-based systems, where laboratories would report EV detection to reference centers. Although, in theory, these programs would provide relevant information about the prevalence and the disease burden of circulating EVs, this type of surveillance is biased (214). The reason is that the most reported cases are severe, requiring hospitalization; therefore, only a small proportion of all cases are diagnosed (198,214). Recently, a surveillance network was established to improve EV surveillance in Europe: the European Non-Polio Enterovirus Network (215). Through the collaboration of public health institutions, national reference laboratories and research centers, this network aims to establish standardized surveillance for respiratory and neurological infections caused by non-polio EV. More efforts like this one would be needed to monitor the co-circulation of EVs as well as the emergence of novel recombinant forms.

Toscana virus

TOSV is a negative-sense and segmented RNA virus which belongs to the Phlebovirus genus within the Bunyaviridae family. TOSV is an arbovirus transmitted to humans mainly through the bites of an infected sandfly of the genus Phlebotomus, which is widely distributed in the Mediterranean Sea (216).

Like other bunyaviruses, the TOSV genome consists of three segments termed L, M, and S. The S segment, about 1900 nucleotides long, uses an ambisense strategy to encode non-structural proteins (N and NS).

The M segment has approximately 4200 nucleotides in length and encodes a polyprotein processed by the host protease to generate glycoproteins Gn and Gc and non-structural proteins. The longest segment, the L segment, is about 6400 nucleotides long, and it encodes the viral polymerase (Figure 5-2). Chapter 1: Using mNGS to identify and characterize potential RNA virus causing meningitis 35 TOSV was initially identified in Italy in 1971 from the sandfly Phlebotomus perniciosus in central Italy. In the past few years, the geographic distribution of TOSV has been expanding across the Mediterranean basin, with cases reported in several countries, including Algeria, Croatia, Cyprus, France, Italy, Malta,Morocco,Portugal,Spain,Tunisia,and Turkey (216,217). The expansion of TOSV is supported by an increasing number of human cases and the detection of the virus in sandflies trapped in the wild (218, 219) (Figure 5-3).

Genetic studies have initially identified two main lineages: lineage A and B. While lineage A circulates in Algeria and Tunisia, lineage B circulates in Portugal, Spain, France, Morocco, and Croatia (216). More recently, a third lineage has been proposed, lineage C, which appears to circulate in Croatia (220) and Greece (221,222). However, at the moment, there are only a few partial sequences belonging to the lineage C (two partial sequences of the L segment and one partial sequence of the M segment of approximately 200 and 500 nucleotides long, respectively), and the virus has not yet been isolated nor characterized (216). The co-circulation of lineages has been detected in different countries: lineages A and B in Spain and Turkey, and lineages B and C in Croatia (Figure 5-3).

While TOSV causes asymptomatic infection in most cases, symptomatic infections impose a significant burden on individuals. Symptoms generally are fever, intense headache, vomiting, and more severe clinical presentation, including acute aseptic meningitis, encephalitis, and meningoencephalitis (216). Although rare, life-threatening and fatal diseases might occur (223,224). 

Metagenomic sequencing of known and unknown meningitis cases in Southern

Spain, 2015-2018

In the present study, we collaborated with the Enterovirus and Viral Gastroenteritis Unit from the "Instituto San Carlos III" and the "Instituto Maimónides de Investigación Biomédica de Córdoba" in Spain.

As a part of a meningitis surveillance program, our colleagues received CSF samples from meningitis cases collected from the Southern region of Spain, the region of Andalucía, between 2015 and 2018. All these samples were tested for enteroviruses, herpesvirus types 1 and 2, varicella zoster by RT-qPCR, and the presence of bacterial pathogens (e.g., Neisseria meningitidis, Streptococcus pneumoniae) by culture. Additionally, two samples were tested by RT-qPCR for MuV and TOSV. While most samples were negative, several EVs and one MuV were detected.

In this context, the goal of the present work was (i) to detect in the CSF samples from patients with idiopathic meningitis the presence of RNA viruses known to cause meningitis, providing a possible explanation for the disease outcome observed, and (ii) to generate full-length genomes of EV and MuV in the CSF samples in which the RT-qPCR test previously detected them. To achieve this, we planned to do metagenomic sequencing on the following selected sample cohort: positive controls -samples from patients with meningitis with the previously identified pathogen by RT-qPCR test (enteroviral meningitis n = 12 and mumps meningitis n=1); negative controls (n=8) -samples from patients with no meningitis but in whom another diagnosis was made; and idiopathic meningitis samples (n=23) -samples from patients with aseptic meningitis with an unknown etiologic agent.

The following study is being been prepared as:

The genomic characterization and phylogenetic analysis of the EVs generated in this study has been published as follows:

Supplementary information associated to this chapter can be found in the following link 

Untargeted metagenomic sequencing identifies Toscana virus in patients with idiopathic meningitis, Southern Spain, 2015 -2019
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ABSRACT

Viruses are the leading cause of meningitis; however, the diverse landscape of possible causes of meningitis poses a significant challenge for pathogen-specific diagnostic assays to identify the etiologic agents, which remain unknown in most cases. Metagenomic next-generation sequencing (mNGS) of cerebrospinal fluid (CSF) has the potential to detect for nearly all possible neurological infections and can identify novel or unexpected pathogens. Here we applied RNA mNGS on CSF samples from patients with idiopathic aseptic meningitis (n = 23) collected in Southern Spain between 2015 and 2019, and used identified neurologic infections (n = 13) and non-infectious (n = 8) cases as controls. We identified the Toscana virus (TOSV) in 8 idiopathic cases, and we developed an amplicon-based sequencing approach to help sequence low concentrated or partially degraded samples corresponding to TOSV genotype B, improving the detection and generation of genomic data. This study also highlights that patients with aseptic meningitis from Southern Spain or with travel history to areas where TOSV is known to circulate should be tested for the virus regardless of the history to insect bites referred by the patient.

INTRODUCTION

Neurological infections are a significant cause of morbidity and mortality worldwide, with 10.6 million viral or bacterial meningitis cases alone in 2017 (1). Despite this high prevalence, the etiologic agent responsible for meningitis remains unknown in a large proportion of cases (2,3), reaching up to 81% in one study (4). Multiple factors likely contribute to explain this relatively high proportion.

First, various pathogens, including viruses, bacteria, fungi, and parasites, can cause meningitis and encephalitis (5). It has been estimated that over one hundred viral and bacterial species can lead to meningitis, and most of them are viruses (3,6). For instance, among the viruses causing neurological infections, enteroviruses (EVs) are recognized as the most common cause of meningitis (5,7). Numerous viruses belonging to the Herpesviridae family may cause infection of the CNS, leading to diverse neurological diseases, including meningitis (7). Within the Paramyxoviridae family, Mumps virus (MuV) is an old and well-known cause of meningitis cases (8)(9)(10). In addition, several arboviruses of different families cause meningitis and other neurological disorders. These viruses include members of several families: Flaviviridae (e.g., WNV, Japanese encephalitis virus, and DENV), Togaviridae (e.g., Eastern equine encephalitis virus and CHIKV), and Phenuiviridae (e.g., Toscana virus). Second, pathogen-specific diagnostic assays (molecular or antigenic) may fail to detect a given pathogen due to genetic divergence. Third, the poor degree of suspicion for some neurological infections with a viral etiology and lack of testing. Fourth, the possible presence of a novel pathogen. Lastly, several emerging and re-emerging pathogens could have new neurological manifestations. Such was the case of ZIKV during the outbreak in Brazil in 2015, in which ZIKV was associated with several cases of microcephaly and Guillain-Barré syndrome (11).

In particular in Spain, there are three major groups of viruses in Spain responsible for most meningitis cases. EVs are the major cause of meningitis, with most studies reporting on EV-A71 (12,13), EV-D68 ( 14), and EV-B (e.g., Echovirus 9 and 30) (15,16). These are followed by arboviruses such as WNV or Toscana virus (TOSV) (17). TOSV has gained much attention lately, given that, since its identification, it has been associated with sporadic but increasing numbers of meningitis and encephalomeningitis cases in Southern Spain (18). Lastly, lymphocytic choriomeningitis virus is a rodent-borne virus for which sporadic cases of meningitis have also been reported (17).

Metagenomic next-generation sequencing (mNGS) is a promising approach for diagnosing infectious diseases since it can overcome some of the challenges faced by conventional diagnostic techniques such as PCR. For instance, mNGS allows the identification of several different pathogens in a single assay, thereby saving the need for having a broad panel of pathogen-specific tests to diagnose neurological infections. Furthermore, due to its unbiased nature, mNGS can identify novel pathogens to a specific region or population, highly divergent from previously known pathogens, including new recombinant forms or presenting atypical neurological manifestations (19). In 2012, a study aimed to determine viruses causing CNS infections in Spain by conventional testing, concluded that a significant number of cases (43% meningitis, 60% meningoencephalitis and 72% encephalitis) remained with no etiological diagnosis (20).

This study applies mNGS to explore the presence of RNA viruses in CSF samples from patients with aseptic meningitis with unknown etiology in Southern Spain for which no cause has been found after routine clinical testing. We use RNA mNGS and amplicon-based sequencing to reconstruct multiple complete genomes of TOSV to determine phylogenetic relationships with already known TOSV genomes.

RESULTS

Patient characteristics

A total of 44 previously tested CSF clinical samples were collected for viral metagenomics analysis. The sample cohort included CSF samples from patients with: (i) known neurologic infections (n=13), (ii) idiopathic aseptic meningitis where no etiology was identified after conventional routine laboratory testing in the source hospital (n=23), and (iii) with no infection (n=8). All idiopathic samples were tested by clinicians for herpesvirus types 1, 2, 3, 4, 5 and 6 and enterovirus, 21 (91%) for bacterial pathogens (Neisseria meningitidis, Streptococcus pneumoniae, Hemophilia influenza type b and Listeria), 10 (43%) for Coxiella, Borrelia, Rickettsia and Brucella, 9 (39%) for HIV and 8 (35%) for Treponema pallidum (Table S1).

Additionally, idiopathic sample LCR_1152 was tested by qPCR for TOSV. All patients were from Cordoba province, 59% male (mean age 41 years [range 14 -95 years]). Patients from urban Córdoba city were slightly predominant (59%) compared to remaining cases living in villages (populations between 900-9000 inhabitants). Of the idiopathic patients, 11 (48%) referred information on insect bites in the medical record. Of these 11 patients, 2 referred explicitly insect bites in the last days. With regard to laboratory results, noninfectious-negative controls presented lower CSF WBC compared to the remaining patients (Figure 1). CSF from infectious-positive controls and idiopathic patients showed a high WBC count (>100mm 3 ) in 28 (78%) of these patients. In all of them, differential CSF count revealed lymphocyte predominance (mean 83%). Epidemiological, clinical details and routine laboratory testing performed in all selected samples are provided in Table S1. Details about the laboratory test used can be found in Table S2.

Metagenomic sequencing of cerebrospinal fluid

We constructed cDNA libraries from 44 CSF samples for metagenomic next-generation sequencing (mNGS) on the Illumina platform, resulting in an average depth of 13.9 million reads/sample (interquartile range: 9.9 to 16.5 million). There was no significant difference in the total number of reads obtained between the three types of samples (Figure 1).

In this work, our analysis aimed to investigate in idiopathic meningitis cases the presence of RNA viruses, particularly those known to cause this type of clinical manifestation, such as EV, MuV, and arboviruses.

Figure 1 summarizes the result of such an analysis. Following the PCR test, using mNGS, we correctly identified EV (n=12) and MuV (n=1) in the positive control samples. In the negative control samples, we did not detect the presence of any of the target viruses. We identified TOSV in 8 out of 23 idiopathic aseptic meningitis samples. In 7 of these samples, we managed to reconstruct from partial to almost complete TOSV genomes (between 40 -97% of the genome covered). However, for sample LCR_1152, from which we obtained a very partial fragment of the S and L segments (Table 1 and Figure S1). Interestingly, sample LCR_1152 was the only one tested by RT-qPCR for TOSV, and the result was negative. Therefore, to rule out possible cross-contamination with the TOSV-positive samples, we re-extracted RNA from sample LCR_1152 alone and repeated the experiment. The re-sequencing of this sample (LCR_1152_v2) verified our previous results.

The patients in whom TOSV was detected were admitted to the hospital with intense headaches and fever, and their CSF contained high levels of WBC (in average ~ 416 cells/µl) (Figure 1). Some also presented vomiting, sensitivity to light, and neck stiffness (Table S1). 

TOSV amplicon-based sequencing

To capture sufficient TOSV content for complete genome reconstruction, we turned to set up an ampliconbased sequencing approach as the one described by Quick, J. et al. (1) while validating the results of the metagenomic sequencing. We designed the TOSV PCR primer scheme using the web-based multiplex primer design tool for amplicon-based sequencing named Primal Scheme (https://primalscheme.com/). To test and optimize the generated primer scheme named "pool_v1", we used a TOSV genomic standard belonging to the genotype B. We optimized this initial primer scheme by (i) optimizing primer concentration, (ii) testing different primer pairs for specific genomic regions, and (iii) identifying the optimal amount of starting cDNA material. In this way, we created two alternative primer schemes that varied in primer's composition and concentration (see Table S3 and methods section for description) named "pool_v2" and "pool_v3". We tested the three versions of the primer pool scheme using different input concentrations of the TOSV RNA standard for the cDNA synthesis. By doing so, we performed the PCR using 200, 100, and 10 copies of cDNA. We generated the tiled virus amplicons for each condition and sequenced each sample using the Illumina NextSeq500 platform. Primer pool "pool_v2" yielded better genome coverage for the different amounts of cDNA input (Figure S2).

Subsequently, we re-extracted RNA from those CSF samples in which we had detected TOSV by mNGS, and we used the pool_v2 primer scheme to generate tiled TOSV amplicons. We successfully generated nearly complete TOSV genomes in 7 out of the eight samples, largely improving mNGS results. However, despite these additional efforts, we did not succeed in sufficiently amplifying TOSV and preparing libraries for sample LCR_1152. Completeness and coverage for these genomes are described in Table 2 and shown in Figure S3. 

Characteristics of TOSV-positive patients

All TOSV-infected patients were male. Ages of case-patients ranged from 15 to 78 years (median 39 years). Length of hospital stay ranged from 2 to 16 days (median 7 days). Toscana cases were detected in the period comprised from July to November. These patients in whom TOSV was detected were admitted to the hospital with strong headaches and fever, and their CSF contained high levels of WBC (in average ~ 416 cells/µl) (Figure 1). Some of them also presented vomiting, sensitivity to light and neck stiffness (Table S1).

Phylogenetic analysis of TOSV

In combination with a set of publicly available partial and complete TOSV sequences with representatives of all the three different lineages of TOSV (A, B and C), we generated a maximum likelihood (ML) phylogeny for each segment separately. The estimated phylogenies placed the novel sequences within the genotype B with high support for the three segments (bootstrap node support of 99%, 100% and 98% for the segment S, M and L respectively) (Figure 2). Within the genotype B we found sequences collected from Spain (1998 -2004), Portugal (1983), Switzerland (2018) and France (2004France ( -2015)). 

DISCUSSION

Metagenomic sequencing has become a powerful tool as it allows the identification of potentially any pathogen (excluding prions) present in the sample, including new recombinant forms or new drugresistant genetic variants (21,22). Indeed, mNGS has already helped diagnose several infectious diseases with severe symptoms such as meningitis and encephalitis, identifying viruses (e.g., WNV, CHIKV), bacteria (e.g., Salmonella enterica) or fungi (e.g., Candida dubliniensis) as potential etiologic agent (23)(24)(25)(26). Here we used mNGS to study the presence of RNA virus known to cause neurological infection in a series of idiopathic meningitis from Southern Spain. To validate our findings, we also include positive and negative control samples.

In our study, mNGS correctly identified the viral pathogen in all CSF samples with known etiology previously determined by clinical qPCR (positive controls), and succeeded in generating full-length EV and MuV genomes; two RNA viruses well-known to cause meningitis. The 100% concordance between mNGS and routine laboratory testing, the recovery of the viral full genomes and their utility to identify for instance a new recombinant form of the echovirus 13 included in this study (published as part of a separate study ( 27)), highlights the utility of mNGS to identify viral pathogens in CSF, for virus characterization studies and genomic surveillance.

Among the samples with unknown aseptic meningitis etiology, we detected TOSV in 8 out of 23 samples by mNGS. We used two sequencing methods to generate complete TOSV genomes from these samples: an untargeted metagenomic and an amplicon-based sequencing approach. The first method allowed us to detect TOSV but failed to obtain full-length genomes. Nevertheless, mNGS identified TOSV with enough read coverage to determine that it belonged to the genotype B. This allowed us to design primers to implement a highly multiplexed PCR amplicon approach to obtain nearly complete viral genomes from these challenging samples (28). This amplicon-based approach was also used as a confirmatory test to validate the results of the metagenomic sequencing. Combining these two approaches, we generated nearly full-genome sequences of the TOSV-positive samples except for sample 1152. This sample was the only one tested for TOSV by qPCR, resulting in a negative.

For this reason, the mNGS of this sample was repeated by a different experimenter, starting from the RNA extraction and in the absence of any other TOSV-positive CSF sample. By repeating the sequencing of this sample, we identified TOSV, verifying our previous results. By analyzing the target region of the primers and probes of the TOSV qPCR, we found that the mNGS did not recover such a region, providing a possible explanation for the discrepancy between the two methods. Therefore, possibly the sample had degraded viral RNA, which hampered its detection by RT-qPCR and amplification by the multiplexed PCR. Further experiments and/or analyses would be necessary to estimate the total level of RNA degradation in comparison to other samples. Nevertheless, the fact that information obtained from the mNGS (positive for TOSV) exceeded that of conventional RT-qPCR (negative for TOSV), proves again mNGS utility to detect pathogenic viruses in CSF clinical specimens.

TOSV is an arbovirus transmitted to humans mainly through the bites of an infected sandfly (Phlebotomus and Sergentomyia genera). Interestingly, only one TOSV case had insect bites reported. In particular, this patient (corresponding to sample LCR_654) reported several insect bites during a trip to Portugal shortly before the development of symptoms. On the ViPR database, we only found three sequences sampled in Portugal: a partial sequence of the M segment collected in 1983 (accession number DQ479890), a partial sequence of the S segment collected in 1983 (accession number KM275763), and a complete sequence of the S segment with no collection date available (accession number EF201833). Because of this, our analysis could neither show nor rule out the phylogenetic proximity between the TOSV detected in this particular patient with travel history to Portugal and TOSV circulating there. More recent genomic data from the travel destination could potentially elucidate whether the patient got infected in Portugal. Our phylogenetic analysis showed that for the three different segments, the TOSV collected from cases in Southern Spain between 2015 and 2018 fall within the genotype B and close to sequences collected from Spain (1998Spain ( -2004) ) and France (2004France ( -2015)). Nevertheless, we could make no further phylogenetic inferences due to the fractionated TOSV genomic data available.

In the last few years, TOSV has been responsible for increasing infections in countries of the Mediterranean basin, where its vector, the sandfly, is widely distributed (29). Indeed, cases have been reported in several countries across this region, including Algeria, Croatia, France, Italy, Portugal, Spain, and Turkey, to name a few (26,27). Although seroprevalence studies suggest that TOSV causes an asymptomatic infection in most cases, some people might experience severe disease with fever, intense headache, vomiting, or neurological diseases such as meningitis or encephalitis (29). Indeed, a recent study showed that TOSV is the most common cause of summer viral meningitis in central Italy, outnumbering EV cases (28). A study recently reported a young man returning from Elba Island, Italy, with TOSV meningitis and viral RNA persistence in semen up to 59 days after symptom onset (30). In Spain in particular, the virus circulates for decades, and it has been mostly associated with sporadic neurological cases in the Andalusia region in Southern Spain. A recent work revised all documented cases of TOSV neurological infection detected in this region from 1988 to 2020, totaling 107 cases diagnosed by viral culture or RT-qPCR (31).

Despite the increasing number of TOSV cases and its increasing association with neurological disorders such as meningitis, this study highlights the lack of clinical suspicion and therefore lack of laboratory testing in patients with idiopathic meningitis. In this study only one patient was tested by clinicians for TOSV who surprisingly referred no insect bites in the last days but referred being a cattle farm worker, an occupation which has been associated with an increased risk for TOSV infection (32). The lack of suspicion could be due to the fact that in all TOSV-positive patients referred explicitly no insect bites to the doctor except the patient who travelled to Portugal. This highlights the need to include TOSV-testing in the routine diagnosis at the hospitals in southern Spain for cases of aseptic meningitis, regardless the history of insect bites referred by the patient. This could result in shortened length of hospital stay (median 7 days in this study for TOSV-positive patients), reduced associated costs and improved patient care.

In addition, there is little information available about the genomic diversity of TOSV. For instance, as of March 2022, the most recent TOSV sequences in the ViPR database collected from Spain are from 2005, and most of them are partial sequences from the S and L segments. Similarly, the global diversity of TOSV circulating in the Mediterranean Sea is understudied, with less than 20 complete sequences from this region in the ViPR database with the complete metadata. Our mNGS findings led us to design a specific TOSV genotype B amplicon-based sequencing approach to help sequence partially degraded or low concentrated. In this way, our work provides an update on TOSV circulating in Spain and a methodological improvement to facilitate further detection and genome sequencing of TOSV. We hope this will help enlarge the current TOSV genomic database necessary for high-resolution phylogenetic analysis to ultimately contribute to understanding the epidemiology and evolution of this emerging virus. Nonetheless, our work has several limitations. The storage conditions of the samples used in this study were not optimal: the samples were collected from 2015-2018, stored at -45°C until processed in 2019, and subjected to more than one freeze-thaw cycle. This fact could have affected the quality of the RNA in the samples and thus limited our findings. Another limitation is that our study, starting from the processing of the samples to the analysis of the mNGS, only focused on RNA viruses known to cause neurological infections. For this reason, we performed RNA extraction from the CSF samples followed by treatment with Turbo DNase to digest contaminating DNA, enriching the samples with viral RNA content as suggested by Matranga et al. (33). We did not explore viral contigs beyond the known human-infecting viruses that cause meningitis; however, our data might be useful in future virus discovery efforts, such as the recent one by Edgar et al. (34).

Lastly, although mNGS for applications in clinical microbiology laboratories remains very challenging (19,22,35), we provide further evidence that it could be a significant addition to a surveillance program to monitor emerging viruses and update diagnostic tools.

Our work suggests that TOSV should be considered when diagnosing patients with meningitis of unknown etiology from Southern Spain or with a travel history to locations where the virus is known to circulate (i.e., the Mediterranean basin). Additionally, in this work, we set up an amplicon-based sequencing approach to help sequence TOSV genotype B from samples with varying RNA quality and concentration, providing a methodological improvement to facilitate complete genome sequencing.

MATERIALS AND METHODS

Ethics statement

Ethical approval for the experimental protocol was given by the Ethical Review Board of Cordoba (Comité de Ética de Investigación de Córdoba) under protocol 201999903552445. Written informed consent was obtained from all patients/legal guardians. The procedures were carried out in accordance with approved guidelines, regulations and the principles of the Declaration of Helsinki.

Sample selection and laboratory methods

Clinical CSF specimens used in this study were collected for routine clinical care from patients with suspected viral CNS infection in the Department of Neurology in the University Hospital Reina Sofia (Cordoba, Spain) between 2015 and 2019. The Department of Neurology is responsible for the treatment of patients from 14 years old and is the reference unit for patients with suspected CNS infections in the province. CSF samples were obtained at patient admission according to standard procedures. These CSF samples were analyzed in the Department of Microbiology for a range of pathogenic agents according to the clinical suspicion of the attending physician. Included tested pathogens were enteroviruses, herpesvirus types 1, 2, 3, 4, 5 and 6, and bacterial pathogens (Neisseria meningitidis, Streptococcus pneumoniae, Hemophilia influenza type b, Listeria, Mycobacterium tuberculosis). For some patients, serum samples were also tested for Treponema pallidum, Coxiella, Borrelia, Ricketsia, Brucella, HIV, Mycoplasma pneumoniae, Cryptococcus, hepatitis viruses, parvovirus, herpesvirus such as VZV, EBV or CMV. For one patient LCR was also tested for Toscana and West Nile Viruses in the Virus Reference Laboratory of Andalucia in the University Hospital Virgen de las Nieves from Granada. Routine laboratory testing performed in all selected patients (in CSF and serum samples) are provided in table S1. The laboratory methods used are summarized in table S2. Residual CSF were stored at -45ºC. Those with sufficient volume (1 mL) were included in the study. Samples included in this study were: A) positive controls which were randomly chosen CSF samples from patients with meningitis with previously identified pathogen by qPCR test; B) negative controls which were randomly chosen CSF samples from patients with no meningitis but in whom another diagnosis was made (epilepsy or cognitive impairment); and C) idiopathic samples which were randomly chosen CSF samples from patients diagnosed with aseptic meningitis with unknown etiologic agent after conventional routine laboratory testing in the hospital. Meningitis-suspected cases were identified as described previously (27).

RNA extraction

RNA extraction was performed at the Institut Pasteur Paris. In short, RNA was extracted from 140 ul of CSF using the QIAamp Viral RNA Mini Kit (Qiagen) following the manufacturer's recommendations. This was followed by Turbo DNAse treatment (Ambion) and purification with Agencourt RNAClean XP beads (Beckman Coulter).

Metagenomic next-generation sequencing

We used a generic protocol for untargeted metagenomic sequencing of clinical samples previously described (33). Briefly, prior to library construction, poly-A carrier RNA and host rRNA was depleted using oligo (dT) and custom probes, respectively, to form RNAse H target DNA-RNA hybrids. The RNA resulting from selective depletion was used for random-primed cDNA synthesis using the SuperScript IV (Invitrogen). Second-strand cDNA was generated using a cocktail of enzymes, including Escherichia coli DNA ligase, RNAse H, and DNA polymerase (New England Biolabs), and then it was purified using Agencourt AMPure XP beads (Beckman Coulter). We prepared libraries from the dsDNA using the Nextera XT kit (Illumina).

Metagenomic next-generation sequencing data analysis

Raw reads were trimmed using Trimmomatic v0.36 (36) to remove low-quality reads. Reads were de novo assembled using the metaspades option from SPAdes v3.12 (37), and the contigs obtained were used as queries for blastx using DIAMOND v2.0.7 against version 18.0 of the RVDB protein database (38).

Taxonomy was assigned to each conting with DIAMOND and in-house R (39) scripts were used to analyze the resulting output.

For the pathogens identified by DIAMOND blastx, chimeric contigs were constructed using the contig assembled with metaspades and a reference genome. For TOSV, this was done for the three segments separately, and the reference genome used was a consensus sequence result of an alignment of TOSV genotype B. For MuV as a reference genome, we used the Mumps reference genome NC_002200. In all cases, nucleotide divergence between the contig and the reference genome was less than 2%. These chimeric contigs were used as scaffolds to map the reads, using clc-assembly-cell v5.1.0. The virus consensus sequence generation was performed with ivar v1.0 using a minimum of 5X read depth coverage.

In case of lower read coverage, we added an N. Samtools v1.10 ( 40) was used to sort the aligned BAM files and generate alignment statistics. We manually inspected all alignments and consensus sequences using Geneious Prime 2020.2 (https://www.geneious.com/).

We observed in several samples the presence of relevant human pathogens. In particular, nine samples were contaminated with samples from the same run containing high pathogen loads (e.g., viral stocks, samples with amplified viral content). This can occur due to "index hopping," a well-known problem with Illumina sequencers (41). In addition, in sample LCR_1150, we reconstructed a contig of 256 nucleotides, which mapped against the Yellow Fever virus (YFV), a virus we frequently sequence in our laboratory (Table 3). We discarded these viruses from the analysis, but we mention this here to avoid misinterpretation from future researchers who might use the raw fastq file generated in this study for analysis. To obtain complete TOSV genomes, we implemented a highly multiplexed short PCR amplicon approach (42). The primer scheme was designed using PrimalScheme: primer panels for multiplex PCR to generate ~ 400 nucleotide long overlapping amplicons to cover the entire length of the three TOSV segments. The primers are divided into two separate primer pools (pool1 and pool2), generating non-overlapping amplicons pooled in the following protocol step to cover the entire genome. We followed the protocol generated by Quick, J. et al. (28) to generate the tiled virus amplicons. Briefly, two microliters of viral cDNA were used in the two multiplexed PCR reactions using Q5 DNA High-fidelity Polymerase (New England Biolabs) to obtain ~ 400 nucleotide long amplicons in 35 cycles. Amplicons were purified using Agencourt AMPure XP beads (Beckman Coulter) and combined to 50ng. Libraries were constructed using the NexteraXT kit.

Regardless of the sequencing protocol used, library quality and quantification was assessed using Qubit 4 (Thermo Fisher), Bioanalyzer (Agilent), and qPCR (NebNext Library Quant Kit, Illumina) and sequenced using the paired-end strategy on an Illumina NextSeq500 platform (2x75 cycles)

Primer pool scheme optimization

We constructed three primer pool schemes that tested and validated using a TOSV genomic standard for the genotype B (Toscana Standard#1, strain MRS2010 4319501) obtained from the European Viral Archive.

The first primer scheme named "pool_v1" contained the 48 pairs of primers covering the three segments of TOSV designed directly by the Primal Scheme. Due to divergence observed between the TOSV genomes retrieved from GenBank, some primers were modified with degenerate nucleotides. We verify that this does not cause a change in the annealing temperature beyond that recommended one (28). Regardless of the different template concentrations, when sequencing the TOSV standard using the "pool_v1", we observed an uneven coverage of reads in some areas of the L segment and a drop of coverage in a specific region of the S segment containing a high GC content. We observed no coverage of reads in three specific regions for the M segment. Looking into the primers covering such specific regions, we noticed that they Chapter 1: Using mNGS to identify and characterize potential RNA virus causing meningitis 50 corresponded to the primers #1, #3, and #5 within the pool1. Although not tested, we hypothesized that primer interference could have played a role. We designed the second primer scheme, "pool_v2", containing a different primer set for these genomic regions within the M segment to overcome this situation. Also, in this primer scheme, we increase the concentration of those primers covering regions within the L and S segments that we observed to be less efficient. Following the same reasoning, we designed "pool_v3", which contains the same set of primers as "pool_v2" but with an even higher concentration of primers for the M and S segments.

Phylogenetic analysis

To build the TOSV dataset for phylogenetic reconstruction, sequences generated during this study were combined with partial and full-length sequences, including representatives of the different TOSV genotype, available in ViPR (43) and Genbank (44) as of October 2021. Partial sequences less than 300 bp in length were excluded. We put together a total of 53, 44, and 29 sequences for the S, M, and L segments, respectively. The resulting dataset was aligned using MAFFT v7.467 (45) for each segment separately and alignments were visually inspected in Geneious Prime 2020.2. We constructed maximum-likelihood phylogenies (ML) using IQ-TREE v2.0.6 (46). Tree reconstruction was performed using the default settings and the best-fitted model provided by ModelFinder ( 47), followed by 1000 ultrafast bootstrap (48) implemented in IQ-TREE software.

We proceeded similarly to build the MuV dataset to perform the phylogenetic analysis. We retrieved all available full-length genomes of MuV from 2008 to date from ViPR ( 43) as of October 2021, and combined with the complete genome generated in this study and the WHO reference strains for the different MuV genotypes. This dataset contained 211 sequences and was used to construct the phylogeny with ML.

SUPPLEMENTARY FIGURE LEGENDS

Figure S1: TOSV genome coverage for the three segments (L, M, and S) obtained using an untargeted metagenomic sequencing. The genome coverage is represented as the logarithm function of the total number of reads + 1 (to avoid conflicts with regions with cero coverage) for the eight different samples in which TOSV was detected. Sample LCR_1152 has been sequenced twice, and here we show the result of both runs: LCR_1152_S5 and LCR_1152_S20.

Figure S2: Optimization of TOSV amplicon-based approach. Three different schemes of primers (pool_v1, pool_v2, and pool_v3), which generate short tiled amplicons for sequencing, were tested on the TOSV B reference standard. Three different numbers of cDNA copies were used as input for the multiplex PCR reaction: 10, 100, and 200. The sequencing depth obtained for the different conditions and for the three segments (L, M, and S) is represented as the logarithm function of the total number of reads + 1.

Figure S3: TOSV genome coverage for the three segments (L, M, and S) obtained using the amplicon-based sequencing approach. Figure S4: Phylogenetic divergence tree of all labeled MuV sequences used. The maximum-likelihood tree includes MuV full-length genomes retrieved from ViPR as of October 2021, the WHO reference strains for the different genotypes, and the MuV generated in this study (LCR_525).

Discussion and conclusion about the studies

mNGS has become increasingly important for basic research and clinical medicine (111). That is because we can use mNGS for a wide range of applications: from the identification of pathogens that are novel or highly divergent from previously catalogued pathogens, including new recombinant forms of the virus; to the detection of different known drug-resistant variants in a single test which might be present as majority variants or at low levels before the resistance becomes clinically apparent.

In particular, in our study, we attempt to identify the potential etiologic agent for a series of aseptic meningitis cases in Southern Spain and generate, in an unbiased manner, full-length genomes from EVpositive aseptic meningitis cases. Because the vast majority of viruses known to be associated with meningitis have RNA genomes (e.g., EVs) (182), we decided to implement a mNGS protocol targeting in particular RNA. Such a sequencing protocol is also known as RNA-sequencing (RNA-seq). Although this method could also detect viral mRNAs, DNA viruses that might experience low-level transcription might be poorly detected. For this reason, our analysis focused on RNA viruses known to cause meningitis, and we recognize it as one of the limitations of our study.

Regarding our first goal, we identified TOSV in several samples. Although we could not generate complete genomes from all of them, the mNGS findings allowed us to establish an amplicon-based sequencing approach to obtain complete viral genomes from samples of variable viral load and quality. Such sequencing protocol will hopefully be helpful to the scientific community as it allows to detect and generate complete TOSV genomes from clinical samples of suboptimal quality for total RNA-seq. Such addition might be of great importance as it would allow the TOSV genomic database to enlarge at a lower cost. Currently, in the ViPR database, there are less than 20 full-length genomes with complete associated metadata. Having more genomic data available would enable us to perform further analysis (e.g., phylodynamic studies) to better address the epidemiology and evolution of this emerging virus.

Among the enteroviral meningitis cases, we succeeded in reconstructing full-length genomes in 100% of the cases, documenting the first complete genomes of E6, E11, E13, and E30 co-circulating in Spain. This result aligns with a previous study that reported that the most common human EV types detected in meningitis cases are E6, E11, E13, and E30 (225). In addition, generating full-length genomes allowed us to look for evidence of recombination: an important mechanism of evolution for EVs. Interestingly, this analysis showed strong support for intertypic recombination in one of the genomes, leading to the description of a novel E13 recombinant form. The detection of this novel and disease-associated recombinant form was an important finding of this study as it illustrates how the co-circulation of several EV types in a region during a single year, as also demonstrated here, can provide a suitable environment for the appearance of novel recombinant variants. New emerging EVs have shown the potential to cause epidemics with devastating consequences, for instance, the EV-A71 epidemics in the Asia-Pacific Region (226). Altogether, this highlights the need to detect and monitor these viruses closely.

Although mNGS offers numerous advantages, like any other test, it also has drawbacks. Most human clinical samples have high levels of host genetic material. Therefore a key disadvantage of using mNGS on such samples is that, given its unbiased nature, the vast majority of the reads will be derived from the human host, limiting pathogen detection (227). However, this disadvantage can be mitigated, for example, by using host depletion methods. In particular, we followed a protocol described by Matranga et al. (171). Briefly, after RNA extraction, samples were treated to remove double-stranded DNA. Next, host ribosomal RNA present in human clinical samples and poly (A) carrier RNA (usually added to enhance RNA extraction) are depleted using custom probes and oligo (dT), respectively, to form RNase H-cleavable DNA-RNA hybrids. These two steps helped eliminate the human host background, enriching the samples with RNA viral content.

As already mentioned, mNGS is a powerful and highly sensitive technique to detect RNA or DNA. However, this high sensitivity is a double-edged sword as the smallest amount of exogenous DNA or RNA introduced from the environment, reagents, handlers, or equipment; will also be detected. Therefore, another potential drawback of mNGS is the detection of microbial contaminants in the samples, which can obscure the analysis and interpretation of the results (171). Sample contamination is not a new issue; several articles have comprehensively described it (112,186,228). Nevertheless, is important to highlight two points. First, the contaminants can arise at different stages of the mNGS protocol: during the sample extraction and aliquoting, nucleic acid extraction, library preparation, or the sequencing run. Second, in low-biomass samples, such as CSF samples, contaminants can be detected at the same or even higher level than bona fide pathogens, making it difficult to interpret the data ( 229).

Despite all the precautions taken, we observed contamination among our samples. The most common source of contamination observed was the sequencing run. Several samples (9/44) were contaminated with samples from the same run containing high pathogen loads (e.g., viral stocks, samples with amplified viral content). This well-known problem might occur when using Illumina sequencers, named "indexhopping" (227). In short, index-hopping can occur due to two phenomena: (i) failure to remove free adapters of prepared libraries before proceeding to the pooling and sequencing; (ii) high-frequency indices might be incorrectly assigned during scanning of the flow cell (227,230). Consequently, after the demultiplexing, reads belonging to a library could be incorrectly assigned to another, leading to inaccurate sequencing results. Although we followed most of the recommended practices to reduce index hoping (e.g., removing adapters after library preparation, using dual indexed libraries), we sequenced together libraries from very different samples: CSF and viral stocks. We could plan the pooling of the samples differently to improve future sequencing.

Nevertheless, contaminations occurring during the sequencing run are easy to deal with as one can quickly identify them. More difficult is to deal with contaminations that might come from the skin flora or the hospital facility, especially when working with CFS samples collected in different establishments and through various years, as is our case. As previously discussed, pathogen loads are typically low in CSF and, therefore, there are usually very few reads aligning to the potential etiologic agent. Under these circumstances, even minimal quantities of environmental contaminants can be amplified (e.g., during library preparation), increasing the proportional representation of 'pollutants' in the final dataset. For this reason we included non-meningitis CSF samples as negative controls to differentiate potential infectious pathogens from contaminants. In this way, we could construct a background dataset to determine if the pathogen detected in the idiopathic samples could be the potential etiologic pathogen or not. This approach worked well when investigating the presence of RNA viruses of interest, such EVs, MuV, or TOSV, among our samples.

We detected RNA of TOSV in 8/23 idiopathic samples, which raises the following question: what is the potential etiologic agent for the 15 other cases?

First of all, like every other method, mNGS has a detection limit 1 . Therefore, the potential etiologic agent for these other cases might be any pathogen present in the sample below this detection limit. In this regard, the quality of the samples might be an important factor influencing the detection of pathogens. We recognized that this is one of the limitations of our study as the samples used in this study were not stored in optimal conditions (stored at -45°C until processed in 2019 and subjected to more than one freeze-thaw cycle), probably affecting the quality of the RNA.

Nonetheless, to answer this question, the next was to make a more comprehensive analysis of all the pathogens identified by the amino acid sequence similarity search. However, the number of taxonomic units was quite large (n=1525). The first approach focused on the taxonomic identifiers present in the idiopathic and positive control samples, which reduced the number to 839. Taking a closer look at these identifiers, we observed that in some cases, they belonged to non-human viruses (e.g., avian leucosis virus). Using a Virus-Host database could help address this issue quickly by removing those viruses whose hosts are non-human. Such a database exists, called "Virion" (232). However, we realized that some NCBI taxonomic identifiers are not present in Virion -for example, TOSV, a virus essential for our study, rendering the approach relying on purely taxonomic identifier matches challenging. More in-depth, comprehensive, and exhaustive (with many synonymous species identifiers) taxonomic annotation of contigs would be necessary to address this issue. In addition, in other cases, despite using a viral database to perform the similarity search of the contigs, there were non-viral taxons detected (e.g., Acinetobacter). Specifically, the viral database used was RVDB (Reference Viral Database) (233). It consists of a collection of all currently known viral genomes, virus-related and virus-like nucleic sequences retrieved from NCBI using keywords (e.g., viral). In addition, negative keywords are used to exclude non-viral sequences (233).

The RVDB is a curated database subjected to manual and computational reviewing processes to eliminate non-viral sequences such as cloning vectors and wrongly annotated sequences. Despite this reviewing process, non-viral sequences may remain, explaining why we detected non-viral taxon, highlighting the difficulties associated with dealing with databases.

Two other strategies could have been explored to facilitate the discrimination between bona fide pathogens versus contaminants.

The first one is adding an internal spike-in control. Spike-in control may consist of whole organisms or synthetic DNA or RNA sequences added to the original sample or at different workflow stages (254). One example of RNA spike-in control is the use of External RNA Controls Consortium spike-ins, which are commercially available. As suggested by Zinter et al. (228), including a series of spike-in controls in the samples would allow the calculation of total sample input mass. Once this quantity is known, the correlation between total sample input mass and the number of reads targeting a given pathogen can be studied. If the result is an inverse correlation, the given pathogen is suspicious for contamination. Additionally, this method allows for detecting outliers; this means identifying samples in which the pathogen is a bona fide pathogen (228).

Second, use machine learning methods to distinguish potential etiologic pathogens from ubiquitous environmental contaminants and commensal flora. This method has already been published (177) and implemented in other mNGS studies (234). In short, this method generates a "pathogen database" using no-template and healthy patients control samples. According to this database, each pathogen gets a score. Those with a score below a certain threshold are removed from the analysis.

While a comprehensive and exhaustive analysis of all the taxonomic identifiers detected in the samples discriminating between bona fide pathogens versus contaminants is an interesting continuation of the project, our study focused on studying RNA viruses known to cause meningitis.

Nevertheless, we hope that our analysis will be a good contribution in the future to enlarge databases of patient mNGS, thereby enhancing the ability to discriminate between spurious sequences and potential pathogens. Ultimately, this will broaden the list of pathogens known to be detectable by the mNGS, providing a more solid ground for pathogen identification and reporting.

Key points of Chapter 1

 We implemented RNA mNGS on CSF samples with known neurological infections (n = 13), with idiopathic meningitis (n = 23), and with no infection (n=8). We generated full-length genomes from EV-positive and MuV-positive meningitis cases and detected TOSV in 8 out of 23 idiopathic samples.

 Our study documents the circulation of several EV-B types (E6, E11, E13, and E30), including a novel E13 recombinant form associated with meningitis in the Spanish population.

 We developed an amplicon-based sequencing approach to help sequence low concentrated or partially degraded samples corresponding to TOSV genotype B, improving the detection and generation of genomic data. CHIKV genome is approximately 12Kb long and it encodes four non-structural proteins (nsP1-4) that constitute the replication complex, and five structural proteins (C, E3, E2, 6K, and E1) that give rise to the mature virion (236, 237) (Figure 6-1). The genome is encapsulated in an enveloped icosahedral particle of approximately 70 nm in diameter formed by host-cell derived lipid bilayer in which heterodimers of the E1 and E2 glycoproteins are assembled, forming trimmers. They constitute the spikes on the virus surface (Figures 6-1 B andC) and thus mediate contact between the virus and the host cell. In particular, the E1 protein contains a hydrophobic fusion peptide necessary for cellular and viral membrane fusion, whereas the E2 protein is thought to be responsible for receptor binding as it is the main target of neutralizing antibodies (237, 238). . The endosome containing the viral particle subsequently matures, triggering a drop in pH which leads to a conformational change of E1-E2 heterodimers exposing the fusion loop. This fusion loop interacts with the endosomal membrane, provoking membrane fusion and the release of the genome into the host-cell cytoplasm (236,237,239). As the genome is capped and positive sense, it is directly translated into the cytoplasm by the cellular host machinery. A conserved opal stop codon (UGA) is located between the nsP3 and nsp4 gene in several alphaviruses including CHIKV. The nonstructural polyprotein P123 is produced when translation is stopped at the opal termination codon, whereas the polyprotein P1234, which contains the RNA-dependent RNA polymerase (nsP4), is generated when read-through of the stop codon occurs. In vitro experiments have determined that this read-through occurs in 5 to 20% of the cases. As a consequence, stoichiometric concentrations of nsP4 are much lower than those of the other non-structural proteins (240, 241). The cleavage of the polyprotein to generate individual proteins is subsequently performed by nsP2. After production of the proteins of the replication complex (nsP1-4), viral RNA is replicated in negative-strand RNA from which several positive genomic and subgenomic RNAs are generated (242). Translation of the subgenomic RNA produces the C-pE2-6K-E1 polyprotein precursor and subsequently the structural proteins, which are essential for virion formation and genome encapsidation. The pE2 and E1 proteins are subjected to further processing in the Golgi complex and exported to the plasma membrane. Finally, the budding of chikungunya virions occurs at the plasma membrane (236, 239). 

Epidemiology and evolution

CHIKV was first identified somewhere between 1952 and 1953 during an outbreak in Tanzania (243). Since its identification, CHIKV has been classified into different genotypes according to its genomic diversity: West African, East-Central-South-African (ECSA), Asian and, more recently, Indian Ocean lineage (IOL), which emerged as an independent clade from the ECSA genotype (244).

The virus is believed to have originated in Africa ( 245), where it is mainly maintained in a sylvatic cycle between non-human primates (NHP) and arboreal Aedes mosquitoes such as Aedes furcifer or Aedes africanus. Indeed, CHIKV has been detected in multiple NHPs' species across different countries all over the continent, including Senegal, South Africa, Zimbabwe, Uganda, Gabon and Kenya (246). In Africa, the ECSA and West African genotypes are endemic and cause epidemics through spillover from the sylvatic cycles into human populations and by urban transmission cycles between humans and urban mosquitoes, such as Aedes aegypti (247) (Figure 6-3). The virus quickly spread to Asia, probably through shipping, with This unprecedented outbreak caught the attention of many researchers, who tried to find out why a CHIKV outbreak of such magnitude took place. The first thing they observed was a potential change of vector. Indeed, although Aedes aegypti is considered the classical CHIKV vector, it is believed that the IOL strains might have been primarily transmitted by Aedes albopictus, a more abundant mosquito species at that time. Extensive genomic analysis of the CHIKV IOL strains identified previously undescribed mutations (253). In particular, it was observed that in later stages of the outbreak, the IOL strains acquired an AA change in the E1 glycoprotein (E1-A226V). In vivo studies later confirmed that this mutation increased the infectivity, dissemination, and transmission for Aedes albopictus, allowing CHIKV to be transmitted by a new vector [START_REF] Tsetsarkin | A Single Mutation in Chikungunya Virus Affects Vector Specificity and Epidemic Potential[END_REF]254). Interestingly, this mutation had no effect with Aedes aegypti [START_REF] Tsetsarkin | A Single Mutation in Chikungunya Virus Affects Vector Specificity and Epidemic Potential[END_REF]. Several other mutations were later observed to have a positive epistatic effect on the E1-A226V substitution. For instance, in the background of E1-A226V, the substitutions E2-L210Q or E2-K252Q provided an additional fitness increase (255, 256). Interestingly, epidemiological data showed that these second-step Aedes albopictus adaptive mutations were simultaneously detected in viruses circulating in India. Laboratory investigations confirmed that in the background of E1-A226V, the combination of both substitutions (E2-L210Q and E2-K252Q) had an additive effect, further increasing the fitness and dissemination of the virus in Aedes albopictus in comparison to the E2-L210Q and E2-K252Q single-mutant competitors (255). All this suggested that the evolution of the IOL conferred CHIKV a selective advantage to infect, replicate, and disseminate in Aedes albopictus.

This gave rise to the following question: why were mutations allowing CHIKV to be transmitted through Aedes albopictus selected? A possible answer is that several factors make Aedes albopictus a suitable vector for viruses such as CHIKV. First, as mentioned in the main introduction, its distribution has been expanding over the years, conquering tropical and temperate regions including Europe and the United States (257, 258). Second, Aedes albopictus can tolerate lower temperatures than Aedes aegypti [START_REF] Reinhold | Effects of the Environmental Temperature on Aedes aegypti and Aedes albopictus Mosquitoes: A Review[END_REF][START_REF] Delatte | Influence of Temperature on Immature Development, Survival, Longevity, Fecundity, and Gonotrophic Cycles ofAedes albopictus, Vector of Chikungunya and Dengue in the Indian Ocean[END_REF], and its eggs can remain viable throughout the dry season (239). Third, it is smaller than domestic mosquitoes, which makes it more furtive, and, unlike many other mosquito species, it is diurnal (239). In sum, the mutations present in the IOL allowed the transmission of CHIKV by two different mosquito vectors, Aedes aegypti and Aedes albopictus, resulting in an efficient human-mosquito transmission cycle. Furthermore, the adaptation to a new vector resulted in a geographic expansion of CHIKV, leading the virus to infect immunologically naïve human populations, ultimately resulting in an outbreak of chikungunya disease of unseen dimensions.

The outbreak in India continued into 2010, with new cases appearing in areas that were not previously affected and since then, the virus has been re-emerging causing several outbreaks almost continuously in Southern and Southeast Asia countries like Bangladesh, Bhutan, Cambodia, China, India, Sri Lanka, Myanmar and Thailand (259-261).

Very interestingly, since 2006 in Southeast Asia, no virus belonging to the Asian genotype has been associated with epidemic activity, suggesting that the newly introduced IOL genotype outcompeted the Asian genotype. Furthermore, although Aedes albopictus is very abundant in Asia, there is no evidence that it has played a significant role in transmitting CHIKV strains of the Asian genotype. These two facts raised another interesting question: why mutations that would confer adaptation of the Asian genotype to Aedes albopictus were not selected? Also, very interestingly, despite the adaptive advantage of the E1-A226V substitution, this mutation was not detected in Asian lineages. Based on this information, Weaver et al. addressed this question and showed that the single residue E1-98T, present in all Asian CHIKV strains characterized so far, prevents the acquisition of the E1-A226V substitution, and ultimately the adaptation of Asian CHIKV to Aedes albopictus (262). This study brought new information regarding (i) the nonimplication of Aedes albopictus, despite its abundance, as a vector of CHIKV before 2007, and (ii) the shift in CHIKV genotypes in Southeast Asia from the Asian to the IOL genotype, as the latter can exploits the human-Aedes albopictus transmission cycle.

In the Americas, the virus was first detected on Saint Martin Island at the beginning of October 2013, and then quickly spread to several countries (263). One year later, in October 2014, autochthonous cases were confirmed in 50 territories across the continent (264). Genetic characterization showed that the circulating CHIKV strains belonged to the Asian genotype and were closely related to the viruses detected in China in 2012 and the Philippines in 2013 (263). Such evidence was not expected as, at least in Southeast Asia, the IOL genotype seemed to have been replacing the Asian genotype. In Brazil, the first local cases of CHIKV were detected by September 2014, and phylogenetic analyses later revealed the co-circulation of both As of December 2021, CHIKV is still circulating in many parts of the world. In the Americas, most cases were reported in Brazil where, according to the PAHO (Pan American Health Organization), there was an increase of 32% of the number of cases between 2020 and 2021 (266). In Southeast Asia, in late 2018, a large CHIKV outbreak started in Thailand (267), and by the end of 2020, 27,000 confirmed cases were documented (268). Almost simultaneously, after nearly ten years of no reported cases, outbreaks of CHIKV infection were identified by the end of 2019 in Myanmar ( 269) and in 2020 in Cambodia (270). Phylogenetic analyses revealed that the 2018-2020 strains were similar to those that caused the recent outbreak in Bangladesh and Pakistan between 2016 and 2017. They were all characterized by two novel mutations, E1-K211E and E2-V264A, and the lack of the E1-A226V substitution. (268).

CHIKV pathogenesis

In contrast to other arboviruses such as DENV, CHIKV causes symptomatic disease in the majority of infected individuals (237). Most cases are characterized by fever, rash, and intense joint and muscle pain. The joint pain is usually symmetric and localized in the large joints of the body (i.e., arms and legs). The word "Chikungunya" comes from the African Makonde language and means "bent over in pain", one of the hallmarks of CHIKV disease (237). While this acute stage generally only lasts for 1 to 2 weeks, severe joint pain may be prolonged for months or even years in some cases, leading to a chronic stage (271). Furthermore, severe chikungunya fever, manifested mostly as encephalitis, has been reported during large outbreaks such as the one on La 259). This outbreak was followed by two subsequent waves of cases in 2012 and 2013. Multiple cases -including rare neurological presentations -were captured by syndromic surveillance of Institut Pasteur du Cambodge; however, no information was gathered about the genetic diversity of CHIKV circulating in Cambodia. Furthermore, despite the increasing reports of neurological disease associated with CHIKV, no study has analyzed the virus present in the CSF and sera within the same patient.

In this work, we study the emergence and spread of CHIKV in Cambodia between 2011 and 2013. Additionally, to gain insights into the difference in disease outcomes upon CHIKV infection, we sequenced in parallel serum and CSF samples from infected patients with classic chikungunya symptoms or with neurological affliction (encephalitis).

Results

Two approaches to sequence low amount and/or degraded clinical samples

Since its reemergence in Cambodia in early 2011 (259), CHIKV continued to circulate and spread over the next two years, reaching 14 different provinces. We sought to characterize the virus underpinning the outbreak by sequencing the virus directly from clinical samples. Interestingly, this cohort of 39 patients showed different clinical presentations, with 5 of them suffering from encephalitis. An exciting feature of this cohort is that we also received samples from the CSF from these 5 patients.

Initially, using untargeted metagenomic sequencing, we generated complete genomes for samples with Ct values lower than 30 (Figure 6-4A). However, this technique failed to obtain full-length genomes for samples where the amount of viral RNA was lower, particularly for the samples derived from the CSF. We implemented a highly multiplexed PCR amplicon approach (279) to circumvent this situation, which allowed us to obtain complete viral genomes from these challenging samples. The primers scheme was designed using Primal Scheme (280) to generate ~ 400 nucleotide long overlapping amplicons to cover the entire length of the CHIKV genome. This method allowed us to recover almost full-length genomes from samples with very high Ct values, such as those derived from the CSF from encephalitic patient numbers 1 and 3 corresponding to E1_CSF and E3_CSF in Figure 6-4A, respectively. Using these two approaches, we generated full-genome sequences from 39 serum samples and 5 CSF samples from the encephalitic patients totaling 44 new CHIKV genomes. Completeness and coverage for these genomes are shown in Figure 6-4A and B, respectively.

No genomic differences in CHIKV populations sampled from matched sera and CSF

We compared the consensus sequence of the virus detected in the sera and the CSF within each encephalitic patient and found no differences (Figure 6 To reconstruct the dynamics of CHIKV circulation in Cambodia from 2011 to 2013, we performed a phylogeographic analysis of a subsampled dataset consisting of 121 partial and complete CHIKV genome sequences. We performed the subsampling on the initial tree according to the phylogenetic proximity to the sequences collected in Cambodia from 2011-2013 (see Methods section). We implemented a Bayesian discrete phylogeographic approach (150), testing different model combinations of tree priors and molecular clock using BEAST v10.4. According to the Bayes factor obtained, the best model that fitted our data was the combination of Skyride as the tree prior and relaxed as the molecular clock (Table 2). We used this model for inferring the evolutionary parameters (i.e., substitution rate and time to the most recent ancestor). We estimated the substitution rate to be 5.47x10 -4 substitutions per site per year (95% HPD [4.5x10 -4 , 6.7x10 -4 ]) (Table 3 and4 95% HPD interval [200495% HPD interval [ .4236, 200595% HPD interval [ .4933] [200395% HPD interval [ .8507, 200595% HPD interval [ .235195% HPD interval [ ] [200395% HPD interval [ .8841, 200595% HPD interval [ .2363 [2004.6604, 2005.7273] [2003.4767, 2005.4942] [2003.4221, 2005.4287 The estimated MCC tree (Figure 6-6A) shows that the Cambodian clade shares a common ancestor with viruses circulating in Thailand in 2009 (accession number KU561434 (283) and GU301779 (284) corresponding to partial and complete genomes, respectively). We used the Bayesian stochastic search variable selection (BSSVS) analysis ( 150) followed by the Bayes factor (BF) test using SpreaD3 (285) to quantify and identify well-supported transitions -defined as transitions with BF > 3 (150) -between the sampled countries. In line with the topology of the MCC tree, such analysis identified Thailand to Cambodia as a well-supported transition with a BF of 148 and posterior probability for the transition (PP) of 0.95, supporting here again Thailand as the source of the introduction (Figure 6-6A and B).

The phylogeny also shows that CHIKV genomes detected in Cambodia fell into one single clade (posterior probability = 1), segregating into two well-supported clades, clade 1 and clade 2, with high support (posterior probability = 1). However, the node basal to clade 2 is not well resolved (posterior probability = 0.4). This suggests that the smallest branch from this node which contains the earliest sequences from our dataset, sampled in the province of Battambang in early May 2011, had too few mutations that did not allow to distinguish if they fell in clade 1, 2, or outside of these clades. This poor resolution suggests that we probably did not capture a representative snapshot of the CHIKV genetic diversity circulating at the beginning of the outbreak. ML tree obtained using IQ-TREE (Figure S2) also placed these two sequences outside clades 1 and 2. From these phylogenies, we can hypothesize at least three introductions in Cambodia. A first introduction led to the sequences captured in May 2011 in Battambang. As shown by the MCC tree, these viruses did not spread further in the population, or if so, we did not capture them. A second introduction was responsible for the clade 1 sequences, and a final third introduction that led to the sequences of clade 2. However, the absence of sequences sampled closer to the root of the Cambodian clade hampers a confident inference of the location state at the root. Hence, two scenarios could explain the genetic diversity of CHIKV observed in Cambodia: either a single introduction in late 2008 followed by silent or cryptic circulation and viral divergence until the wave of documented cases started in May 2011 or multiple independent introductions.

The BSSVS analysis followed by BF test also identified 'Cambodia to Laos' and 'Cambodia to Thailand' as well-supported location transitions with BF of 3381 and 19 respectively, with posterior probabilities higher than 0.7 (Figure 6-6C).

CHIKV genomes sampled in Laos during 2012-2013 (286) cluster within the Cambodian clade, forming two other well-supported clades (posterior probability = 1). The estimated date for tMRCA of the first Laos clade is June 2012 (95% HPD March 2012-September 2012; Table 3 and4 To quantify and map the spatial spread of CHIKV within Cambodia, we extracted the spatiotemporal information embedded in 1000 subsampled posterior trees obtained from a continuous phylogeographic inference using only the sequences collected from Cambodia. We then used Seraphim to estimate key dispersal parameters (162). We estimated a mean lineage dispersal velocity of ~147.3925 km/year, which remained relatively constant over time (Figure 6-7B).

Genomic characterization of CHIKV circulating in Cambodia

We noted that all the genomes of our dataset carried the mutation E1: A266V associated with increasing CHIKV dissemination in Aedes Albopictus, and two other mutations leading to non-synonymous substitutions in the E2 envelope protein, E2: T110S and E2: N273I. Both substitutions were present in the viruses collected in Laos between 2012 and 2013 (accession number MF076568 to MF076576). However, the sequence from the virus collected in Thailand in 2009, which is basal to the sequences from Cambodia, only harbors the E2: N273I substitution.

We observed that the E2: T110S and E2: N273I substitutions were located in the domain A and C of the E2 protein (Figure S3). Interestingly, these two domains strongly interact with E1, particularly domain A, where most of the reported mutations conferring escape to neutralizing antibodies or affecting cell attachment are located (238). Nevertheless, more studies will be needed to address this. Additional changes differentiate the viruses detected within Cambodia. Clade 1 sequences harbored two common mutations (C301T and T3988G), leading to synonymous substitutions in the nsp1 and nsp2, respectively, and a third in the non-coding region (A11366G). Clade 2 sequences shared three mutations (C4894T, C6358T, and A10383G), resulting in synonymous substitutions in the nsp3, nsp4, and E1 proteins, respectively. Furthermore, Battambang sequences also carried three changes (C478T, C3082T, and T11215G) that led to synonymous substitution in the nsp1, nsp2, and the E1 protein, respectively.

Discussion

As a result of the syndromic surveillance system of CHIKV in Cambodia, we obtained samples from CHIKV infected patients from several provinces from 2012 until 2013.

In recent years, there have been an increasing number of studies reporting neurological complications associated with CHIKV infection (234,287). In combination with other reports showing the capacity of CHIKV to reach and disseminate in the CNS in animal models ( 288), these studies provided strong evidence of the neurotropic role of CHIKV. However, this is the first report generating the complete CHIKV genome from the CSF and sera from the same encephalitic patient. This allowed us to compare the virus sequence found in the two compartments and look for any genomic mutation that could explain the observed phenotypes. We found that the consensus sequence of the viruses within each patient was identical between the two compartments. As such, our work suggests that no additional mutations are required for CHIKV to reach the CNS and cause neurological disease.

Nevertheless, we recognize two major limitations. First, the low number of samples obtained from patients suffering encephalitis upon CHIKV infection (n=5) prevented us from having statistical support in our findings. Second, the lack of medical information from these patients prevented us from studying whether other factors could have been involved in determining different chikungunya disease outcomes. Indeed, CHIKV infection leading to neurological disease is often seen in aged, immunosuppressed, or people with coexisting disorders such as diabetes, cardiovascular or respiratory disease (237, 274). Additionally, a higher viral load has been associated with increased disease severity for Influenza virus (289) and 291). Although we performed RT-qPCR from all these samples (Figure 6-4A), due to the several rounds of thawing and freezing that these samples suffered from the initial extraction at the IPC and the subsequent manipulations at the Institut Pasteur Paris, the Ct values do not reflect the patients' viral load at the moment of the sampling.

Therefore, while our observations suggest that no virus genetic mutation was associated with different clinical presentations, we cannot conclude whether other factors may have played a role in the development of different disease outcomes.

As previously suggested, this current dataset suggests that CHIKV in Cambodia could have been introduced from Thailand (259). Nevertheless, we acknowledge that one limitation of our phylogeographic analysis is the little to no genomic or epidemiological information on CHIKV circulating in neighboring countries in those years. In addition, while genetic proximity might not give enough evidence to claim a direct source, two facts might support Thailand as the source of introduction. Our analyses also suggest that the genetic diversity of CHIKV in Cambodia captured during the three-year epidemic was not the result of successive reintroductions from neighboring countries but rather the result of one or multiple initial introductions before the first wave of documented cases, followed by cryptic and local transmission and viral persistence during the dry seasons. The inter-seasonal maintenance of CHIKV was possibly achieved through mosquito vertical transmission cycles ( 295), or low transmission rate leading to a small and undetected number of cases. However, more data is required to further investigate and explore these two scenarios.

Conclusion

To the best of our knowledge, this work provides the first analysis of complete CHIKV genomes detected in both, the serum and CSF of encephalitic patients. Our analyses suggest that no additional mutations are required for CHIKV to reach the CNS. Phylogenetic and phylogeographic analysis showed that the CHIKV circulating in Cambodia from 2011 to 2013 belonged to the IOL lineage introduced in the country, probably from Thailand, somewhere between 2009 and 2011. Overall, this work contributes to the understanding of CHIKV pathogenesis and provides an update on CHIKV evolution in Southeast Asia.

Methods

Patients and sampling collection

We report the findings of samples obtained from 47 patients with CHIKV infection confirmed by the reference laboratory of the Institut Pasteur of Cambodia S1). This cohort of patients showed different clinical presentations; in particular, 5 of these patients suffered encephalitis from whom we received samples from the serum and the CSF.

Viral RNA extraction and real-time PCR

The samples selected for sequencing consisted of clinical specimens (n=33) or serum samples that had been subjected to one passage on C6/36 cell line (n=16) (Table S1). To obtain a quantitative measurement of the viral RNA, we performed RT-qPCR using custom-designed primers. Briefly, RNA was extracted using the QIAamp Viral RNA Mini Kit (Qiagen) according to the manufacturer's recommendations, followed by Turbo DNAse treatment (Ambion) and purification with Agencourt RNAClean XP beads. The extracted RNA was subjected to retro transcription using the SuperScript IV (Invitrogen). The cDNA was used as a template for the PCR, which was performed using customs primers and Taqman probes targeting the E1 gene of CHIKV. Ten-fold dilutions of a plasmid containing the E1 gene of CHIKV were used as a standard curve.

Viral genome sequencing a. Untargeted sequencing protocol

We used a general protocol for untargeted sequencing of clinical samples previously described (171). In short, prior to library construction, poly-A carrier RNA and host rRNA were depleted using oligo (dT) and custom probes, respectively. The RNA resulting from selective depletion was used for random-primed cDNA synthesis using the SuperScript IV (Invitrogen). Second-strand cDNA was generated using a cocktail of enzymes, including Escherichia coli DNA ligase, RNAse H, and DNA polymerase (New England Biolabs), and purified using Agencourt AMPure XP beads (Beckman Coulter). The libraries were prepared using the Nextera XT kit and sequenced using a paired-end strategy on an Illumina NextSeq500 platform from the dsDNA.

b. Amplicon-based sequencing protocol

We developed a highly multiplexed short PCR amplicon panel following the approach described in (296) for those samples in which the untargeted sequencing failed. We used the Primal scheme web-server (https://primalscheme.com) (280) to design a set of 43 primer pairs that generate overlapping products along the CHIKV genome. To design the primers, we used as a scaffold a CHIKV sequence that we generated using the untargeted sequencing approach. The primer pool scheme and protocol can be found here.

Two microliters of viral cDNA were used in the two multiplexed PCR reactions using Q5 DNA High-fidelity Polymerase (New England Biolabs) to obtain ~ 400 nucleotides long amplicons in 35 cycles. Amplicons were purified using Agencourt AMPure XP beads (Beckman Coulter) and combined to 50ng. Libraries were constructed using the NEBNext Ultra II DNA Library Prep Kit for Illumina (New England Biolabs) and sequenced on an Illumina MiSeq at the Biomics platform (Institut Pasteur Paris).

Regardless of the sequencing protocol used, library quality and quantification were assessed using Qubit 4 (Thermo Fisher), Bioanalyzer (Agilent), and qPCR (NebNext Library Quant Kit, Illumina).

Sequence data analysis

After sample demultiplexing and adapter trimming, the quality of the fastq files was assessed with FastQC v.0.11.9 (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). For the untargeted sequencing, reads were filtered by quality using Trimmomatic v.0.39 and de novo assembled using metaspades option from SPAdes v3.1.0. The contigs obtained were used as blast queries on Virus Pathogen Resource (ViPR) (173) nucleotide database. A CHIKV isolate from Cambodia 2011 (GenBank: JQ861260) was the closest to our samples and, thus, used to align reads from the untargeted sequencing approach. For the ampliconbased sequencing approach, we used Trimmomatic v.0.39 to filter out low-quality reads and remove primer sequences (first 27 nucleotides from 5′ end of reads, which is the maximum length of primers used for multiplexed PCRs). CHIVK sequence used to design the set of primers was used as a reference for the mapping. Then, for either untargeted or amplicon-based sequencing methods, the alignment and the consensus sequences were called using CLC genomics suite v5. 1.0 (QIAGEN). We used a minimum of 5X read depth coverage to generate the consensus sequence. In case of lower coverage, Ns were added in each position. All alignments and consensus sequences were manually inspected using Geneious Prime 2020.2 (https://www.geneious.com/). Then, SAMtools v1.3 was used to sort the aligned BAM files and to generate alignment statistics. Variants were called using iVar v1.0 (296).

Viral sequences selection and alignment

To build our initial dataset, sequences generated during this study were combined with partial and complete CHIKV genomes dated until 2015 available on ViPR (173) as of August 2021 (n= 798) (Figure S1). Genomes without collection dates and location information were excluded. The resulting dataset was aligned using MAFFT v7.467 (297) and inspected manually. We constructed preliminary maximumlikelihood phylogenies (ML) using IQ-TREE v2.0.6 (298). Tree reconstruction was performed using the default settings and the best-fitted model provided by ModelFinder (299) followed by 1000 ultrafast bootstrap (300) implemented in IQ-TREE software. A smaller dataset was obtained based on this dataset by subsampling according to the phylogenetic proximity to the viruses detected in Cambodia from 2011 to 2013, and subsampling overrepresented clades. Then, we used TempEst v1.4 to inspect these genomes and identify major molecular clock outliers that we removed from downstream analyses. This yielded a smaller and good quality dataset (n=121) with which we continue the following analysis (Figure S2)

Discrete phylogeographic analysis

To investigate the origin and the spread of CHIKV in Cambodia, time-structured phylogenies were inferred using a discrete asymmetric diffusion model ( 150) available in BEAST v1.10.4. The analysis was run for 150 million Markov chain Monte Carlo steps using the BEAGLE library v3.1.0 to accelerate the computation process. The parameters and trees were sampled every 15,000 generations. We used the general timereversible (GTR) nucleotide substitution model and gamma-distributed sites. We tested three trees prior: Bayesian Skyride, Exponential growth and Constant population size, and two clock models: an uncorrelated relaxed clock with log-normal distribution (UCLN) and a strict clock. For the six resulting combinations of models, we performed a model selection test using path sampling (PS) and stepping stone (SS) to estimate marginal likelihoods (301,302). We used the default parameters, sampling for 100 path steps with a chain of 1 million steps. We calculated the BF against the baseline model: constant population CHAPTER 2: Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and 2020 outbreaks 86 size and strict clock. The best supported model was the combination of Bayesian Skyride and UCLN (Table 1). The discrete phylogeographic analysis was also performed using BSSVS, followed by a BF test using SpreaD3 (285) to identify and quantify the support for the transition between the sampled countries. The maximum clade credibility (MCC) tree was built under this model using TreeAnnotator v.10.4 and visualized in FigTree v1.4. Evolutionary rates and tMRCA were extracted using Tracer v1.4 for tested model combinations (Table2).

Continuous phylogeographic analysis

To infer the dispersal history of CHIKV in Cambodia, we implemented a continuous phylogeographic model focusing only on the CHIKV genomes detected in Cambodia from 2011 to 2013. We used the Cauchy relaxed random walk diffusion model ( 151) available in BEAST v1.10.4 to infer ancestral locations. The MCMC chain was run for 150 million generations and sampled every 15,000 generations. As before, we performed a model selection test using path sampling (PS) and stepping stone (SS). According to the BF obtained, the best model was the combination exponential as tree prior and strict as a molecular clock.

Convergence was inspected with Tracer v1.4. After discarding 10% of the sampled trees as burn-in, the MCC was built using TreeAnnotator v.10.4. We extracted and plotted the spatio-temporal information embedded in 1000 subsampled trees from the posterior using Seraphim R package ( 162).

Protein structure modeling

The substitutions T110S and N273I were mapped onto the CHIKV E1-E2-E3 heterodimer (Protein Data Bank ID: 3N42) using UCSF Chimera.

Supplementary information associated with this work can be found in the following link. Phylogenetic studies Among the samples found positive for CHIKV by real-time PCR, 73 samples were selected for sequencing according to their sampling location, date and Ct value.

We combined our CHIKV genomes sequences with complete CHIKV genomes published and available as of November 2021, totaling 775 CHIKV full-length genomes encompassing the four main CHIKV lineages: WA, Asian, ECSA and IOL. This dataset was used to perform phylogenetic analysis using the Nextstrain pipeline, and the resulting phylogeny can be visualized at https://nextstrain.org/community/Simon-LoriereLab/ChikungunyaCambodia2020@main. From this global analysis, we found that CHIKV captured from cases in Cambodia during the 2020 outbreak belonged to the IOL lineage but fell distant from those captured in the 2011 outbreak. Indeed, in contrast to the CHIKV captured in 2011, viruses reported from Cambodia in 2020 lack the E1:A226V substitution associated with an increase of CHIKV dissemination by Aedes Albopictus mosquitoes. Instead, this lineage harbors two other substitutions in the surface proteins (E1:K211E and E2:V264A). Phylogenetic analysis shows that CHIKV from this outbreak falls into five groups To investigate the different possible introductions of CHIKV in Cambodia, we performed a phylodynamic and phylogeographic analysis of a dataset consisting of 155 partial and complete CHIKV genome sequences. This dataset was obtained by subsampling the initial global tree (n=775, only complete genomes) according to the phylogenetic proximity, resulting in 127 complete CHIKV genomes. To this dataset, we also added partial CHIKV genomes (larger than 9000 bp) collected from 2016 to 2021 as we thought that they could add a phylogenetic signal. We implemented a Bayesian discrete phylogeographic approach, testing different tree priors and molecular clock combinations using BEAST v10.4. According to the Bayes factor obtained, the best model that fitted our data was the combination of Skyride as tree prior and relaxed as the molecular clock (Table 5). With this dataset, we estimated the substitution rate to be 9.76x10 -4 substitutions per site per year (95% HPD [7.96x10 -4 , 1.18x10 -3 ]), which resulted in having overlapping HPD intervals to previous estimates for the IOL lineage (23)(24)(25), including the CHIKV epidemic in Cambodia during the 2011-2013 period, and it was consistent among the different coalescent models and molecular clock tested.

Using time-structured phylogenies, we estimated that at least five introductions were responsible for the local cases detected in . While clades A, C and D had well-supported nodes (posterior probabilities higher than 0.9), the node basal to the clade E (which consists of a single CHIKV sequence) had a posterior probability of 0.3. However, the internal node from which branch the CHIKV sequence from Cambodia, together with sequences from China, Thailand, and Myanmar, is well-supported (posterior probability 0.94). This phylogenetic placement of the clade E suggests an additional introduction independent from those of the other clades. In addition, while the support for the clade B is high (posterior probability 1), the node connecting clade B sequences with sequences outside this clade is not wellsupported (posterior probability 0.1). This suggests that although these sequences form a monophyletic clade, their position along the tree is unclear. We implemented the discrete diffusion model extended with the BSSVS and followed by a BF test to identify relevant transition rates between the sampled countries. This analysis identified 'Thailand to Cambodia' and 'China to Cambodia' as well-supported transitions with BF results of 291 and 9, respectively (Table 6). Additionally, we extracted from the MCC tree the estimated dates (mean and 95% HPD) for each clade, and the node connecting the sequences from each clade with sequences outside the clade. This allowed us to estimate a date range for each introduction (Table 6). Based on the genetic diversity sampled here, we observed three introductions from Thailand with overlapping date ranges: the first between November 2018 and December 2019; the second between November 2017 and April 2020; and the third between October 2018 and January 2020. Of note, for the third introduction observed (clade C), the support of the node is weak (posterior probability 0.1). However, the probability for the inferred location (Thailand) is close to one. Additionally, we observed two other introductions from China happening almost simultaneously: one introduction between October 2018 and July 2020 and a second between September 2018 and May 2020. 

Ongoing analyses

Currently, we are trying to implement a continuous phylogeographic analysis to reconstruct the spatiotemporal dispersion of the virus within Cambodia. One of the reasons for this is because we noted that while the virus in 2011 spread to 19 provinces in 73 weeks, this time, it took only 14 weeks to reach 23 out of 25 provinces. Implementing a continuous phylogeographic analysis as the one we set up for the 2011 outbreak will allow us to calculate summary statistics of spatial spread such as dispersal velocity or evolution of the maximal wavefront distance. These statistics will help to further describe the dynamics of the outbreak and to compare the mode and rate of spatial spread among the two different outbreaks. First of all, we successfully implemented two different sequencing techniques (metagenomics and PCR amplicons) that allowed us to obtain the complete sequence of the virus from samples of varying viral load and quality (degraded or partially degraded). By combining both techniques, we obtained complete CHIKV genomes from the 2011-2013 and 2020 outbreaks. The protocol and PCR primers panel optimized to obtain the complete CHIKV genomes were quickly shared with the community (https://github.com/Simon-LoriereLab/ChikungunyaCambodia2020) and, very importantly, with our collaborators from Institut Pasteur du Cambodge. This allowed our colleagues to implement their own sequencing while avoiding the delay of sending new samples to our institute for sequencing, allowing them to act quickly on the ongoing CHIKV outbreak. This highlights the importance of creating scientific networks and research collaborations between different academic institutions that allow (i) the generation and analysis of genomic data and thereby, the possibility of informing about the outbreak in real-time, and (ii) to build research capacity enabling countries to implement their own solutions to their specific problems.

Second, our work provided an update on CHIKV genetic diversity and evolution in Cambodia, contributing to the general understanding of CHIKV circulation in Southeast Asia. Overall, our phylogenetic analysis showed that the CHIKV strains circulating in Cambodia from 2011 to 2013 belonged to the IOL lineage, most likely introduced in the country from Thailand somewhere between 2009 and 2011. The CHIKV from this outbreak harbored the E1:A226V substitution that is associated with an increase of CHIKV dissemination in Aedes albopictus mosquitoes, along with two other mutations in the E2 glycoprotein that seemed to be characteristic of the sequences falling in this clade. In contrast, viruses reported from Cambodia in 2020 lacked the E1:A226V substitution but harbored a double substitution in the surface proteins, which were recently associated with increased infectivity and transmission by Aedes aegypti (E1:K211E and E2:V264A) (303). Our analysis also showed that the CHIKV strains from the 2020 outbreak were phylogenetically closer to CHIKV circulating in Southeast Asia. This suggests that the recent outbreak was not seeded from previously CHIKV circulating in Cambodia, but instead from the introduction of the virus from neighboring countries. Indeed, our phylogenetic analysis inferred at least five different introductions, possibly from Thailand and China. Nonetheless, we should interpret these results carefully, in light of the genetic diversity sampled.

As noted in the main introduction of this thesis, a common problem in phylogenetic and phylogeographic inference is sampling bias (122,137,158). Having an unbiased sampling can be very hard to achieve as it requires (i) knowing the geographic extension of the outbreak, (ii) having access to the specific regions for sampling, and (iii) extensive sequencing efforts. Therefore, we might have an uneven sampling in most cases, leading to the absence or overrepresentation of samples collected from specific regions. In turn, this can lead to inadequate phylogenetic reconstruction, resulting in misleading conclusions about the geographical source of the outbreak. This might be the case for the 2011-2013 outbreak, from which we acknowledge that there is little to no genomic or epidemiological information on CHIKV circulating in neighboring countries in those years. For example, there is no data on CHIKV circulating in Vietnam or Laos between 2009 and 2011; therefore, we could completely exclude the possible "true" origin of the outbreak. Consequently, we acknowledge that our results rely on the available data giving us a picture Still, we believe that this update on the CHIKV diversity is important because although CHIKV infection is not life-threatening, with no vaccine or treatment available, CHIKV imposes a significant burden on the health of the infected individuals. Currently, CHIKV circulates in several parts of the world, particularly in Africa and Asia. However, with increasing globalization, climate change, expansion of Aedes mosquitoes and possibly new adaptive viral mutations, CHIKV will probably continue to circulate and expand its global distribution, becoming an increasing threat to public health. For this reason, continuous surveillance and genomic investigations to identify genetic variations are crucial for developing effective diagnostics, treatments and future vaccines.

Finally, while we hope both studies bring new information to understanding CHIKV spread and evolution in Cambodia, our work leaves the door open to other interesting questions.

The first one concerns the inter-seasonal quiescence of CHIKV during the 2011-2013 three-year outbreak. Arbovirus dynamics are very seasonal and temperature dependent as they rely on mosquitoes to be transmitted, which are themselves highly influenced by temperature (304). In Cambodia, there are two main seasons: a dry season from October to April and a rainy season from May to September, when mosquitoes, and hence mosquito-borne viruses, are more likely to circulate. The typical seasonality of arboviruses in Cambodia is described with an increasing number of cases during the rainy season, peaking during July/August (305). Indeed, no inter-seasonal cases were documented during the 2011-2013 outbreak. However, our phylogenetic analysis suggests that the three-year epidemic was not the result of successive reintroductions but rather the result of one (or multiple) initial introductions in 2011 followed by local transmission. Therefore, how was the virus maintained throughout the dry season? Was it through mosquito vertical transmission cycles? Or maybe it was maintained thanks to a low transmission rate leading to a small and undetected number of cases? In this regard, there is evidence supporting both hypotheses. First, vertical transmission is considered a possible mechanism for the persistence of arboviruses during unfavorable periods (295). In these vertical transmission cycles, arboviruses such as CHIKV would be transmitted to the eggs from an infected female mosquito. Very importantly, this mechanism is possible as mosquitoes such as Aedes Aegypti exploit different strategies to resist hostile conditions. One of them is laying eggs that can withstand the desiccation caused by low humidity and high temperatures for long periods of time. Indeed, it has been estimated that Aedes Aegypti eggs can survive under unfavorable conditions for up to one year (306). Therefore, it could be hypothesized that during periods of drought, CHIKV persisted in the deposited eggs, which remained viable until they hatched at the beginning of the rainy season in May, leading to a subsequent period of CHIKV circulation. Second, while it is true that the intensity of transmission would probably wane as the dry season begins, mosquitoes are getting more and more adapted to urban settings, very often breeding in water-holding containers that people keep around their homes (307). Therefore, despite drier conditions, CHIKV transmission might not have stopped entirely, leading to a low and undetected but sufficient number of transmissions cycles that contributed to the persistence of CHIKV during the unfavorable periods.

The second question is about the inter-epidemic evolution and spread of CHIKV. Indeed, after nearly ten years of absence, we observed the re-emergence of CHIKV in Cambodia and neighboring countries (Thailand, Myanmar). In light of the genetic diversity of CHIKV sampled, our phylogenetic analyses clearly showed that the viruses captured in 2020 belonged to a separate cluster from those captured in 2011- [6][7][8][9][10]. Furthermore, in contrast to other arboviruses circulating in these countries, such as DENV, CHIKV does not circulate endemically but instead causes episodic outbreaks. This brings the following question: where does this CHIKV variant come from? Very interestingly, CHIKV strains harboring either the substitution E1-K211E and E2-V264A in the background of E1-226A (as we observed for the 2020 outbreak in Cambodia), or the E1-A226V substitution (as in the 2011-2013 outbreak) were detected co-circulating in India between 2010 and 2012 [START_REF] Russell | Effect of internationally imported cases on internal spread of COVID-19: a mathematical modelling study[END_REF][START_REF] Candido | Evolution and epidemic spread of SARS-CoV-2 in Brazil[END_REF]. In the following years, cases have been reported annually in India ( 58), with viruses collected from 2012 until 2016 harboring E1-K211E and E2-V264A in the background of E1-226A. This fact suggests that CHIKV responsible for the recent epidemics in Cambodia, Thailand, and Myanmar probably evolved from viruses circulating in India in 2010. Therefore, based on the current genomic and epidemiological data available for the Southeast Asia region, a parsimonious explanation for the inter-epidemic evolution of CHIKV could be that after the epidemics were brought under control in 2013, the herd immunity in these populations started to wane slowly. Given that CHIKV was still circulating in countries like India, all this, in combination with other possible ecological and social factors taking place (e.g., travel, urbanization, climate change), led to the upsurge of CHIKV cases observed in 2018 -2020, first in Thailand and then in Myanmar and Cambodia. The third open question is whether the different mutational profiles in the CHIKV strains collected in the 2011-2013 and 2020 outbreaks can be associated with a shift in the vector preferentially used for transmission. In this regard, a study suggested that the combination of both substitutions E1-K211E and E2-V264A in the background of E1-226A increased virus infectivity and dissemination in Aedes aegypti while having no significant effect on the fitness in Aedes albopictus (303). However, there is little information about the geographic distribution and relative abundance of Aedes aegypti and Aedes albopictus. For instance, only one recent study addressed the relative abundance of these mosquito vectors. Although the authors found that Aedes aegypti was slightly more prevalent than Aedes albopictus, the study limited the sampling and screening of mosquitoes to 24 schools located in two out of twentyfive Cambodian provinces (308). Our colleagues from the Institut Pasteur du Cambodge have suggested that both mosquito species circulate in the country almost homogenously.

Another exciting question related to the above is whether there is a link between the geographic distribution of Aedes mosquitoes and CHIKV strains with different genomic signatures: E1-226A (+E1-K211E and E2-V264A) versus E1-A226V. This question arises from previous publications where it was reported that CHIKV strains containing the Aedes albopictus adaptive mutation E1-A226V were detected in Southern India (309), where the relative abundance of Aedes albopictus is higher (310). In contrast, CHIKV harboring the substitutions E1-K211E and E2-V264A in the background of E1-226A were detected in Northern India (311), where Aedes aegypti is reported to be highly abundant. While this correlation is very intriguing, I believe that for addressing this question, we need (i) more in vivo evidence about the role of these mutations in the modulation of infectivity, dissemination, and transmission by the two different Aedes species, and (ii) more studies addressing the geographic distribution and relative abundance of these two mosquito species.

The last open question is related to the differences in chikungunya disease outcomes observed during the 2011-2013 outbreak in Cambodia. Although our work suggests that no additional mutations are required for CHIKV to reach the CNS, we are aware that our results do not show significant statistical support, mostly due to the low number of samples obtained from patients suffering encephalitis upon CHIKV infection (n=5). Consequently, the question remains, and our work only scraped the surface of this intriguing question. More work investigating larger cohorts, associating clinical and genomic data of patients with different clinical presentations, should shed light on the factors involved in the disease outcomes.  We successfully set up an amplicon-based sequencing approach that allowed us to obtain the complete viral genomes from samples of varying viral load and quality.

 We shared the PCR amplicon scheme with the community and, very importantly, with our colleagues from Cambodia, providing building capacity.

 Both the 2011 and 2020 outbreaks in Cambodia appear to have been seeded from introductions from neighboring countries, particularly Thailand. We found that China was also a possible origin for the 2020 epidemic.

 We observed a different mutational profile in the CHIKV strains collected in the 2011-2013 and 2020 outbreaks, which can be associated with a shift in vector usage for transmission. Coronaviruses (CoVs) are a large group of enveloped positive sense and single-stranded RNA viruses. Their name "corona" is due to the crown-like appearance of the spike protein on the virion surface when viewed under an electron microscope (Figure 7-1) (312).

CoVs cause mild to severe respiratory disease in humans and animals, including livestock, making them a challenge for public and animal health and an economic concern (313).

Based on genetic and serological characterization, CoVs fall into four different genera: Alphacoronavirus, Betacoronavirus, Gammacoronavirus, and Deltacoronavirus, with the first two mainly infecting mammals and the other two primarily birds (314)

Before the ongoing COVID-19 pandemic caused by SARS-CoV-2, we have witnessed in the last decades at least five significant outbreaks of coronaviruses which all had important consequences for our society:

1. Infectious bronchitis virus: it is a gammacoronavirus that causes infectious bronchitis in poultry, and although it was first identified in 1931, it still is one of the most important causes of economic loss within the poultry industry (315). 2. Transmissible gastroenteritis virus: it is a porcine enteropathogenic coronavirus belonging to the alphacoronavirus genera, which causes enteritis in pigs and can be lethal in piglets. It was first identified in the United States in 1946 and subsequently identified in Europe, Africa, South America, and China (316). 3. Porcine epidemic diarrhea virus: porcine alphacoronavirus emerged in 1971 in Belgium, and from there, it spread to Europe, Asia, and North America, where it has circulated ever since. Like TGEV, it causes acute diarrhea and high mortality in piglets. However, while TGEV infections are currently controlled, the recent emergence of new PEDV strains resulted in a significant burden (317). 4. Severe acute respiratory syndrome coronavirus (SARS-CoV): is a zoonotic virus that emerged in humans, causing fatal respiratory illness. It was first detected in 2002 in China, and from there, it spread to North America, South America, Europe, and Asia before it was contained. 5. Middle East respiratory syndrome coronavirus (MERS-CoV): like SARS-CoV, MERS-CoV is a betacoronavirus belonging to the subgroup known as Sarbecovirus. It causes severe pneumonia with a higher fatality rate than SARS-CoV. Humans get infected through direct or indirect contact with infected dromedary camels or human-to-human transmission. MERS-CoV was first reported in Saudi Arabia in 2012, and since then, cases have been registered in 27 countries. ( 318)

In contrast to SARS-CoV, MERS-CoV, and SARS-CoV-2, there are four other strains of coronavirus causing seasonal and mild symptoms in humans, namely, HCoV-229E and HCoV-NL63 belonging to Alphacoronavirus genera and HCoV-OC43 and HCoV-HKU1, which belong to the Betacoronavirus genera but a different subgroup of Betacoronavirus named Embecovirus (319).

Emergence and spread of SARS-CoV-2

In late December 2019, a cluster of patients with pneumonia of unknown cause was detected in Wuhan City, Hubei Province, China (320). Very similar to the SARS-CoV and MERS-CoV outbreaks, these patients had symptoms of viral pneumonia such as fever, difficulty in breathing, cough, or chest pain (320). As was the case of the SARS-CoV outbreak in China in 2002, the first 27 cases of SARS-CoV-2 infection were epidemiologically linked to a traditional market, this time the Huanan Seafood Wholesale Market (321). These markets, sometimes also called "wet markets2 ," sell fresh meat, fish, agriculture products, and live animals, including poultry and wildlife (321). Interestingly, according to a summary report from the Chinese Center for Disease Control and Prevention, the symptoms of the first known case, identified retrospectively in Wuhan City, started on the 8th of December 2019 (322). Although this information does not coincide with the patient's interview in which he states that the symptoms began on the 16th of December (323), it means that the virus was circulating even before the first documented cases. By the end of December, the number of cases of pneumonia associated with the market increased, prompting the Wuhan Health authorities to communicate to the general public and the WHO on the 31st of December, about a pneumonia outbreak of unknown etiology. Consequently, on the 1st of January 2020, the market in Wuhan was closed because of sanitary reasons (324).

Subsequently, bronchoalveolar samples from these infected patients were sequenced using an untargeted metagenomic approach, and it was identified that the etiologic agent was an unknown betacoronavirus (320,325,326). On the 10th of January 2020, the first complete genome of the novel coronavirus was made available on the Virological website (327), and later on, more complete genome sequences from different research centers were released on the GISAID database (328). Later, patients with no relation to the market in Wuhan and several familial and healthcare facilities clusters were identified, which proved clear evidence of human-to-human transmission (329,330). The virus spread quickly throughout China, and by the end of January 2020, cases were reported in 34 Chinese provinces. Therefore, on the 30th of January, WHO declared the novel coronavirus outbreak an international health emergency (331). Very importantly, on the 11th of February, the previously known "2019 novel coronavirus" was given the official name of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) by the International Committee on Taxonomy of Viruses, and the WHO named the disease . In order to control the spread of the virus, the Chinese government established strict public health measures: cities were closed, and outdoor activities and social gatherings were restricted. In parallel, several countries implemented specific syndromic surveillance to identify SARS-CoV-2 infections. Through such national surveillance efforts, the first COVID-19 cases in Europe were detected in France and Germany on the 24 and 28 January 2020, respectively (333). Despite many efforts, the virus spread quickly, leading the WHO to declare a pandemic on the 11th of March 2020. Since then, SARS-CoV-2 has been circulating, wreaking havoc worldwide.

Origins of SARS-CoV-2 (as of December 2021)

Since the identification of the first COVID-19 cases, one of the questions that have generated considerable discussion among researchers and the non-scientific community has been the origin of SARS-CoV-2. While all the possible theories about the origin of SARS-Cov-2 have already been reviewed (334, 335), here I will only describe the most outstanding genomic features of SARS-CoV-2 and how these features support the animal origin as the most plausible and parsimonious scenario.

Similar to other coronaviruses, SARS-CoV-2 has an RNA genome of approximately 30 kb long, encoding four structural proteins, including the spike protein (S), an envelope protein (E), membrane protein (M), and nucleocapsid protein (N). The four structural genes of SARS-CoV-2 share more than 90% AA identity with those of SARS-CoV except for the S gene, which is more divergent. Nevertheless, similarly to SARS-CoV, the S protein of SARS-CoV-2 plays a key role in receptor recognition and cell membrane fusion. It is functionally divided into two subunits, with the S1 subunit containing the receptor-binding domain (RBD), thus responsible for the receptor binding, whereas the S2 domain mediates the cell membrane fusion process (336). In addition, several open reading frames lead to non-structural and accessory proteins. Within the non-structural proteins, the nsp14 stands out. It is part of the replication-transcription complex, and very interestingly, it has 3'-to-5' exonuclease activity, assisting RNA synthesis with RNA proofreading activity (337). Such a proofreading complex might explain why coronaviruses generally have a low mutation rate compared to other RNA viruses.

Initial phylogenetic analysis of the full-length genome of betacoronaviruses shows that while SARS-CoV-2 clusters together with SARS-CoV and SARS-related coronaviruses (SARSr-CoVs) within the subgenus Sarbecovirus, it forms a distinct cluster with coronaviruses detected in horseshoe bat (RaTG13, RmYN02, ZC45 and ZXC21) and pangolins (Figure 7-2) (313). Indeed, RaTG13, a bat coronavirus identified in Rhinolophus affinis from Yunnan province in China, was initially the closest relative to SARS-CoV-2 sharing 96.2% of nucleotide identity (326). More recently, three coronaviruses were identified in three different Rhinolophus bat species collected from northern Laos in the Indochinese peninsula (338). These bat viruses exhibit high nucleotide identity, particularly the virus named BANAL-52, which presents 96.8% of nucleotide identity (338). Notably, while the RBD of RaTG13 differs in five out of the six key contact residues for binding the human receptor ACE2, BANAL-52 differs in only one. This high genetic similarity makes BANAL-52 the closest virus to SARS-CoV-2, as of December 2022, while supporting a bat origin of SARS-CoV-2 (326).

Despite the relevance of bats in coronavirus outbreaks, two facts might suggest that another animal may have acted as an intermediate host between bats and humans. First, the genetic distance with the Wuhan-Hu-1 reference sequence of RaTG13 and BANAL-52 is 3.8% and 3.2%, respectively. This means a difference in 1150 and 967 sites across the genome, respectively. Considering an evolutionary rate of 0.80x10 -3 substitutions/site/year (339), this reflects decades (~ 40 years) of evolutionary divergence, as also suggested by Boni et al. (340). This evolutionary gap demonstrates that neither RaTG13 nor BANAL-52 is the direct progenitor of SARS-CoV-2 (334). Second, the SARSr-CoVs found in horseshoe bats were sampled very distant from the first COVID-19 detected cases.

Beyond bats, SARS-CoV-2 related viruses have been identified in pangolins (Pangolin-CoV) (341). Remarkably, while RaTG13 has the highest average genetic similarity to SARS-CoV-2, the S protein's receptor-binding domain (RBD) of SARS-CoV-2 showed higher AA similarity with the one of Pangolin-CoV (341, 342). More specifically, within the RBD, Pangolin-CoV has only one AA variation from SARS-Cov-2, and this difference is not of the six key residues constituting the receptor-binding motif involved in the interaction with the human receptor ACE2 (341). Nevertheless, pangolins infected with coronaviruses do not stay healthy. Generally, they exhibit signs of respiratory disease, including shortness of breath, lack of appetite, and weight loss (342). This fact suggests that the pangolins are not the natural reservoir of these coronaviruses and likely acquired the viruses from other hosts. CHAPTER 3: Studying the epidemiology and intra-host evolution of SARS-CoV-2 100 Furthermore, Pangolin-CoVs identified to date have an overall genome identity of 92% with SARS-CoV-2 (341), indicating that pangolins would not be the intermediate host of SARS-CoV-2. Additionally, because SARS-CoV-2 is closer to the RaTG13 bat virus in all genomic regions but in the RBD, which is genetically closer to a pangolin virus, it has been hypothesized that SARS-CoV-2 could be a recombinant of an ancestor of 344). However, Boni et al. presented evidence against that hypothesis and proposed that RaTG13 is the product of recombination from an unsampled bat coronavirus (340). Therefore, the authors suggested that the most parsimonious explication is that the shared RBD residues binding to ACE2 were present in the common ancestor leading to RaTG13, Pangolin-CoV and SARS-CoV-2 but were lost in RaTG13 through recombination (340).

So, how did the virus get into humans? There is not yet a clear answer for that. While more animals are being found to be susceptible to SARS-CoV-2 infection, such as raccoon dogs, civet cats, and minks, all for sale in the Hunan market (26), there is no clear evidence of which could have acted as an intermediate host. Nevertheless, this highlights the importance of continuing sampling animals and suggests a central role of SARSr-CoV-susceptible animals that might have been a direct SARS-CoV-2 progenitor and, therefore, the primary source of human infection.

The direct progenitor of SARS-CoV-2 has not been found yet, leading to the rise of alternative hypotheses such as the "laboratory escape" scenario (334,335). Supporters of such scenarios also rely on the fact that notable genomic features distinguish SARS-CoV-2 from SARS-CoV and other betacoronaviruses. Nevertheless, as I will explain more in detail in the following lines, all notable SARS-CoV-2 features have been already observed in nature and very importantly, in related coronaviruses (334,335).

Two major genomic features distinguish the SARS-CoV-2 genome from SARS-CoV and other betacoronaviruses. First, despite binding to the same cellular receptor, ACE2 (345), the SARS-CoV-2 RBD sequence is different from that of SARS-CoV. Specifically, they differ in the six key residues on the RBD, critical for human ACE2 binding. Remarkably, biochemical studies have shown that these changes have stabilized the interaction between the two RBD binding hotspots on the surface of the ACE2 receptor (346) and have strengthened the binding affinity to ACE2 compared to that of 347). Nevertheless, as already mentioned, the RBD region of SARS-CoV-2 is almost identical at the AA level, including key residues, to the one in pangolin coronaviruses (Figure 7-3) or . Therefore, the presence in pangolins and bats of an RBD very similar to that of SARS-CoV-2 proves that the "alternative solution" of the SARS-CoV-2 spike protein for binding the human ACE2 already existed in nature and probably is the result of natural selection (335). In addition, despite SARS-CoV-2 RBD's high binding affinity for human ACE2, ongoing SARS-CoV-2 evolution has led to the emergence of several mutations in the RBD region (e.g., D614G, N501Y), enhancing its binding affinity to the human ACE2 receptor [START_REF] Starr | Deep mutational scanning of SARS-CoV-2 receptor binding domain reveals constraints on folding and ACE2 binding[END_REF]348), suggesting that there was and may still be room for further SARS-CoV-2 evolution and human adaptation. In this way, the hypothesis of the "creation" or "laboratory escape" of a humanized virus, highly adapted to infect humans, is weakened (334, 335). The second specific genomic feature of SARS-CoV-2 is a four AA insertion (PRRA) between the subunits S1 and S2 of the S protein, which generates a polybasic cleavage site (RRAR). This site enables an efficient cleavage by furin and proteases, essential for spike-driven viral entry into cells (349). Such a cleavage site is not present in any member of the subgenus Sarbecovirus identified, including BANAL-52. However, although it does not constitute a functional polybasic cleavage site, RmYN02 contains three AA insertions (PAA) (350), and a canonical furin cleavage site (RRKR) has been described in betacoronaviruses belonging to the subgenus Embecovirus, namely HKU-1 (335) (Figure 7-4). This clearly shows that insertions and deletions near the S1/S2 junction are recurrent among coronaviruses and not entirely exclusive to SARS-CoV-2 as first thought. Additionally, as the furin cleavage site is present across the coronavirus family tree, the site is probably the result of convergent evolution. Therefore, the polybasic furin cleavage site in SARS-CoV-2 could have arisen naturally (334,335).

Overall, while the ''laboratory escape'' scenario cannot be completely ruled out, the epidemiological history and genomic features of SARS-CoV-2 strongly support that SARS-CoV-2 is a zoonotic virus. Furthermore, the similarity between SARS-CoV and SARS-CoV-2 emergence suggests they might share similar origins: a virus from bats that spread to humans through an intermediate host (civets for SARS-CoV). While it is true that the specific zoonotic origin of SARS-CoV-2 has not been yet determined, this is often the case. For example, it took several years to determine the origin of SARS-CoV, and for many other well-known viruses such as EBOV, the zoonotic origin is still unclear. The main reason might be that the right animals might not have been sampled yet. Therefore, more investigations, including sequencing SARS-CoV-2 from very early human cases and different animals, could shed light on the origin of the virus, providing a better understanding of the emergence of the pandemic.

SARS-CoV-2 evolution -(as of January 2022)

Understanding the ongoing evolution of SARS-CoV-2 is crucial for establishing accurate public health responses (e.g., vaccination), ultimately controlling the pandemic. So far, we have witnessed more than two years of SARS-CoV-2 evolution, leading us to complete half the Greek alphabet.

While this pandemic has provided us with an extraordinary example of viral evolution in real-time, significant efforts from national authorities, institutions, expert networks, and researchers were needed to monitor SARS-CoV-2 evolution. This extensive genomic surveillance has popularized the use of genomic tracking tools to analyze genomes in real-time such as Nextstrain (351), the creation of new platforms for efficient sharing of the information such as CoVariants or CoV-Lineages, and a formal system to classify and identify SARS-CoV-2 variants. Initially, three nomenclature systems were developed for epidemiological surveillance. First, the GISAID nomenclature assigns SARS-CoV-2 genomes within 11 major clades (352). Currently, the GISAID clades include the S and L clades, the two earliest clades to be identified, with the SARS-CoV-2 reference strain belonging to clade L; the V and the G clades, which evolved from the L clade. It also includes the GH, GR, and GV clades, all three descendants from the G clade; the GRY clade, which split from the GR clade around September 2020 and is today best known as the Alpha variant; the GK clade, also known as the Delta variant, evolving from the G clade; and lastly, the GRA clade which Furthermore, given the continuing emergence of variants and the continuing change in our understanding of their impact, variants have been further classified as variants of concern (VOC), variants of interest (VOI), and variants under monitoring (VUM) (357). The WHO has defined these variants as follows:

1. A VOC is a variant with evidence of increased transmissibility, more severe disease (e.g., increased hospitalizations), reduction in neutralization by antibodies generated either by natural infection or vaccination, decreased effectiveness of public health measures, or diagnostic detection failure. CHAPTER 3: Studying the epidemiology and intra-host evolution of SARS-CoV-2 104 2. A VOI is a variant responsible for significant community transmission, suggesting an emerging global risk, and its mutations might affect the transmission, diagnostics, and therapeutics. A VOI would therefore require enhanced surveillance and further laboratory characterization.

3. VUM is a variant with mutations that are suspected to affect the properties of the virus, imposing future global risk; however, evidence of phenotypic or epidemiological impact is unknown. Similar to VOIs, VUM requires enhanced monitoring and laboratory analysis.

Furthermore, to achieve a more straightforward and practical discussion with the general public, the WHO recommended using Greek Alphabet letters to label key VOCs and VOIs (358).

The first evidence of SARS-CoV-2 mutations having a substantial effect on the virus was the emergence of the substitution D614G in the S protein. It was first detected early, in March 2020, and it was later observed to emerge multiple times independently and simultaneously in the global SARS-CoV-2 population, suggesting convergent evolution and an adaptive benefit of this mutation [START_REF] Harvey | SARS-CoV-2 variants, spike mutations and immune escape[END_REF]. Supporting the latter, by June 2020, the prevalence of the D614G substitution rose to nearly 100%, and now several lines of evidence suggest that SARS-CoV-2 variants carrying this substitution have increased transmissibility [START_REF] Hou | SARS-CoV-2 D614G variant exhibits efficient replication ex vivo and transmission in vivo[END_REF][START_REF] Volz | Evaluating the effects of SARS-CoV-2 spike mutation D614G on transmissibility and pathogenicity[END_REF][START_REF] Plante | Spike mutation D614G alters SARS-CoV-2 fitness[END_REF]. Shortly after, several SARS-CoV-2 variants emerged associated with increased transmissibility, decreased sensibility for antibodies generated either from previous natural infection or vaccination, and increased risk of reinfection; and therefore, they have been identified as VOCs. As of the 30th of January 2022, the Alpha, Beta, Gamma, Delta, and Omicron variants have been designated VOCs. According to the PANGO nomenclature, the first of these variants to emerge was the Alpha variant or B.1.1.7. The earliest known cases of the Alpha variant were detected in England in late September 2020, and by January 2021, the variant was being detected in 45 countries across the globe [START_REF] O'toole | Tracking the international spread of SARS-CoV-2 lineages B. 1.1. 7 and B. 1.351/501Y-V2 with grinch[END_REF]. The variant carried an unusual number of genetic mutations, including 14 non-synonymous substitutions and three deletions (359). Among these mutations, several were located in the S protein, and in particular, three of them showed to have critical biological effects: the N501Y substitution, which increased the viral binding affinity to the human ACE2 receptor [START_REF] Starr | Deep mutational scanning of SARS-CoV-2 receptor binding domain reveals constraints on folding and ACE2 binding[END_REF]; the 69/70 deletion, which affected PCR assays targeting the S gene and was potentially associated with immune evasion (360); and the P681H mutation, located in the S1/S2 furin cleavage site and it has been suggested to facilitate viral fusion and entry (361). After the Alpha variant emergence, two other novel and rapidly growing lineages with many genetic changes were identified in South Africa (362) and Brazil (363). These lineages were given the name of Beta and Gamma variants or B.1.351 and P1, according to the PANGO nomenclature, respectively. The Beta variant was initially reported in South Africa in October 2020, where it spread rapidly, accounting for 87% of the sequenced COVID-19 cases at the beginning of December 2020, and by February 2021, the variant had been reported in 45 countries (364). Early estimations indicated that the variant was 50% more transmissible than preexisting variants in South Africa, causing a rapid saturation of public health services (365). The Beta variant showed decreased neutralization activity from previous infection and vaccination with Pfizer,Moderna,and AstraZeneca vaccines (364). The characteristics of the Beta variant can be attributed to the set of 23 mutations present throughout the genome, including 17 AA changes. Among these substitutions, three are located in the RBD of the spike protein and have been associated with (i) higher binding affinity to the human ACE2 receptor (N501Y) ( 88), (ii) reduced antibody neutralization (E484K) (366, 367), (iii) and reduced sensibility to antiviral treatments (K417N) (368).

Interestingly, the Gamma variant was reported almost simultaneously in a different continent and contained almost the same RBD mutations: the N501Y, the E484K, and the K417T substitutions. For the latter, in the Beta variant, an N was observed instead of a T. Again, convergent evolution highlights the adaptive benefit of these substitutions. The Gamma variant was first detected in Manaus, Brazil, with a surge of new cases at the beginning of November 2020 (363), and like the other VOCs, it quickly spread throughout the country and internationally (369). Furthermore, it was estimated that this variant was between 1.7 to 2.4-fold more transmissible than preexisting circulating variants and associated with higher mortality risk (363). As observed during the emergence of the other variants, the increased transmissibility of the Gamma variant led to an overload of the health systems. Therefore, it is difficult to determine whether a higher mortality risk is due directly to the infection with this new variant or to the consequent saturation of health systems.

Although these variants disseminated rapidly across the globe, they were quickly displaced in many parts of the world by the next emerged VOC: the Delta variant (370). It was first detected in India by the end of September 2020, and by April 2021, it had already replaced previously circulating variants, the Alpha and the Kappa variants, causing a major surge of infections, which peaked at 400,000 new cases per day (370,371). A similar increase was later observed in the UK and the USA (372, 373), and by July 2021, the Delta variant was present in 130 countries across the globe (374). Studies have shown that the Delta variant has increased transmissibility and hospitalization rates (375, 376) and reduced vaccine effectiveness (377-379). These characteristics were attributed to the set of 30 novel mutations present in the Delta variant compared to the SARS-CoV-2 reference strain. Among those mutations, several are located in the S protein, including two substitutions in the RBD, L452R and T478K, thought to reduce antibody neutralization ( 380 These features of the Delta variant, together with its overwhelming circulation, prompted the idea that the next VOC would evolve from this lineage.

Nevertheless, the next VOC that emerged, Omicron, is phylogenetically distinct from any VOC or VOI or any other SARS-CoV-2 variant previously circulating in Southern Africa, where it was first detected (385). This genetic distance is reflected by the length of the branch, which is rooted in the B.1.1 lineage (Nextstrain clade 20B) and gives rise to the Omicron clade (Figure 7-6). As expected from such a long branch, the Omicron variant carries a high number of mutations, with 47 lineage-defining mutations (386). Notably, it carries 30 mutations in the spike protein compared to the ancestral virus, 15 of which are located in the RBD (385). Among which, the substitutions G339D, N440K, S477N, T478K and N501Y have been associated with an increase of the binding affinity to the ACE2 receptor [START_REF] Starr | Deep mutational scanning of SARS-CoV-2 receptor binding domain reveals constraints on folding and ACE2 binding[END_REF]. In addition, three other substitutions, H655Y, N679K, and P681H, are located next to the S1/S2 furin cleavage site. While P681H has already been detected in the Alpha variant and is predicted to enhance the speed and efficiency with which viral and membrane fusion occurs (361), there is no data available for the other two. However, the H655Y has been reported in the Gamma variant, suggesting that it might provide an adaptive advantage.

Furthermore, the remarkable genetic distance, especially in the RBD of the spike protein, between the Omicron variant and the previously circulating variants, including the SARS-CoV-2 reference strain used in the current vaccines, correlates with current evidence regarding the new variant: decreased susceptibility to monoclonal antibodies (387); strong immune evasion from neutralizing antibodies conferred by prior infection or vaccination (387-389) and a higher frequency of reinfections (390). Therefore, this increase in infections rates and vaccines breakthroughs, and probably, an inherent increase in transmissibility, might explain why Omicron has been spreading very rapidly worldwide despite the high levels of circulation of the Delta variant. Early evidence also suggests that the Omicron variant's infection causes less severe disease than infection with Delta, although some people may still develop severe symptoms. For this reason, despite the strong immune evasion from vaccine-induced protection, vaccines are still expected to protect against severe illness, hospitalizations, and deaths and are thus highly recommended.

Based on the diversity of the first sampled genomes, it has been estimated that the Omicron variant has been circulating since around mid-October 2020 (391). This observation created much discussion among the scientific and non-scientific communities about the possible origin of the Omicron variant. Three hypotheses have been postulated: first, one year of undocumented circulation; second, continual evolution in a chronically infected individual (e.g., an immunocompromised patient) and subsequent spill back to the human population; and third, reverse zoonosis followed by new zoonosis (391, 392). There is evidence to support all three hypotheses. First, although undocumented circulation in the general population for almost one year seems unlikely given the great sequencing efforts worldwide, there are significant disparities in genomic surveillance across countries. In particular, Omicron was first detected in South Africa and Botswana, countries in which only a small fraction of the documented cases are sequenced -a ratio that is even lower for South Africa neighboring countries such as Tanzania or Mozambique. Hence, the accumulation of the high number of mutations giving rise to the Omicron variant could have occurred undetected (392). In support of the second hypothesis, several studies have reported a substantial accumulation of mutations in the SARS-Co-V-2 genome during long-term infections (393- 395). As such, the heavily mutated RBD of the Omicron variant has led to the belief that it could have emerged as a result of the antibody-mediated selective pressure during long-term infection. Nonetheless, previous reports of chronically SARS-CoV-2 infected individuals actually found a much lower number of mutations than observed in the Omicron variant. For instance, while the virus described by Choi et al.,(394) after 146 days of evolution in an immunocompromised patient harbored 7 non-synonymous mutations and two deletions in the spike protein, the Omicron variant presented 15 mutations in the RBD only. Lastly, the zoonotic origin of the Omicron variant is supported given (i) the prior knowledge that SARS-CoV-2 is capable of infecting several animal species, including cats and dogs, (ii) the observation of human-animal-human transmission (396), and (iii) the detection of several Omicron variants in SARS-CoV-2 sampled in animals including rodents (397) or mouse-adapted strains (398).

The Omicron variant was initially designated as belonging to a new PANGO lineage, the B. Given the large number of genetic changes differentiating BA. 1,BA.2,and BA.3 between each other and from other SARS-CoV-2 lineages, it was considered possible that: (i) the three lineages descended from a recombinant ancestor, (ii) one or more viruses from the BA lineage emerged from the recombination with BA and non-BA lineage viruses, and (iii) one of the viruses from the BA lineage is the result from the recombination of the other two BA lineage viruses. Despite one initial study, there is still no clear answer (385).

Interestingly, it has been pointed out that most of the numerous mutations present in the RBD of the spike protein which distinguishes the Omicron variant from the Delta variant are shared by both the BA.1 and BA.2. Indeed, it is the N-terminal domain of the spike protein and other genomic regions such as the ORF1a, that differ the most (399). While BA.1 was the primary and first sublineage of Omicron in circulation, the BA.2 currently appears to be the major Omicron lineage in India and is growing in frequency compared to the BA.1 in the UK, Denmark, USA, Germany, and Sweden (399).

The emergence of the Omicron variant generated much debate about whether we will reach the end of the pandemic. However, no one anticipated the Delta nor the Omicron variant, so probably Omicron will not be the last variant we will hear about. The big question now is whether our vaccines and countermeasures will be less effective against future variants.

Clinical presentation

Patients infected with SARS-CoV-2 can experience various clinical manifestations, from no symptoms to severe illness depending on: (i) the infecting variant (e.g., Alpha, Delta, and Omicron), (ii) the presence of natural-induced immunity, (iii) the degree of vaccination (e.g., non-vaccinated people, fully vaccinated people), and (iv) the health status of the infected person.

Patients with comorbidities are more likely to develop severe respiratory diseases (400). Such comorbidities include being older than 65, having cardiovascular disease, diabetes, cancer, or obesity, being a smoker, and receiving immunosuppressive therapy (401).

Upon infection, the most common symptoms are fever, fatigue, cough, loss of taste or smell, and dyspnea in severe cases (400). In general, symptoms appear after an incubation period of 1-14 days with an average of 5 days. The severe disease usually develops on day eight after symptoms onset and critical disease and death on day 16 (313). Asymptomatic SARS-CoV-2 infection can occur, in particular in children and young adults. Two meta-analysis studies indicate that asymptomatic infections among COVID-19 patients are around 40% (402,403). However, it is unclear what percentage of individuals who present an asymptomatic infection stay asymptomatic throughout the infection or progress towards clinical disease (400). There are conflicting opinions regarding the impact of asymptomatic infections on the progression and dynamics of the pandemic. Some consider that asymptomatic infections are a significant public health risk as asymptomatic individuals would more likely be out in the community than confined at home, hence a significant source of viral transmission. In contrast, other researchers believe that asymptomatic infections are not the primary drivers of the pandemic as asymptomatic patients would not be sneezing or coughing as much as symptomatic people do (404). In general, acute SARS-CoV-2 infections are resolved in 1-2 weeks; however, multiple reports have shown that people with compromised immune systems can remain infected for a longer period. In addition, there are increasing reports of patients who experience persistent and prolonged symptoms after acute COVID-19. This condition is usually referred to as "long COVID" (400).

Reinfections with SARS-CoV-2 after recovery from prior infection have been widely reported (400). Such reinfections may occur because of the waning of the immunity against the infection over time or the emergence of new variants that evade preexisting immunity. Although the prevalence of reinfection is unknown, it might increase with the circulation of the new variants (405). Alarmingly although expected, reinfections have been seen in fully vaccinated people. An infection in a completely vaccinated person is a "vaccine breakthrough infection"(406). Vaccine breakthrough infections are expected because while the vaccines had never been 100% effective against the original strain they were designed, vaccines' efficacy is significantly lower against the new variants (407). This is because new variants, such as the Delta or Omicron variant, blunt the potency of antibodies developed against older versions of SARS-CoV-2. Furthermore, two studies have shown that after the two doses of Pfizer-BioNTech vaccine, one of the most widely used COVID-19 vaccines, the humoral response significantly decreases within months (408,409). Such waning of the vaccine-induced protection would help to explain why vaccine breakthrough infections occur. Despite the reduction of circulating antibodies, vaccines are still effective in preventing people from developing severe symptoms and hospitalization. Indeed, fully vaccinated people are less likely to get infected than those who are unvaccinated, and if they do, they tend to develop less severe diseases than unvaccinated people (406). For this reason, the WHO and CDC still recommend a booster dose of Pfizer-BioNTech, Moderna, and the second shot of Johnson & Johnson's Janssen. As of January 2022, there are ten vaccines against COVID-19 approved by the WHO, and several companies are already working on producing variant-specific vaccines to protect against the different SARS-CoV-2 variants (170). This chapter reports on two of the works mentioned above. The first work involves the study of the initial introductions and early spread of SARS-CoV-2 in the Northern regions of France. The samples were obtained within the syndromic surveillance framework implemented in France early after the disease reports in China. From such surveillance, we obtained 100 complete genome sequences of SARS-CoV-2 from the earliest cases detected in France and reconstructed their phylogenetic relationships in the context of sequences drawn globally at the time. Such analysis allowed us to get insights into the initial introductions in France and the later spread of the virus at the local level, and the impact of the containment measures imposed on early detected (imported) cases.

The present work has been published as: 2020.25.26.2001200 In the second study, we monitored the evolution of SARS-CoV-2 during a long-term infection in an immunocompromised patient. As mentioned in the introduction of this chapter, it has been proposed that some of the SARS-CoV-2 variants, in particular the Alpha and the Omicron variant -which are characterized by a high number of mutations in comparison to their close relatives -may have emerged during long-term infections of immunocompromised individuals. Indeed, while most SARS-CoV-2 infections are generally resolved within 1 to 2 weeks, multiple reports have shown that immunocompromised individuals can remain infected for more extended periods, sometimes noting rapid accumulation of changes in the viral genome.

In an attempt to eliminate the infection, immunocompromised patients are often treated with monoclonal antibodies or convalescent plasma, which may sometimes shape the evolutionary dynamics of the virus.

In this work, we describe the case of an immunocompromised patient in remission of non-Hodgkin lymphoma who suffered from severe COVID-19 upon infection by SARS-CoV-2. Despite being treated with convalescent plasma, the patient remained positive for the virus for over 131 days before recuperating.

Using an unbiased NGS approach, we were able to capture snapshots of the genetic diversity of the virus at regular intervals all along the course of the infection. We tracked the dynamics of the viral population over time, including low frequency variants. To ensure accurate variant calling, we sequenced samples in duplicate. In addition, in the analysis, we only included variants with a minimum frequency threshold of 1% and minimum coverage of 1000X. We noted a significant shift in the viral population after the patient was treated with convalescent plasma but no virus clearance. We found that the long-term evolution of SARS-CoV-2 in an immunocompromised individual is not always associated with a substantial accumulation of changes, particularly in the spike protein, and highlights the challenges of managing persistently infected immunocompromised individuals.

We are preparing this work as:
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Snapshots of SARS-COV-2 population diversity during long-term infection of an immunocompromised host.

Fabiana Gámbaro 1,2 , Stéphanie Marque-Juillet 3 , Flora Donati 4,5 , P Bargain 3 , S Rigaudeau 3 , A Henry 3 , AC Gauchie 3 , Sylvie Behillil 4,5 , Vincent Enouf The long-term infections have been proposed as plausible contributors to the emergence of new SARS-CoV-2 variants. In this work, we sequenced duplicates respiratory samples using an unbiased metagenomic deep sequencing technique to capture snapshots of the genetic diversity of SARS-CoV-2 and track the dynamics of the viral population during a long-term infection in an immunocompromised patient in the presence of convalescent plasma therapy. We found that long-term infections are not always associated with a high accumulation of changes in the viral genome and that the convalescent plasma therapy did not result in viral clearance but a replacement of the viral population within the respiratory tract.

In late 2019 we witnessed the emergence of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), leading to one of the largest and fast-spreading pandemics in modern history (1,2). Two years into the pandemic and SARS-CoV-2 infections are still raging in many parts of the world, fueled by more transmissible SARS-CoV-2 variants of concern. With five different variants of concern around the corner, there is an urge to understand the threat these variants might impose on our society. In this context, much discussion has been generated about the possible origin of these variants. Determining under which circumstances these more transmissible variants emerged could help understand the risk of new variants emerging, suggesting ways to prevent it from happening again.

It has been proposed that some of these variants, in particular the Alpha (B. 1.1.7) and the heavily mutated Omicron variant (B. 1.1.529), are characterized by a high number of mutations in comparison to their close relatives, notably in the spike protein, could have emerged during long-term infections in chronically infected individuals (3). Indeed, while most SARS-CoV-2 infections are generally resolved within 1-2 weeks, multiple reports have shown that people with compromised immune systems can remain infected for a longer period, sometimes noting rapid accumulation of changes in the viral genome. In an attempt to eliminate the infection, immunocompromised patients are often treated with monoclonal antibodies or convalescent plasma (CP). Although the use of CP showed initial promising results in severe COVID-19 patients (4,5), evidence supporting its clinical efficacy is still ambiguous (6,7). While it is true that immunocompromised patients would benefit from CP therapy, given the underlying deficits in B or T cell immunity, recent studies have shown that CP treatment might not be successful in clearing the infection resulting, on certain occasions, in the emergence of escape mutations in SARS-CoV-2 (8,9).

In this work, we describe a case of an immunocompromised patient facing a non-Hodgkin lymphoma in remission who suffered from severe COVID-19 upon infection by SARS-CoV-2. We recovered infectious virus at least until day 86 since the onset of the symptoms. We successfully sequence samples in duplicates at different time points using an unbiased next-generation sequencing approach. In this way, we were able to capture snapshots of the genetic diversity of the virus, including low frequency variants, at regular intervals all along the course of the infection. We observed that the persistent infection led to the withinpatient evolution of SARS-CoV-2 and a significant shift in the viral population when the patient was treated with convalescent plasma but with no virus clearance. Our data provide insights into the intrahost viral dynamics while showing that the long-term evolution of SARS-CoV-2 in an immunocompromised individual is not always associated with a substantial accumulation of changes in the spike protein. Our work also highlights the challenges of managing persistently infected immunocompromised individuals.

Clinical presentation of the immunocompromised patient infected with SARS-CoV-2

A 70-year old-year-old immunosuppressed patient facing a lymphoma who received an autologous transplant in late December 2019 started with fever and cough on the 23rd of April 2020 (Day 0). On the 29th of April, tested positive for SARS-CoV-2 by reverse-transcription polymerase chain reaction (RT-qPCR) from a nasopharyngeal swab specimen. On the 7 th of May (day 14 of illness), he was admitted to the hospital with fever, cough, and pneumonia. The patient tested positive for SARS-CoV-2 until day 138 (except for day 55), and he was finally discharged on the 6 th of November (Figure 1)

In an attempt to treat the persistent SARS-CoV-2 infection, the patient was subjected to CP therapy for four days, starting on day 90. He was transfused with 200 mL/day of SARS-CoV-2 convalescent plasma. Pre-and post-treated serum samples were tested by neutralization assay to detect SARS-CoV-2 specific antibodies. While no antibodies were detected prior to the transfusion (days 35 and 85), four days after the treatment (day 97), antibodies against SARS-CoV-2 were detected (Table S1). The individual remained positive for SARS-CoV-2 until day 131 before recuperating.

Virus isolation was attempted on RT-qPCR-positive samples. Individual's respiratory sample collected on day 89 was successfully cultured on Vero E6 cells supporting persistent SARS-CoV-2 infection with the shedding of infectious virus at least until day 89 since the onset of symptoms (Figure 1). Deep sequencing and intra-host low frequency variants calling.

To ensure accurate variant calling for the intra-host variant analysis, samples included in this analysis were sequenced using an untargeted metagenomics sequencing approach that allowed us to assess the viral population unbiased (no PCR-based sequencing). In addition, each sample was prepared in duplicates starting from the extracted RNA and sequenced in different batches. The resulting genomes had an average coverage of over 90% and except for one sample, all had an average coverage of at least 1000X in one of the duplicates (Table S2). We considered for the analysis only variants found across replicates. We found that only near 60% of the variants (interquartile range: 55.7 to 74.5%) were conserved in both replicates for each sample (Figure S1-A). For most variants, we observed a difference of less than five percent in the frequency detected in both replicates, showing a high concordance between replicates (Figure S1-B). Lastly, we selected low frequency variants with a minimum frequency threshold of 1% and a minimum read depth of 1000X at each site to minimize false positives.

Genomic investigation

We generated a maximum-likelihood tree using subsampled SARS-CoV-2 sequences around the globe from the GISAID database (https://www.gisaid. In addition to capturing the consensus sequences, we monitored the viral population on the lower respiratory tract, including low frequency variants. Samples from the lower respiratory tract were collected by bronchoalveolar aspirates collected between days 14 and 123 since the onset of symptoms, totaling 14 time points (Figure 3). Over the course of the infection, we observed the within-patient evolution of the virus without substantial accumulation of amino acid changes, particularly in the spike protein. In contrast to the early period of infection, this within-patient evolution led to the emergence of a viral population bearing the A1049V, P1640S, and T2152I substitutions in the ORF1a polyprotein; the T1473A substitution in the ORF1b polyprotein; the H125Y substitution in the M protein; the K257R substitution in the N protein; and the S50L in the S1 N-terminal domain of spike protein, becoming the dominant population at day 69. After the CP treatment administration, on day 97, we observed on day 123 a major shift in the viral population in which the substitutions mentioned above were reverted, including the S50L substitution in the spike protein.

Additionally, variants previously detected on viruses sampled on day 62, namely the V86F substitution in the ORF1a polyprotein, reappeared. These changes led to a viral population carrying a variant signature similar to the dominant population in the early stages of the infection, particularly the one captured on day 62 (Figure 3). Indeed, except for three synonymous changes located in the 5'UTR, in the spike, and the N gene, corresponding to the nucleotide positions 208, 22345, and 28891, respectively, the variants detected on day 123 were the dominant variants on day 62. Furthermore, the nucleotide change leading to the non-synonymous change in the N protein (N: T205I), which further characterizes the genome captured at day 123, was observed as a low frequency variant (around 1%) on viruses collected on day 14. This dynamic structure of the viral population is also observed in the phylogenetic tree, with the consensus sequence of the genome captured on day 62 being basal to y the sequence of the genome collected on day 123, while sequences of the genomes from days 69 to 95 branching differently within the monophyletic group (bootstrap value = 100%) (Figure 2B).

We found it very interesting that the amino acid sequence of the replaced and novel dominant population only differs in one position (S: S50L), given that the majority of antibodies generally target the spike protein. Additional information from other samples from the upper respiratory tract (nasopharyngeal aspirates) collected after the transfusion with the CP confirmed this observation. While on day 104, the spike variant S50L was still dominant in the upper respiratory tract, on the other two samples collected on days 112 and 131, the viral population was replaced by a population bearing a serine residue at position 50 in the spike protein. Indeed, consensus sequences of genomes captured on days 123 and 131, the latest samples collected from the lower and the upper respiratory tract, are identical (Figure S2). In addition, the spike protein of the viruses captured on the upper respiratory tract on days 104 and 112 are further characterized by additional non-synonymous substitutions, specifically the Q321R substitution and the double mutation A942S and G1124V, respectively (Figure S2). Nevertheless, having no samples collected from the upper respiratory tract prior to the transfusion with the CP prevents us from drawing further conclusions about these variants.

Interestingly, viruses collected on days 42 and 48 were characterized by three non-synonymous changes on the ORF1a polyprotein (N1121D, T2967I, and S3158G) and one non-synonymous change on the E protein (T30I). Although these variants were dominant, the alternative variants were found to have close to 20 -30% frequency. The divergence of these samples from the rest of the samples collected from the lower respiratory tract is also shown by the phylogenetic tree (bootstrap value = 100%) (Figure3B). ) and with red when the nucleotide is different from the reference ("ALT"). We verified that for every position among the different genomes, there was only one alternative nucleotide in comparison to the reference genome. Additional information from samples from the upper respiratory tract can be found in Figure S2.

Here we report the long-term evolution of SARS-CoV-2 in an immunocompromised patient with non-Hodgkin lymphoma in the presence of CP therapy.

O (10, 11) (12)ne of the strengths of our study is that each sample was sequenced in duplicates using an untargeted metagenomics sequencing which allowed us to follow the dynamics of virus populations, including low frequency variants.

Similar to previous studies, the CP therapy provided the patient with neutralizing antibodies, but it did not result in viral clearance (8,9,11,12). Throughout the infection, we did not observe a strong accumulation of amino acid changes, particularly in the spike protein, which aligns with previous studies (19,20) but contrasts with other similar studies (21). For instance, other studies have reported substantial selection upon CP therapy, leading to the emergence of mutations in the spike believed to affect SARS-CoV-2 affinity to ACE-2 receptors such as Y453F ( 13) and N501Y (8,12) or believed to be involved in immune evasion (ΔH69-V70 and E484K) (8,13). We observed a significant shift in the viral population that restored a genotype similar to the dominant one in the early stage of the infection characterized by the spike protein variant S50. Such differences in the evolution of SARS-CoV-2 during long-term infections may reflect the different processes affecting each individual's evolution, for example, the degree of immunodeficiency or the different treatments schemes.

Indeed, while most antibodies generally target the spike protein, the amino acid sequence of both the replaced and novel dominant population only differs at position 50 of the spike protein. This observation might have two explanations. First, the population emerged under positive selection: the antibodies in the CP cleared viruses harboring the variant S:L50, leading to replacing a viral population with an escape genotype (S:S50). Second, the antibodies managed to eliminate the dominant population in the lower respiratory tract, regardless of the genotype of the spike protein (i.e., S:S50 or S:L50), which was subsequently replenished by a viral population less accessible to the administered antibodies, possibly located in another compartment.

Although two studies have reported the S50L substitution in long-term infections (10,13), and in silico analysis suggests that the substitution S50L may stabilize SARS-CoV-2 spike protein ( 14), there is no evidence that this substitution affects immune evasion. In addition, both the phylogenetic tree and the analysis of low frequency variants show that the replaced population is genetically closer to the one detected in the early stage of the infection, with most of the variants previously observed in the viral population collected at day 62, including the spike protein variant S50. Remarkably, spike protein variants bearing the serine or leucine residue at position 50 were detected coexisting in the viral population from samples collected on days 34, 42, 48, 62, and 83, suggesting the presence of distinct viral populations. In this context, the second option seems like the most parsimonious scenario. Nevertheless, more data will be needed to address this. Indeed, we observed signs of possible compartmentalization within the lower respiratory tract, with samples collected from days 42 and 48 probably representing a distinct subpopulation. Although these samples are genetically distant from the rest, they still fall within the monophyletic group suggesting they all arise from the same viral population. Kemp et al. (8) has already addressed (8) the same observation in a similar study of long-term SARS-CoV-2 infection. 

RNA Extraction and RT-qPCR

RNA extraction was performed with the Extraction NucleoSpin Dx Virus kit (Macherey Nagel). Briefly, RNA was extracted from 100µl of the specimen, eluted in 100 µl of water, and used as a template for RT-qPCR. Samples were tested with a one-step RT-qPCR using three sets of primers as described on the WHO website (15).

Next-generation sequencing of patient clinical samples

We followed a protocol for untargeted metagenomic sequencing of clinical samples previously described by Matranga et al. (16). Extracted RNAs were first treated with Turbo DNase (Ambion), followed by purification using SPRI beads (Agencourt RNA clean XP, Beckman Coulter). Host ribosomal RNA was depleted using custom probes to form RNAse H target DNA-RNA hybrids. The RNA from the selective depletion was used for cDNA synthesis using random primers and SuperScript IV (Invitrogen). Secondstrand cDNA was generated using a cocktail of enzymes, including Escherichia coli DNA ligase, RNAse H, and DNA polymerase (New England Biolabs), and subsequently purified using Agencourt AMPure XP beads (Beckman Coulter). From the dsDNA, libraries were prepared using the Nextera XT kit and sequenced using a paired-end strategy on an Illumina NextSeq500 platform (2X75 cycles).

Genome assembly

Raw reads were trimmed using Trimmomatic v0.36 (17) to remove Illumina adaptors and low-quality reads. We assembled using the metaspades option from SPAdes v3.12 (18), and the contigs obtained were used as queries for blastx using DIAMOND v2.0.7 against version 18.0 of the RVDB protein database (19). Direct mapping was also performed against reference genome Wuhan/Hu-60 1/2019 (NCBI Nucleotide -NC_045512, GenBank -MN908947) using the CLC Genomics Suite v5.1.0 (QIAGEN). The virus consensus was generated with iVar v.1.0 using a minimum of 5X read depth coverage. We added an N for such a position in case of lower read coverage. Samtools v1. 10 (20) was used to sort the aligned BAM files and generate alignment statistics. We manually inspected all alignments and consensus sequences using Geneious Prime 2020.2 (https://www.geneious.com/).

Phylogenetic analysis

All SARS-CoV-2 sequences available on the GISAID EpiCov database ( 21) as of October 2020 were retrieved (until the most recent sample of our dataset was collected). The global SARS-CoV-2 phylogeny was reconstructed using the Nextstrain pipeline, version from February 2022 (22). Within the Nextstrain pipeline, high-coverage sequences were randomly subsampled to contain up to (i) ten sequences per month collected in France, (ii) five sequences per month per region (Europe), and (iii) two sequences per month collected in countries outside Europe (to avoid resampling). This dataset was combined with the sequences generated in this study. The resulting dataset (n=2206) was analyzed using augur and visualized with auspice as implemented in the Nextstrain pipeline. Acknowledgment of the contributing and originating laboratories for all sequences used in the analysis is provided in Supplementary Table S3.

Low frequency variants detection and filtering

Samples were sequenced in duplicates using an untargeted metagenomics sequencing approach. We did not manage to sequence one sample in duplicates (Table S2); hence, that sample was not included in subsequent analyses. Next, we used iVar v.1.0 (github.com/andersen-lab/ivar) (23) to call variants and to filter out variants that were not found across replicates. On average, nearly 60% of the variants were found in both replicates. We observed that there was a difference of less than five percent in the frequency detected in both replicates for most variants. However, in some cases, that difference reached 10 or 15% (Figure S1). For this reason, a mean of frequency and coverage depth was calculated for each variant in each sample. Lastly, we picked a variant frequency threshold of 1% and a minimum read depth of 1000X. 

Discussion and conclusions of the studies

From the report on the early introductions and spread of SARS-CoV-2 in the northern regions of France there are key messages I would like to further address.

As noted in the main introduction of this thesis, once an outbreak has been detected, several questions regarding the nature and the origins of the disease arise. These questions can be addressed, at least to some extent, by genomic epidemiology if applied comprehensively. Critically, answering some questions (e.g., when or where did the outbreak begin) using genomic data requires knowing the evolutionary rate of the pathogen or of a related pathogen to be use instead. As explained in the main introduction of the thesis, to estimate the evolutionary rate, we make use of molecular clocks methods. Briefly, this process requires to calibrate the molecular clock, which can be done using the sampling times and to choose the molecular-clock model (e.g., strict, relaxed). By implementing these methods, we incorporate time information into the phylogenies, rescaling them into units of time. The result is a time-calibrated tree with branch lengths representing time units. In this way, we can also estimate the time of divergence between two sequences and the overall timescale of the outbreak.

Importantly, molecular clocks methods have two main assumptions: (i) evolution occurs at a predictable rate over time, and (ii) sampled genomes capture a measurable amount of evolutionary change (136)However, this might not always be the case. We can face two main problems when estimating the evolutionary rate early during an emerging outbreak. First, sampled genomes collected over a short period could lead to inflated evolutionary rates. This situation could occur if sampling was done early in an epidemic over a limited timescale. In that case, the genomes could harbor an excess of mildly deleterious mutations, which would have eventually been removed over time from the population by selection. For this reason, evolutionary rates are generally time-dependent (410). For instance, this situation has been reported in the context of the 2013-2016 EBOV outbreak in West Africa. Early estimations led to an evolutionary rate twice as high compared to what was estimated for previous EBOV outbreaks, leading to speculations about how this would impact the transmissibility and virulence of the virus (411). Second, genomes captured early on an outbreak might contain low genetic variation leading to poor temporal signal in the data. This might occur because the sampling window might not be yet large enough to capture sufficient evolutionary change in the viral genomes. If this is the case, the data is too little informative about the evolutionary process shaping the outbreak, and hence, inferences from the molecular clock, inadequate. In this case, evolutionary rates should be based on previous outbreaks or closely related pathogens. For this reason, it is very important to determine if an outbreak has reached the "phylodynamic threshold," that is, if, within the available genomes, there are enough molecular changes to calculate robust phylodynamic estimates (136). During the early phase of the COVID-19 pandemic, the pace of SARS-CoV-2 sequencing was swift, with genomic data being publicly available as soon as the virus started spreading, but with geographic inequalities.

Consequently, during the first months of SARS-CoV-2 circulation, a plethora of phylogenetic analyses were carried out to investigate SARS-CoV-2 origins, genetic diversity, and spatiotemporal spread. However, at the same time, there were a lot of concerns raised about the interpretation of real-time molecular epidemiology as inferred rates could significantly change over time before converging into stable and longterm estimates. And indeed, it was observed that the substitution rate for SARS-CoV-2 calculated over approximately two months was twice higher compared to the one calculated over eight months (until February 2020 and August 2020, respectively) (412).

In addition, beyond the possible problems associated with the estimation of the evolutionary rate, we need to consider that the dataset might not meet all the characteristics for robust phylogenetic and phylogeographic inference, in particular during ongoing outbreaks (137). For example, unevenly sampled data could lead to inadequate geographic representation resulting in misleading conclusions about the geographical source of the outbreak.

During the analysis of the early introductions and spread of SARS-CoV-2 in the northern regions of France we had to deal with situations similar to those mentioned above. First, the data was collected over a short period of time, from 24 January to 23 March 2020. Second, at that moment there were scarce early sequences in many countries in Europe including France. Third, the limited genetic diversity of SARS-CoV-2 detected at that time. Fourth, the uneven sampling of several French regions according to case counts (Fig. 1 of the manuscript). And lastly, the nature of the syndromic-only based genomic surveillance for a virus associated with a large proportion of asymptomatic infections.

Because of this, we considered that the dataset was not sufficient for reliable phylogeographic inferences and hence, when and where the virus was introduced to France remained unclear. Nevertheless, with our work we provided important insights about the initial introductions of SARS-CoV-2 in the country and the later spread of the virus at the local level. In particular, we found that the first cases of SARS-CoV-2 infection detected in France, and even in Europe, on January 24, 2020 from travelers from Hubei, China, belonged to the V clade. The following detected cases in February belonged also to the V and the S clade. Our analysis indicated that at least these first introductions did not lead to further local transmission, highlighting the efficacy of preventive measures (i.e. contract tracing and isolation) imposed on the initial imported COVID-19 cases (based on syndromic surveillance). Still, SARS-CoV-2 managed to make its way into the country as in contrast to the first cases, sequences detected later on fell in the diversity of clade G, today better known as the B.1 lineage, according to the PANGO nomenclature. Interestingly, the earliest sequence of the G clade, sampled from an individual with no travel history and no contact with returning travelers, was not the least divergent in the clade, suggesting local circulation in undocumented infections prior to the wave of COVID-19 cases in France.

To conclude this first part, although genomic epidemiology can provide crucial information to support public health outbreak responses, phylogenetic analyses, especially from ongoing outbreaks, needs to be interpreted with caution in light of limitations and assumptions. Similarly, it is important to consider that the viral sequences obtained at any given time, may only represent the tip of the iceberg of the underlying viral genetic diversity. Therefore, the phylogenetic relationships drawn can be challenged as more samples are obtained.

In the second project presented in this chapter, we aimed at characterizing the intra-host dynamics of SARS-CoV-2 population during the long-term infection of an immunocompromised patient who received convalescent plasma therapy. For this purpose, we deep-sequenced samples collected from the lower respiratory tract at regular intervals over the course of the infection.

One of the strengths of our study is the special efforts made to ensure reliable and accurate low variant calling and analysis. Like every other type of measurement, measuring the viral genetic diversity is limited by the signal-to-noise ratio of the experiment. Indeed, one of the biggest challenges when characterizing within-host viral diversity is distinguishing "true" from false-positive low frequency variants (413).

Although deep sequencing techniques can produce enough data to look at these low frequency variants, errors can be introduced at various steps of the sequencing workflow. Starting from the library preparation, cross-contamination during sample processing can lead to the detection of spurious mutations. In addition, during the sample processing viral RNA samples are generally reverse transcribed (RT) to cDNA, which is subsequently amplified by PCR in order to obtain sufficient amounts of material for sequencing. These two steps can be very error-prone. For instance, errors can be introduced during the cDNA synthesis, with current commercial reverse transcriptases having an estimated error rate of 1.8 × 10 -4 for Superscript IV and 1.3 × 10 -4 for TGIRT (414). Despite newly engineered high-fidelity polymerases, PCR amplification can result in polymerase mistakes generating point mutations in the resulting PCR products; or in population skewing due to unequal amplification. The latter can occur due to primer mismatches against the target sequence altering the efficiency of the PCR (415). Lastly, although the major improvements over the last few years, errors can also be introduced during sequencing with NGS technologies having an associated error rate between 1/100 and 1/1000 per base pairs sequenced (416).

Although errors can occur at these various steps, their impact on the analysis would differ according to which step they appear; the earlier the spurious mutation appears during the process, the more significant the impact. For example, an error introduced during the RT will be dragged in the following steps and may be amplified during the PCR and the library preparation (despite the usual short number of cycles). As a result, errors introduced during the RT may not necessarily be present at very low frequencies.

Beyond these technical errors, other factors can alter the accuracy of low frequency variants detection. In particular, the number of input genomes, with lower input samples being more sensitive to crosscontamination and RT, PCR and sequencing errors leading to an inflation of false positives; and sequencing coverage depth [START_REF] Lauring | Within-host viral diversity: a window into viral evolution[END_REF]. In this regard, a minimum of 1000 virus RNA copies is usually recommended as an input (415) and it is generally accepted that the coverage should be 10 times the reciprocal of a variant's frequency [START_REF] Lauring | Within-host viral diversity: a window into viral evolution[END_REF]. In this way, to reliably detect variants present at 1% of frequency, a minimum coverage of 1000X coverage is needed.

In sum, all these factors can produce erroneous identification of low frequency variants thereby leading to biased measurement of the viral diversity. Indeed, in several works, erroneous conclusions may have been drawn by calling spurious low frequency variants. For instance, as pointed out by Bloom et al. (417), calling spurious mutations led to larger transmission bottlenecks estimates for human influenza virus by Poon et al. (418) compared with other several studies. Similarly, false-positive variants biased the results of SARS-CoV-2 transmission bottleneck sizes by Popa et al. (419). The re-analysis of this work by Martin and Koelle (420) resulted in the estimation of a narrower bottleneck, in agreement with previous studies (421,422).

Therefore, to characterize the SARS-CoV-2 intra-host evolutionary dynamics including low frequency variants, we aimed to use a robust method to ensure accurate low frequency variant calling and analysis. For this purpose, samples were sequenced using an untargeted metagenomic deep sequencing approach which allowed us to capture the composition of the viral population in an unbiased manner, limiting errors and biases associated to the PCR amplification. In addition, each sample was prepared in duplicates from the extracted RNA, to account for possible errors during the reverse transcription, and sequenced on different batches, in view of possible errors introduced during the sequencing. To perform our analysis, the raw files obtained from the variant calling using iVar were filtered to keep the variants that: 1) passed the strand bias test; 2) were found across duplicates; 3) had a minimum frequency threshold of 1%; and 4) had a minimum coverage of 1000X. We found that per each sample replicate, an average 60% of the total variants were detected in both replicates, suggesting that a large amount of variants were artifacts, probably introduced during the sequencing or library preparation, in particular during the reverse transcription. Not surprisingly, in the samples in which we found less consistency between replicates, the Ct values were higher. This fact reflects how the input virus concentration may affect the low frequency variants detection. Nevertheless, among the variants found across replicates, there was little divergence in the frequency of the variants between replicates (in average a difference of 5% of frequency).

After having decided the cutoff for the analysis of the low frequency variants, the next step was to look at the evolution of SARS-CoV-2 over the course of the infection in the immunocompromised patient treated with CP therapy. Similarly to a report of Adam Lauring's team (423), we showed that the long-term evolution of SARS-CoV-2 within an immunocompromised patient is not always associated with a strong accumulation of AA changes, especially in the spike protein of the virus. However, this contrasts with other published works. For example, the virus described by Choi et al.,(394) after 146 days of evolution in an immunocompromised patient harbored 7 non-synonymous mutations and two deletions only in the spike protein. Similarly, several works have described a strong selection on SARS-CoV-2 during CP therapy and emergence of mutations in the spike believed to affect SARS-CoV-2 affinity to ACE-2 receptors such as Y453F (424) and N501Y (425, 426) or believed to be involved in immune evasion (ΔH69-V70 and E484K) (424,426). In contrast, after the CP treatment we observed a major shift in the viral population that restored the genotype dominant in the early state of the infection, characterized by the spike protein variant S50 (S:S50) instead of L50 (S:L50). Indeed, the amino acid sequence of both the replaced and novel dominant population only differ at this position. Given that most neutralizing antibodies target the spike protein (427) and after the CP treatment, we observed only one AA change in the viral population, which was located in the spike protein, we hypothesize the following two scenarios. In the first scenario, the population emerged under positive selection: the antibodies in the CP specifically targeted the viruses harboring the variant S:L50, therefore leading to the replacement of a viral population with an escape genotype (S:S50). In the second scenario, the antibodies managed to eliminate the dominant population in the lower respiratory tract, regardless of the genotype of the spike protein (i.e., S:S50 or S:L50), which was subsequently replenished by a viral population less accessible to the administered antibodies, possibly located in another compartment.

Something interesting that could be done in order to explore these two scenarios would be to generate lentivirus pseudoparticles packaging the wild-type spike and spike 50L mutant and perform neutralization assays to measure the neutralization activity of convalescent plasma against these viruses (Figure 7-7). This system has been described by the Bloom laboratory (428) and it has been recently used in our laboratory (429). It has the advantage of introducing the SARS-CoV-2 spike protein, with or without any particular mutations of interest, into a lentivirus non-replicative particle. With such a system we could study the infectivity and sensitivity of the pseudoparticles to neutralization by convalescent plasma samples. In this way, this type of experiment would help us to understand if the S50L substitution on the spike protein was enough to trigger the replacement of the viral population in the lower respiratory tract, leading to the re-emergence of a population carrying the S50 substitution as the dominant viral population.

Another interesting experiment to assess if the spike S50L could increase the sensitivity to antibody neutralization would be to study how this mutation would affect the spike structure. In this regard, such computational modeling has already been done and it has been shown that the substitution S50L may have stabilizing effects on SARS-CoV-2 spike protein but no evidence of affecting antibody binding in this region (430).

Finally, in line with previous studies (394, 395), we observed that the CP failed to eliminate the infection, highlighting the challenge of treating immunocompromised individuals. However, the effect of CP observed on the disease progression and virus evolution cannot be translated to immune competent hosts who have a better immune system control. Infected cells would express the Luciferase, signal that can be measured. To calculate the inhibitory concentrations 50% (IC50s), the fraction of infectivity elicited by the pseudotyped lentiviral particles (for the wild-type and the mutant spike) in the presence of serial dilutions of the CP is studied. The fraction of infectivity is calculated as the luciferase reading for a particular plasma dilution divided the luciferase reading in the absence of plasma also referred to as "maximum infectivity". This lentivirus pseudoparticles packaging a coronavirus spike system for neutralization assays has been described by the Bloom laboratory ( 428).

Nevertheless, due to its high utility and cost reduction, mNGS increases in popularity and becomes increasingly used. As a consequence, it is expected to have in the future more extensive sequencing databases of patients with different infectious diseases and with no infection, enriching host-pathogen databases. Having such databases would enhance our ability to discriminate between potential pathogens, commensal microbiota, and contaminants. Additionally, user-friendly tools, bioinformatic pipelines, and computational analysis webservers such as CZ ID (432) are becoming more widely available, helping with the analysis of the data. In a similar way, significant efforts are being put toward updating and increasing the quality of available databases such as FDA-ARGOS (433) or RVDB (233).

As mentioned throughout this thesis, genomes can be used for outbreak investigation, strengthening public health response. One of the major issues for interpreting genomic epidemiological studies is sampling bias (122,137,158). The absence or the overrepresentation of specific samples can lead to inadequate representation, impacting the reliability of conclusions made using phylogeographic analysis.

As we discussed in chapter 2, during the analysis of the emergence and spread of CHIKV in Cambodia, unbiased sampling is usually hard to achieve, in particular for the following reasons:

1. it demands knowing the extent and the intensity of the outbreak 2. it requires having access to the locations concerned for sampling 3. it requires important sequencing efforts For this reason, while it is important to extract as much information as possible from the genomic data, it is imperative to remember that the viral diversity sampled represents a snapshot of the outbreak taken at a given time. Therefore the resulting phylogenies are hypotheses that might be challenged if we obtain more data (137).

Several strategies can be implemented in order to limit sampling bias. For example, performing population-based studies, like the one carried out in Iceland to investigate the spread of SARS-CoV-2 (434). Briefly, people tested included symptomatic individuals and asymptomatic individuals between 20 and 70 years old, who were randomly invited to enroll in the study. Nevertheless, carrying out such a study is not always feasible. Furthermore, the inclusion of additional data could help to mitigate sampling bias. For instance, flight and occurrence data (confirmed cases but with no sequences available) can be integrated into phylogeographic reconstructions to estimate the number of introductions to a specific country. Du Plessis et al. implemented such a strategy, which allowed the authors to obtain a more detailed picture of SARS-CoV-2 importations to the UK before the lockdown (435). Additionally, including travel history data in the phylogeographic analysis could also help by adding new locations in the estimations and yielding a more realistic hypothesis of the virus spread (156). This strategy can be very relevant for studying cases of travelers coming from areas with no sequence data available. Such was the case in analyzing SARS-CoV-2 introductions in Rwanda (436). By incorporating travel history information in the phylogeographic inference, the authors included traveler cases from Tanzania, Burundi, and South Sudan, countries for which no SARS-CoV-2 genomes were available at the time of the study. Indeed, their analysis inferred the introduction of SARS-CoV-2 from these countries to Rwanda.

Another major issue for performing and interpreting genomic epidemiological studies is whether our data is sufficiently informative for inferring the viral evolutionary rate and the time scale of the outbreak. There might not be enough nucleotide changes accumulated in the sampled genomes, leading to no temporal signal and thus no usability of the dataset to get any estimates from the molecular clock (136). As discussed in chapter 3, this problem may be critical at the beginning of a viral outbreak. In the early stages, genomic variation might be very low, an thus insufficient to make reliable inferences even when large numbers of genomes sequences are available (136,137). For this reason, it is crucial to determine if an outbreak has reached the phylodynamic threshold: the point at which there are enough molecular changes within the available genomes to calculate robust estimates (136).

We were faced with this situation during the analysis of the introductions and early spread of SARS-CoV-2 in the Northern regions of France. Our data was collected over a short period, from 24 January to 23 March 2020, and it had little genomic variation. This, combined with the scarcity of early sequences in many countries in Europe at the time and the uneven sampling of several French provinces, led us to consider that dataset was not sufficient for reliable phylogeographic inferences.

Furthermore, although virus genomic data can by itself provide relevant information, to complement "classic" epidemiological approaches in assisting public health responses to an outbreak, genomic data needs to be accompanied by reliable metadata (109). In order to use viral genomes for outbreak investigation two main pieces of information are required for each clinical or biological sample: the date and location of collection. However, such data might not always be available, for example when doing retrospective analysis. We found ourselves in this situation when studying the genetic diversity of TOSV in Spain. Several sequences available in ViPR did not have a collection date or sampling location. Together with the fractionated genomic data available for TOSV, this situation prevented us from doing extensive phylodynamic analysis.

Additional information, including travel and contact history and ecological and human mobility data, can increase the utility of genomic epidemiology, providing a more comprehensive picture of the outbreak. For example, the typical seasonality of arboviruses in Cambodia is described as increasing cases during the rainy season, peaking during July and August. However, climate change and urbanization might favor continual mosquito circulation. In the future, data about Aedes mosquito abundance and distribution in Cambodia would allow knowing, for example, if the circulation of these vectors stops or not during the dry season. Such information would be relevant to understanding whether CHIKV can persist during the interepidemic period thanks to mosquito vertical transmission cycles or low and undetected human-mosquito transmission cycles. In addition, this could provide a better understanding of mosquitoes and, therefore, mosquito-borne virus circulation. Such information could ultimately be used for planning vector-control strategies and genomic surveillance systems.

Nevertheless, several open-access databases, namely WorldPop (437), FlowMinder (438), VectorBase (439) and Virion (440) have shown promising progress towards maximizing resources availability for detailed outbreak studies.

Finally, a major challenge for using genomic epidemiology is its implementation.

While more and more countries are using genomic epidemiology as part of their surveillance programs, this might not be true in several regions of the world, particularly in low-income and middle-income countries (441). Despite the overall drop in the cost of NGS over the past few years, purchasing all the necessary equipment and reagents is still a significant barrier to implementing genomic epidemiology, particularly in these countries (109).

Furthermore, to put genomic surveillance in place, it is critical to improve and strengthen the cooperation between partners at various levels (441). First, establishing collaborations between hospitals, public health agencies, and academic research laboratories to ensure maximum and real-time genomic surveillance at the local or country level. Second, at the international level; a collaborative framework that transcends borders is key to maximizing the benefits of using genomic sequencing for strengthening public health responses. A good example of this was when recently, scientists in South Africa quickly alerted the emergence of the Omicron variant, which enabled other countries to monitor and prevent its circulation (as much as possible).

These international efforts and collaborations are also important due to the global disparities in viral genomic surveillance as we witnessed during the ongoing COVID-19 pandemic. A study in August 2021 indicated that around 77% of low and middle-income countries sequenced less than 0.5% of their cases (442). Due to the potential emergence of new variants of SARS-CoV-2, strengthening international collaborations and improving global surveillance, particularly in low-income and middle-income countries, should be a matter of global concern and global priority (442).

This need for improving global genomic surveillance highlights the importance of creating scientific networks and research collaborations to generate and share data and knowledge in real-time. However, open data sharing might not benefit everyone, particularly researchers working in low-income and middleincome countries, who might not have the possibility to analyze and valorize their data like in other countries. Because of this, the GISAID database (328), has put in place in a user's agreement that demands giving credit to the people who generated the data when using their sequences. However, the equilibrium between real-time generation, sharing of the data and protection of researchers who produced the data is still a critical matter of debate. Hopefully, we will progress towards an agreement favoring both parts while ensuring maximum benefits of genomic epidemiology.

CONCLUDING REMARKS

With this thesis, I hope to have contributed to a better understanding of the epidemiology and evolution of several RNA viruses representing important threats to human health. At the same time, I hope to have shown that genomic epidemiology could be a powerful tool to investigate infectious disease outbreaks at various steps.

For instance, upon detecting a disease, the most critical question to be answered is: which is the responsible pathogen?

In chapter 1, we used metagenomic sequencing to attempt identify the potential pathogen causing a series of meningitis cases in Southern Spain, showing how we could answer this question at least in some cases. Indeed, our mNGS analysis detected in multiple cases RNA from TOSV, an arbovirus responsible for an increasing number of infections in countries of the Mediterranean region. mNGS is a promising approach for diagnosing infectious diseases because a broad spectrum of pathogens can be detected in a single assay (viral, bacterial, parasitic, and fungal), including complete new recombinant forms of the virus.

Regarding the latter, using this approach, we also identified a novel E13 recombinant form among the EVpositive meningitis cases, an intriguing result that could have remained unnoticed with classic typing methods.

Once the pathogen responsible for the disease is identified, we can determine whether we have the tools for diagnostics (e.g., qPCR or serology tests), investigation (e.g., complete genome sequencing), and prevention (e.g., vaccines). If we do not have them, we can use the information provided by the mNGS to develop them. In this sense, our mNGS findings allowed us to design an amplicon-based sequencing approach. Thanks to this, we successfully obtained several full-length genome sequences of TOSV, providing the first complete genomes circulating in Spain in the last 20 years. In addition, this sequencing protocol will hopefully be useful to colleagues in Spain but also in the Mediterranean region, as it allows to detect and generate complete TOSV genomes, in particular from clinical samples of suboptimal quality and quantity of RNA.

Chapter 2 also combined two sequencing methods (metagenomic and amplicon-based approaches) to obtain complete CHIKV sequences from cases detected in Cambodia during two different outbreaks: 2011-2013 and 2020. To try to get further insights into these outbreaks and their dynamics, we first added temporal data to our genomic data to estimate when CHIKV was introduced into the population. Next, we included geographic data, and we performed subsequent phylogeographic analysis yielding an additional level of detail, shedding light on the likely origin of the outbreak, connections to outbreaks in the same region, and dispersal of the virus within the country. Nevertheless, we are aware of the limitations of our study, particularly for the epidemiological and genomic CHIKV data available for Cambodia and neighboring countries.

Furthermore, when viral genomes sequenced from the same region during different epidemics are available, phylodynamics can provide significant insights into the evolution of the virus during the interepidemic period. Such information could be used to answer the following questions: was the virus able to Concluding remarks 140 persist in the population between the two outbreaks? Or, was the virus introduced to the population from a new spillover from an animal reservoir?

This is an exciting question that has already been explored through the different EBOV outbreaks. Most EBOV outbreaks are the result of spillover events from the animal reservoir. In contrast to this, five years after the last outbreak, EBOV re-emerged in Guinea in 2021 from the result of long viral persistence in a human survivor and subsequent flare-up, as the authors suggested (443). In the second chapter, we had the opportunity to slightly explore the inter-epidemic evolution and spread of CHIKV in Cambodia. In light of the available genomic and epidemiological data for the Southeast Asia region, our analysis suggested that the outbreak was not seeded from previously CHIKV circulating in Cambodia but instead from the introduction of the virus from countries where CHIKV seems to circulate almost continuously, such as India.

Viral genomics can also be used to study intra-host evolution. NGS allows the sequencing of viruses at a high depth of coverage, characterizing the complete variant repertoire of the viral population. Studying intra-host viral population diversity can provide insights into how these processes could relate to the virus evolution at a larger scale. This is a major point of discussion on the ongoing COVID-19 pandemic. Indeed, it has been proposed that chronic infections leading to a substantial accumulation of nucleotide changes could be responsible for the emergence of VOCs such as the Omicron or Alpha variants. Chapter 3 superficially explores such an idea by monitoring the evolution of SARS-CoV-2 during a long-term infection in an immunocompromised patient. We found that the long-term evolution of SARS-CoV-2 in an immunocompromised individual is not always associated with a strong accumulation of changes, particularly in the spike protein. Additionally, as the patient was treated with convalescent plasma therapy, we studied the impact of the treatment on the evolution of the viral population. Interestingly, we noted a significant shift in the viral population but no virus clearance after the treatment, which highlights the challenges of treating these vulnerable members of our society.

In summary, I hope to have provided examples of what we can learn from sequencing data, highlighting the utility of genomic epidemiology and phylodynamics for outbreak investigations while adding to the understanding of several RNA viruses.

different ethnic backgrounds). Second, DENV infection induces long-term immunity against the infecting serotype but, in most cases, not against heterologous serotypes. In line with the antibody-dependent enhancement mechanism, evidence suggests that severe dengue diseases are associated with cases of secondary heterotypic infection. This supported the idea that human populations can constitute very different environments for the virus (e.g., DENV) evolution.

We spent more than one year fine-tuning the in vitro evolution system. In particular, we were trying to find the most suitable cell type which we would use to replicate DENV for 10 -15 passages. In other words, we were looking for a human cell type that we could infect with DENV and that could support enough virus production to continue the cycle of infection. Our first choice was dendritic cells and macrophages, the first primary target cells of DENV. We dedicated a substantial time to learn and optimize the following two critical steps:

1. Purification of CD14+ cells from PBMC (peripheral blood mononuclear cells) that we obtained from healthy donors 2. Differentiation of CD14+ cells into dendritic cells (MO-DC), macrophages type 1 (MO-M1), and macrophages type 2 (MO-M2) using different cocktails of cytokines.

Next, we moved on to perform the infection assays. Briefly, initially we choose to use DENV serotype 1 (DENV-1) to perform the infections, as this low passage isolate grows to high titers compared to all DENV isolates we tested. We used flow cytometry to evaluate the number of infected cells and titration by focus forming assay in Vero cells to evaluate the amount of virus produced post-infection.

The infection of primary human MO-M1 resulted in a low infection rate (less than 1%) and low virus production. On the contrary, the primary human MO-DC were infected by DENV with around a 20% infection rate, and we obtained a higher viral titer; however, it was still not enough virus production to continue the infection cycle. In order to improve this, we tried to optimize the infection experiments by using different MOIs (multiplicity of infection), that is, the ratio of viruses per cell, and by performing DENV growth curves to identify at what point post-infection the virus production was the highest. Despite such efforts, we did not manage to improve the number of infected cells or the virus production.

Subsequently, we tried the infection of human-induced pluripotent stem cells (hiPSCs) with DENV-1.

HiPSCs are cells that are generated from adult somatic cells that have been reprogrammed back into an embryonic-like pluripotent cell. Recent evidence suggested that these cells could be infected at a high rate by viruses like DENV or ZIKV. Therefore, using these cells to build our system had promising benefits. First, we could obtain hiPSCs from healthy donors from different ethnicities, which is fundamental to answer our biological question. Second, hiPSCs can be grown and subject to cell-type-specific differentiation, thereby consisting of an unlimited source of dendritic cells and macrophages. At the same time, we recognized a potential drawback of using this cells: the reprogramming process to hiPSCs might induce genomic and genetic changes. Given that the genetic background was critical for the project, to use these cells in our in vitro project would have required other steps to ensure the genomic integrity of the cells, for example.

We obtained hiPSCs from three different lineages: European, Asian, and African lineage, and we decided to perform the infections with DENV-1. The infection of hiPSCs resulted in a higher infection rate than with the MO-DC and higher viral production, but not enough to continue the infection cycles.

After a long year of experiments without much success and considering that we had invested a coherent amount of time and effort on this project, we decided, in agreement with my thesis advisory committee to set it aside to focus on more feasible projects. However, we were prepared for that: from the beginning, we anticipated significant technical difficulties (e.g., obtaining enough cells from each donor to perform all the infections or finding a suitable cell type capable of sustaining DENV infection for several rounds replications).

The second part of the project aimed at studying the DENV viral population during human to mosquito transmission. We had biological samples from a Cambodian cohort3 that included human patients infected with the dengue virus and mosquitoes that were directly fed with the blood of these patients. In some cases, we also had mosquitoes captured from the same environment where the patients lived. We plan to use NGS to characterize DENV intra-host genetic diversity in both patients and matched mosquitoes and look for patterns of transmissions. However, the low quality of samples, probably due to the repeated thawing and freezing processes that these samples had been subjected to, made it very complicated to obtain good quality data from which we could draw significant conclusions. For this reason, after several months of work, we decided to stop working on this project.

Nevertheless, the laboratory had other projects in which I could get involved. The projects that we estimated we could finish in the stipulated time of the Ph.D. were mostly molecular epidemiology studies, such as the study of CHIKV emergence and spread in Cambodia. Although this implied a significant shift in my Ph.D. project from the biological question to the virus model, which required additional know-how, we thought it was the most straightforward solution.

Although I have not produced a publishable body of work from the first and half years of my Ph.D., I appreciate that it still provided me with numerous skills that I could transfer to next projects, including classical virology techniques, library preparation, NGS data analysis, and very importantly, resilience and an adaptable mindset.

Today, the new projects have proved fruitful with two first-author publication and others in preparation.

In addition, they allowed me to explore other frameworks to study the evolution of RNA viruses, such as the field of phylodynamics and phylogeography, which I would not have done otherwise. I have, indeed, developed such a great interest in these fields of research that I will continue exploring them during my post-doc.
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 21 Figure 2-1: Schematic representation of NiV ecology. 1) NiV-infected bats feeds on date palm sap. 2), 3) NiV is transmitted to human through the consumption of date palm sap. 4) NiVinfected fruit bats attracted to orchard fruit trees, contaminated the fruits and the farm soil. 5) Pigs get contaminated by the consumption of contaminated fruits. 6) Pork meat infected with NiV are exported to other parts. 7) Human infections can occur through the consumption of contaminated meat. 8) Human-to-human transmission can occur through direct contact with infected patients. Image extracted from[START_REF] Singh | Nipah virus: epidemiology, pathology, immunobiology and advances in diagnosis, vaccine designing and control strategies-a comprehensive review[END_REF] 
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 22 Figure 2-2: Mechanisms of RNA virus evolution. A) During replication, the RNA-dependent RNA polymerase (RdRp) might introduce mutations in the genome, which are represented as colored circles. Not all mutations will be present in the progeny (e.g., mutation(s) leading to structural incompatibilities between the capsid proteins during virus assembly). B) Co-infection of a cell by genetically distinct viral strains can result in the generation of recombinant viruses leading to novel mutation combinations, gene amplification or defective genomes (not represented here). C) Co-infection of a cell with different virusgenotype can lead to a progeny with a different combination of segments. This progeny is known as reassortants. Panels B and C were adapted from Simon-Loriere and[START_REF] Simon-Loriere | Why do RNA viruses recombine?[END_REF] 
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 31 Figure 3-1: Representation of phylogenies showing the effect of changes in viral population size in the topology of the tree. Extracted from Volz et al. (2013).
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 32 Figure 3-2: Representation of phylogenies showing the effect of population structure in the topology of the tree. Blue and red circles represent geographic locations from which the samples were collected. White circles represent inferred geographic locations for the internal nodes. Image was extracted from Volz et al. (2013).
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 33 Figure 3-3: Discrete and continuous phylogeographic approaches. A) Represents the scenario where the sampling scheme is amenable to discretization. B) Represents an intermediate scenario where the sampling scheme is amenable to discretization or not, depending on the biological question. C) Represents the scenario where the sampling has done over a continuous space, where borders do not confer a reason for discretization. Image extracted from[START_REF] Stadler | Insights into the early epidemic spread of Ebola in Sierra Leone provided by viral sequence data[END_REF] 
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 34 Figure 3-4: Virus transition location along the phylogeny are modeled as CTMCs in discrete diffusion model. A) Represents a three-state CTMC path. B) Represents the transition rate matrix Λ describing all the possible transitions of the three-state CTMC. C) Based on the sampled locations, the CTMC will infer the location for the internal nodes (here highlighted with an asterisk).
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 41 Figure 4-1: Schematic representation of the methods implemented in the thesis, which are one of the common threads that link the three chapters of this thesis. Together these methods aim to identify the virus responsible for the disease, generate complete viral genomes from clinical samples, assess viral genetic diversity, including low frequencies variants (when applicable), and when the data made it possible, to implement phylodynamic and phylogeographic approaches.

CHAPTER 1 :

 1 Using mNGS to identify and characterize potential RNA virus causing meningitis

  Enterovirus genus within the Picornaviridae family, and those infecting humans have been assigned to four species: A (EV-A) to D (EV-D) (195). Numerous EVs types have been characterized by phylogenetic clustering; EV-A: 25 types, EV-B: 63 types, EV-C: 23 types, and EV-D: 5 types (196).
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 52 Figure 5-2: TOSV structure and genome organization. A) TOSV particles contain three negative-sense single stranded RNAs, each one associated with the RdRp (yellow). The envelope of the virion contains heterodimers of the glycoproteins Gn abd Gc. B).The segments L and M are purely negative-sense while the segment S ambisense. Image adapted from ViralZone, Phlebovirus.
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 51 Figure 5-1: Schematic representation of the EV genome and the recombination hotspot which are indicated with the hatched orange rectangles. Image extracted from Muslin et al. 2019.
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 53 Figure 5-3: Region of the Mediterranean basin in which TOSV has been detected in either human or animal population. Image extracted from Ayhan and Charrel 2020.

Figure 1 :

 1 Figure 1: Summary of the diagnostic test and mNGS shown for all the samples. From the top, panel A represents white blood cells (WBC) and red blood cells (RBC) counts measured at the hospital were plotted as a heatmap (log10). Panel B represents the total number of raw reads (as log10) for each sample with a blue gradient. Panel C -results of the mNGS for the target viruses: gray squares indicate no detection, and pink squares indicate detection of the pathogen. Panel D provides a summary of the qPCR results for TOSV, MuV, Herpesvirus, EVs, and culture of bacterial pathogens (Salmonella enterica, Mycobacterium tuberculosis). Gray squares indicate that the qPCR test was negative, green positive, and light beige that no test was performed.
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 1432 Figure 2: Phylogenetic trees inferred by IQ-TREE v.2.0.6 for the three segments of TOSV: segment S (A), M (B), and L (C). We indicated the different TOSV genotypes with different colors: genotype A in blue, B in beige, and C in purple. We highlighted in red sequences reported in our study. Node support values for the main lineages are ultrafast bootstrap percentages, and the scale bars represent the number of nucleotide substitutions per site.

Figure 3 :

 3 Figure 3: ML tree of MuV full-length genomes and the WHO reference strains for the different genotypes. The tip nodes for the reference strains are colored according to the MuV genotype they represent. Black nodes represent non-reference MuV sequences. The light green box highlights the MuV genotype G, the genotype to which the genome generated in this study (LCR_525) belongs. The expanded tree can be found in Figure S4. Ultrafast bootstrap values above 80% are indicated above the branches leading to corresponding nodes. Scale bar indicates nucleotide substitutions per site.
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 2682 Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and 2020 outbreaks Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and 2020 outbreaksThe following chapter reports on our work on CHIKV in Cambodia. The chapter begins with a brief introduction to CHIKV biology, epidemiology, and evolution. The subsequent two sections outline our work concerning the emergence and diffusion of CHIKV in Cambodia during the 2011-2013 three-year epidemic and the 2020 outbreak. Lastly, the chapter is wrapped up with a general discussion and conclusions about the two studies.6.1 Background: Chikungunya virus biology6.1.1 Genome organization and life cycleCHIKV is a single-stranded, positive sense and non-segmented RNA virus which belongs to the alphavirus genus, within the Togaviridae family, together with other known viruses such as O'nyong-nyong virus or Sindbis virus. CHIKV can be transmitted to humans mainly by Aedes aegypti and Aedes albopictus mosquitoes (235).

CHAPTER 2 :

 2 Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and 2020 outbreaks 69 After recognition of host receptors by E2, CHIKV enters the host cells through clathrin-mediated endocytosis (236, 237, 239) (Figure 6-2)
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 61 Figure 6-1: CHIKV genome and virion structure. A) Schematic organization of CHIKV genome, including its non-structural proteins and five structural proteins. B) Structure of the virion. C) Structure of envelope glycoprotein spike proteins predicted by atomic resolution and cryoelectron microscopic reconstructions. Image extracted from[START_REF] Weaver | Chikungunya virus and the global spread of a mosquito-borne disease[END_REF] 

Figure 6 - 2 :

 62 Figure 6-2: Alphavirus life cycle. After entry by endocytosis, the viral genome is released in the cytoplasm of the cell. Following the production of the proteins of the replication complex (nsP1-4), viral RNA is replicated in minus strand RNA and a subgenomic RNA, coding the structural proteins. Viral RNA is subsequently enwrapped by nucleocapsid proteins and released from the cell through budding. The figure was extracted from[START_REF] Schwartz | Biology and pathogenesis of chikungunya virus[END_REF] 
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 63 Figure 6-3: Urban and enzootic CHIKV transmission cycles. A) CHIKV is transmitted by urban transmission cycles between urban mosquitoes such as Aedes aegypti or Aedes albopictus and humans B) The enzootic transmission cycle is maintained among NHP as reservoir and mosquitoes Aedes furcifer or Aedes africanus as primary vectors. Human infection can arise from direct spillover of these enzootic cycles. This figure has been adapted fromWeaver and Barret. 
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 2 Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and 2020 outbreaks 73 Asian and ECSA genotypes introduced almost simultaneously in the country (265). The latter was linked to a traveler who had recently returned from Angola (265).

  -4C and D). Next, we used a non-encephalitic CHAPTER 2: Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and 2020 outbreaks 75 sequence to reveal encephalitic-specific mutations shared by all five encephalitic patients. Using one of the genetically closest non-encephalitic sequences as a reference allowed us to find only one genetic change shared across all encephalitic patients. However, we also observed this mutation in sequences from other non-encephalitic patients, which indicated that viruses collected in the sera from patients with different clinical presentations did not present any unique genomic mutation associated with encephalitis (Figure 6-4D). Additionally, we identified only one mutation between the virus collected from patient E1 and our reference, further highlighting the genetic proximity between viruses associated with different disease outcomes (Figure 6-4D).
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 64 Figure 6-4: Genomic data from clinical samples. No mutation is associated with different clinical presentations in CHIKV infected patients. A) Percentage of CHIKV genome according to the Ct values obtained from RT-qPCR on the 44 samples reported here. We specify the two different sequencing techniques implemented with the different colors: amplicon-based sequencing (red) and untargeted metagenomics (yellow). B) Completeness and coverage of the CHIKV genome sequences. C) ML tree of sequences from Cambodia highlighting sequences obtained from encephalitic (green nodes) and non-encephalitic patients (black and blue nodes). D) Schematic representation of CHIKV genomes sampled from matched serum and CSF within each encephalitic patient (green) and serum of non-encephalitic patient (blue). According to the reference (W0615336, in black), single nucleotide variants are shown as black vertical bars. As a reference, we used a genetically close sequence to the sequences from the encephalitic cases to avoid displaying irrelevant mutations. Sequences from non-encephalitic patients were chosen randomly from different parts of the tree (W0802322 and X0529335). With the arrow, we highlight the only nucleotide change between the virus sampled from matched serum and CSF within encephalitic patient 1 (E1), which is also present in the virus from the three non-encephalitic patients displayed in this panel.
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 2 Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and 2020 outbreaks 76 Phylogenetic and phylogeographic analysis of CHIKV circulation in Cambodia during the three-year epidemic Combined with a set of publicly available partial and complete CHIKV genome sequences (n = 798) collected until 2015, we generated a maximum likelihood phylogeny (ML). Such phylogenetic analysis placed the novel sequences with sequences from Cambodia reported in May and August 2011 (n = 8) (259) in a single clade within the IOL lineage (bootstrap node support = 100%) (Figure 6-5).
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 65 Figure 6-5: Global phylogenetic tree of complete and partial CHIKV genome with representatives of the four lineages (n=789). We highlighted in red sequences from Cambodia collected between 2011 and 2013. Node support values for the main lineages are ultrafast bootstrap percentages, and the scale bars represent the number of nucleotide substitutions per site. The tree with the accession number as tip label can be found in Figure S1.
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 66 Figure 6-6: Discrete phylogeography showing the spread of CHIKV in Southeast Asia. A) Time-scaled maximum clade credibility (MCC) tree of CHIKV circulating Southeast Asia from 2006 to 2015 (n=121) obtained by discrete phylogeographic inference. Node labels are posterior probabilities indicating support for the main nodes. Branches and tips nodes are colored according to the sampling location. We highlighted in red two amino acid substitutions in the E2 envelope protein (E2: T110S and E2: N273I) carried by all the viruses collected in Cambodia and Laos. The substitution E2: N273I was detected in one virus sequence sampled in Thailand in 2009. B) The Southeast Asia map showing only transitions among locations yielding posterior probability > 0.7. C) Table showing the Bayes Factor (BF) and posterior probability (PP) associated with each transition. Only transitions yielding posterior probability > 0.7 are displayed.
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 67 Figure 6-7: Reconstructed spatiotemporal diffusion of CHIKV in Cambodia. A) Continuous phylogeography showing the local spread of CHIKV in Cambodia. Shaded areas are colored according to time, and they show the 80% highest posterior density (HPD) of the possible locations of origin of viral ancestors. B) Weighted lineage dispersal velocity through time (top) and spatial wavefront distance from the epidemic origin over time (bottom).
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 2873 Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and 2020 outbreaks Chikungunya virus outbreak in Cambodia in 2020: re-emergence after a decade of absence After the 2011 -2013 epidemic, no CHIKV cases were reported in Cambodia until 2020. Following the outbreaks reported in Thailand (267) and Myanmar (269), the first cases were reported in Cambodia by the end of June 2020. From there, the virus quickly spread throughout the country, reaching 23 out of 25 provinces by October 2020, with 1,258 CHIKV positive cases detected by our colleagues from Institut Pasteur du Cambodge in the context of the National Dengue Control Program, Ministry of Health Cambodia (Figure 6-8). In this work, we aimed at characterizing the genetic diversity, emergence, and spread dynamics of CHIKV during the 2020 outbreak.
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 6888 Figure 6-8: Number of CHIKV cases documented by our colleagues from the Institut Pasteur du Cambodge.
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 69 Figure 6-9: Time-scaled maximum clade credibility (MCC) tree of CHIKV circulating Southeast Asia from 2017 to 2021 (n=151) obtained by discrete phylogeographic inference. Node labels are posterior probabilities indicating support for the main nodes. Branches and tips nodes are colored according to the sampling location. Genomes associated with cases with travel history have been colored according to the travel location and highlighted with an asterisk. The five possible independent introductions were labeled from A to E.
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 2 Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and 2020 outbreaks 92 that might not have captured the complete information about the outbreak and might change if more information becomes available.
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 2 Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and 2020 outbreaks 93 2013 while being genetically closer to the viruses circulating in Thailand, Bangladesh, China, Myanmar, and India between 2016 and 2019, all characterized for harboring the two AA substitutions E1-K211E and E2-V264A, in the background of E1-226A. Notably, this was also the case for the 2019 outbreak in Thailand and Myanmar, with recent and previously circulating viruses (in 2009 -2013) falling distant in the global CHIKV phylogeny (Figure
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 610 Figure 6-10: Time calibrated phylogeny focusing on CHIKV belonging to the IOL. Genomes were collected from the two epidemics taking place during 2009-2013 and 2018-2020 in Cambodia, Myanmar, and Thailand. With different colors we highlight the different countries. Image taken from the Nextstrain build which is fully available at: https://nextstrain.org/community/Simon-LoriereLab/ChikungunyaCambodia2020@main
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CHAPTER 3 :

 3 Studying the epidemiology and intra-host evolution of SARS-CoV-2 7.1 Biology, epidemiology, and evolution of SARS-CoV-2

Figure 7 - 1 :

 71 Figure 7-1: Electron microscopy of Human 229E coronavirus. Image taken from CDC.

Figure 7 - 2 :

 72 Figure 7-2: Phylogenetic tree of the full-length genome sequences of SARS-CoV-2, SARSr-CoVs and r representative members of the different subgenera of betacoronaviruses. Figure extracted from Ben et al. (2021).

Figure 7 - 4 :

 74 Figure 7-4: Features of the spike protein in human SARS-CoV-2 and related coronaviruses; a) RBD sequence of SARS-CoV-2 and the most closely related SARS-CoV-like coronaviruses and SARS-CoV is shown. Key residues in the spike protein in contact with the ACE2 receptor are marked with blue boxes in both SARS-CoV-2 and related viruses; b) S1/S2 polybasic furin cleavage site and the three adjacent predicted O-linked glycans are present only in SARS-CoV-2 and were not previously observed in lineage B betacoronaviruses. Figure extracted from Andersen et al. (2020).
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 73 Figure 7-3: Evolution of the furin cleavage site in the spike protein of betacoronaviruses. A) Sequence alignment of the region around the furin cleavage site (FCS) in SARS-CoV-2 and RaTG13. B) AA sequence alignment of the FCS region in representative members of the different subgenera of betacoronaviruses. The less functional AA motif (RRAR) in SARS-CoV-2 is highlighted in opposition to the more functional motif RXR/KR or RRXR/KR present in other coronaviruses. Extracted from[START_REF] Holmes | The origins of SARS-CoV-2: A critical review[END_REF].
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 3 Studying the epidemiology and intra-host evolution of SARS-CoV-2 103 emerged from the G clade with no clear progenitor and today is best known as the Omicron variant (352) (Figure 7-5). Second, the PANGO nomenclature consists of a dynamic and tree-based nomenclature implemented through the Phylogenetic Assignment of Named Outbreak LINeages (PANGOLIN) software developed by Rambaut et al. (353). The PANGOLIN tool assigns to SARS-CoV-2 query sequences the most likely Pango lineage, which was first described in Rambaut et al. (353) and now is constantly updated by the Pango Network Team (https://www.pango.network). Further details on the PANGOLIN tool are described in the recent publication by O'Toole et al. (354). The PANGO nomenclature offers a more detailed lineage classification aiming to track and understand the patterns of the global spread of the different variants driving the pandemic. Each label consists of an alphabetical prefix and a suffix containing up to three numbers separated by periods indicating the descendent sub-lineages, such as B.1.1.7. A complete list of the current PANGO lineages can be found at (355). Third, there is the Nextstrain nomenclature in which a new clade is defined when it reaches more than 20% of frequency in a representative global sample and differs by at least two mutations from its parent clade (356). Each clade's label consists of two numbers representing the year of emergence followed by a capital letter.
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 75 Figure 7-5: Global phylogeny of 3223 SARS-CoV-2 genome from the origin of the pandemic to January 2022. The different GISAID clades in which SARS-CoV-2 genomes fall into are shown with the different colors. Screenshot was taken from Nextstrain website as January 2022.

  ) and the substitution P681R in the S1/S2 furin cleavage site, thought to facilitate the cleavage of the full-length spike to S1 and S2, enhancing viral fusogenicity (381-383) During its spread, the Delta variant has been evolving and diverging into multiple sublineages or clades (384). According to the Nextstrain nomenclature, the Delta variant has been classified into three major clades, 21A, 21I, and 21J. In the PANGO nomenclature, the Delta variant includes the Pango lineage B.1.617.2 and 180 descendent sublineages, all named AY, as aliases of B.1.617.2, followed by a number (or several) for distinction (355).
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 76 Figure 7-6: SARS-CoV-2 family tree, generated from the data available on GISAID and diagrams created by Nextstrain and modified by Emma Hodcroft to visualize how distant the Omicron family is from the rest of SARS-CoV-2 lineages.

7. 2

 2 Studies carried out in the context of the "Corona Task Force" at the Institut Pasteur Following the emergence of SARS-CoV-2 in China, a syndromic surveillance was implemented in France on the 10th of January 2020 to identify cases and prevent onward transmission in the community. Shortly after, to respond to the global sanitary crises, the Institut Pasteur set up a "Corona Task Force" with the National Reference Center for Respiratory Viruses (NRC) at its heart.At the end of February 2020, I volunteered to join the "Corona Task Force" to be part of the many efforts of the Institut Pasteur's mobilization against COVID-19. Specifically, in collaboration with the NRC, I have contributed to the implementation of an amplicon-based high throughput sequencing technique which has been the technique used by the NRC to ensure genomic surveillance during the surge of SARS-CoV-2 infections in France. I have also actively contributed to the genomic analysis of the first introductions and spread of SARS-CoV-2 in France. Still, in support of the NRC, I have contributed to other studies such as the characterization of SARS-CoV-2 detected in a mink farm in France; the genomic epidemiology of SARS-CoV-2 in Guadeloupe, Saint Barthélemy, and Saint-Martin from February to April 2020 (a work in collaboration with Institut Pasteur of Guadeloupe); and a longitudinal follow-up of an immunocompromised patient infected with SARS-CoV-2.

Figure 1 :

 1 Figure 1: Timeline of clinical presentation and diagnostic tests of the immunocompromised individual. Treatments received by the individual such as intravenous immunoglobulin (IGIV), corticoids, and convalescent plasma (CP) therapy are indicated. RT-qPCR was done on bronchoalveolar (BR) or nasopharyngeal (NP) aspirates at different time points and the corresponding Ct values are expressed over time (days since onset of the symptoms). Neutralizing antibodies detection performed on serum samples pre, and post-CP transfusion is indicated.

  org/) and sequences derived from this individual and the other three patients treated in the same hospital ward. The sequences from the other three patients fell within the 20B Nextstrain clade. According to the PANGO lineage, the sequence from patients 1 and 2 (same familial cluster) belonged to the B.1.1.317 while patient 3 to B.1.1.209 lineage. The sequences from the immunocompromised patient fell within the 20C Nextstrain clade, or the B.1 PANGO lineage, forming a monophyletic group compatible with infection and subsequently virus persistence (Figure 2).

Figure 2 :

 2 Figure 2: A) Global SARS-CoV-2 phylogeny. Major clades are colored according to Nextstrain classification. The patient SARS-CoV-2 sequences are shown with red dots, and sequences from three other patients (P1, P2, and P3) treated in the same hospital ward are shown with yellow dots. B) Zoom in into the patient SARS-CoV-2 sequences. In the branches, we show AA changes and the support values, which are ultrafast bootstrap percentages. The scale bars represent the number of nucleotide substitutions per site.

CHAPTER 3 :

 3 Studying the epidemiology and intra-host evolution of SARS-CoV-2 123 This divergence might suggest that these viruses represent a compartmentalized subpopulation within the low respiratory tract.

Figure 3 :

 3 Figure 3: Schematic representation of the variables site across the SARS-CoV-2 genome collected from the lower respiratory tract at the different time points compared to the reference genome collected on day 14. Each bar plot represents a specific position in which the nucleotide frequency.With grey, we colored the nucleotide matching the one present in the consensus sequence of the reference genome ("REF") and with red when the nucleotide is different from the reference ("ALT"). We verified that for every position among the different genomes, there was only one alternative nucleotide in comparison to the reference genome. Additional information from samples from the upper respiratory tract can be found in FigureS2.

CHAPTER 3 :

 3 Studying the epidemiology and intra-host evolution of SARSobtained from this patient to participate in the present study conducted by the Institut Pasteur and the Hospital in Versailles, France.Sample collectionSera samples (n= 6) and respiratory samples from the upper respiratory tract (nasopharyngeal aspirates, n=3) and lower respiratory tract (bronchoalveolar aspirates n= 15) were collected at the Versailles Hospital and shipped to the National Reference Center for Respiratory Viruses (NRC) hosted at the Institut Pasteur.

Figure S1 :

 S1 Figure S1: Low frequency variants across replicates. A) Graphic showing the percentage of variant conserved across replicates for the 15 samples collected from the upper respiratory tract (nasopharyngeal aspirates, n=3) and lower respiratory tract (bronchoalveolar aspirates n= 12). B) Standard deviation of the frequency of each specific variant found in both replicates per sample.

Figure S2 :

 S2 FigureS2: Genomic analysis of viruses collected from the upper (nasopharyngeal aspirates, NP) and lower (bronchoalveolar aspirates). A) Schematic representation of the variables site across the SARS-CoV-2 genome collected from the lower and upper respiratory tract at the different time points compared to the reference genome collected on day 14. Each bar plot represents a specific position in which the nucleotide frequency. With grey, we colored the nucleotide matching the one present in the consensus sequence of the reference genome ("REF") and with red when the nucleotide is different from the reference ("ALT"). B) Zoom in into the phylogeny where the SARS-CoV-2 sequences of the immunocompromised patient fall. In the branches, we show AA changes and the support values, which are ultrafast bootstrap percentages. The scale bars represent the number of nucleotide substitutions per site.
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 77 Figure 7-7:Approach to assess the CP neutralizing potency against the wild-type spike and spike mutant S50L (S: S50L) of SARS-CoV-2. HEK293T cells are transfected with a plasmid encoding a lentiviral backbone expressing Luciferase, a plasmid expressing the wild-type spike or spike mutant S50L and plasmids expressing the Tat, Gag-Pol, and Rev HIV proteins needed for virion formation. The transfected cells will produce lentiviral particles with the spike protein in the surface (the wild-type or the mutant spike version). The neutralization assay would be achieved by first performing serial dilutions of the convalescent plasma and subsequent incubation with the pseudotyped lentiviral particles. Finally, this mix would be added to HEK293T cells expressing ACE2. Infected cells would express the Luciferase, signal that can be measured. To calculate the inhibitory concentrations 50% (IC50s), the fraction of infectivity elicited by the pseudotyped lentiviral particles (for the wild-type and the mutant spike) in the presence of serial dilutions of the CP is studied. The fraction of infectivity is calculated as the luciferase reading for a particular plasma dilution divided the luciferase reading in the absence of plasma also referred to as "maximum infectivity". This lentivirus pseudoparticles packaging a coronavirus spike system for neutralization assays has been described by the Bloom laboratory (428).

  

Table 1 :

 1 IAV gene segments and main gene products. It is adapted from[START_REF] Gerber | Selective packaging of the influenza A genome and consequences for genetic reassortment[END_REF] 

	Segment Main gene products
	1	PB2: Polymerase basic 2
	2	PB1: Polymerase basic 1
	3	PA Polymeric acid
	4	HA: Hemagglutinin
	5	NP: Nucleoprotein
	6	NA: Neuraminidase
	7	M1: Matrix 1, and M2: Matrix 2
	8	NS1: Non-structural gene 1, and NS2: Non-structural gene 2

surveillance of enterovirus associated with aseptic meningitis cases in Southern Spain, 2015-2018
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Table 1 :

 1 TOSV mNGS results from CSF samples

	SAMPLE	SEGMENT	TOTAL NB	AVERAGE	MAPPED	GENOME
			OF READS	COVERAGE	READS (%)	COVERED (%)
	LCR_228	Segment L	5270466	34.21	0.0569	98.3
		Segment M	5270466	36.84	0.0404	93.3
		Segment S	5270466	21.83	0.0107	81.1
	LCR_367	Segment L	21978596	19.92	0.0079	64.7
		Segment M	21978596	5.89	0.0015	29.4
		Segment S	21978596	19.58	0.0023	71.9
	LCR_515	Segment L	11158116	23.46	0.0185	96.5
		Segment M	11158116	20.9	0.0109	90.6
		Segment S	11158116	10.24	0.0024	66.5
	LCR_623	Segment L	13147500	62.58	0.0419	99.0
		Segment M	13147500	42.64	0.0189	94.4
		Segment S	13147500	61.72	0.0121	91.9
	LCR_654	Segment L	9122218	4.84	0.0047	38.4

Table 2 :

 2 TOSV amplicon-based sequencing results from CSF samples

	SAMPLE	SEGMENT	TOTAL NB OF	AVERAGE	MAPPED	GENOME COVERED
			READS	COVERAGE	READS (%)	(%)
	LCR_228	L	26,036,074.00	104,289	59.6	92.7
		M	26,036,074.00	82,122	30.9	93.4
		S	26,036,074.00	49,627	8.3	93.1
	LCR_367	L	14,332,700.00	39,732	42.2	78.7
		M	14,332,700.00	57,434	40.2	79.1
		S	14,332,700.00	40,549	12.6	93.1
	LCR_515	L	13,504,654.00	51,314	57.7	96.4
		M	13,504,654.00	43,734	32.4	97.0
		S	13,504,654.00	21,050	6.9	93.1
	LCR_623	L	10,416,918.00	36,578	53.4	96.4
		M	10,416,918.00	33,657	32.4	97.0
		S	10,416,918.00	23,004	9.8	93.1
	LCR_654	L	15,046,180.00	60,901	61.6	90.4
		M	15,046,180.00	34,548	23	92.1
		S	15,046,180.00	34,514	10.2	93.1
	LCR_756	L	5,841,460.00	21,491	56	94.8
		M	5,841,460.00	16,182	27.8	97.0
		S	5,841,460.00	16,692	12.7	93.1
	LCR_853	L	5,234,954.00	18,406	53.4	96.4
		M	5,234,954.00	18,570	35.5	97.0
		S	5,234,954.00	9,257	7.9	93.1

Table 3 :

 3 Relevant pathogens detected as contaminants in several of our samples.

	Number	Sample	Contaminant
	1	LCR_28	CHIKV
	2	LCR_695	CHIKV
	3	LCR_912	CHIKV
	4	LCR_928	CHIKV + DENV-4 + DENV-3
	5	LCR_520	CHIKV
	6	LCR_1047	CHIKV
	7	LCR_1114	CHIKV
	8	LCR_1152_s5 (but no	CHIKV
		LCR_1152_s20)	
	9	LCR_525	ZIKV
	10	LCR_1150	YFV
	Amplicon-based sequencing		

Table 2 :

 2 Model selection. Marginal likelihoods were calculated with path-sampling (PS) and stepping-stone sampling (SS) for a total of six model combinations using three coalescent tree priors (Bayesian Skyride, exponential growth, and constant size) and two clock models (uncorrelated relaxed clock with log-normal distribution, UCLN, and strict clock and). The Bayes factor is calculated against the baseline model, a constant size tree prior, and a strict clock.

		log (marginal likelihood)	log (Bayes Factor)
	MODEL	PS	SS	PS	SS
	Skyride, Relaxed	-22346.0972	-22347.7107	13	12
	Skyride, Strict	-22350.8134	-22351.6453	8	8
	Constant, Relaxed	-22354.935	-22355.7196	4	4
	Exponential, Relaxed	-22355.3797	-22356.4513	4	3
	Constant, Strict	-22359.0396	-22359.8633	0	0
	Exponential, Strict	-22366.7885	-22368.1268	-8	-8

Table 3 :

 3 Evolutionary parameters retrieved from each model

	Summary Statistic	Skyride, Strict	Exponential, Strict	Constant, Strict	Statistic
	median	4.56x10 -4	4.74 x10 -4	4.73 x10 -4	Clock rate
	95% HPD interval	[3.90 x10 -4 , 5.23 x10 -4 ]	[4.06 x10 -4 , 5.36 x10 -4 ]	[4.10 x10 -4 , 5.39 x10 -4 ]	Clock rate
	ESS	2443.9	3824.4	3932.5	Clock rate
	median	2004.9676	2004.6328	2004.6106	tMRCA Root

Table 4 :

 4 Evolutionary parameters retrieved from each model

	]	tMRCA Root

  ). The estimated date of divergence of this clade from the sequences sampled outside Laos is July 2011. Similarly, for the second Laos clade, the estimated date for tMRCA is June 2012 (95% HPD March 2012-September 2012; Table2). The common ancestor between the second Laos' clade and sequences sampled outside Laos is inferred to be March 2011. All this indicates that CHIKV in Laos was most likely introduced through two different but contemporary introductions, probably from Cambodia, the first between July 2011 and September 2012 and the second between March 2011 and September 2012.

	The tMRCA between the sequence sampled in Thailand 2013 falling within the Cambodian clade 2 and
	viruses captured in Cambodia is estimated to be the end of November 2011 (95% HPD May 2011-May
	2012).

Although there is only one sequence from Thailand branching from this clade, this suggests that virus exchange from Thailand to Cambodia could have occurred in both directions during the outbreak.

  First, it has been reported that in early 2008 initial cases of CHIKV infection were detected in southern Thailand (292). By December 2009, a large CHAPTER 2: Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and 2020 outbreaks 83 outbreak had already been spreading throughout Thailand, reaching a total of 46,000 documented cases, the highest number of infections in any country in Southeast Asia at that moment (293). Secondly, there is an intense migration flux between the two countries due to the cultural similarities and the easy flow through the Thailand-Cambodian border. Indeed, many Cambodians travel to Thailand to work temporarily or permanently (294). Interestingly, sequences from Laos sampled during 2012 -2013 also fall into the Cambodian clade within clade 2. MCC tree topology and BSSVS analysis with BF test suggested Cambodia as the source of the outbreak in Laos in 2012. This was already suggested by Somlor et al. (286), who also emphasized that the reported cases were detected next to the Laos-Cambodian border in the province of Champasak, located in the south part of the country, neighboring the Cambodian province of Preah Vihear. Further supporting this claim, we found that the Laos sequences branch from sequences collected by August 2011 in Preah Vihear, forming two different clades with high support (posterior probability = 1), indicating at least two introductions. Our data suggest that these two independent introductions occurred almost simultaneously, the first between July 2011 and September 2012 and the second between March 2011 and September 2012.

  . The samples correspond to 8 cases reported in May and August 2011 (259) and 39 cases collected from 14 provinces across Cambodia from May 2012 to

	CHAPTER 2: Understanding CHIKV re-emergence and spread in Cambodia during the 2011-2013 and
	2020 outbreaks
	August 2013 (Table
	84

Table 5 :

 5 Model Selection. Marginal likelihoods were calculated with path-sampling (PS) and stepping-stone sampling (SS) for a total of six combinations using three coalescent tree priors (Bayesian skyride, exponential growth and constant size) and two clock models (uncorrelated relaxed clock with log-normal distribution [UCLN] and strict clock). The Bayes factor is calculated against the baseline model, a constant size tree prior and strict clock.

Table 6 :

 6 Inferred introductions to Cambodia. The BF and posterior probability (PP) associated with each transition were obtained under the BSSVS analysis. The estimated date for each transition was extracted from the MCC tree and calculated considering the higher bound value of the 95% HPD for the node associated with the Cambodian clade (node y) and the lower bound value of the 95% HPD for the node outside that clade (node x). The location probability and posterior probability for the internal node x are also shown.

  Discussion and conclusions of the studiesThis chapter reported on CHIKV emergence and spread in Cambodia during the 2011-2013 and the 2020 outbreaks, and several conclusions can be drawn.
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				2020 outbreaks		
	6.4							
		FROM (node x)	TO (node y)	BF	PP	Estimated date	loc.prob.x posterior.x
	clade A	Thailand	Cambodia	291.3	0.99	2018 Nov -2019 Dec	1.00	1.00
	clade B					2017 Nov -2020 Apr	0.99	0.10
	clade C					2018 Oct -2020 Jan	0.98	1.00
	clade D	China	Cambodia	9.6	0.69	2018 Oct -2020 Jul	0.91	0.64
	clade E					2018 Sep -2020 May	0.59	0.31
					91			

  1.1.529; more recently, it has been classified into three sublineages: BA.1 (the initial clade), BA.2, and BA.3, which corresponds to the 21K, 21L and 21M according to the Nextstrain nomenclature, respectively. Phylogenetic analyses have shown that these three sublineages have emerged from the B.1.1 node and subsequently evolved independently from one another (385). This divergence is such that BA.1 and BA.2 differ in at least 40 AA sites, being as divergent as the Alpha, Beta, and Gamma are between each other.

Introductions and early spread of SARS- CoV-2 in France, 24 January to 23 March 2020. Euro

  Fabiana Gámbaro , Sylvie Behillil , Artem Baidaliuk, Flora Donati , Mélanie Albert , Andreea Alexandru , Maud Vanpeene , Méline Bizard, Angela Brisebarre , Marion Barbet , Fawzi Derrar , Sylvie van der Werf, Vincent Enouf , Etienne Simon-Loriere .

	Surveill. 2020;25(26): pii=2001200.
	https://doi.org/10.2807/1560-7917.ES.

  4,5 , Sylvie Van der Werf 4,5 , Fabrice Bruneel 3 , Etienne Simon-Loriere 1 .

	1 G5 Evolutionary Genomics of RNA viruses, Institut Pasteur, Paris, France
	2 University of Paris, France
	3 Centre Hospitalier de Versailles, Versailles, France.
	4 Molecular Genetics of RNA Viruses, CNRS -UMR 3569, University of Paris, Institut Pasteur, Paris, France.
	5 National Reference Center for Respiratory Viruses, Institut Pasteur, Paris, France

Once the virus has been identified, this information can be used to answer the following critical questions: do we have diagnostic tools to monitor the outbreak? Are there treatments available to mitigate the disease? The generated genomic data can also be used to reconstruct phylogenetic trees, which can provide an additional level of detail, revealing the origin of the virus and its connection to previous outbreaks, as will be explained in more detail in the following sections.

Limit of detection is defined as the lowest concentration of the analyte that can be reliably detected.

Lindon JC, Tranter GE, Koppenaal D. Encyclopedia of spectroscopy and spectrometry: Academic Press; 2016.

The "wet markets" are also called public, informal and traditional markets and it refers to a marketplace selling perishable goods as distinguished from "dry markets" that sell durable goods such as fabric and electronics.

These samples were obtained in the framework of the European program DENFREE consortium coordinated by Anavaj Sakuntabhai, and in collaboration with Institut Pasteur du Cambodge.

Key points of the Chapter 3

 Phylogenetic analysis of the initial introductions of SARS-CoV-2 shed light on the initial (multiple) introductions in France and the later spread of the virus at the local level, with insights for Europe.

 This work highlights the risk of phylodynamics and phylogeographic inferences based on fractionated data, low SARS-CoV-2 genetic diversity compared to the fast spread, and a syndromic-only genomic surveillance.

 Long term evolution of SARS-CoV-2 in an immunocompromised individual is not always associated with strong accumulation of changes in the viral genome.

 As treatment with convalescent plasma did not result in viral clearance, treated patients should still be considered as potentially infectious, highlighting the challenge of managing such patients in long term care.

GENERAL DISCUSSION

Limitations and perspectives in virus genomic epidemiology

This thesis explored the use of genomic epidemiology to dive into the origin, timing, and spread of several viral infectious diseases. In chapter 1 we studied the presence of RNA viruses in CSF samples from patients with aseptic meningitis with unknown etiology. We aimed at reconstructing the dynamics of two CHIKV outbreaks in Cambodia in chapter 2. Finally, in chapter 3, we studied the introductions and early spread of SARS-CoV-2 in France, and we monitored the intrahost evolution of SARS-CoV-2 during a long-term infection in an immunocompromised patient.

Genomic epidemiology together with the field of phylodynamics constitute powerful frameworks to investigate infectious disease. However, both fields face numerous challenges, from technical aspects (i.e., data generation), theoretical challenges (i.e., data analysis and results interpretation), to global trends in data generation and sharing. We have highlighted a few examples of some of these challenges throughout this thesis.

mNGS can be used to identify the potential etiologic agent causing the disease, as we showed in chapter 1 or as it has been demonstrated by many others (174-177). However, several challenges limit its use. First, the low-quality and/or low-concentrated samples can affect the sensitivity for pathogen detection. Indeed, sample stability is essential for sequencing, particularly for RNA, which is labile and susceptible to degradation by RNase enzymes or due to multiple freeze-thaw steps during sample preparation. Overcoming these problems is critical for leveraging mNGS for different applications, including clinical applications. Different laboratory practices and methods have been proposed to overcome the challenges of low-quality and/or low-quantity RNA samples. For example, in order to prevent degradation, RNA samples are generally stored frozen at -20 °C or -80 °C, and the use of RNase inhibitors, RNase-free reagents, and/or protective agents is highly recommended. In addition to this, different methods have been developed to deplete unwanted DNA or RNA, enriching samples with the RNA/DNA of interest (431). For example the method described by Matranga et al. (171), and used through this thesis, which rely in the selective depletion of host ribosomal RNA and contaminating poly(A) carrier, enriching clinical samples with viral content.

Another factor that can influence the sensitivity for pathogen detection is sample contamination. As mentioned in chapter 1, sample contamination can arise at different stages of the mNGS protocol: during the sample extraction (e.g., contamination from skin flora during needle aspiration), aliquoting, nucleic acid extraction, library preparation, or the sequencing run. In addition, contaminants can be detected at the same or even higher level than bona fide pathogens in low-concentrated samples, making it difficult to interpret the data (229). Therefore, it is advisable to follow procedures to ensure that the environment is sterile and RNA and DNA-free and avoid sample cross-contamination. In addition, positive and negative controls (e.g., no-template control, non-infectious control) should be included to guarantee that environmental and sample cross-contamination are not producing false-positive results.

APPENDIX: the initial plan A

I joined the G5-Evolutionary genomics of RNA viruses in October 2018 to work on experimental RNA virus evolution.

My initial project aimed to assess how the environment in which a virus replicates can influence the evolution and composition of the viral population and to evaluate the consequences of such variation in key parameters such as pathogenicity and transmissibility. Here, with the environment, we specifically referred to the host's genetic background and immune history. For this purpose, the project consisted in setting up an in vitro evolution system, where we would use cells from the blood of healthy donors from different ancestries (e.g., Asian, African ancestry) to replicate a viral population. After 10 to 15 passages, we would evaluate the composition of the viral population by NGS and its fitness, tropism, and transmissibility. To study the effect of the immune history on the composition and evolution of the viral population, we planned to add other variables, such as antibodies, at non-neutralizing concentration, as it is known that this can modulate the environment and thus constrain the viral population (Figure 10-1-1).

As a model virus, we planned to use DENV for two main reasons. First, differences in dengue disease symptoms have been reported at the individual level and within human populations (i.e., populations of