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Abstract 
Emerging viruses represent a challenging threat to global health. Increasing human 
travel and global connectivity, changing climate patterns and incremental contact rates 
between human and animal populations contribute to the likelihood of emerging viral 
epidemics to occur at greater scales and higher frequencies. These pathogens have 
gained increased notoriety in recent years as emerging and re-emerging viruses such as 
Ebola virus, Zika Virus and SARS-CoV-2 caused large epidemics and pandemics of 
high consequence. The circulation and evolution of these viruses in regions like Africa 
and the Americas (where genomic surveillance remains limited) is key to their 
transmission dynamics, driven by environmental conditions combined with abundant 
biodiversity and complex human-animal interactions. 
 
In this thesis, I apply genomic epidemiology tools to study the transmission and 
evolution of emerging viruses with limited sampling. The first study evaluates the 
evolution of Oropouche virus (OROV) since its emergence in the mid 20th century in 
South America. The second study describes the transmission dynamics of the first 
SARS-CoV-2 wave in Ecuador, where genomic sampling was limited. The third study 
investigates the emergence of a recombinant SARS-CoV-2 lineage in North America 
and describes its remarkable spread in early 2021. The fourth study compares the 
spatio-temporal spread of two arboviruses in Mexico, Dengue virus (DENV) and 
Chikungunya virus (CHIKV) and reveals similar trends in their importation and spread 
in the country. Finally, the fifth study derives from the investigation of a CHIKV 
outbreak in Kassala, Sudan, and explores the possible sources of the outbreak.
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1 Introduction 

Geographic spread of emerging viruses 
Modern conceptions of infectious diseases (such as the One Health approach) 

recognise the notion that some pathogens circulate between human and animal 

populations. Under this framework, emerging pathogens arises as a category of 

infectious diseases that have appeared recently in human populations and increased in 

frequency broadly or within a particular region (1). Emerging viruses are an important 

category of emerging pathogens and account for a large proportion of such pathogenic 

microorganisms (2, 3). 

 

 Emerging viral pathogens 
Viruses are intracellular parasitic entities that, upon infection of host cells, deploy a 

variety of molecular mechanisms to hijack host cell machinery in order to replicate their 

genetic material and generate new infectious units called virions or viral particles (4). 

Viral particles contain genetic material (in the form of DNA or RNA) encased by a 
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protein capsid (5); they are therefore biological entities and interact with living 

organisms, although it is debated whether they are classified as living organisms (6–8). 

 

Wildlife, livestock and human viruses 
Viruses exhibit considerable variation in their capacity to infect one or more host 

species. Emerging viruses by definition are capable of infecting different species, but 

the range of species susceptible to a particular virus is diverse (3, 9–12). The most 

specialised viruses are constrained to infecting a single species and therefore rely on the 

infection of new susceptible individuals to sustain their transmission (e.g., (13, 14)). 

More generalist viruses may circulate in at least one ‘reservoir’ species from which they 

can ‘jump’ or spill over into other species. These transmission events between species 

are called zoonoses when occurring from an animal species to humans and can lead to a 

variety of outcomes, ranging from single human cases with no significant further 

transmission to other people (e.g., H7N9 Influenza A virus, (15); rabies virus, (16, 17)) 

to small clusters of cases (e.g., Middle Eastern Respiratory Syndrome coronavirus, 

MERS-CoV, (18)), large but transient epidemics (e.g., Severe Acute Respiratory 

Syndrome, SARS-CoV, (19)), and pandemics that can result in the establishment of the 

virus as a dedicated human pathogen (e.g., human immunodeficiency virus, HIV, (20, 

21)). Generalist viruses have the capacity to infect multiple species that are often 

evolutionarily related; for example, rabies virus (Rhabdoviridae, RABV) has a wide host 

range across different carnivore and bat species (16, 22). Similarly, influenza viruses 

(Orthomyxoviridae) circulate freely amongst waterfowl and domesticated birds across 

at least 26 taxonomic families, predominantly within the orders Anseriformes (ducks, 
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geese and swans) and Charadriiformes (terns, gulls and shorebirds; (23)). Influenza virus 

strains associated with other vertebrates have been widely studied; these include swine, 

equine, canine and various types of human lineages, among others (24, 25). 

 

Virions and infection 
Viral particles display a high degree of structural diversity, in terms of both particle 

shape and genome architecture. Broadly, viruses that belong to the same virus order or 

family share similar virion shape and composition, as well as similar organisation and 

arrangement of their genomes. Among viruses capable of infecting humans (and other 

vertebrates), several important viral particle components are shared: i) structural 

proteins, which bind to the viral genome during packaging of new viral particles or form 

geometrical capsids to protect the genetic material (5), ii) an enzyme (either packaged 

within virions or encoded by the virus genome and produced during cell infection) that 

assists in the replication of the viral genome during infection, and iii) one or more 

surface proteins that localise on the outermost layer of virions (either attached to an 

external membrane or directly to the viral capsid) and mediate host cell recognition, 

attachment and entry during infection (5). Some of these proteins exhibit dynamic 

molecular evolution due to their exposed nature and can accumulate large numbers of 

mutations; this occurs as part of an arms-race dynamic that takes place between the host 

adaptive immune system and the virus (26). 

 
The infection of host cells relies on an initial step where the viral surface proteins 

directly interact with surface proteins of the host cell, often cell receptor molecules used 

by the host to regulate cellular and physiological functions (27, 28). Following this initial 
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interaction, the virus enters or releases its genetic material and necessary accessory 

proteins into the cytoplasm of the infected cell; this process is mediated by endocytosis 

or membrane fusion mechanisms (29). The details of the viral replication cycle after 

gaining cell entry differ widely across viruses but conclude in the assembly and release 

of new virus particles (28). During this process, the host innate immune system plays a 

key role in mitigating and blocking viral dissemination. Despite this activity, the co-

infection of individual cells with multiple viral particles can sometimes occur and can 

lead to active genetic exchange between viral particles (30, 31). 

 

Genomic architecture 
Viral genomes exhibit substantial diversity in composition and architecture. The 

major distinction between virus genomes is their chemical composition (28). Virus 

genomes can be composed of either deoxyribonucleic acid (DNA) or ribonucleic acid 

(RNA) and can be configured as single stranded RNA (ssRNA), double stranded RNA 

(dsRNA), single stranded DNA (ssDNA) and double stranded DNA (dsDNA). The 

Baltimore classification distinguishes these and considers the mechanisms by which the 

viral genome generates messenger RNA (mRNA) from its genetic material: this 

classifies viral genomes into positive sense (where the genome itself functions as mRNA 

and directly interacts with ribosomes for the translation of genes into proteins) and 

negative sense genomes (where the genome serves as a template from which mRNA 

molecules are produced through an RNA-dependent RNA polymerase, RdRp; (28)). A 

separate category is ascribed for viruses with DNA or RNA genomes that utilise reverse 

transcription. 
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Another key feature of virus genome structure is the possibility for segmentation, 

which refers to the number of independent molecules comprising the entire viral 

genome. Viruses can be classified as segmented and non-segmented depending on 

whether their genomes are contained within a single molecule or several; in the latter 

case, each separate molecule is called a chromosome or a segment. The number of 

segments differs among families; for instance, the Arenaviridae family (e.g., Lassa fever 

mammarenavirus, LASV) includes viruses with genomes comprised of two segments, 

while Peribunyaviridae (e.g., Bunyamwera virus, BUNV; OROV) and Nairoviridae 

(e.g., Crimean-Congo haemorrhagic fever virus, CCHFV) contain three segments and 

the Orthomyxoviridae family (e.g., Influenza viruses) contain six to eight separate 

segments (32–36). The separation of the genome into several segments facilitates 

genetic exchange co-infecting viruses through a process called reassortment (37); a 

related process is also possible for viruses with non-segmented genomes through a 

process called recombination. In addition to genome segmentation, viruses differ in a 

series of features that include the presence of overlapping coding regions, untranslated 

terminal regions (UTRs) and non-coding intergenic regions (38–41). 

 

 Transmission dynamics and virus evolution 
Virus propagation depends on the generation of new offspring and the colonisation 

of new environments. As intracellular parasites, this propagation process entails the 

infection of new, susceptible hosts. The transmission process occurs through the 

excretion of new infective viral particles, which reach new hosts by different pathways, 

sometimes through complex infection cycles that include intermediary species. The 
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most frequent routes of transmission can be classified as either direct transmission 

between hosts, or vector-mediated transmission. In direct transmission (i.e., where 

infectious viral particles can infect a new host without the necessity of an intermediate 

vector), viral particles can be either secreted through the host mucosa (e.g., airways, 

digestive tract) and reach new hosts through various mechanisms (e.g., aerosols, 

infectious droplets), or can be transmitted by direct fluid exchange between an infected 

and a susceptible host. Secreted particles can sometimes survive on surfaces (known as 

fomites) or other media (such as food and water) and reach the new hosts through 

indirect contact with the original infected host (42, 43). 

 
Vector-mediated transmission is associated with an intermediary species that 

becomes infected by the virus and has the capacity to transmit it to other individuals of 

the original host species. A large number of viruses that infect vertebrate hosts utilise 

arthropods as vectors (generally classified as arboviruses, short for arthropod-borne 

viruses). Transmission can be either facilitated by the bite of the arthropod vectors 

during feeding or by contact with the secretions of the vector species (44). The cell and 

tissue tropism of different viruses is intrinsically associated with their transmission 

route(s) (11). 

 
The replication of viral genetic material during proliferation inside a host introduces 

mutations into the genomic sequence. These changes can have effects on gene function 

and viral fitness and are therefore fundamental to viral evolution. This process is also 

closely associated with the infection and transmission process because contagion 

between hosts acts as a genetic bottleneck, such that only a fraction of the genetic 
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diversity accumulated by the virus infecting an individual host is transmitted to others. 

These genetic changes accumulate over different timescales (i.e., intra-host variation 

and between-host variation) and can be tracked to infer the evolutionary trajectories of 

different viral lineages (45, 46). 

 

Cross-species transmission and zoonosis 
The identification of determinants of cross-species transmission is an area of active 

research most often focused on transmission from non-human to human hosts but 

increasingly focusing on zooanthroponosis, the transmission from human to non-human 

hosts (47). Both viral and host factors are likely to play important roles in viral zoonosis, 

and the latter may depend also on environmental factors. The likelihood of zoonoses is 

associated with the epidemiological dynamics of the pathogen in the non-human 

population and the frequency at which humans come in contact with this population. 

Similar factors drive transmission in both non-human and human populations: intrinsic 

transmissibility of the virus, transmission routes, susceptibility and immunity, 

population demographics, and individual or social behaviour (sometimes driven by 

environmental factors, (48)). Population size changes can play an important role in 

zoonoses, as changes in reservoir population sizes and behaviours can drive outbreak 

risk in human populations (e.g., Lassa fever virus, Arenaviridae, LASV, (49, 50)). 

Similarly, the role of vector species also plays a key role; this can include arthropod 

vectors whose population sizes can vary rapidly as a function of climatic factors (51, 

52). 

 



Chapter 1: Introduction 

 
 
 

   17 
 
 
 

The capacity for cross-species transmission is also heavily influenced by genetic and 

biological determinants that are intrinsic to the virus. Receptor identification and binding 

is an important feature of viral host range and tropism (9, 11), and some of these 

mechanisms have been studied in detail. For example, the capacity of avian influenza A 

viruses to infect human cells is associated with the hemagglutinin (HA) surface protein’s 

change in specificity from α2-3 sialylated glycans in the avian gastrointestinal tract 

endothelial tissue to human-like α2-6 sialylated glycans receptors in the upper and lower 

airways (53–55). More recently, the human angiotensin-converting enzyme 2 (ACE2) 

protein was identified as the main receptor by which SARS-CoV-2 recognises and 

infects human cells through its surface Spike protein (56), similar to what had been 

previously determined for SARS-CoV almost two decades prior (57). Similarities in 

surface protein structures suggest that SARS-CoV-2 has the potential to infect multiple 

other mammal species (58), as has been demonstrated by its circulation in mink farms 

(59) and wild white-tailed deer populations (60). 

 

Re-emergence, cryptic circulation and viral reservoirs 
While emerging viruses are pathogens that have recently appeared in human 

populations and/or rapidly expanded their geographic range, re-emerging viruses re-

appear in a region after not having been detected for a long period of time, either from 

re-introductions from other regions or from changes in factors that affect transmission 

(61). Most emerging viruses of concern to human populations circulate in wildlife 

populations or in domesticated livestock (3) although the frequency at which zoonotic 

events occur varies between viruses. Under this paradigm, non-human populations 
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effectively act as reservoirs from which pathogens can re-emerge into human 

populations when extrinsic factors facilitate zoonotic events (2, 61–64). Viral circulation 

across scarcely monitored non-human populations can also be conceptualised as a 

scenario where the pathogen is cryptically transmitted, that is, circulates undetected. 

This concept is of particular importance for emerging viruses since cryptic circulation 

often occurs in human populations as well; for example, the emergence of Zika virus 

(Flaviviridae, ZIKV) in the Caribbean and South America was preceded by a period 

when the virus transmitted undetected in the region (65). 

 

 Emerging viruses in the Americas 
The Americas span North, Central, South America and the Caribbean Islands, and 

are an arbovirus-rich region (66). Its climatic and ecosystem diversity and high urban 

population densities facilitate the transmission of numerous viral pathogens transmitted 

by arthropod vectors (67–69). While some of the most important emerging arboviruses 

in the region were introduced to the continent over the last century (such as dengue fever 

virus, DENV, Flaviviridae and Yellow Fever virus, YFV, Flaviviridae; (70, 71)), 

multiple viruses endemic to the Americas have the potential to become public health 

threats, including Oropouche virus (OROV, Peribunyaviridae), Mayaro virus (MAYV, 

Togaviridae) and Venezuelan Equine Encephalitis virus (VEEV, Togaviridae), among 

others (66). Furthermore, recently introduced arboviruses like West Nile virus (WNV, 

Flaviviridae, first detected in 1999), Chikungunya virus (CHIKV, Togaviridae, first 

detected in 2013) and ZIKV (first detected in 2014) have also become important 

pathogens causing noteworthy epidemics in the region (65, 72–75). These viruses are 
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competently transmitted by mosquitoes of the Aedes, Culex or Haemagogus genus, or 

to a lesser extent, midges of the Culicoides genera. DENV, ZIKV and CHIKV are likely 

transmitted by Aedes mosquitoes associated with urban cycles of transmission, while the 

YFV transmission cycle in Latin America has been predominantly sylvatic and driven 

by Haemogogus transmission (71–73, 76). Furthermore, clusters of cases and small 

epidemics of viral haemorrhagic fevers (VHF) have also been reported in recent years 

in the southern cone of South America, caused by highly pathogenic emerging viruses 

belonging to the Arenaviridae (e.g., Machupo virus, MACV; Junín virus, JUNV; (77)) 

and Hantaviridae (e.g., Andes virus, ANDV) families (78, 79). The potential of new 

viruses to emerge in this region remains high and is linked to the high biodiversity for 

certain orders (like primates, rodents and bats) in the region, its abundance and the 

expanding human frontier into previously unaltered ecosystems (80–83). Also, as has 

been observed with ZIKV and CHIKV, the increasing frequency of travel between 

locations in the southern hemisphere (84–88) rises the risk of new pathogens being 

exported to other locations. 

 
Respiratory viruses in the Americas follow transmission patterns that are more 

closely linked to global transportation networks, as has been observed for influenza 

viruses, for example (14, 89, 90). Transmission dynamics within Latin America are less 

clear; using influenza viruses as a model, it is likely that transmission lineages there are 

seeded from North America and Europe (89–92) but the region presents its own complex 

transmission patterns as shown by high rates of vaccine strain mismatches for influenza 

B viruses across several countries (93). 
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The emerging viruses studied in this thesis comprise three arboviruses (OROV, 

CHIKV and DENV) and a respiratory virus, Severe Acute Respiratory Syndrome 

coronavirus 2 (SARS-CoV-2, Coronaviridae). Of the first three viruses, CHIKV and 

DENV are transmitted by Ae. aegypti (CHIKV is also transmitted by Ae. albopictus), 

while OROV is believed to be transmitted by Culicoides paraensis. They possess either 

negative-sense (OROV) or positive-sense RNA (DENV, CHIKV, SARS-CoV-2) 

genomes, as is common amongst emerging viruses. 

 

General concepts of virus epidemiology and evolution 
Evolution by natural selection is the process by which organisms change over time 

as a response to their changing environment. Evolution can be measured in the absence 

of genetic data, but in the context of this thesis I will focus on molecular evolution. A 

mutation is a change in the sequence of a genetic code that occurs by biological, physical 

or chemical processes, and can be inherited by descendants of the individual in which 

the mutation took place. Mutations generate changes in phenotypes and are therefore 

susceptible to the effects of natural selection. In viruses, this means that selection acts 

on the proteins or other molecules that virus genes code for, as well as on other genetic 

elements that mediate genomic replication or gene expression (for example (94)). 

Mutations occur through a predominantly stochastic process, but the accumulation of 

changes over generations can result in adaptive evolution if: i. the changes are 

transmitted from progenitors to descendants (heritability) and ii. these changes improve 

the capacity of the individuals to further transmit their genetic information to future 
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generations. Thus adaptive molecular evolution is contingent on the heritability of 

mutations and on their functional effects (95). 

 
Viruses are useful models in which to study evolutionary processes, due to their 

relatively rapid generation times, large population sizes and wide range of evolutionary 

rates (96). The majority of human emerging viruses accumulate genetic variation at high 

rates, in part because many have RNA genomes (12, 97). This leads to the evolutionary 

process taking place in synchronicity with viral spatio-temporal transmission dynamics. 

Here I delineate general concepts of virus spatial epidemiology and some of the common 

features that shape evolutionary processes in viruses. 

 
 

 Spatial epidemiology of infectious diseases 
Viral epidemics are spatially dynamic phenomena. The consequences of these 

dynamics are manifold and can account for both diversification (such as the occurrence 

of genetically structured propagation) and homogenisation (such as the introduction of 

multiple pathogen lineages into each location).  

 

Quantitative epidemiological methods 

Modern infectious disease epidemiology incorporates concepts from population 

biology and microbiology. While sharing numerous concepts with non-infectious 

disease epidemiology (such as the role of socio-economic, behavioural and 

environmental factors in disease occurrence), the nature of pathogen transmission results 

in a set of measures and models that are unique to infectious disease biology. These 
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facilitate the quantification and inference of transmission dynamics within a population 

or sub-populations. Infectious disease epidemiology comprises a vast landscape of 

methods that lie outside of the scope of this thesis, but some selected key concepts will 

be discussed below. 

 
In an epidemic the number of infections from an infected individual (primary case) 

to other susceptible individuals (secondary cases) is summarised as the metric R 

(sometimes called the reproductive number). The reproductive number can be estimated 

as an average and is a property of multiple extrinsic factors (environment, connectivity 

and contact rates between infected individuals, behaviour) and intrinsic factors (inherent 

transmissibility of the virus, e.g., its natural capacity to be transmitted from an infected 

to a susceptible host). When measured as a function of time, the reproductive number 

becomes a function with Rt being the reproductive number R at a time t. This is in 

contrast to the R0 parameter, which measures the number of secondary infections 

produced by a primary case in a population where all individuals are susceptible to 

contagion (i.e., at the beginning of an epidemic; (98)). Values of Rt > 1 lead to an 

increase in epidemic size, while values of Rt < 1 lead to a decrease (99). The rate at 

which the numbers of cases increase or decrease over time is measured as the growth 

rate and can also be measured as the doubling time. 

 
The fact that hosts can in some cases gain protection against re-infection for a period 

of time after infection and recovery affects transmission dynamics because susceptible 

hosts become less common. In reality, this phenomenon can occur over short timespans 

as other variables change, such as the exhaustion of susceptible individuals in 
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heterogeneous contact networks or other extrinsic effects that reduce sources of 

infection (such as infected mosquitoes due to temperature shifts; (100)). 

Epidemiological models represent change in the different categories of individuals: 

susceptible, infected, infectious, and removed (either through recovery or death). 

Furthermore, estimation of model parameters can facilitate the forecasting of the 

trajectory of an epidemic, informing the application of suitable public health measures 

(101). Accounting for the evolution of the viral pathogen is another key aspect of 

modelling epidemics caused by fast-evolving viruses (102). 

 

Mapping infectious diseases 
Geography can be a strong predictor of infectious disease incidence and contains 

valuable information about disease spread. Temperature, climatic factors, the 

distribution of potential sources of disease or vector species, and spatial aspects of 

human populations are all drivers of infectious disease transmission that are spatially 

defined. Spatial analysis methods can describe and quantify parameters and provide a 

strong statistical framework to test hypotheses about infectious disease spread. The 

geographic resolution at which such analyses are performed is diverse; highly granular 

data can provide information at a finer scale that can be also aggregated across larger 

regions. Layered on these site-specific factors, dynamic processes can also be added to 

spatial frameworks, including human mobility and other dispersion drivers such as 

migration (103, 104). 
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Human mobility and infectious disease spread 

One of the most important factors influencing infectious disease is the expansion of 

human populations and the ever-growing connectivity between them. In the context of 

spatial epidemiology, numerous metrics exist that can account for the flow between 

geographic locations. Incorporating data on the flow of humans between locations can 

serve as an important predictor of viral spread (105). Traditional proxy measurements 

(106–108) have been replaced by time-dependent measures that facilitate real-time 

tracking of human mobility and different levels of resolution. Data on the global aerial 

transportation network (109), and more recently high-resolution geolocation facilitated 

by the use of smartphones and other electronic devices can now provide an 

unprecedented amount of data to finely analyse human movements at highly local, 

national, regional and global scales (104).  

 

 Viral population genetics 
The evolution of biological organisms is intrinsically linked to the composition, 

structure and changes of their populations over time. For viruses, the notion of a 

‘population’ is associated with both a population of infected individuals, and with the 

genetic diversity of viruses within these hosts. When one infected individual transmits 

a virus to another only a small portion of the total viral particles circulating in the donor 

host are transmitted, resulting in a genetic bottleneck (110). Studies of intra-host 

evolution and transmission bottlenecks for chronic infections such as HIV (111–113) 

and HCV (114, 115) have shed light on these processes, but both phenomena have also 

been described in viruses causing acute infections such as in Dengue virus (Flaviviridae, 
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DENV; (116)), Ebola virus (Filoviridae, EBOV; (117)) LASV (118) and influenza 

viruses (119–121). These inter-host bottlenecks are themselves likely to be subject to 

evolution (122), and different evolutionary forces could affect the association between 

virus intra-host evolution and population-level evolution (123, 124). 

 
On a population scale, viruses like influenza virus and DENV exhibit long-term 

evolution characterised by frequent lineage replacement events; these processes 

establish a dynamic by which lineages emerge and spread but are subsequently 

outcompeted, displaced, and potentially even driven to extinction by new emergent 

lineages (14, 125–127). A similar process has characterised the evolution of SARS-

CoV-2, as dominant lineages at one point in time have been displaced by new and 

emergent variants (128). For tracking purposes, the World Health Organisation (WHO) 

established a nomenclature for lineages that share a set of noteworthy mutations (also 

described as a “constellation of mutations”; (129)) due to their potential functional 

effects; these are called variants and classified as Variants of Interest (VOIs) and 

Variants of Concern (VOCs) for public health purposes. Some of the identified and 

monitored VOCs have sequentially outcompeted and displaced other lineages at local 

and global scales, most notably Delta and, as of the time of writing, Omicron (130, 131). 

 
The forces that drive the diversification of viral populations and lineage 

establishment and displacement at different temporal and geographical scales are 

manifold and will be discussed in greater detail in Section 1.3. For influenza viruses and 

SARS-CoV-2, as well as for many other viruses, natural selection results in lineages and 

variants that display some degree of immune evasive capacity. In these cases, new 
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dominant viral populations emerge and propagate as they are more capable of efficiently 

spreading in a population that has acquired immunity to previous lineages or strains 

(132). Thus the dynamic adaptive immunity of the host population (whether by natural 

infection or by immunisation)  is tightly interlinked with viral population dynamics: 

increasing immunity in the host population limits viral population sizes, but at the same 

time exerts a selective force that can drive the propagation of more immune-evasive 

lineages (132–134). The adaptive evolution of viral populations in face of the ever-

changing host adaptive immunity follows a pattern described by the Red Queen 

Hypothesis (RQH), under which co-evolving populations are under constant pressure to 

adapt and change to remain viable (135, 136).  

 

Population structure and stratification 
The spatio-temporal distribution of viral and host populations plays a major role in 

shaping the evolution of viruses. The build-up of viral genetic diversity is, for the most 

part, determined by mutations that are inherited by descendant lineages (vertical gene 

transfer, from ancestors to descendants) rather than through genetic exchange between 

individuals, as would be the case for sexually reproducing organisms or prokaryotes 

engaging in lateral or horizontal gene transfer. This results in virus genetic population 

structure. 

 
In the context of emerging zoonotic viruses, population structure arises between 

different host species. The strength of this structuring (i.e., how strictly evolutionary 

related viruses are confined to a single host species) will be determined by the rate at 

which cross-species transmission occurs. For example, RABV displays a broad host 
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range and can easily and frequently jump between host species (137). While some 

degree of phylogenetic structure is observed for RABV (i.e., lineages infect a single 

species), both genetic and observational evidence show that RABV crosses the species 

barrier often in wild and domesticated animal species (22, 137, 138). Other viruses have 

sustained circulation in non-human hosts and can establish only limited human 

transmission after jumping into human populations; such is the case for yellow fever 

virus (Flaviviridae, YFV) which circulates widely in non-human primates and causes 

disease in humans through multiple independent cross-species transmission events (69, 

139–141) or can establish human transmission that drives large epidemics mediated by 

one or more intermediate vector species (69, 142).  

 
Another recent example in the Coronaviridae family is Middle Eastern respiratory 

syndrome (MERS-CoV), which circulates widely in camel populations and causes 

limited but virulent clusters human of disease from independent spillover events (18). 

Other viruses circulate in a limited range of host species but occasionally engage in 

cross-species transmission events of high consequence, e.g. some lineages of human, 

avian, equine and swine influenza A viruses (IAV; (143)). Notable events of this kind 

include various pandemic IAV strains such as the 2009 pandemic H1N1 (H1N1pdm09) 

strain that originated in pigs (144–146). Species-dependent population structure is 

observed for pathogens that have circulated in human populations persistently over long 

periods. A range of pathogens have become highly adapted to, and established in, 

humans. For instance, DENV and HIV have established persistent circulation in human 
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populations and are genetically distinct from their closest relatives infecting non-human 

hosts. 

 
A second dimension of population structure is geographic. As viral pathogens spread 

and diversify, specific lineages circulate in defined spatial areas, sometimes in isolation. 

Geographically confined viral lineages accumulate genetic diversity and diversify, 

leading to the formation of geographically-structured populations or lineages (147) that 

can be identified at the genetic level. Such is the case for many arboviruses, whose 

lineage designations represent the locations or regions where they circulate or circulated, 

including CHIKV (148, 149), DENV (76), and ZIKV (150).  

 
Regional variation in climate, ecosystems, biodiversity and the ecology of host and 

vector species can affect natural selection as viruses adapt to optimise their transmission 

capacity to the local context. An example of this is the evolution of CHIKV, whose 

lineages circulating in specific regions have independently acquired a mutation that 

allows the virus to efficiently infect Aedes albopictus mosquitoes as well as Aedes 

aegypti; this mechanism allows CHIKV to spread more efficiently in region were Ae. 

albopictus is more prevalent (151, 152). A similar process drives the evolution of highly 

pathogenic avian influenza A viruses (HPAI), for which the independent emergence of 

these HPAI strains can be traced to spatially constrained populations of farmed 

waterfowl (153). Furthermore, geographic structure can result in spatial variation in host 

immunity. During the SARS-CoV-2 pandemic, some VOCs saw higher incidences in 

geographic regions where other variants and lineages were absent or were introduced 

later in time. Such is the case for VOIs/VOCs such as Beta in South Africa (154), 
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Gamma in Brazil (155), Lambda in Peru (156, 157) and Mu in Colombia and Ecuador 

(158, 159). In the long term, complex interactions between immune cross-protection and 

antigenic variation in the virus population can lead to the sustainable establishment of 

multiple, co-circulating strains (160). 

 

Effective population sizes 
Changes in population sizes are closely associated with virus evolution. The large 

population sizes in viruses, which are a product of the substantial number of infections 

they can cause and the vast numbers of viral particles within infected hosts, provide very 

high numbers of opportunities for mutations to occur. In combination with short 

generation times, virus populations can explore vast areas of mutational space. In 

population genetics, population sizes are conceptualised as effective population sizes 

(Ne). This refers to the size of an idealised population that behaves in the same way as a 

complex, real population in the way in which its genetic composition changes over time 

(161). 

 

 

 Genome evolution 
Evolutionary processes at the population level leave measurable signatures on 

genetic sequences. These signatures are informative of the functional effects of natural 

selection on gene and organism function and can serve as tractable markers to explore 

evolutionary patterns and trajectories across time. 
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Mutations, substitutions, and evolutionary rates 

Mutations occur as a product of both intrinsic features of the genome replication 

mechanics and the effects of external elements. The enzymes responsible for genome 

replication introduce random errors in the template copying process; some of these 

enzymes also have a proof-reading function that allows them to ‘identify’ and correct 

errors, but this capacity and efficiency carries across species. For RNA viruses, RNA-

dependent polymerases usually don’t have a proof-reading function, which makes them 

more error-prone than DNA viruses.  

 
After a mutation occurs in a genome, it can be passed on to descendants over multiple 

generations and this trajectory can be tracked. Such mutations are known as 

substitutions. The number of substitutions that a lineage accumulates over time is 

measured using a parameter called the substitution rate or evolutionary rate, which 

depends on the mutation rate, the virus generation time, population size and the effects 

of selective pressures over time (162, 163). 

 
The types of mutations discussed so far refer to point mutations, which encompass 

the replacement of one nucleotide for another. However, a second type of mutation is 

common where one or more nucleotides are either introduced into a genetic sequence or 

removed from it; these are called insertions and deletions respectively (or jointly, 

‘indels’) (164). Determining the drivers for the distribution of indels is a challenging 

task (164, 165), but recent analyses of large amounts of genomic data from the well-

documented COVID-19 pandemic have shown that similar deletions can occur 

independently or in parallel on different lineages (166, 167). Molecular mechanisms that 
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lead to the convergent introduction of insertions on predictable sites have been described 

in specific viruses; for example, highly pathogenic avian influenza viruses (HPAIVs) 

can independently acquire a polybasic cleavage site (pCS) in their hemagglutinin (HA) 

protein due to an RNA editing-like mechanism in the IAV genome (168). The sequences 

of these pCS are variable but share a sufficiently conserved pattern that renders their 

functional consequences conserved across lineages (153). 

 

Distribution of substitutions in coding regions  
While the genomic distribution of mutations is predominantly random, substitutions 

are not. This becomes most evident for coding regions; due to the redundancy in the 

genetic code, non-synonymous or replacement mutations will result in a change in the 

resulting polypeptide sequence, while synonymous or silent changes will not.  Positive 

and negative selection will, in general, act more strongly on non-synonymous mutations, 

and thereby result in a non-random distribution of substitutions within virus genomes 

(often with higher synonymous substitution rates when positive or diversifying selection 

drives evolution and higher non-synonymous substitution rates when negative or 

purifying selection drives the process). 

 
This general pattern can be affected by other factors. Viral genomes often feature 

overlapping open reading frames (ORF, genetic sequences presumed to encode for a 

gene product given that they begin with a ‘start’ signal codon and end with an ‘end’ 

signal codon), given that considerable amounts of genetic information need to be 

encoded in their generally small genomes (39). Viral RNA genomes also partially fold 

into secondary RNA structures (169–171); this also affects the distribution of 



Chapter 1: Introduction 

 
 
 

   32 
 
 
 

substitutions in the genome as disturbing functionally relevant structures would affect 

viral fitness (40, 94, 172). 

 

Recombination and reassortment 
Virus recombination is a process by which genetic material from two genetically 

distinct parental viruses is combined into a viable descendant. For virus recombination 

to occur, two viruses need to co-infect the same host cell, a scenario that provides the 

setting during which chimeric genotypes can emerge. The composition of the chimeric 

genome usually occurs through molecular processes such as template switching (where 

the polymerase disengages from the template molecule during replication and re-

engages with a different template) or homologous recombination (whereby genetic 

material is exchanged between two molecules mediated by the host cell’s molecular 

machinery; (173)). The resulting molecule is packaged into new virions and, if viable, 

can be released from the host cell and infect new individuals; the resulting progeny 

occasionally spreads through the host population. A similar process called reassortment 

occurs with viruses with segmented genomes; in these cases, genome segments from 

different co-infecting parental viruses are replicated as individual molecules which are 

then packaged into virions where different segments correspond to a combination of the 

parental viruses (173). 

 
These processes can have significant evolutionary consequences. Genetic exchange 

of this kind has been shown to facilitate the adaptation to changing environments in 

viruses under experimental conditions (e.g. poliovirus; (174)), and has been observed to 

occur within hosts during prolonged infections (e.g. HIV; (175)). At the population 



Chapter 1: Introduction 

 
 
 

   33 
 
 
 

level, it is believed that reassortment in seasonal IAVs in humans assists in the 

adaptation to the host population adaptive immunity (176, 177); also, a recombination 

event is associated with the emergence of a MERS-CoV lineage that became dominant 

in camels in the Middle East between 2014 and 2015 (178). 

 

Phylogenetics, phylodynamics and genomic epidemiology of viral 
pathogens 

Genetics and evolutionary theory have a long history of being used to study 

infectious disease outbreaks (132, 179–181). Molecular markers (before genetic 

sequencing became commonplace) were used to establish links between pathogens 

causing outbreaks and helped to describe and reconstruct epidemics (182–184). With 

the advent of genomic sequencing, the ability to establish these epidemiological links 

increased and its resolution improved. The use of phylogenetic methods that were 

traditionally used to explore the evolutionary relationships between species became an 

important tool for understanding pathogens in an evolutionary and epidemiological 

context. 

 
Given that some viruses (particularly RNA viruses) evolve at rates several orders of 

magnitude faster than some prokaryotes and most eukaryotes (96), the substitutions that 

accumulate during their transmission during an outbreak can be observed at the same 

timescale as they are being sampled. Virus genomes also contain information regarding 

spatial movements, the temporal distribution of transmission events, and genetic 

changes. Data sets in which genetic variation has accumulated over the same timescale 
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as the process of sequence sampling are called heterochronous data sets (185) and the 

involved populations are referred to as measurably evolving populations (MEPs).  

 

 Phylogenetic methods 
Phylogenetics is the field of evolutionary biology that deals with the reconstruction 

of the evolutionary history of a set of taxa. While traditionally taxa refer to different 

species related by descent from common ancestors, the development of high throughput 

sequencing means that taxa can represent individuals rather than species, facilitating the 

exploration of intra-species evolution. Modern phylogenetics uses genetic and genomic 

data as the information source for evolutionary inferences, and its methods have evolved 

with time as genetic and genomic data sources became more readily available and 

computational power has grown to meet the greater demands of large data sets (186). 

 
Phylogenetic trees represent sequence data from individual taxa as tree tips (also 

called tree leaves) which are connected through lines conveying descent from a common 

ancestor, called branches. The length of branches can represent a measure of genetic 

change (e.g., number of expected substitutions per site) or time, if the phylogeny is 

calibrated through the use of molecular clock models. Internal nodes represent common 

ancestors, and all branches can be traced back to a node that is ancestral to all taxa, called 

the tree root (not all trees are inherently rooted as most methods need an external 

information source to inform the root position). For n taxa, there are (2n – 3)!/2n-2(n-2)! 

potential phylogenetic trees that represent their putative evolutionary trajectories. The 

purpose of molecular phylogenetics is to infer the tree or trees that best explain the 

observed set of taxa by comparing and ranking competing hypotheses (each potential 
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phylogenetic tree acts as a hypothesis). Selecting the most adequate tree given the data 

can lead to multiple phylogenetic tree shapes (also called topologies) being equally 

likely explain the relationships between genetic sequences (187); therefore, an important 

element of phylogenetic inference is the representation of uncertainty across 

phylogenies, whether through the tree inference process (such as with Bayesian 

phylogenetics) or by approximating a null distribution against which to compare the 

inferred tree (e.g., bootstrapping (188), approximate likelihood ratio tests; aLRTs; 

(189)). 

 
The simplest molecular phylogenetic methods, which I won’t discuss in detail, use 

algorithms to quantify sequence variation among taxa and propose hierarchical 

clustering of the sequences, or sought to identify the phylogeny that was most 

parsimonious in explaining the evolutionary relationships between the included samples 

(190). The phylogenetic methods mostly employed in this thesis are based on either 

Maximum Likelihood (ML) or Bayesian approaches. 

 

Maximum likelihood phylogenetics – heuristics and inference 

Maximum Likelihood (ML) phylogenetics employs the probabilistic concept of 

likelihood as the optimality criterion, and to identify the tree that best explains the data. 

ML methods attempt to identify the tree with the maximum likelihood (MLE), 

conditional on the genetic data, amongst all the numerous possible trees. The ML 

framework also explicitly assumes an underlying sequence substitution model that 

governs the process under which the genetic data was produced. These probabilistic 

nucleotide substitution models are formulated as Markov processes that define the 
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equilibrium frequency at which individual bases occur (p) and the relative rates at which 

they change (µ). Models have been developed that incorporate different numbers of 

parameters to account for different rates and frequencies, from the simple Jukes-Cantor 

(JC) model (a single parameter for p and a single parameter for µ) to the highly 

parametrised General Time Reversible (GTR) model (individual rates for every base 

frequency and every bi-directional rate of change from each base type to all others; 

(191)).  

 
Heuristic approaches are used to explore and evaluate tree space (the set of potential 

tree topologies that could explain the genetic data). In ML phylogenetics, heuristic 

search begins with a starting tree (which can be a random tree or a simple distance-based 

tree). Next operations are performed to alter its topology, called branch swapping 

operations. The resulting altered tree is evaluated to calculate its likelihood conditional 

on the substitution model and genetic data. This process is then repeated in an iterative 

manner to optimise the likelihood until the MLE is achieved. 

 
ML has become one of the most widely used molecular phylogenetic inference 

methods due to its moderate computational requirements and relatively few user choices 

when performing an analysis. The selection of substitution model is one of the main 

considerations with this method, as different models are better suited for different data 

sets. Given that nucleotide substitution models are a series of nested models with 

different number of p and µ parameters (e.g., JC is a special case of the GTR model 

where all p and µ parameters adopt the same values), model-testing through hierarchical 

likelihood ratio tests (LRT) is an adequate approach to identify models that best fit the 
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data; this is the case as the ratio between the maximum likelihood estimate for the null 

hypothesis (more simple, less parametrised model) and the alternative hypothesis (more 

complex model with more parameters), called the L statistic, is distributed as c2 with q 

degrees of freedom (190, 192). 

 

Bayesian phylogenetics – heuristics and inference 

Bayesian phylogenetics implements Bayes rule to estimate the probability that an 

individual tree from the tree space is plausibly true given the data, 

 

𝑃𝑟(𝜏|𝐺) = 	
𝑃𝑟(𝐺|𝜏)𝑥𝑃𝑟(𝜏)

𝑃𝑟(𝐺)  

 
where the probability of a tree ti given the genetic data G, Pr(ti|G) (called the 

posterior probability), is a function of the conditional probability of observing that data 

given that the tree is true (Pr(G|ti), also called the likelihood function), the probability 

that the tree is correct before the data G was considered (Pr(ti), called the prior) and the 

probability of observing the data G marginalised by all possible tree topologies (Pr(G), 

called the marginal probability). In this formulation, a probability is assigned to the data 

(given a hypothesis) and not only to the model parameters (193). This has two important 

implications for practical Bayesian phylogenetics. On one hand, the users are required 

to incorporate some prior beliefs about the tree as a prior; these are incorporated into 

the Bayesian framework in the form of probability density functions (PDF) of specific 

model parameters and the tree shape (defined as a tree prior). On the other hand, 

phylogenetic uncertainty is inherently estimated from the statistical inference process 

given that no single tree is taken as the solution but rather a posterior distribution of 



Chapter 1: Introduction 

 
 
 

   38 
 
 
 

plausible trees. This sample of trees may contain multiple topologies that represent the 

probability that certain tips cluster together. Another important property of the Bayesian 

formulation is that the posterior is conditioned on the genetic data and on various model 

parameters; this allows for the basic framework to be expanded by incorporating 

additional underlying models beyond the nucleotide substitution model, such as 

demographic models and molecular clock models (which can also be applied to ML 

approaches). 

 
Under most implementations, Bayesian phylogenetics sample tree space through the 

use of the stochastic Metropolis-Hastings algorithm, which is a variation of the Markov 

chain Monte Carlo (MCMC) method. This algorithm explores tree space by estimating 

the posterior probability of two different trees sampled from tree space and dividing 

these values to obtain an acceptance ratio. MCMC is an iterative process: depending on 

the value of the ratio, the algorithm is likely to accept or reject each ‘step’ and repeat the 

procedure of sampling a new tree from tree space and estimating the acceptance ratio. 

Ultimately, the sequence of steps the MCMC takes will tend to visit regions of tree space 

with higher posterior probabilities more frequently. In this way, after many iterations, 

the algorithm records a sample of trees that is an approximation of the posterior tree 

distribution. This distribution is normally summarised as a single phylogeny such as a 

Maximum Clade Credibility (MCC) tree: a representative phylogenetic tree from the 

posterior tree sample which corresponds to the tree with the maximum a posteriori 

(MAP) topology. An MCC tree is estimable because the posterior probability of finding 

specific clades among the tree sample is additive (i.e., the MCC is the tree where the 
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sum of the posterior probabilities of finding the clades contained within it is maximised 

among all other trees from the sample); these posterior probability values are assigned 

to nodes in the tree and act as an estimate of the uncertainty for individual clades (194). 

 

 Viral phylodynamics 
The application of phylogenetic methods to genetic data sets from fast-evolving 

viruses allows for the joint exploration of different evolutionary, spatial and 

demographic processes, and how they are affected by epidemiological, environmental 

and host immunity factors. These make up the field of phylodynamics, which has 

become an important tool in genomic epidemiology (180). 

 

Time-calibrated phylogenetics of rapid-evolving viruses 

The calibration of a phylogenetic tree so that branches are proportional to time 

elapsed between nodes is possible due to the implementation of molecular clock models 

(195) which establish an association between the accumulation of genetic change and 

time (196). The accumulation of substitutions across time at a constant rate results in a 

strict molecular clock model (197); however, this simplified model doesn’t account for 

some of the complexities of sequence evolution, both at the mechanistic and population 

levels (e.g., positive and negative selection by environmental factors that affect specific 

lineages; population size expansions and contractions, the limiting ‘mutation carrying 

capacity’ of genomes that leads to saturation and the loss of temporal signal from the 

data; (162, 198)). To address these phenomena, different molecular clock models have 

been developed that provide additional parameters to account for variation of 



Chapter 1: Introduction 

 
 
 

   40 
 
 
 

substitution rates and give the users options to apply a model that best fits a particular 

data set. A more flexible model is the relaxed molecular clock, where a statistical 

distribution (commonly defined as a lognormal distribution) is used to account for the 

variation in rates across branches in a phylogeny; (199)). Other clock model can capture 

phenomena such as rate time-dependency (200) and phylogenetic dependency (201). 

 
The identification of heterochronous data sets begins by establishing the existence 

of an association between genetic divergence and elapsed sampling time. This is 

commonly achieved by plotting a regression between the sum of the lengths of the 

branches that connect a tree tip with the tree root (also known as the distance from the 

root) and the sampling date of said tip across all taxa in a phylogeny. A strong correlation 

between both parameters is interpreted as a robust ‘temporal signal’ in the data set (also 

referred to as ‘clock-like behaviour’; (202)). This approach does not provide a null 

distribution to perform formal hypothesis testing; alternatively, other statistical 

frameworks perform permutation tests by randomising sample collection dates across 

the tree tips and estimating the substitution rates from the data sets to approximate a null 

distribution against which the real data set can be compared against (203). 

 
Time-calibrated phylogenetic trees for heterochronous data sets (with sampling 

times for all or most taxa) can be inferred using both ML (204) and Bayesian approaches 

(205–209). Frequently used ML approaches such as the TreeTime implementation (210) 

usually operate on fixed tree topologies and therefore function as a branch length-

rescaling procedure, where the node ages are a function of the branch length probability 

distribution and conditional on the sequences assigned to the node and its descendant 
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branches. On the other hand, Bayesian methods such as those implemented in BEAST 

(207–209) allow for the co-estimation of the molecular clock parameters jointly with 

other model parameters and the tree topology. Similar to the Bayesian estimation of 

phylogenetic uncertainty, Bayesian methods provide an empirical posterior distribution 

of the molecular clock parameters and node neights which can be used to ascertain the 

uncertainty associated with node ages (195, 199). 

 

Inferring spatial spread through phylogenetic methods 
Phylogenetics have long been associated with the spatial distribution of the species 

being investigated, as geographic population spread can occur simultaneously with 

genomic evolution. This has led to the emergence of the field of phylogeography, which 

incorporates spatial information of sample collection locations to infer the geographical 

spread of taxa (211). In viral phylodynamics, phylogeographic methods can be useful 

tools to evaluate hypotheses of how viruses spread in two-dimensional space and to 

explore the potential drivers for these patterns (14, 179, 212).  

 
Modern phylogeographic methods applied to viral data can be classified into two 

groups: spatial diffusion approaches and population genetics approaches (not discussed 

here). The first approach models geographic dispersal as a discrete or continuous 

diffusion process along the phylogeny which is dependent on the inferred location of 

ancestors (i.e., nodes) within the tree. Ancestral locations can be inferred under the 

spatial diffusion model using continuous-time Markov chains (CTMC) to infer the 

changes between states through time. On the other hand, the second approach is focused 
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on modelling population-level dynamics and their interplay with spatial mobility framed 

as a migration rate between the populations (211, 213–215).  

 
Among the spatial diffusion approaches, discrete phylogeographic methods treat 

sampling locations as discrete traits assigned to individual tree tips and proceeds by 

inferring the transitions between discrete states across the phylogeny (216, 217). These 

methods operate as a discrete trait analysis (DTA) in which inferred node locations 

define the realisation of transitions between states. Therefore, the parametrisation of 

these models depends on the number of different sampling locations that are coded as 

distinct discrete states. Depending on sampling granularity and the level of resolution at 

which different locations are discretised (e.g., samples can be discretised as being 

collected in the same municipality, city, province, country or region), DTA methods will 

be defined by the number of states (i.e. different sampling locations) in the model 

specification; the resulting number of parameters (incorporated in an instantaneous 

transition matrix for the phylogeny) depends on whether the model is formulated as 

symmetric (e.g., SiSj = SjSi) or asymmetric (e.g., SiSj ¹ SjSi). One of the consequences of 

this approach is that node locations can only be inferred to have occurred in locations 

where tree tips were sampled from (211). As an alternative to the DTA methods, 

continuous phylogeographic diffusion methods utilise the individual geographical 

coordinates at which individual sequences are collected and model the spatial diffusion 

process as a form of Brownian process. As such, tree nodes can be inferred to have 

occurred at unsampled sets of coordinates resulting from random walk models operating 

within the phylogenetic structure (218, 219). 
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Bayesian phylogenetic frameworks facilitate the incorporation of non-genomic data 

and can therefore provide a platform to evaluate the effects of various co-variates on the 

spatial diffusion process (211). The most widely used implementation of this form of 

hypothesis-testing parametrises each rate of transition between locations as a function 

of various predictors and formulates a generalised linear model (GLM) to evaluate the 

contribution of each potential predictor on geographic spread (14, 212). Furthermore, 

the discrimination of specific transition rates between locations (usually from a DTA 

analysis) that significantly explain the general diffusion process can be identified using 

a Bayesian stochastic search variable selection (BSSVS) approach (217) which provides 

a formal Bayes factor (BF) test to estimate the significance of the contribution of each 

transition rate in the model, and its posterior probability (PP) of inclusion. The temporal 

distribution of the movements between locations, while not being directly observed, can 

also be reconstructed given the Markov properties of the CTMC. This is accomplished 

by tracking the expected transitions between states (and the opposing waiting times) 

along tree branches using a robust counting method (220). 

 

Coalescent models and demographic changes across time 

An association between the genetic diversity of a population and its effective 

population size can be established through a theoretical framework known as coalescent 

theory (221). The coalescent model establishes a relation between the time it would take 

for two sequences from a population to be tracked back to a common ancestor, and the 

size of the population. Coalescent models have been expanded to accommodate 

scenarios where population sizes change across time  (e.g., (222, 223)). The family of 
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coalescent models provides an expectation for the accumulation of genetic diversity 

given a particular demographic history, and therefore makes it possible to explore the 

role of other forces on the evolution of a population. 

 
Changes in the size of a population as it evolves can have profound effects on the 

shape of phylogenetic trees inferred from genetic sequences (224, 225). The association 

between common ancestry and population size established through coalescent theory 

establishes an inverse correlation between effective population sizes (Ne) and the 

probability of two lineages in a phylogeny converging after a given number of 

generations (221). This model, originally defined for populations of constant size, was 

later expanded to account for changes in population size across time (222, 226) and 

fostered the development of inferential methods for demographic changes back in time 

from heterochronous data sets (227). The effect of changing population sizes on the 

general shape of a phylogeny make the joint inference of population histories and 

substitution rates an important aspect of modern phylodynamics (228). 

 
Incorporating coalescent-based methods to infer changes in demographic histories 

requires the inclusion of demographic models, which are mathematical functions that 

describe the change in population size across time (227). Amongst these models, the 

simpler ones parametrise population growth or decay as a function in which one or a 

few parameters define the demographic dynamics across the entire phylogeny; this 

includes constant population size or population growth models (where changes in 

effective population times are defined by an exponential or logistic function; (229)). 

While simple models are sufficient for some data sets, more complex demographic 
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trajectories may not be accurately represented by a simple function. For these scenarios, 

a series of non-parametric piecewise models have been developed which can account 

for different effective population size estimates at different points in time (230).  

 
For heterochronous data sets, the skyline family of models take different approaches 

to defining the points in phylogenetic time where Ne estimates are produced, while 

incorporating phylogenetic uncertainty under a Bayesian framework (230). The classic 

skyline models (223, 231) and the Bayesian skyline plot (227) estimate Ne across inter-

coalescent intervals defined by a fixed tree topology for the former, and across a set of 

trees for the latter. The skyride (232) expands the basic skyline method and incorporates 

the intervals between sampling events, and the skygrid model (233, 234) allows the user 

to specify a set number of timepoints at which Ne will be estimated. Depending on the 

number of taxa, the skygrid can result in a reduction of model complexity and can yield 

more directly interpretable results depending on the selection of timepoints (e.g., 

selecting timepoints that represent epidemiological weeks of a sampled outbreak lends 

to the interpretation of changes in population sizes as proxies for changes in the outbreak 

epidemiological trends (230). Precisely in this sense, the skyline models can be applied 

to infer past changes in population sizes independently from other conventional sources 

of information such as those derived from epidemiological data. However, it has also 

become common practice to parametrise phylogenetic models to account for these 

changes in population size as a means to improve the accuracy of other parameters of 

interest, such as substitution rates. In these instances, the Ne estimates act more as 

nuisance parameters in the phylogenetic inference. 
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Evaluating selection on genomic data 
The patterns of nucleotide substitution across different regions of a gene or genome, 

coupled with population genetics theory, make phylogenies a viable hypothesis-testing 

framework for the effects of natural selection on genetic sequences and phylogenies. 

The neutral theory of molecular evolution proposes that the majority of polymorphisms 

observed in a set of sequences have no measurable effect on fitness (235, 236). For 

coding regions, third codon positions represent a natural site category that is more likely 

to comply with the neutral theory because mutations on these sites are much more likely 

to result in a synonymous change (237–239). This expectation can provide an 

approximation to a neutral distribution for substitution rates against which other site 

categories can be compared. In a simplified scenario, negative selection eliminates 

amino acid-altering substitutions (as they are likely to reduce fitness) while positive 

selection favours amino acid-altering substitutions (as they are likely to be beneficial 

and would be selected for). 

 
The basic rationale of comparing the substitution rate of sites that lead to non-

synonymous changes (dN) versus synonymous changes (dS) is used as the basis for 

phylogenetic hypothesis-testing frameworks that evaluate the likelihood of different 

modes of natural selection operating on a group of taxa. Broadly, such “selection tests” 

use estimates of the ratio of synonymous and non-synonymous substitution rates (dN/dS). 

Methods based on the dN/dS ratio have become prevalent in the study of virus evolution 

(240–242). Given that natural selection can operate on specific regions of a gene or 

genome and on specific lineages within a phylogeny (rather than the entire phylogeny), 
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these models for selection can be classified as site models (which evaluate the effects of 

natural selection on individual codons across a phylogeny), branch models (which 

evaluate the effects of natural selection on individual lineages within a phylogeny) and 

branch-site models (which evaluate the effects of natural selection on some sites for 

some lineages across a phylogeny; (243)).  

 
Different implementations of these tests have been made available under ML and 

Bayesian frameworks. As with other aspects of viral phylogenetics, ML 

implementations operate on fixed tree topologies, while Bayesian methods are 

implemented within the Bayesian inference framework. Given the dynamic nature of 

natural selection, different implementations focus on evaluating the signal of different 

natural selection regimes being either pervasive (244, 245) or episodic (246, 247) across 

a data set. Within the Bayesian framework, the inference of site-specific dN/dS ratios can 

be achieved through the implementation of robust counting (248). 

 

Using parallel evolution as a tool to study virus evolution* 

The repeated occurrence of similar or identical genetic changes in different viral 

lineages is an evolutionary scenario that can be effectively analysed through molecular 

phylogenetics. Parallel or convergent molecular evolution is the independent emergence 

of the same genotype or phenotype from distinct ancestors. The relative simplicity of 

viral genomes and their rapid evolution make them useful models for studying parallel 

evolution by natural selection, and in some instances represent epidemiologically 

significant events themselves. Parallel evolution is often adaptive and occurs as a 

response to similar selective pressures from the environment. Some noteworthy 
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instances of parallel evolution include the repeated emergence of specific mutations 

associated to HIV drug resistance (296) or antigenic escape (297), multiple zoonotic 

events associated with the same genetic change in HIV (298, 299) and RABV (300), the 

acquisition of glycosylation sites in H7 subtype AIVs associated to cross-species 

transmission (301, 302) and the repeated acquisition of an E protein mutation that is 

adaptive to specific vector species in CHIKV (151), among others. 

 
Given that parallel molecular evolution entails observing the same genetic change 

independently occurring multiple times, it can be conceived as the replication of an 

evolutionary experiment. By considering the explicit phylogeny that defines the 

evolutionary trajectories between taxa and inferring the ancestral state where such 

mutations were most likely to have occurred, a pipeline can be proposed to study these 

events: lineages where convergent changes occur can be tested for signals of natural 

selection as a proxy for potential adaptive changes, and the location of these mutations 

or genetic features can be mapped to resolved atomic structures of proteins. This 

framework provides a robust analytical framework to explore the effects of convergent 

mutations which can be confirmed experimentally. 

 

Evaluating reassortment and recombination on viral genomic data 

The notion that a single phylogenetic tree explains the evolutionary history of a set 

of genome sequences relies on the assumption that these sites, while evolving 

independently, are jointly co-inherited across generations. While this is true in most 

cases, notable exceptions are viruses with high rates of genomic recombination (173, 

249) or those with segmented genomes which engage in frequent reassortment (250, 
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251). In these instances, a phylogeny for the entire genome would not represent the true 

evolutionary trajectory of the complete set of sequences. Therefore, a common practice 

in viral phylodynamics is to perform tests that evaluate the occurrence of evolutionary 

discrepancies a priori to identify and remove sequences that are potential recombinants, 

or to explore these recombination patterns and their role in viral evolution. 

 
One of the basic criteria to determine the possibility for recombination is topological 

incongruency: discrepancies between the shapes of phylogenetic trees for partial 

genome segments from the same set of taxa (252, 253). This approach is straightforward 

to implement for viruses with genomes that are naturally segmented, for which the 

standard practice is to infer a separate phylogeny individually for each segment (176, 

254–256). However, there are many other viral pathogens for which recombination is 

present or pervasive despite their genomes being comprised of a single molecule. In 

these scenarios, an additional challenge lies in the determination of the point across the 

length of the viral genome where the recombination event occurred. Inferring these 

recombination breakpoints can be achieved through different methods; these range from 

the estimation of pairwise genetic differences of overlapping, fixed-width windows that 

span the entirety of the viral genome (252, 257, 258) to the implementation of a heuristic 

algorithm to explore possible recombination breakpoints across an alignment, assign 

relative support to each, and perform a model support comparisons to establish the 

likelihood of multiple independent phylogenies (259, 260). 
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 Use of phylodynamic tools to investigate viral outbreaks and 
epidemics 

The phylodynamic toolbox  
The set of phylodynamic tools described here has been routinely applied to the 

investigation of viral outbreaks in recent years. The feasibility of their usage stems from 

the increasing capacity to sequence complete viral genomes directly from clinical 

samples in near real time and the advances in both the methodological implementations 

and computational capacity for statistical inference (179, 261–264). The most prominent 

recent examples of the application of these tools include the H1N1pdm09 influenza 

pandemic (145, 265), the SARS-CoV epidemic in China and other countries (266–270), 

the EBOV epidemic in Western Africa (271–275), the ZIKV epidemics in the Americas  

(65, 73, 262, 276), and more recently the SARS-CoV-2 pandemic (154, 277–282). 

However, much ongoing research places a strong emphasis on the retrospective analysis 

of past epidemics, their driving forces, and the long-term evolutionary processes that 

shape numerous endemic, seasonal, emerging and re-emerging viruses (84, 141, 283–

286). On the other hand, the notion of applying phylodynamics as a prospective tool will 

likely require further theoretical and methodological development given the challenges 

of accounting for the myriad of factors that drive the evolution of viral pathogens and 

their simultaneous spread across space. 

 
Similar analyses can be applied to address key questions concerning viral 

transmission and evolution whether dealing with either real-time outbreak investigation 

or retrospective analyses (179). Outbreak investigations initially rely on the 

identification of the causal pathogen, a task which has been efficiently tackled with 
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molecular techniques and more recently metagenomic sequencing (287, 288). Upon 

establishing the identity of the viral pathogen and generation of genomic data (often 

from clinical specimens), the application of molecular clock phylogenetic models and 

phylogeographic methods can inform on the source of an outbreak (or circulating viral 

diversity) and describe its geographical spread. This can include both the location where 

the outbreak started and, in the case of zoonotic pathogens and spillover events, the 

species where the virus circulated before it sparked the epidemic (146, 265, 269). While 

genomic data facilitates this type of investigation, the application of these methods 

becomes particularly insightful when it is used in combination with standard 

epidemiological data. The spatial transmission patterns are another important aspect of 

an outbreak which can be investigated using genomic data to describe the circulation of 

specific lineages across different locations and regions; this and can be combined with 

demographic and environmental data to evaluate extrinsic factors driving transmission. 

Examples of this include the determination of the number of independent introductions 

of a pathogen into a population (which can be an important factor in epidemiological 

modelling (289)) and the identification of key factors that drive transmission following 

virus importations (212, 273). Regarding viral behaviour and evolution, actively 

investigating the signatures of genetic evolution can provide insights into the selective 

forces affecting a virus, suggest functional roles of different genetic elements and inform 

possible scenarios of the future behaviour of an epidemic (290). 

 
Genomic epidemiology pipelines provide powerful frameworks to explore the 

transmission dynamics of viruses and provide a path to inferring the occurrence of events 
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for which no epidemiological data was collected. However, genomic sampling 

represents a challenge in of itself, as phylodynamic inference can lead to biased 

estimates when important spatiotemporal gaps in sample collection are present (214, 

291). These situations are pervasive among genomic data sets and require careful 

consideration and potentially further methodological development to improve the 

inferential power and accuracy of the phylodynamic toolbox (e.g., (292–295)). 

 

Thesis scope and outline 
Incomplete sampling is likely a pervasive phenomenon among genomic data sets 

analysed using modern phylodynamics. While this can manifest limitations in their 

precision and accuracy, it is also noteworthy that the signatures of these sampling gaps 

can become evident in the results from such analyses, and can be used as a tool to 

effectively interpret phylogenetic and phylodynamic results and to even gain insights 

into both the sampling and evolutionary processes that produce a given data set.  

In this thesis, I use a genomic epidemiology approach to investigate the transmission 

dynamics, geographic spread and molecular evolution of various emerging viruses in 

different settings where genomic sampling coverage is limited. I look at three different 

arboviruses and one emerging pandemic respiratory virus as they circulate in various 

regions across the Americas and Africa and apply a diverse set of evolutionary tools to 

understand how these circulated and evolved over different timescales. I propose that 

hypotheses can be formulated and tested from specific patterns observed in phylogenetic 

analyses that reflect the sampling profiles that these viruses display in their respective 

contexts. Combined with information derived from non-genomic data sources, I 
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highlight specific insights that can be drawn into the particular sampling gaps across the 

virus evolutionary history and some of the processes which took place in these sampling 

blind spots. 

 
In Chapter 2 I present an analysis of the evolutionary dynamics of OROV, an 

American Peribunyavirus associated with numerous outbreaks in the Amazon basin, 

predominantly in Brazil and most recently in Peru and Ecuador (304, 305). My analysis 

incorporates (at the time) new OROV complete genome sequences and a publicly 

available data set (spanning the three viral genome segments) to perform a phylogenetic 

reconstruction of the virus evolutionary history. These analyses reveal a markedly 

distinct evolutionary trajectory for the viral M genome segments; through a combination 

of molecular clock analyses and the examination of incongruent tree topologies, I 

conclude that unsampled viral diversity would account for vastly differing genome 

segment ages. I also perform a set of selection analyses coupled with structural 

modelling and reveal that adaptive selection shaped the evolution of the viral Gc spike 

protein, and that novel lineage-specific N-linked glycosylation sites define two distinct 

lineages of the M segment. 

 
In Chapter 3 I perform a phylogenetic analysis of the first year of the COVID-19 

pandemic in Ecuador, South America, by analysing all genomes generated by the SARS-

CoV-2 genomic surveillance efforts in the country during 2020. This analysis describes 

and quantifies the number of independent introductions of the virus into the country, 

describes the resulting transmission lineages and tracks their domestic circulation. While 

the genomic sampling coverage was unprecedentedly high in the country, the relatively 
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low numbers of sequences in relation to the estimated cases in the country (derived from 

excess mortality data) show that the dramatic first wave of the epidemic was scarcely 

sampled. This is reflected by the time calibrated phylogenies and the discrete 

phylogeographic reconstructions of the virus. However, evidence for possible ports of 

entry and the role of the largest cities in the country in seeding the epidemic across 

different provinces is observable and provide an insight into the transmission patterns 

of SARS-CoV-2 in Ecuador. 

 
In Chapter 4, I present an investigation that led to the identification of a recombinant 

SARS-CoV-2 lineage that emerged in North America and circulated for a prolonged 

time in the region, predominantly between Mexico and the USA but also in Central 

America and Europe. Through the use of recombination analyses and mapping the 

occurrence of deletions across the evolutionary trajectories of four SARS-CoV-2 

lineages (B.1.627, B.1.628, B.1.631 and B.1.634) I identify that the most widespread of 

these lineages, B.1.628, emerged from a recombination event between B.1.627 and 

B.1.634. This investigation resulted in the re-assignment of B.1.628 as XB under the 

Pango nomenclature (306), becoming the second recombinant lineage in this naming 

system after the XA lineage in the UK (307). 

 
Chapter 5 analyses a historical data set of two arboviruses circulating in Mexico 

and Central America, CHIKV and DENV. The analyses contrasts some of the temporal 

and geographical spread patterns of these viruses which, despite showing notorious 

differences in their seasonal dynamics in the country (CHIKV caused a large epidemic 

in 2015 while DENV has been established as a seasonal virus in the country for over 
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three decades), are transmitted by at least one shared vector species, Ae. aegypti. By 

performing phylogeographic analyses and incorporating epidemiological data (collected 

by the National Epidemiological Surveillance System, SINAVE) and anonymised 

human mobility data (collected from smartphone usage), I find that the epidemiological 

dynamics of both viruses are driven by new importations. I also show that the southwest 

region of the country acts as the main port of entry for arboviruses from various 

locations, and that viral spread within the country follows a repeatable pattern. 

 
Finally, in Chapter 6 I present a simple phylogenetic analysis of a CHIKV outbreak 

in Kassala, Sudan, as part of a larger investigation by the UK Public Health Rapid 

Support Teams (UK-PHRST) and the Ministry of Health. My contribution to this 

investigation focused on the phylogenetic analysis of 120 complete genome sequences 

in context of the broader CHIKV genetic diversity. I find that the outbreak was caused 

by a single introduction of the ECSA genotype, particularly of viruses from the Indian 

Ocean Lineage (IOL). This represents a re-introduction of the IOL into Africa after its 

original departure from the continent into the Indian Ocean territories, India and the 

Middle East in the early 2000s. Evidence for various unsampled CHIKV outbreaks in 

the region suggest that this introduction would follow directly from India, where the 

virus circulates substantially, or from more recent unsampled outbreaks in the Middle 

East. A reconstruction of the A226V mutation in the viral E protein shows that this 

variant of the virus is likely transmitted by Ae. aegypti rather than Ae. albopictus (as was 

observed in previous outbreaks in the Indian Ocean). 
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2 The evolutionary 
dynamics of Oropouche 
Virus in South America  

 

Highlight: Shining a light on unsampled lineages by identifying 
genomic reassortment 
The following chapter presents a comprehensive evolutionary analysis of an 
Orthobunyavirus with a tripartite genome which has circulated in South America over 
several decades. The low number of sequences suggests that the virus is probably 
unsampled, but an additional line of evidence reveals a phenomenon which pinpoints 
to these unsampled lineages. As we reconstruct the widely differing ages of the three 
viral segments, we propose that these can only be reconciled if we account for the 
unsampled, unobserved lineages which “fill the gaps” on the full phylogenetic 
reconstruction of the viral history. As such, we infer the necessary existence of these 
unsampled lineages to make sense of specific patterns observed from our phylogenetic 
analyses. 
 

Abstract  
The Amazon basin is home to numerous arthropod-borne viral pathogens that cause 

febrile disease in humans. Among these, Oropouche orthobunyavirus (OROV) is a 

relatively understudied member of the genus Orthobunyavirus, family 

Peribunyaviridae, that causes periodic outbreaks in human populations in Brazil and 

other South American countries. Although several studies have described the genetic 

diversity of the virus, the evolutionary processes that shape the OROV genome remain 

poorly understood. Here we present a comprehensive study of the genomic dynamics of 
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OROV that encompasses phylogenetic analysis, evolutionary rate estimates, inference 

of natural selective pressures, recombination and reassortment, and structural analysis 

of OROV variants. Our study includes all available published sequences, as well as a set 

of new OROV genomes sequences obtained from patients in Ecuador, representing the 

first set of genomes from this country. Our results show differing evolutionary processes 

on the three segments that comprise the viral genome. We infer differing times of the 

most recent common ancestors (TMRCAs) of the genome segments and propose this 

can be explained by cryptic reassortment. We also present the discovery of previously 

unobserved putative N-linked glycosylation sites, and codons that evolve under positive 

selection on the viral surface proteins, and discuss the potential role of these features in 

the evolution of OROV through a combined phylogenetic and structural approach.  

  

Importance  
The emergence and re-emergence of pathogens such as Zika virus (ZIKV), 

Chikungunya virus (CHIKV) and yellow fever virus (YFV) have drawn attention 

towards other co-circulating arboviruses in South America. Oropouche virus (OROV) 

is a poorly-studied pathogen responsible for over a dozen outbreaks since the early 

1960s, and represents a public health burden to countries such as Brazil, Panama and 

Peru. OROV is likely underreported as its symptomatology can be easily confounded 

with other febrile illnesses (e.g. dengue fever and leptospirosis), and point-of-care 

testing for the virus is still uncommon. With limited data, there is a need to optimise the 

information currently available. Analysis of OROV genomes can help us understand 

how the virus circulates in nature and can reveal the evolutionary forces that shape the 
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genetic diversity of the virus, which has implications for molecular diagnostics and the 

design of potential vaccines. 

 

Introduction  
The Bunyavirales is a highly diverse order of viruses that include multiple emerging 

human pathogens. Within this order, the Orthobunyavirus genus (family: 

Peribunyaviridae) includes many arthropod-borne virus species that have been 

associated with disease in humans (1). The severity of disease varies and ranges from 

self-limiting febrile illness to encephalitis and haemorrhagic fever (2). One prominent 

member of this genus is Oropouche virus (OROV), a common causal agent of febrile 

disease in the Amazon basin (3) and a potential candidate for future emerging epidemics 

in the region and elsewhere (4).  

  
Since its first description in 1961 in Trinidad and Tobago (5), OROV has caused 

several outbreaks and sporadic infections in the Brazilian Amazon, particularly in the 

states of Pará, Amapá, Rondônia, Maranhão, Acre, Amazonas, Minas Gerais, Mato 

Grosso, and Tocantins (6-9), and evidence suggests the circulation of OROV in other 

Brazilian states (10). Since the late 1980s, additional cases and outbreaks of OROV have 

been reported in Panama, Peru (1113) and, more recently, Ecuador (14). The virus has 

been isolated from sloths (Bradypus trydactilus) (3) and marmosets (Callithrix sp.) (15) 

as well as from invertebrates, such as Culex p. quinquefasciatus (9) and Ochlerotatus 

serratus mosquitoes and Culicoides paraensis biting midges (3). It has been proposed 

that OROV has two distinct transmission cycles (16). In the sylvatic transmission cycle, 

wild mammals such as sloths (B. trydactilus) and primates (Allouatta caraya, Callithrix 



Chapter 2: The evolutionary dynamics of Oropouche Virus in South America 

 
 
 

   88 
 
 
 

penicillata) serve as hosts for the virus, which is transmitted by vector species that are 

common in rural areas (Aedes serratus and Coquillettidia venezuelensis have been 

proposed as vectors in the sylvatic cycle). This sylvatic cycle may possibly include other 

vertebrate hosts, including wild birds and rodents (such as Proechimys sp.). In contrast, 

the urban transmission cycle involves human-to-human transmission mediated by the 

biting midge C. paraensis (16) and can be facilitated by anthropogenic disturbance of 

forest areas. 

 
OROV produces an acute febrile illness in humans, characterised by unspecific 

symptoms such as fever, chills, headaches, myalgia and joint pain (17) and is therefore 

difficult to diagnose and differentiate from other co-occurring infectious diseases such 

as leptospirosis, dengue fever, Venezuelan Equine Encephalitis (VEE), malaria, and 

rickettsial and Coxiella infections (18). Specific to the Amazon region, OROV 

infections are difficult to distinguish from undifferentiated febrile illness associated to 

group C orthobunyaviruses (e.g. Itaqui and Caraparú viruses) or phleboviruses from the 

Candiru complex.  

  
The genome of OROV is typical of the orthobunyaviruses and comprises three 

negative-sense RNA segments of different sizes: a large segment (L) that encodes a 

RNA dependent RNA polymerase, a medium (M) segment that encodes a membrane 

polyprotein comprised of three main components (the Gn, NSm and Gc proteins), and a 

small (S) segment that encodes the structural nucleocapsid protein N and a second non-

structural protein, Ns, in an overlapping reading frame (2). The Gn and Gc proteins 

determine the architecture of the viral particle; Cryo-EM studies show that the 
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membrane proteins of Bunyamwera virus (BUNV) form a tripodal structure (19) and the 

crystal structures of the N-terminus of Gc suggest that this trimeric assembly may be 

conserved across various orthobunyaviruses (20). The segmented nature of the OROV 

genome enhances the likelihood of genome reassortment events, a phenomenon that has 

been observed more generally in the bunyaviruses (2) and has been associated, in some 

cases, with a dramatic increase in disease severity, such as with Ngari virus, a reassortant 

between BUNV and Batai virus (BATV) (21). Furthermore, reassortment appears to 

play an important role in the evolution and emergence of new viruses within OROV and 

related species, as has been described for the reassortant Jatobal virus (JATV) (22) and 

Perdoes virus (7) in Brazil, Iquitos virus (IQTV) in Peru (23) and Madre de Dios virus 

(MDDV) in Venezuela (24).  

  
Despite a heightened interest in OROV, reflected by an increasing number of 

publications covering the virus in recent years (16), many aspects of OROV history, 

biology and ecology remain poorly understood. Although the evolution of the virus has 

been previously studied using standard phylogenetic methods (3, 7, 8, 25, 26), a 

comprehensive analysis of the molecular evolution of OROV that incorporates the 

complete genetic diversity of the virus (represented by whole genomes) and a 

comparison of the evolutionary histories of its genome segments has not yet been 

undertaken. Here we present the results of an in-depth analysis of the OROV genomes 

from the Americas that includes the genomes of 6 new OROV isolates sampled in 

Ecuador (27) and explores the differences between the evolutionary histories of the three 

viral segments through comparative phylogenetics. We evaluate the temporal signal of 
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each RNA segment, estimate their dates of origin and rates of evolution, and test for 

recombination and reassortment. Furthermore, we combine phylogenetic tests for 

natural selection on the viral genome with structural mapping and N-linked 

glycosylation sequon analysis to determine the factors that drive the evolution of the 

viral genome and explain the observed differences between segments.  

 

Methods 

Sampling and sequencing of OROV isolates from Ecuador  
Six strains of OROV were isolated independently via one passage in Vero cells, from 

febrile patient sera sampled in 2016 in the Esmeraldas region of Ecuador (27). RNA was 

extracted and six complete genome sequences were generated using a metagenomic 

approach as described previously (14). Briefly, cDNA was prepared using a Sequence 

Independent Single Primer Amplification (SISPA) approach (28), cDNA sequencing 

libraries were prepared using the Nextera XT Kit (Illumina), and sequencing was 

performed on a MiSeq (Illumina) using 150 nucleotide paired-end runs. Reads were 

mapped to reference sequences using BWA MEM (29). The final consensus sequences 

were generated using Quasibam (30). We visually inspected each data set for the 

occurrence of single nucleotide variants (SNVs) within each patient; limited variation 

per site was found for all isolates (detailed in Supplementary File 1). The study was 

approved by the bioethics committee of Universidad San Francisco de Quito, and all 

patients provided written consent indicating that they agreed for their samples to be 

tested for additional pathogens.  
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Data sets  
In addition to the Ecuadorian sequences, we collected all available sequences for the 

three OROV genome segments from GenBank at NCBI. We then excluded all sequences 

that were shorter than a threshold segment length (specifically, <6500 nucleotides long 

for L, <4200 nucleotides long for M and <693 nucleotides long for S; these lengths 

correspond to the complete coding regions of the genes contained within each segment). 

These GenBank sequences represent the genetic diversity of OROV from outbreaks in 

Trinidad & Tobago, Panama, Peru and Brazil, and cover the complete sampled history 

of the virus from the mid 1950s to the late 2000s, with the latest outbreak in Brazil 

reported in 2009 (7). The data sets were compiled into individual alignments for each of 

the three viral genome segments (denoted L for large, M for medium and S for small). 

A complete list of the GenBank accession numbers of all sequences used is presented in 

Table S1.  

  
Additional data for the OROV sequences included the sampling date (with varying 

precision of year, month or exact day, depending on the sequence), the identity of the 

host species (most samples were obtained from human patients, while a few were 

obtained from potential arthropod vectors and mammalian reservoir species), and the 

location of each sample (province of origin was used for the samples from Brazil and 

Peru, while only the country of origin was available for the Panama sequences; samples 

from Ecuador and Trinidad & Tobago were obtained from a single location). No exact 
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sampling date is available for the Ecuadorian sequences, but sampling was conducted 

between the months of April and May of 2016 (Sully Márquez, Pers. Comm.).  

  
Before sequence alignment, the untranscribed terminal repeats (UTRs) of each 

segment were removed and the open reading frame of each segment was identified (only 

the largest ORF of the S segment, corresponding to the N gene, was analysed). 

Sequences were then aligned using the MUSCLE algorithm, as implemented in 

Geneious 9.0.5 (31), and the alignments were manually checked and edited to ensure 

they were codon-aligned. The L alignment included 59 published sequences plus the six 

new sequences from Ecuador. The M segment alignment included 58 published 

sequences and the six Ecuadorian sequences. Finally, the S segment alignment included 

143 published sequences plus the six Ecuadorian sequences.  

  

Molecular phylogenetics and molecular clock analyses  
All three alignments were scanned for recombinant sequences using the suite of 

methods implemented in RDP4 (RDP, BOOTSCAN, MAXCHI, CHIMAERA, 3SEQ, 

GENECONV, LARD and SISCAN) (32). Sequences identified as recombinant (i.e. 

evidence for recombination was found by at least four methods) were removed from all 

further analyses (only two M segment sequences were excluded). For each alignment, a 

molecular phylogeny was estimated using the maximum likelihood (ML) approach 

implemented in RAxML 8.0 (33). ML trees were estimated using a General Time 

Reversible (GTR) substitution model with a Gamma-distribution model of among-site 

heterogeneity. Phylogenetic node support was assessed using a non-parametric bootstrap 

approach with 100 replicates. No outgroup sequences were used and all trees were 
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midpoint rooted. A visual comparison of the tree topologies (after collapsing some nodes 

to facilitate visualisation) and bootstrap scores for each segment was used to evaluate 

possible OROV reassortment events during its evolutionary history. Well supported 

topological incongruencies between trees were interpreted as a potential reassortment 

event between the corresponding genome segments.  

  
To explore the rates of OROV molecular evolution and to evaluate the temporal 

signal in each OROV alignment, we correlated tip-to-root genetic distances in the ML 

tree against the sampling dates of the corresponding sequences, using the approach 

implemented in TempEst 1.5.1 (34). The regression plots were inspected visually to 

identify notable outliers and the linear correlation coefficient of the regression was used 

as a measure of the degree to which the sequences evolve in a clock-like manner.  

  
We estimated the evolutionary history of OROV outbreaks in South America by 

constructing time-calibrated Maximum Clade Credibility (MCC) trees for each segment. 

Each MCC tree summarises a posterior distribution of phylogenies that were sampled 

using the Bayesian Markov Chain Monte Carlo (MCMC) approach implemented in 

BEAST 1.10.1 (35). Trees were sampled under a HKY substitution model with codon-

position partitioning and a Gamma distribution model of among-site heterogeneity (this 

substitution model was chosen following the results of (36); this model differs from the 

aforementioned and more parametrised GTR model used for the ML analyses to avoid 

the matrix exponentiation approximations required for the usage of this model in a 

Bayesian framework), a Bayesian Skyline tree prior (37), and a relaxed uncorrelated 

molecular clock (UCLD) (38) model. For all molecular clock analyses from this point 
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onward, the outlier sequences identified from the tip-to-root regression plots (Fig S1) 

were removed from their corresponding data sets.  

  
Our ML and TempEst analyses (above) revealed two monophyletic lineages in the 

M segment phylogeny, one with weak temporal signal (correlation coefficient=0.66) and 

one with stronger signal (correlation coefficient=0.94; see Results and Fig S1). These 

lineages were separated by long internal branches that might have unexpected effects on 

the estimation of evolutionary rates and the age of the root of the tree (39). Therefore, 

the molecular clock analysis of the M segment was performed as a two-step process. 

First, we estimated a time-calibrated tree separately for the two M lineages and noted 

the estimated time of the most recent common ancestor (TMRCA) of the larger Lineage 

1 (the very small sample size of Lineage 2 means it is unlikely to generate a robust 

evolutionary timescale; see results below and Fig S5). We then performed a second 

analysis of the whole group M phylogeny, in which this TMCRA estimate was used as 

an additional calibration point (i.e. as an informative prior on the date of the common 

ancestor of Lineage 1). Similarly, mean evolutionary rates were co-estimated with 

phylogeny for each of the three segments using the UCLD clock model and subsequently 

compared. We further repeated this analysis separately for M segment Lineages 1 and 

2. Additional analyses using a less realistic strict molecular clock were also performed 

for model comparison purposes. All XML files are available via GitHub at 

https://github.com/BernardoGG/OROV_America.  
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Selection analyses  
The ORF alignments of the S and L segments, as well as those of the individual 

proteins of the M segment ORF (Gn, NSm and Gc) were tested for evidence of natural 

selection using the various methods implemented in HyPhy (40), implemented by the 

Datamonkey 2.0 server (41). Statistical tests were used to evaluate evidence for both 

pervasive and episodic selection in the OROV genome, and to evaluate selection across 

whole genes as well as at specific codons. Analyses of pervasive selection were 

performed using three methods: (i) the Branch-site Unrestricted Statistical Test for 

Episodic Diversification (BUSTED) method, which tests for gene-wise selection and 

estimates a mean dN/dS ratio for each gene (42), (ii) the Single Likelihood Ancestor 

Counting (SLAC) method, and (iii) the Fixed Effects Likelihood (FEL) method; the 

latter two approaches were used to infer specific codons under adaptive selection (43). 

Episodic selection was evaluated using two methods: (i) the Mixed Effects Model of 

Evolution (MEME), which identifies individual codons under positive selection (44), 

and (ii) a branch-site model implemented in aBSREL (45), which was used to search for 

phylogenetic branches under selection. A final analysis was performed using the Fast 

Unconstrained Bayesian Approximation (FUBAR) (46) method to evaluate the 

difference between nonsynonymous (b) and synonymous rates (a) per site for each viral 

segment. All codon positions were numbered relative to the OROV reference strain 

BeAn19991.  
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Structural analysis of OROV proteins and sites under selection  
The availability of high-resolution protein structures for the OROV proteins is 

limited. We therefore focused efforts on the OROV glycoprotein Gc because (i) N-

terminal regions for a number of orthobunyaviral Gc glycoproteins (including the head 

domain of OROV Gc, PDB ID 6H3X), have been structurally elucidated (20) and (ii) 

this protein shows an increased number of sites under positive selection compared to 

other OROV proteins (see Results). The second component of the OROV glycoprotein, 

Gn, was not analysed here because no adequate atomic resolution structure is currently 

available. For Gc, N-linked glycosylation sites were predicted for each virus sequence 

using the NetNGlyc 1.0 server (www.cbs.dtu.dk/services/NetNGlyc/), which identifies 

NXT/S amino acid motifs (where X is any amino acid except proline). The sequence 

evolution of these motifs was subsequently mapped onto the M segment phylogeny 

using a maximum parsimony approach. To enable structure-based mapping of sites 

under selection, we created a composite molecular model that encompasses the 

structurally elucidated N-terminal head of OROV Gc (PDB ID 6H3X) and the stem 

domains from the closely related Schmallenberg virus (SBV) (PDB ID 6H3S) (20) 

through sequence-independent structural alignments in PyMOL (47). As there are no 

known structures of the orthobunyaviral C-terminal domains (henceforth called the core 

region), this region was omitted from the structural analysis. Residues in the N-terminal 

head of the OROV Gc structure that contribute to the crystal packing-induced 

homotrimeric surface (20) were identified with the PDBePISA server (48). Sites under 

selection were mapped onto the composite and the trimeric models, and their residue-

specific solvent accessibility was analysed using the ESPript 3.0 server (49).  
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We explored how the evolutionary history of OROV has been shaped by molecular 

adaptation of different domains of the Gc protein by estimating dN/dS ratios for each 

protein domain using the renaissance counting approach (50) implemented in BEAST 

1.10.1 (35). These estimates were independently performed for the full set of M 

sequences and for the two previously described lineages, using an empirical posterior 

sample of phylogenies comprising >100,000 trees. The 95% highest posterior 

distribution (HPD) credible intervals for the normalised dN and dS values were 

summarised using the coda package in R (https://cran.r-

project.org/web/packages/coda/index.html). The normalised values are the observed 

count of each substitution type, divided by the expected count of each substitution type 

under the substitution and evolutionary models and independent of the data. 

 

Results  

Molecular phylogenetics and molecular clock analyses  
The estimated ML phylogenies for each OROV genome segment are shown in 

Figure 1. An interactive phylogenetic representation that includes additional information 

such as sampling location is available through Microreact (51) (URLs provided in Table 

S2). The phylogenies show spatially structured virus populations as evidenced by the 

clustering of taxa according to country of isolate collection. In all three phylogenies (Fig 

1a, b, c), our new sequences from Ecuador (yellow) cluster together in a single 

monophyletic group (with 100% bootstrap support) that descends from OROV 

sequences from Peru (red), suggesting the Ecuadorian sequences represent an 
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unreported outbreak in 2016 that is related to cases observed in Peru in the mid-to-late 

2000s. The large (L) and medium (M) segment trees (Fig 1b, c) contain long internal 

branches and distinct lineages. Sequences from Panama (orange) are found in two 

distinct clusters, while Brazilian sequences (light blue) are split into two distinct groups. 

One Brazilian group corresponds to the 2009 OROV outbreak in the municipality of 

Mazagão (Amapá state) in northern Brazil (7), whilst the other contains sequences from 

isolates obtained between 1960 and 2006 from seven different states (Acre, Amapá, 

Amazonas, Maranhão, Minas Gerais, Pará and Rondônia) (52). Most of these clusters 

are supported by high bootstrap scores (>95%) but there is less consistent and sometimes 

limited support for phylogenetic structure within clusters. The OROV small (S) segment 

phylogeny (Fig 1a) contains more sequences but has less phylogenetic structure (i.e. 

internal branches are shorter and several basal nodes have weak bootstrap support). 

Geographical clustering is also less evident; there are 3 well supported clusters of 

sequences from Brazil or Brazil/Panama, the Ecuadorian sequences are again found in 

a strongly supported cluster descended from the Peruvian isolate IQE7894, but the 

remaining sequences from Peru cluster elsewhere in the tree (Fig 1).  
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Figure 1. Maximum Likelihood trees for the three OROV genome segments.  

(a) Small (S) segment phylogeny. (b) Medium (M) segment phylogeny. (c) Large (L) 
segment phylogeny. Branches are colour coded by the country of origin of the tips and 
an ancestral state reconstruction of the nodes using a parsimony approach, and is not 
intended as a phylogeographic analysis. Grey tips/branches indicate sequences 
obtained from non-human hosts and vectors (species indicated in the tip label). Node 
support from 100 bootstrap replicates is shown for the basal internal nodes of each 
tree. (d) Scaled comparison of the three segment phylogenies (genetic distance 
between vertical grid lines is 0.02) highlights the different node depths between all 
trees. 

 

  
The trees for the different segments show considerable topological differences, 

suggesting the likelihood of reassortment events in the viral genome. Pairwise 
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comparisons between segment phylogenies (Fig S2) indicate that the L segment of the 

2009 Mazagão outbreak sequences has arisen through a reassortment event. There are 

also widespread topological differences between the S segment and the L and M 

segments (Fig S2), particularly for the Brazilian sequences (which cluster in robust 

monophyletic clades in the L and M segment trees but as multiple clusters in the S 

segment phylogeny). This suggests that OROV might reassort frequently; however, the 

low node support for the S segment could also represent phylogenetic uncertainty rather 

than differing evolutionary history. Furthermore, a comparison of the three segment 

trees drawn on the same scale shows widely differing tree lengths (Fig 1d).  

  
The evolutionary timescale for OROV in America, estimated using a Bayesian 

phylogenetic molecular clock approach (relaxed UCLD clock model), yielded highly 

variable dates for the most recent common ancestor (TMRCA) for each segment. The 

origins of the S and L segments can be traced back to the early to mid 20th century, while 

the M segment shows long internal branches and an older mean root age, dating back to 

approximately 1608 (95% HPD: 1116-1924) (Fig 2a). The estimated TMRCA of the S 

segment is approximately 1940 (95% HPD: 1916-1955), while that of the L segment is 

slightly older, around 1919 (95% HPD: 1854-1955). It is also noteworthy that the M 

segment splits into two distinct lineages (Fig 2a), observed both in the ML and the 

Bayesian phylogenies. Lineage 1 represents an eastern-central clade that includes the 

earliest OROV case in Trinidad and Tobago, sequences obtained from patients in 

Panama between the late 80s and late 90s, and the entirety of the Brazilian genetic 

diversity of the virus. Lineage 1 is estimated to have emerged around 1887 (95% HPD: 
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1804-1945). On the other hand, Lineage 2 contains sequences from western South 

America, including sequences from Panama (from the late 1980s), Peru and Ecuador, 

with an estimated origin around 1905 (95% HPD: 1841-1962). The estimated mean 

evolutionary rate of the M segment appears to be significantly lower than that of other 

segments but still within biologically feasible values (mean rate = 1.75x10-3 

subst./site/year for segment S, 3.65x10-4 subst./site/year for segment M, and 1.64x10-3 

subst./site/year for segment L). We also attempted to estimate evolutionary rates 

estimated separately for each lineage within the M segment phylogeny. A systematic 

comparison of different molecular clock methods was used to evaluate the reliability of 

the lineage-specific estimates (Fig S4). Whilst the estimated rates for Lineage 1 are 

similar to those for the whole M segment, the rate estimates for Lineage 2 are highly 

uncertain and also inconsistent among methods and models (Fig S4). Thus, the small 

sample size of Lineage 2 renders the estimate for that lineage unreliable and prevents us 

from concluding the lineages evolve at different or similar rates. The systematic 

comparisons in Fig S4 and 2b also show that the relative rates of the segments are 

broadly consistent (i.e. L is fastest, S intermediate, and M slowest; Fig 2b and Fig S4), 

despite differences in their estimated absolute rates. The UCLD clock remains the most 

reliable and realistic model choice due to the high among lineage rate variation we 

observe (coefficient of variation >1 for all segments) and low R2 values in the linear 

regression analyses (Fig S1).  
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Figure 2. Time-calibrated and evolutionary rate analysis of the OROV genome.  

(a) A comparison of the three segments reveals an older common ancestor for the M 
segment, resulting in the divergence of two lineages that appear to diversify in the 
early to mid 1900s (Lineage 1 and Lineage 2, L1 and L2 in the figure). (b) The 
estimated evolutionary rates of the segments. (c) A sliding window estimation of the 
relative genetic distance of each of the two M segment lineages (shown in orange and 
blue) to Iquitos Virus (IQTV), used as an outgroup. Points of the sequences where the 
closest genotype to the outgroup changes could be interpreted as recombination events 
with unsampled sequences. (d) An analysis of the younger segments, S and L, reveals 
emergence date estimates for the virus in the early to mid 20th century, and relatively 
consistent estimates for the TMRCA of the new Ecuadorian sequences in the early 
2010s. The posterior probabilities (PP) of each node is shown based on a greyscale 
colour scheme (0.0 PP = black to 1.0 PP = white). 

 

  
In order to explore whether these differences in evolutionary rates might result from 

rate heterogeneity between the M segment lineages, we devised a novel analysis where 

we calculated the mean relative genetic distance of Lineage 1 and 2 to a closely related 
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outgroup, Iquitos virus (IQTV), using a sliding window approach. In each window we 

divided the mean genetic distance between all sequences in each lineage and the 

outgroup by the sum of the genetic distances for both lineages, resulting in a relative 

genetic distance to IQTV (see Supplementary R Script at 

https://github.com/BernardoGG/OROV_America/blob/master/OROV_SimPlots.R). 

These relative distances are the fraction of the cumulative genetic distance of both 

lineages to the selected outgroup (and accordingly sum to 1). Different regions of the M 

segment exhibit different relative distances to the outgroup, ranging between 0.58 and 

0.42 (as expected for two lineages that are roughly equidistant to the outgroup). The 

lines cross where one lineage becomes relatively less divergent to the outgroup and 

several such events occur between the NSm and Gn reading frames, within the Gn 

reading frame, and the core region and head domain of the Gc reading frame (Fig 2c). 

These differences in relative genetic distances could be the product of mechanistic 

phenomena, ranging from natural selection to intra-segment recombination, which 

would not have been detected by the RDP4 analyses because we explicitly assigned an 

outgroup and measure the genetic distances between lineages as their individual 

contributions to the cumulative distance rather than just mean genetic distances. 

However, it is hard to determine whether our observed values are meaningful evidence 

of intra-segment rate variation, and we therefore cannot conclude that such intra-

segment evolutionary rate variation between the two lineages is evident.  

  
In the S segment phylogeny, samples obtained through the 1950s and 1960s are 

located at the base of the tree. The tree splits into two co-circulating clusters around 
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1969 (95% HPD: 1964-1973). Both clusters include sequences mostly from central 

Brazil and Panama, and one of the clusters suggests multiple introductions to Peru as 

early as the mid 1970s. The 2009 Mazagão outbreak and the 2016 Ecuador sequences 

arise from one of these Peruvian clusters, with the latter sharing a common ancestor 

around late 2011 (95% HPD: 2009-2015) (Fig 2d). On the other hand, the L segment 

tree shows two divergent lineages that split sometime in the early to mid-twentieth 

century (95% HPDs: 1900-1953; 1918-1979) and more closely match the M segment 

lineage structure. One of these L segment lineages includes most of the Brazilian 

diversity (the Mazagão sequences are distinct and cluster in the other L segment lineage) 

and a cluster of sequences from Panama. The other includes a second cluster of Panama 

sequences and all of the Peruvian diversity (Fig 2d). The Ecuadorian sequences are again 

descended from Peruvian strains, with a TMRCA in early 2014 (95% HPD: 2011-2016). 

This date is similar in the other segments (the estimated Ecuador TMRCA is mid 2011 

in the M segment; 95% HPD: 2008-2015). These results suggest a recent introduction 

of OROV to northern Ecuador with no reassortment events leading to its emergence.  

  

Selection Analyses  
We undertook a screening for sites under selection using different models 

implemented in the HyPhy framework (40). Evidence for both pervasive and episodic 

selection was found in different genes using different methods (Table 1). Pervasive 

selection (selection that occurs persistently along the whole phylogeny) was detected in 

the S segment. Individual sites under pervasive selection were identified in the M 

segment alignments: for the Gn protein one site was found to be evolving under positive 
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selection (by the SLAC and FEL methods); for the NSm protein one site was identified 

(by the FEL method); and the Gc protein, two sites were found to be under selection (by 

the FEL and FUBAR methods). Sites evolving under pervasive selection were also 

identified in the S and L segments (one site in each) by the FUBAR method (Table 1). 

Episodic adaptive selection (selection that occurs heterogeneously across the tree 

branches) was detected in all alignments under the mixed effects model (MEME) (44). 

In total, MEME identified six sites under selection in the RNA dependant RNA 

polymerase, seven sites under selection in the M segment polyprotein, and one site under 

selection in the non-structural N protein. Of these sites, only four were identified by two 

or more methods: codon 66 of the Gn scaffold protein, codon 86 of the NSm non-

structural protein and codons 269 and 442 of the Gc spike protein (Table 1). We note 

that three of these four sites feature more than two alleles, and the frequencies of the 

most common allele range from 0.44 to 0.73 (Table S3). This episodic selection is made 

evident when comparing the difference between synonymous and non-synonymous 

rates per site on the M segment, where, despite a low proportion of sites identified as 

evolving under selection (Fig S5a), each lineage shows different sites with higher non-

synonymous substitution rate (Fig S5b).  

    

Structural analysis of OROV proteins and sites under selection  
Viral glycoproteins are important targets of positive selection and drivers of virus 

adaptation due to their direct interactions with the host immune system (53). In 

orthobunyaviruses, glycoproteins are expressed as a polyprotein, encoded by a single 

open reading frame of the M segment that is expressed and post-translationally cleaved 
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into the Gn, NSm (non-structural) and Gc proteins respectively. The main component 

of the OROV particle spikes is Gc, which is composed of four main domains: a head 

domain, two stem domains, and a core region (20). We identified eight sites under 

selection in Gc overall (four of which fall within the head and stem domains) and two 

putative, previously unreported N-linked glycosylation sites (Fig 3a). Estimated dN/dS 

ratios are similar for each domain (Fig 3b), hence we find no evidence for significantly 

different selective pressures among domains. However, if dN/dS ratios are estimated 

separately for the two M segment lineages, then we obtain higher dN/dS estimates for 

the head and stem domains of Lineage 2, although the large confidence limits mean these 

differences are not significant (Fig 3b).  
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Figure 3. Structure-based mapping of sites identified under selection and 
previously unreported N-linked glycosylation sites onto the Gc protein. 

 (a) A schematic of the OROV M segment polyprotein, which includes the Gn and Gc 
components of the viral membrane proteins. The Gc protein is subdivided into a head 
domain (blue), two stalk domains (green and orange), and a C-terminal region, which 
encodes a putative fusion loop (dark grey). Sites identified as being under positive 
selection using the MEME approach are shown in red (lighter coloured arrows indicate 
sites falling outside of the Gc head and stem domains). Site 269 was identified as 
being under positive selection through multiple approaches, and marked with an 
asterisk. All N-linked glycosylation sites are shown in white, and the two previously 
undescribed sites are highlighted in blue and pink. (b) Estimated dN/dS ratio of each 
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domain in Gc, obtained for the whole M segment, and for each M segment lineage. (c) 
Crystallographically-observed trimeric spike structure of the Gc head domain, with 
sites under positive selection shown in red. The cartoon representation of each chain is 
embedded in a transparent surface representation (grey). Glycosilation sites are shown 
as in panel (a). (d) Sites under positive selection and residues corresponding to N-
linked glycosylation sites mapped to a composite model generated from previously 
reported OROV Gc (head domain, PDB ID 6H3X) and SBV Gc (stem domains, PDB 
ID 6H3S) crystal structures. The OROV head domain is shown in blue, with the C-
terminus loop residues shown in light green (taken from the SBV head domain) and 
SBV stem domains I and II are shown in green and orange, respectively. (e) Putative 
N-linked glycosylation sites identified in this study are mapped onto the phylogeny of 
the M segment, showing the independent presence the two sites in the two M segment 
lineages.  

 

  
We mapped all the sites identified as being under positive selection to the available 

atomic structures of the OROV Gc head domain and the closely related SBV stem 

domains (Fig 3b, 3c). This analysis reveals that three sites under selection 

(corresponding to residues A71, L106 and T145) are located at alpha-helixes in the head 

domain, and one (residue G269) occurs at a loop connecting the stem domain I N-

terminus to the head domain (Fig 3c). While A71 is buried and residue L106 is only 

partially accessible from within the protein structure, residues T145 and G269 are 

completely accessible (Fig S3), with the former located at the top of the trimeric spike 

structure (Fig 3b). Structure-based mapping of the residues equivalent to T145 in BUNV 

and LACV suggests that this residue could help to facilitate the formation of a closed 

trimeric interface (20), thus suggesting that substitutions at this location may affect the 

protein-protein interface and change the antigenic surface of the spike complex.  

  
In addition to the sites under positive selection, we identified two previously 

unreported N-linked glycosylation sequons at residues 133 (motif NNTD) and 218 
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(motif NISL). Both of these putative glycosylation sites are located on the Gc head 

domain (Fig 3a) and do not cooccur together in any of the sequences, supportive of the 

hypothesis that they may be alternative motifs that could serve similar functional roles. 

Furthermore, these sites appear to be phylogenetically associated with the different M 

segment lineages, with motif NNTD being exclusive to Lineage 1 and motif NISL 

occurring exclusively in Lineage 2 (Fig 3d). Based on shared ancestry, it is likely that 

the motif NNTD appeared in a Brazilian common ancestor that excludes the Mazagão 

outbreak sequences, as this motif is not found in either the Panama or Trinidad sequences 

belonging to Lineage 1.  

  
Both the putative fusion loop in the C-terminal region of the Gc protein (54) and two 

previously reported N-glycosylation sites were conserved amongst all analysed OROV 

sequences (3). 

 

Discussion  
The evolutionary genomics of OROV in the Americas appears to be driven by a 

complex combination of factors that are associated with viral life cycle and the nature 

of the OROV genome. Phylogenetic analysis of the three OROV genome segments 

reveals different evolutionary histories, with a stronger topological concordance 

between the M and L segments, than between those two segments and the S segment. 

Many of these incongruencies are likely to represent the different evolutionary histories 

of each segment, arising from reassortment. The occurrence of reassortment events 

appears to be relatively common for OROV in the Americas and may be currently 

underestimated because (i) there are likely to be many undiscovered OROV lineages 
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and (ii) the virus likely circulates widely in one or more as-yet uncharacterised reservoir 

populations in the Amazonian forest. Although we found similarities between the M and 

L segment phylogenies, a previous study of the Bunyamwera group has suggested 

linkage between the L and S segments (55), and different reassortment patterns have 

been reported for other bunyaviruses such as La Crosse virus (LACV) and snowshoe 

hare virus (SSHV) (56). The reassortment of OROV is in line with the observation of 

naturally occurring reassortant viruses (23, 24), a phenomenon that has been linked to 

the coinfection of hosts or arthropod vectors. The latter provide a good opportunity for 

reassortment to occur, as an infected vector can feed on a second vertebrate host infected 

with a distinct viral strain within a 2-3 day time window and become co-infected (2). On 

a broader scale, reassortment events could play a crucial role in the evolution of 

bunyaviruses in general, and it has been suggested that an increasing number of the 

recently described species are reassortants (57).  

  
Molecular clock phylogenetic analyses can be used to infer the emergence times of 

pathogens and the timescales of outbreaks (58). Some of these tools are particularly 

applicable to heterochronous data sets, in which sequences from rapidly evolving 

populations have been sampled longitudinally through time. For molecular clock 

analyses to be reliable, samples collected at different time points must accumulate 

sufficient genetic differences to be distinct from one another (59) (i.e. contain sufficient 

‘temporal signal’). A combination of factors may affect the accuracy of estimated 

TMRCAs. Our analyses of the S and L segments suggest that OROV first emerged in 

the early to mid 1900s, a more recent estimate than previously reported (late 1700s, 
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inferred from S segment sequences) (26). This difference may reflect the fact that our 

analysis incorporates more sequences, or it may reflect differences in the evolutionary 

models or prior distributions used in Bayesian phylogenetic inference. It should be also 

noted that the aforementioned earlier study (26) did not report a test for temporal signal 

in the data set; absence of this signal could affect the precision of estimates.  

  
A key factor of OROV evolutionary dynamics is the distinction between two well 

supported lineages for the M segment. We estimate that these two lineages split more 

than two centuries before the estimated TMRCAs of the other segments. The split 

between Lineages 1 and 2 is also reflected in the L segment phylogeny, where two well 

supported lineages that mostly coincide with the M phylogeny are observed, with the 

exception of the 2009 Mazagão outbreak reassortant group (see Fig 2 and S2).  

  
We sought to explain the substantially older TMRCA of the M segment compared 

to the other two segments, despite the fact that all segments share overlapping sets of 

strains. The temporal signal we observed (Fig S1) suggests that the roots of the M and 

L segment phylogenies represent different ancestral viruses, and that the discrepant 

TMRCAs are not the result of estimation error. How can this conclusion be reconciled 

with the topological similarities between the M and L segment phylogenies? We suggest 

that these results could be explained by hypothesising that the ancestor of one of the M 

segment lineages underwent a past reassortment event with an unsampled, divergent 

OROV lineage (Fig 4). At present it is not possible to determine which of the two 

lineages actually underwent reassortment (for visualisation in Figure 4, Lineage 2 was 

chosen randomly). Under this hypothesis, the TMRCAs of segments M and L can differ 
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substantially yet their phylogenies remain largely congruent. The L segment has a 

proximal origin which is closer in time to the TMRCAs of both M segment lineages, 

which share a more ancient origin among them. Our hypothesis posits that the sequences 

in our data sets are part of a larger diversity of OROV in South America which is 

currently unsampled. Given that reassortment is common in Orthobunyaviruses, a 

portion of the L sequences that correspond to one of the M segment lineages represent 

an instance were part of this broader unsampled viral diversity reassorted into the L 

segment evolutionary history, therefore giving the impression of differing origin times 

between segments when in fact these represent different ancestors. By extension, 

unsampled and more divergent L segment genomes exist which, if included in the 

phylogenetic tree, would also descend from the more ancient inferred M segment most 

recent common ancestor (Fig 4).   
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Figure 4. A model of OROV genome evolution and reassortment that can resolve 
the inconsistent TMRCA estimates of the L and M segments.  

The upper panel depicts a simplified ancestral graph that describes the joint ancestry of 
the L (orange) and M (teal) segments. Sampled sequences are represented by dark and 
light grey circles at the tree tips. These are grouped into Lineages 1 and 2, which 
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correspond to the two main lineages in the M and L phylogenies (see Figure 2). The 
light grey branches represent hypothesised, highly diverse, unsampled OROV 
lineages. The graph contains one reassortment event (black diamond), resulting in the 
ancestor of Lineage 2 in the M segment being descended from a divergent, unsampled 
lineage (alternatively, the reassortment might have occurred on the branch ancestral to 
lineage 1). As a result, the TMRCA of the L segment phylogeny (lower right panel; 
orange circle) exists substantially earlier of the M segment (lower left panel; teal 
circle). For simplicity, other more recent reassortment events between Lineages 1 and 
2 are not shown (i.e. the 2009 Mazagão outbreak clade).   

 

  
The lower evolutionary rate of the M segment is also unexpected, given the tendency 

of Bunyaviral surface proteins to evolve faster than the nucleocapsid and non-structural 

proteins (60, 61). These differences are hard to reconcile with the available data, but the 

reliability of the temporal signal should be considered. A systematic comparison of 

different molecular clock approaches indicates a Lineage 2-specific rate cannot be 

reliably estimated. We conclude that most of the temporal signal in the M segment 

comes from Lineage 1 sequences, due to the small sample size and high uncertainty of 

Lineage 2 rate estimates. More OROV genome sequences (especially for Lineage 2) are 

clearly needed to provide a robust understanding of the whether the molecular evolution 

of the two lineages truly differ.  

  
The adaptation of an emerging virus to new hosts can affect the likelihood of future 

outbreaks and is a useful phenomenon to explore. Whilst computational evolutionary 

analysis can usefully indicate the presence of positive selection and molecular 

adaptation in virus genomes, sequence data alone cannot resolve the functional and 

biological context of selected sites. Further, different methods for detecting selection do 

not always give the same results, hence conclusions benefit from considering the 



Chapter 2: The evolutionary dynamics of Oropouche Virus in South America 

 
 
 

   115 
 
 
 

consensus of results generated by multiple models and methods (62). Three different 

models all indicated the positive selection acting on codon 66 of Gn (Table 1). The N-

terminus of closely-related Bunyamwera virus (BUNV) Gn protein is predicted to 

localise on the outside of the viral particle (63) and function as a scaffold for the trimeric 

Gc spike (19). The residue encoded by codon 66 falls within this predicted 

extramembrane domain, potentially exposing it to the host immune system. Unlike other 

bunyaviruses, such as phleboviruses (64, 65) and hantaviruses (66, 67), it is unlikely that 

the Gn is large enough to extend from the virion membrane and shield the fusion loops 

of the cognate Gc. Thus, while amino acid changes are unlikely to affect fusion loop 

shielding, it is possible that selective forces acting on Gn could just alter the stability of 

the Gn-Gc lattice during cell entry.   

  
We also detected positive selection on codon 86 of the NSm. The function of this 

protein among the orthobunyaviruses is variable, ranging from being essential for viral 

assembly in BUNV (particularly the N-terminal hydrophobic domains) (68) to being 

non-essential for viral growth in OROV (7) and other related pathogens such as Maguari 

virus (MAGV) (69). In Rift Valley fever virus (RVFV), NSm is non-essential for viral 

replication (70, 71) but plays a role in the suppression of apoptosis in infected cells (72, 

73). Other potential roles for NSm in different bunyaviruses have been proposed (74), 

including a role in the infection of arthropod vectors (75). The reason for the adaptive 

evolution in OROV NSm detected here is therefore unclear. 

  
The N-terminal head and stem domains of the orthobunyaviral Gc spike are the only 

regions for which atomic structures are available (20), making structure-based mapping 
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of sites feasible. While little is known about the host immune response to OROV, SBV 

Gc has been shown to be a target of antibody-mediated immune responses following 

infection (76), and is therefore likely to be under host selective pressure. Codons 269 

and 442 (identified as evolving under positive selection) encode residues located in 

different domains of the Gc protein, in the first stem domain and core region, 

respectively. We mapped codon 269 to a loop at the N-terminus of the stem domain I, 

which connects to the head domain. Although we cannot discount a potential role in 

shielding the fusion loop in the core region, crystallographic analysis and comparison of 

this region with other reported orthobunyavirus Gc structures suggests that this loop may 

act as a flexible hinge that permits fusogenic rearrangements of the spike complex (20). 

Furthermore, and in line with the hypothesis that this region is important in stabilizing 

the mature spike complex, an identified neutralising antibody against SBV directly 

interacts with residues closer to the C-terminus of the protein’s head domain, potentially 

disrupting Gc-mediated trimerization of the spike protein, as presented on viral particles 

(20). A similar immunogenic mechanism could play a role in the evolution of residue 

G269, rendering it a potential target of the neutralising antibody response. Of the 

residues that were identified as evolving under diversifying selection by the MEME 

approach alone, codon 145 encodes a residue that is solvent accessible and mapped to 

an alpha helix in the head domain (20), specifically the tip of the trimeric spike complex. 

This latter site could also constitute an antibody epitope, even if the evidence for this is 

presently weak (only one method identifies this residue as evolving under positive 

selection). Furthermore, if this region includes an epitope, the acquisition of N-linked 

glycosylation may mask the protein surface, similar to the “glycan shields” described 
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for Old World arenaviruses and HIV-1 (77, 78). N-linked glycosylation that is not 

essential for replication but increases virus infectivity of new cells has been described 

in BUNV (79) and RVFV (80), suggesting that different bunyaviruses could gain and 

lose glycosylation sites as they evolve, as a mechanism to mask spike epitopes from the 

humoral immune system. Mechanisms other than immune selection might play a role. 

For example, mutations in the E1 protein of Chikungunya virus affect its infectivity in 

different vector species (A226V increases infectivity in Aedes albopictus compared to 

Aedes aegypti) (81). The geographical spread of our isolates means that OROV variation 

could be associated with different host or vector species in South America; however, 

current data is insufficient to explore this idea further.  

  
Our report incorporates new OROV genomes obtained from febrile patients in the 

province of Esmeraldas in northern Ecuador, representing the first direct detection and 

whole genome sequencing of the virus in the country (14). Previous prospective studies 

have suggested that OROV may circulate in both the coastal and Amazonian provinces 

of Ecuador (18, 82), but failed to directly detect or isolate the virus. Our sequences 

probably represent an undetected outbreak of OROV on Ecuador’s northern coast, which 

may also include the southern coast of Colombia. Our phylogenetic analyses show that 

the Ecuadorian isolates form a single lineage that is closely related to viruses circulating 

in Peru, indicating a contiguous expansion of the known area of OROV circulation. The 

Ecuadorian isolates carry a distinct M segment that is shared with sequences from Peru 

and Panama, suggesting the presence of a distinct OROV lineage in the western, Pacific-

bordering countries of South America.  
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OROV continues to be a neglected tropical disease and the numbers of genetic 

sequences for the virus are still limited. The genetic data that are available tend to be 

biased towards the shorter S segment, which has lower phylogenetic resolution and 

provides only a partial picture of OROV evolution. Available sequences are for the most 

part limited to viral diversity detected during human outbreaks, and therefore fail to 

capture the dynamics of OROV in reservoir host species and vector populations. The 

generation of whole OROV genomes – for example, generated locally using new rapid 

and portable sequencing technologies (83, 84); and the broadening of sampling to other 

countries and host species, are necessary to improve our understanding of the extent and 

nature of OROV transmission and the importance of reassortment for the evolution of 

this pathogen. 
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Tables 
Table 1. Evidence for adaptive selection on the three genome segments of the 
OROV genome assessed using different models.  

Sites identified by more than one method are highlighted in bold. 
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3 Genomic epidemiology of 
SARS-CoV-2 transmission 

lineages in Ecuador 

 

Highlight: A severe, undersampled first wave leaves traces on the 
inferred transmission lineages  
This phylogenetic analysis of the first year of SARS-CoV-2 circulation in Ecuador was 
performed with a relatively small genomic data set by current standards. By comparing 
epidemiological and genomic data we show that the severe first wave of the epidemic 
in the country was very sparsely represented in the genomic data. However, when 
inferring instances of viral importation from international locations into Ecuador, we 
can identify the signal of this limited sampling during the early stages of the epidemic 
in the form of long basal branches in the phylogenetic trees. It is also evident that the 
viral imports had widespread circulation within the country, and that the dynamics and 
composition of lineages between the two largest cities in the country are considerably 
different. This points towards the possibility of different importation dynamics across 
regions, which can be hypothesised despite the small data set size. 
 

Abstract 
Characterisation of SARS-CoV-2 genetic diversity through space and time can 

reveal trends in virus importation and domestic circulation, and permit the exploration 

of questions regarding the early transmission dynamics. Here we present a detailed 

description of SARS-CoV-2 genomic epidemiology in Ecuador, one of the hardest hit 

countries during the early stages of the COVID-19 pandemic. We generated and 

analysed 160 whole genome sequences sampled from all provinces of Ecuador in 2020. 
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Molecular clock and phylogeographic analysis of these sequences in the context of 

global SARS-CoV-2 diversity enable us to identify and characterise individual 

transmission lineages within Ecuador, explore their spatiotemporal distributions, and 

consider their introduction and domestic circulation. Our results reveal a pattern of 

multiple international importations across the country, with apparent differences 

between key provinces. Transmission lineages were mostly introduced before the 

implementation of non-pharmaceutical interventions (NPIs), with differential degrees of 

persistence and national dissemination.  

 

Introduction 
The rapid generation of substantial numbers of virus genomic sequences during the 

COVID-19 pandemic is without precedent. Laboratories and institutes around the world 

produced and shared over 300,000 whole SARS-CoV-2 genome sequences in the 

GISAID repository during 2020, and features a total of 1,428,296 sequence entries by 

May 10, 2021 (1), providing an unparalleled data set that permits detailed analyses of 

virus transmission and dissemination. These achievements have provided insights into 

the sources of SARS-CoV-2 importation and early transmission dynamics in individual 

countries and geographical regions (2-5), and have enabled the exploration of viral 

transmission history at a global scale (6). Phylogenetic methods, including molecular 

clock models and phylogeographic and phylodynamic methods, are now used routinely 

to analyse such genomic data from emerging outbreaks (7). The  resolution level of 

evolutionary and transmission history obtained using these methods is contingent on the 

virus’ evolutionary rate and the depth and representativeness of sampling of cases across 
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space and time (8). While heterogeneous sampling and sequencing among countries can 

bias and affect the output of some phylogeographic methods (9, 10), general trends in 

the transmission of viral lineages can still be inferred from smaller samples of genomic 

sequences from individual locations. 

 
The utility of pathogen genomic surveillance during outbreaks has developed during 

various past emerging epidemics (11-13) and has gained further momentum during the 

current global health crisis. Information about epidemiological trends can be effectively 

complemented with genomic analyses in order to understand case-specific (14) and 

general transmission patterns (15). This framework can be extended to account for other 

factors that affect the spread of pathogens, ranging from human mobility on a global 

scale (16) to particular social networks (17). The analysis of local- and national-scale 

data sets during the current pandemic has provided insights into the processes affecting 

the introduction and circulation of the virus into new locations (18) and provided 

genomic context for other data sources (19-21). Indeed, the integration and analysis of 

multiple data sources about an emerging epidemic has the potential to compensate for 

surveillance blind spots and better understand poorly sampled outbreaks (22). 

 
The COVID-19 epidemic in Ecuador was marked by a dramatic and widely 

publicised early phase (23) with an estimated basic reproductive number (R0) of 3.54 

(24). Ecuador is a small middle-income South American country with the seventh largest 

population in the continent; half of the country’s population lives in Guayas province 

(host of the country’s most populated city, Guayaquil) and Pichincha province (host of 

the country’s second most populated city, the capital Quito; Fig 1A). The first case was 



Chapter 3: Genomic epidemiology of SARS-CoV-2 transmission lineages in Ecuador 

 
 
 

   129 
 
 
 

reported in the country on 27th February 2020 (a patient who returned from abroad 

through Guayaquil with date of symptom onset of February 15) and was followed by the 

declaration of a National Health Emergency on 11th March 2020. Public health 

interventions were implemented shortly thereafter: mass gatherings were restricted on 

March 13, and a partial lockdown that included the closure of international borders was 

implemented on March 17. Finally, a full lockdown that included a curfew and the 

limitation of domestic mobility in private and public vehicles came into effect on March 

25 (24). The country’s port city of Guayaquil was the first epicentre of the epidemic, 

facing a severe increase in the numbers of cases between late February and early April. 

The province of Guayas reached its highest effective reproductive number Rt (defined 

as the average number of secondary cases caused by a primary cases at a point in time 

t; (25) on March 14 (Rt estimates vary between 3.96 and 4.91) with 1462 cases reported 

that day; (26) and reported a cumulative incidence of 146.94 cases per 100000 people 

by April 18 (24). The actual number of cases are likely to have been much higher when 

evaluated through the lens of excess mortality data (as obtained from the National 

Institute of Statistics and Census; Instituto Nacional de Estadística y Censos, INEC), 

and would explain why local diagnostic and healthcare services became rapidly 

overwhelmed (23, 24). After the peak and decline of the epidemic’s first wave in 

Ecuador, restrictions were maintained during April and May and progressively relaxed 

over the following months, as the epicentre of Ecuador’s epidemic moved to the capital 

city of Quito, located in Pichincha province (which on 23rd July 2020 overtook 

Guayaquil as the city with the greatest number of COVID-19 confirmed cases). The last 
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restrictions were finally lifted on September 13, although use of personal protective 

equipment and physical distancing guidelines remained in place.  

 
To date, the source and diversity of circulating transmission lineages in Ecuador and 

their reach across the country remain unexplored. International importations are 

expected to have played an important role in seeding transmission chains in Ecuador, as 

observed in other countries in Latin America (5, 27, 28) and elsewhere (15). We 

undertake phylogenetic analyses of 160 SARS-CoV-2 whole genome sequences 

sampled from Ecuadorian cases and place them within the context of global viral genetic 

diversity in order to characterise the genomic epidemiology of SARS-CoV-2 in the 

country. We identify introduction events and transmission lineages within Ecuador and 

investigate their spatio-temporal distribution, and we hypothesise about the role of 

domestic seeding on viral transmission dynamics. 

 

Methods 

Genomic sequencing of SARS-CoV-2 samples from Ecuador 
Clinical samples were collected from patients with a laboratory confirmed SARS-

CoV-2 infection in Ecuador during 2020 (Fig 1A-C). Samples collected by the 

Microbiology Institute at Universidad San Francisco de Quito (IM-USFQ) were 

obtained from third-level hospitals (i.e. specialised tertiary referral hospitals) across all 

24 provinces in the country without unified selection criteria (29). Samples collected by 

the Omics Sciences Laboratory at Universidad de Especialidades Espiritu Santo (UEES) 

were obtained from samples collected by the laboratory’s diagnostic service and selected 
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at random for sequencing. Samples collected by the National Institute of Investigations 

in Public Health (Instituto Nacional de Investigación en Salud Pública, INSPI) were 

obtained from the national epidemiological SARS-CoV-2 surveillance system. Samples 

collected by the Biomedical Research Unit at Zurita & Zurita Laboratories (ZZL) were 

obtained from community patients from Quito who presented clinical signs of 

reinfection. This complete Ecuadorian sample set was collected between March 9 and 

December 9 2020, with limited representation during the early months of the epidemic 

when compared to excess mortality data (Fig 1C). 

 
From these samples we generated 160 complete SARS-CoV-2 genomic sequences 

using different methodologies. From these, 121 genomes represent samples collected 

between the implementation of the national lockdown (March 25) and the lifting of 

restrictions (September 13). IM-USFQ generated 108 whole genome sequences using 

Oxford Nanopore MinION sequencing and the ARTIC Network primer scheme 

approach as previously described (29). UEES generated 33 whole genome sequences 

through Illumina sequencing on a MiniSeq platform (Illumina, San Diego, CA). INSPI 

generated 15 sequences either in collaboration with Charité - Berlin University of 

Medicine (through Illumina sequencing) or on site at the Centre for Multidisciplinary 

Research of the Direction of Research, Development and Innovation (through Oxford 

Nanopore MinION sequencing as described in 30). Zurita & Zurita Laboratories 

generated 4 sequences through Illumina sequencing on a MiSeq platform (Illumina, San 

Diego, CA). Details of sample collection, sequencing and genome assembly are 

summarised in Table S1. Sample collection dates and the province-level geographical 
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location of residence of the patient were included as metadata for all sequences in the 

country. 

 
To determine the viral genetic diversity circulating in the country during the 

sampling period, all sequences from Ecuador were phylogenetically assigned under the 

global Pango lineage system using the Pangolin v2.2.2 tool 

(https://virological.org/t/pangolin-web-application-release/482). 

 

Global SARS-CoV-2 data sets 
The Ecuadorian virus sequences were analysed in the context of global SARS-CoV-

2 genomic diversity by including all high-quality SARS-CoV-2 genome sequences and 

their accompanying metadata available in GISAID (1) on January 1 2021 (sequences 

were retained if they were > 29000 nucleotides long and < 5% of the sequence was 

missing). Sequences without a complete sample collection date or not attributed to 

human hosts were excluded, yielding a total of 218,771 sequences from samples 

collected from December 1, 2019 up until December 10, 2020.  

 
The large number of SARS-CoV-2 genomes generated during 2020 makes full-scale 

phylogenomic analyses computationally prohibitive. We therefore subsampled 

sequences from the abovementioned full data set (i.e. all GISAID sequences included in 

our analyses, excluding the complete set of Ecuadorian sequences) using two 

approaches. First, we randomly sampled one sequence per country per day from the full 

data set over the complete sampling period, to create a “systematically-subsampled data 

set” (comprised of 8606 sequences). In parallel, we arbitrarily generated three 
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“randomly-subsampled data sets” consisting of 8606 randomly chosen sequences from 

the full data set, to match the size of the systematically-subsampled data set. These 

randomly-subsampled data sets were used to evaluate the performance of the 

background SARS-CoV-2 sequences as the genomic context for the identification of 

transmission lineages within Ecuador (see the Phylogenetic identification of 

transmission lineages section below), as an alternative to generating multiple bootstrap 

sampled of the real background sequence data which would require considerable longer 

analysis times. Finally, we added the sequences from Ecuador to each data set, resulting 

in a total of 8766 sequences per data set. We didn’t weigh the subsampling by country 

of origin, resulting in an increased number of sequences from locations with improved 

genomic surveillance schemes predominantly in Europe and North America; however, 

given that these locations represented important epicentres during early and mid-2020 

and that there is substantial connectivity between Ecuador and some of these locations 

(such as the USA and Spain), we expect that this subsampling would retain sufficient 

relevant sequences to inform new importations of the virus into the country. 

 
Each data set was aligned to the Wuhan-Hu-1 (GenBank accession: MN908947.3) 

reference genome sequence (31) using Minimap 2.17 (32) to generate multiple sequence 

alignments. Sites containing >90% gaps relative to the sequences in their respective 

alignment were masked, whilst the untranscribed terminal regions (UTRs) were 

trimmed. After masking and trimming, the resulting alignments had a final length of 

29,409 nucleotides, with the shortest partial genome sequences being cut down to 28,955 

nucleotides long. 



Chapter 3: Genomic epidemiology of SARS-CoV-2 transmission lineages in Ecuador 

 
 
 

   134 
 
 
 

 

Phylogenetic identification of transmission lineages 
We followed a similar rationale and methodology to that described in du Plessis et 

al (15) to identify local transmission lineages. Phylogenetically linked sequences were 

inferred to have descended from a common ancestor if they were associated with a single 

inferred introduction event into Ecuador from an international location (5, 15). 

Ecuadorian transmission lineages therefore correspond to lineages of sequences sampled 

within the country that descend from a node inferred to have also occurred in Ecuador, 

which must in turn have descended from outside of the country. Given the unstructured 

sampling of the Ecuadorian sequences, some transmission lineages will likely 

correspond to epidemiologically linked cases (i.e. targeted investigation of 

epidemiological clusters); these have been identified as such in the text whenever the 

information was available. 

 
Maximum likelihood (ML) phylogenetic trees were estimated from the 

systematically-subsampled data set and the randomly-subsampled data sets using IQtree 

2.1.1 (33) under a GTR+G substitution model. Node support was estimated through an 

SH-like approximate Likelihood Ratio Test (aLRT) using 1000 replicates for the SH-

like algorithm that uses a resampling of estimated log-likelihoods (RELLs) bootstrap to 

estimate the confidence of the aLRT statistics (34). While the randomly-subsampled 

data sets were not analysed further, the tree for the systematically-subsampled data set 

was re-rooted by heuristically searching for the root placement that minimises the mean 

squared residual of a regression of sequence sample date against root-to-tip genetic 
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distance, calculated using TempEst v1.5.3 (35), to maximise the temporal signal of the 

data set. The same regression was used to assess the clock-like behaviour of the data set. 

 
Subsequent analyses in our pipeline require an evolutionary rate estimation. We 

performed an exploratory analysis on a random selection of 866 genomes from the 

systematically-subsampled data set (~10% of the sequences, following 15, ensuring that 

representatives of the earliest and latest collection dates were included) in order to 

estimate the evolutionary rate of the data set over the sampling period with a 

computationally permissive data set. We used BEAST v.1.10.4 (36) to obtain a clock rate 

estimate using the HKY substitution model and a strict molecular clock with a 

continuous-time Markov chain (CTMC) prior (37). We employed a Skygrid coalescent 

tree prior (38) that accounts for the 50 epidemiological weeks over which the genomes 

were sampled, plus a cut-off period that precedes the earliest collected SARS-CoV-2 

sequences. Independent Markov Chain Monte Carlo (MCMC) chains were run for 40 

million steps and subsequently combined after discarding the initial 10% of each run as 

a burn-in. Convergence of relevant parameters was assessed by visually inspecting the 

MCMC trace plots and posterior probability distributions of parameters from 

independent chains and using effective sample size (ESS) estimates approaching 100 

from the combined chains using Tracer v1.7.1 (39); these unusually low ESS values 

were chosen due to the complexity of some model parameters which resulted in 

suboptimal mixing of the MCMC. 

 
The systematically subsampled data set was analysed with BEAST v1.10.5 

(https://github.com/beast-dev/beast-mcmc/releases/tag/v1.10.5pre_thorney) using a 
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newly implemented method that significantly reduces analysis time by using a simple 

model to estimate a time-calibrated tree (also called Thorney BEAST; see 40). This 

approach takes a previously estimated rooted phylogenetic tree (henceforth called the 

data tree) instead of an alignment, and rescales branches in this tree into time. Under 

this model, the likelihood of each branch length (in mutations) is defined as a function 

of a Poisson distribution with a mean directly proportional to the clock rate (40, 41); we 

therefore used a rate of 6.28x10-4 substitutions/site/year, based on the median clock rate 

estimate obtained from our exploratory analysis. We defined a coalescent Skygrid prior, 

similar to the one described for the exploratory analysis, and used the previously 

mentioned re-rooted ML tree as a starting data tree. Independent MCMC chains were 

run for 100 million steps and combined (after discarding 10% of each run as burn-in) to 

produce a posterior tree distribution. Convergence was assessed through the 

examination of trace plots and ESS estimates approximating 100 as previously 

described. 

 
To identify nodes associated with transmission lineages in Ecuador, we used a 

discrete phylogeographic model consisting of a two-state discrete trait analysis (DTA; 

42) implemented in BEAST v1.10.4 (36). The posterior distribution of trees generated in 

the previous step was resampled down to 500 time-calibrated trees using LogCombiner 

v1.10.4 and BEAST was used to sample this tree space. Tips were assigned to one of two 

possible states (Ecuador vs non-Ecuador) and reconstruction of ancestral node states was 

undertaken using an asymmetric substitution model (42). The expected number of DTA 

transitions between international locations and Ecuador were estimated using a robust 
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counting approach (43). Two independent MCMC chains of 5 million steps each were 

combined for this analysis, after discarding the first 500,000 steps of each run as burn-

in. A Maximum Clade Credibility (MCC) tree was generated from the DTA posterior 

tree distribution by sampling 1000 trees from the combined MCMC runs in 

TreeAnnotator v.1.10. Each internal node was assigned a posterior probability for its 

inferred location, and these were used to evaluate uncertainty regarding the assignment 

of potential transmission lineages in Ecuador. 

 

Transmission lineages and transmission lineage groups 
All phylogenetic clusters of sequences from Ecuador were inspected visually on the 

MCC tree to assign individual transmission lineages. The nomenclature of these 

country-specific transmission lineages followed a one-letter code in alphabetical order, 

defined by the earliest sample collection date in each transmission lineage. General 

features of each transmission lineage were summarised, such as the earliest and latest 

sample in each lineage, the number of provinces in which the transmission lineage had 

been identified and the number of sequences belonging to said lineage (used as a proxy 

of transmission lineage size). The consistency with which sequences were grouped into 

these transmission lineages was evaluated by visually inspecting the ML trees for the 

randomly-subsampled data sets and comparing the clusters of Ecuadorian sequences to 

those from the DTA analysis. 
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Results 

SARS-CoV-2 genetic diversity in Ecuador 
The samples from laboratory-confirmed individuals obtained across mainland 

Ecuador (and one sample from the Galápagos Islands) were collected as they became 

available through different hospitals and laboratories and yielded genomes from all 

provinces in the country (Fig 1A). The number of sequences per province correlates with 

the cumulative number of excess deaths per province during 2020 (compared to the 

mean number of deaths per province between 2015 and 2019; Pearson’s R = 0.91, p = 

6.9e-10; Spearman’s rho = 0.556, p = 0.005), suggesting that the number of sequences 

per province is approximately proportional to the number of infections (Fig 1B). Despite 

the testing limitations in the country throughout 2020, the number of sequences also 

correlate to the cumulative number of patients with a positive or suspected positive 

COVID-19 PCR test over the sampling period (Pearson’s R = 0.56, p = 004; Spearman’s 

rho = 0.603, p = 0.002). Even with the limited number of sequences from Ecuador, the 

proportion of cases sequenced in our sample is similar to that of other countries in the 

region (61). We estimate Ecuador produced 8 sequences for every 10,000 reported cases 

or 12 sequences for every 1,000 officially reported COVID-19 deaths. This results in a 

higher coverage than Peru (4 sequences per 10,000 cases/10 sequences per 1,000 deaths) 

or Brazil (3 sequences per 10,000 cases/10 sequences per 1,000 deaths) but lower 

coverage than Uruguay (159 sequences per 10,000 cases, and a higher number of SARS-

CoV-2 genome sequences than reported deaths) (Fig S1, File S1). It should be noted 

however that these estimates rely on the testing intensities between provinces in Ecuador 
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and between different countries; limited testing in Ecuador could mean that the overall 

representation is lower than estimable from official reports. 

 
Wide variation in the total numbers of cases across provinces in Ecuador is reflected 

in variation in number of sequences obtained. While heavily affected provinces such as 

Pichincha (72,305 confirmed cases until December 10) and Guayas (26,080 confirmed 

cases) account for larger numbers of sequences (47 and 18 for Guayas and Pichincha 

respectively), less affected provinces in the southern Highlands (Azuay – 12,670 

confirmed cases, and Loja – 7252) and the Amazon (Morona Santiago – 3422, Napo – 

1605, Orellana – 2100, Pastaza – 2360 and Zamora Chinchipe – 1628) are represented 

by few sequences (28 in total). Only a single sequence was obtained from the Galápagos 

because of the extremely low number of cases in this province. Manabí province appears 

to be underrepresented (14,061 confirmed cases) while Imbabura (5695 confirmed 

cases) and Los Ríos (4707 confirmed cases) are represented by higher numbers of 

genomes per death (Fig. 1B). Sequence sampling rates for each province (excluding 

Galápagos) varied between 3 and 86 sequences per 1000 deaths (2). The temporal 

distribution of samples collected in Ecuador during 2020 do not strongly match trends 

in reported excess deaths. More samples were collected in July and August, but fewer 

genomes were sampled in the early epidemic months (March to May) despite the high 

number of excess deaths reported then (Fig 1C). Sequence coverage is greater for the 

coastal provinces during the early months of the epidemic (March to June), when the 

epicentre of the epidemic was based in the port city of Guayaquil (in the Guayas 

province, (23), and shifted towards higher sampling in the highlands and Amazon 
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provinces, as the epicentre of the epidemic shifted towards the capital city of Quito (in 

Pichincha province) and as more cases were reported in the Amazon. 

 
Virus genomes from Ecuador were assigned to specific Pango lineages (45) using 

the Pangolin tool (https://virological.org/t/pangolin-web-application-release/482). The 

genomes were assigned to 33 different global lineages and predominantly  B.1.1.74 

(39.4% of all Ecuadorian sequences ; Fig. 1D), one of the lineages descended from B.1.1 

which became one of the most dominant lineages during the early phase of the pandemic 

in Europe and North America (after the virus was introduced from Asia; (3, 45). The 

geographic distribution of the SARS-CoV-2 lineage diversity in the country shows 

distinctive patterns: the most prevalent Pango lineages (B.1.1.74, B.1 and B.1.1.1) are 

found on multiple provinces, while the majority of the lineages observed at low-

frequencies were found in more heavily affected (and therefore better sampled) 

provinces, particularly Guayas and Pichincha. The heavily affected (and highly 

populated) province of Guayas (where Guayaquil is located) exhibits a predominance of 

the B.1.1.74 lineage (59.1% of all sequences from this province; Fig 1D). B.1.1.74 is 

also abundant in the provinces of Los Ríos, which neighbours Guayas (49%), and 

Imbabura, which neighbours Pichincha (38.9%). Other common lineages, such as B.1 

(16.9% of all sequences from Ecuador) and B.1.1.1 (6.9% of all sequences from 

Ecuador), are distributed across various geographical regions. 
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Figure 1. Overview of genomic sampling and SARS-CoV-2 genetic diversity in 
Ecuador. 

 A. Number of sequences from Ecuador analysed in this study per province across the 
four main geographic regions: the coast (shades of green), the highlands (shades of 
yellow), the Amazon (shades of orange) and the Galápagos (blue). B. Number of 
deaths (attributed to laboratory-confirmed COVID-19 cases) versus number of whole 
genome sequences available per province. Circle radius shows the number of cases per 
province. C. Timelines showing collection dates of sequences from the four 
geographic regions across time (upper panel) and the COVID-19 epidemiological 
curves in Ecuador during 2020 (cumulative number of laboratory-confirmed cases as 
reported by the Ministry of Health in the blue line, number of daily excess deaths 
compared to the same dates in 2019 as reported by the National Institute of Statistics 
and Census in grey; lower panel). D. Geographic distribution of SARS-CoV-2 lineages 
identified in Ecuador. 
 

Identification of Ecuadorian transmission lineages 
We estimated maximum likelihood (ML) trees of the Ecuadorian sequences in the 

context of different background data sets and performed Bayesian phylogenetic 
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inference on a systematically-subsampled data set. The clustering patterns of Ecuadorian 

sequences in the ML trees showed some variation between data sets, but in the majority 

of cases remained consistent (File S3). We therefore derive our results from the 

systematically subsampled data set and discuss these in light of the randomly 

subsampled data sets. 

 
We consistently found that a sizeable proportion of sequences from Ecuador do not 

cluster with other sequences from the country (54/160 sequences for the systematically 

subsampled data set, 48 to 51/160 for the randomly-subsampled data sets; File S3), and 

were therefore assigned as singletons and not associated with further virus spread within 

Ecuador detectable through genomic analysis. These singletons could in fact represent 

introduction events that produced no forward transmission, or cases where forward 

transmission did occur but was not captured in this study due to the small sample size. 

We note that the majority of the singleton sequences were collected before mid-July (Fig 

S2); we speculate that they could represent predominantly early introduction events that 

occurred before the implementation of a national lockdown on March 16. While it is 

possible to establish a possible limit of dates on which each singleton was introduced, 

based on the last ancestral node inferred to have occurred outside of Ecuador, the precise 

importation date will fall somewhere between the inferred age of this preceding node 

and the collection date of the singleton sequence. The low sampling density in Ecuador 

and our subsampling schemes are likely to introduce uncertainty in estimating the age 

of these nodes and we therefore excluded these analyses from our results. 
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The remaining sequences (106/160 sequences for the systematically-subsampled 

data set) fall into two distinct categories. Firstly, 20 monophyletic clusters of Ecuadorian 

sequences were identified, capturing multiple introduction events and some local viral 

circulation patterns. These clusters were assigned to be separate Ecuadorian 

transmission lineages, named A through V (with exceptions detailed in the paragraph 

below; Fig 2A, Fig S3-S9). Each represents a single introduction event of the virus from 

an international destination, followed by local forward transmission in Ecuador (15). 

 
Secondly, we identified two large monophyletic clusters that include sequences from 

international locations and Ecuador. These were not identified strictly as individual 

transmission lineages through our DTA approach, but rather as genetically similar 

groups of individual transmission lineages. While these may represent clusters of 

independent introductions from shared sources, there is also a possibility that these 

groups of transmission lineages in fact correspond to single introduction events 

misidentified by our DTA analysis, given the variation in intensity of SARS-CoV-2 

sampling across countries (6, 9), including Ecuador, and the limited genetic divergence 

observed in SARS-CoV-2 over the time span being analysed (44). This likely resulted 

in the ancestral nodes being inferred to have existed outside of Ecuador due to the 

phylogenetic placement of the Ecuadorian sequences (Fig 2A). While there is a 

possibility that these in fact represent multiple closely related yet independently 

introduced transmission lineages, we here identify them as transmission lineage groups 

(labelled with a single letter and highlighted with an asterisk, D* and H*) for summary 
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purposes. The remaining unambiguous transmission lineages were each identified with 

their own letters and are shown in Figures S3-S9. 

 
 
 

 
 
Figure 2. Time calibrated phylogenetic trees for the major transmission lineages 
in Ecuador. 

 A. Subtrees extracted from a time-calibrated Maximum Clade Credibility (MCC) tree 
of SARS-CoV-2 whole genome sequences, corresponding to the two largest clusters of 
sequences from Ecuador. Tree tips are coloured by sampling location (in Ecuador, red, 
versus outside of Ecuador, grey); nodes and branches are coloured by inferred location 
through a two-state DTA analysis. The province where each sequence was sampled is 
annotated on the tips, and maps highlight these provinces. Tips that correspond to 
sequences that cluster together within the major Ecuadorian clusters are also annotated 
with the region where the samples were collected. B. Detection lag of individual 
transmission lineages in Ecuador, showing the median TMRCA of each transmission 
lineage from our data set (blue) connected by a grey line to the date of the earliest 
sequence in that transmission lineage (red). C. Root -to-tip genetic distances (based on 
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a heuristically rooted Maximum Likelihood tree) versus sample collection dates for the 
SARS-CoV-2 data set used in this analysis. Data points corresponding to sequences 
collected in Ecuador are highlighted in red, and the linear regression trendline is shown 
in blue.  
 
 
 
 

Table 1 provides details for each Ecuador transmission lineage (named sequentially 

according to the collection date of the earliest sequence in each lineage). We identify 82 

(95% HPD: 81-84) SARS-CoV-2 introduction events from other countries into Ecuador 

through a robust counting approach (43); for comparison, this is slightly fewer than those 

reported for Brazil (~102 introductions) over a shorter time span during its first wave 

and with four times more sequences (5). This estimate assumes that transmission lineage 

groups D* and H* are comprised of 2 and 3 individual transmission lineages respectively 

(with an additional singleton inferred as part of H*; Fig 2A). The detection lag (defined 

as the number of days between the inferred transmission lineage TMRCA and its earliest 

sampled sequence) ranged between 1 and 140 days (Table 1), with a median of 16 days 

(IQR: 7-31 days; Fig 2B, Fig S10).  
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Table 1. Summary of transmission lineages identified in Ecuador. 

 
 

Size and persistence of transmission lineages 
Initial molecular clock analyses showed our data set contains strong temporal signal 

overall, although many sequences from Ecuador showed lower than average genetic 

divergence from the root (Fig 2C). The inferred TMRCAs of Ecuadorian transmission 
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lineages ranged from February to November 2020 (Table 1); from this list, transmission 

lineages C and S are composed of pairs of sequences that share an epidemiological link. 

 
The TMRCAs estimated for the two large transmission lineage groups D* and H* 

are the earliest in our data, however, these might not represent true lineage ancestors 

within Ecuador, because each group could represent more than one introduction from 

other countries. After excluding these larger groups, we still identified six transmission 

lineages for which the 95% HPDs of the TMRCA include the date of implementation of 

the national lockdown, March 16. Therefore, these transmission lineages likely 

correspond to introduction events that occurred before restrictions on incoming 

international flights were adopted in Ecuador. An additional four transmission lineages 

have TMRCA estimates between late March and November 2020. These may 

correspond to more recent introductions (following the progressive relaxation of the 

lockdown in Ecuador between May and September). The most likely exceptions to this 

are transmission lineages C (TMRCA: 2020.2412, 95% HPD: 2020.2328-2020.2446) 

and M (TMRCA: 2020.3278, 95% HPD: 2020.1864-2020.4187). Incomplete sampling 

of these lineages and detection lags could result in the date of introduction being 

substantially earlier than the date of the TMRCA (46), which would place the 

introduction date for these transmission lineages prior to the implementation of the 

lockdown. 

 
Transmission lineages vary in size from sequence pairs (transmission lineages C, J, 

K, Q, R, S, T and U) to larger clusters of 16 to 21 sequences (transmission lineage group 

D*, depending on whether D* is considered as a single lineage or as multiple lineages). 
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The number of sequences in each transmission lineage is correlated with the number of 

days between the earliest and most recent sampling dates within the lineage (assuming 

that D* and H* are composed of multiple individual transmission lineages each). 

However, this result could be driven by the single largest transmission lineage in the 

data set. A similar pattern is observed when comparing the time between the inferred 

TMRCA and the most recent sequence of each transmission lineage (equivalent to the 

persistence time plus the detection lag; Fig S11). We also observed that lineages that 

were detected earlier tend to be larger (contain more sequences) and persist longer, but 

are not more geographically widespread (Fig 3A; Fig S12-S14). However, transmission 

lineages first detected or with a TMRCA between June and August are found on average 

in a greater number of provinces (from earliest detection of transmission lineages: mean 

= 3.27 provinces, median = 3 provinces; from TMRCAs of transmission lineages: mean 

= 3.7 provinces, median = 4 provinces) compared to transmission lineages first detected 

at any other time of the year (from earliest detection of transmission lineages: mean = 

2.21 provinces, median = 1.5 provinces; from TMRCAs of transmission lineages: mean 

= 2 provinces, median = 1 province) (Fig 3A). Overall, transmission lineages with earlier 

TMRCAs and that were first detected earlier in the year persisted for longer timespans 

(i.e. there’s a greater number of days between the first detection and the most recent 

detection of a transmission lineage; Fig S13). It should be noted however that these 

patterns also resemble the increased sampling that occurred over the months of July and 

August. 
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Geographical distribution of transmission lineages 
Singletons and transmission lineages are found across multiple provinces and 

regions of Ecuador (Fig 3B-3C). Singletons represent an important proportion of the 

sequences in various provinces across central Ecuador ranging between 33.3% in 

Tungurahua and 52.3% in Guayas (Fig 3B), an observation that is particularly important 

for provinces with large numbers of sequences (Fig S14). On the other hand, different 

transmission lineages are found either in single provinces or across multiple regions (Fig 

3C). The large transmission lineage groups D* and H* include sequences from 

provinces across three geographical regions each (the coastal region, the highlands and 

the Amazon region), and potentially show internal seeding events of the virus across 

provincial boundaries (Fig 2A, 3C). Even when accounting for the possibility that these 

lineage groups are comprised of multiple transmission lineages, sequences from 

different provinces and regions clustered together (Fig 2A). 

 
 

 
Figure 3. SARS-CoV-2 transmission lineages in Ecuador.  

A. Summary of the geographic spread of transmission lineages in Ecuador, showing 
the number of provinces where each transmission lineage is found compared to the 
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collection date of the earliest sequence in each transmission lineage (upper panel) or 
the inferred median TMRCA for each transmission lineage (lower panel). The trend 
lines show a linear regression in light blue and a fitted local polynomial regression in 
dark blue. B. Contribution of individual transmission lineages and singleton sequences 
in each province. Transmission lineages (shades of blue) are ordered based on the 
earliest sample collection date in the group from earliest (darker) to more recent 
(lighter). C. Bar plot summarising the provinces where each transmission lineage was 
sampled over the study sampling period. 
 
 
 

Consistent with the spatio-temporal sampling patterns (Fig 1C), the older 

transmission lineages (shown in darker blue in Fig 3B) were identified predominantly 

in provinces on the coast and highland regions, while younger transmission lineages 

(shown in lighter blue in Fig 3B) were identified in specific provinces in the north and 

more broadly in the south. The first epicentre of the COVID-19 epidemic in Ecuador, 

the province of Guayas, is represented by a high frequency of singleton lineages, with a 

high diversity of individual transmission lineages first identified at different times 

during 2020. A similar pattern is observed for the second epicentre of the epidemic, the 

province of Pichincha, but with fewer different transmission lineages and less 

representation of the youngest transmission lineages (Fig 3A). We note that these 

patterns could be affected by differences in the number of sequences available for each 

province (Fig 1A; Fig S15). 

 

Discussion 
The early weeks of the COVID-19 epidemic in Ecuador were characterised by a 

severe spike in the number of cases in city of Guayaquil, the largest in the country 

located in the province of Guayas, and by high attack rates (i.e. new cases in a population 

at risk divided by the size of that population at risk) across various coastal provinces 
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(24). The outbreak overwhelmed local healthcare systems, resulting in one of the highest 

excess death rates in the world during early 2020 (23). Information about the importation 

of SARS-CoV-2 into Ecuador and the domestic spread of the virus is needed to explain 

the drastic effects of the pandemic in the country during March and April 2020, and to 

explain the large difference in disease burden between Guayaquil and the capital, Quito. 

 
An important determinant of the early dynamics of COVID-19 outbreaks has been 

human mobility and the number of introduction events of the virus into a new location 

with an immunologically naïve population, as was observed during the early stages of 

the emergence of SARS-CoV-2 in China (47). The large proportion of singletons 

observed in Guayas and various other coastal provinces, particularly given their 

tendency to occur early in the epidemic (Fig S2), could be suggestive of multiple 

independent introduction events with limited forward transmission. This would also 

explain why the earliest sequences in the local transmission lineages and the sequences 

assigned to the most common Pango lineage in Ecuador (B.1.1.74) were predominantly 

sampled in coastal provinces during the early weeks of the epidemic (Fig 2A, Fig S16). 

 
Two additional factors support the hypothesis that Guayas played an important role 

in seeding of viral transmission to other regions in Ecuador: i) the city of Guayaquil 

hosts the second busiest international airport in the country and one of only two in the 

coastal region (the second international airport located in the province of Manabí hosts 

limited flights to a few international destinations; (48), and ii) the overall timing of the 

seeding events (which necessarily have to predate the inferred TMRCA of a lineage) 

corresponds to the school holiday period in the coastal region (February to April), when 
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international travel and large social gatherings are more likely to occur. The inferred 

TMRCAs, which can serve as an upper bound for the true introduction dates of the 

largest lineages (assuming these are better represented with the available sequences), 

show that these transmission lineages most likely arrived in Ecuador before the date 

when NPIs were implemented and before travel restrictions came into place. 

 
The genetic diversity of SARS-CoV-2 can be quantified using the Pango dynamic 

nomenclature system. Pango lineages reflect the history of significant events in the 

epidemic and geographic spread of the virus (49) and can be used to explore likely 

source locations of virus importations, for example, the high representation of lineages 

descended from B.1.1 in the province of Guayas (Fig 1D). The emergence of B.1.1 in 

Europe and North America around February 2020 (45) might suggest these regions 

contributed to seeding the epidemic in this province of Ecuador (despite the limitations 

on identifying exact source locations due to poor surveillance in many countries). 

B.1.1.74, the most prevalent lineage in Ecuador, descended from B.1.1 and was more 

frequently sampled in Guayas during the early months of the epidemic (Fig S16). This 

further reveals that locations where B.1.1 was prevalent during the epidemic’s first wave 

likely played a role as importation sources. However, the high proportion of singletons 

observed in Guayas also suggests that onward transmission of introduced virus was less 

common. Insights from regions sampled at very high intensities, such as the United 

Kingdom, show that the majority of introductions lead to small, transient, dead-end 

transmission lineages, whereas a smaller number of introductions lead to larger and 

longer-lasting transmission lineages (15). If this phenomenon is a general property of 
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the first wave of SARS-CoV-2 transmission, as appears to be the case given similar early 

observations in Brazil (5), Panama (28), Uruguay (50), Spain (51) and the Netherlands 

(52), we can expect that many of the introductions to Guayas led to few new cases, and 

that most of the ongoing transmission was derived from only a few introductions. This 

pattern of transmission heterogeneity would emerge due to the over-dispersion of 

SARS-CoV-2 transmission (53, 54), a phenomenon that could play an important role in 

the viral epidemic dynamics (15, 55, 56). 

 
The larger transmission lineages identified here suggest that virus transmission was 

high between neighbouring and well-connected provinces. This might have been an 

important determinant of the transmission dynamics between the main cities in the 

country. In contrast to Guayaquil, Quito is the second-largest city in the country and 

presented a much less severe first epidemic wave, despite hosting the busiest 

international airport in the country. The city is located in the province of Pichincha, 

which exhibits a large proportion of singletons but fewer distinct global and transmission 

lineages overall. Importantly, the transmission lineages observed in Pichincha are 

mostly not shared with Guayas. This suggests that either independent international 

introductions or domestic seeding events likely drove the early epidemic in Pichincha. 

Our phylogenetic analyses suggest that some transmission lineages in Pichincha were 

introduced from other provinces (Fig 2A, e.g. the monophyletic Pichincha clade in 

lineage group D*; Fig S6), suggesting that domestic travel might have played an 

important role in the establishment of SARS-CoV-2 transmission in this region. It is also 

possible that a later burst of international introductions of new lineages occurred after 
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air travel and lockdown measures were lifted; however, the sampling dates of singleton 

genomes from Pichincha (between March and July) suggest that introductions into this 

province likely occurred before the lockdown and not during the relaxation of NPIs. The 

Pichincha singletons account for the earliest sequences of this kind in our data set, but 

could represent instances where limited or no additional spread occurred following their 

introduction. In fact, the overall heterogeneity across provinces for the number of 

circulating transmission lineages and singletons is noteworthy, and the possibility that 

other provinces account for additional ports of entry for the virus into the country could 

be further explored. For example, the province of Manabi (MA) also features an airport 

and an international maritime port and is represented predominantly by singletons (Fig 

3B). Increased genomic coverage of such provinces would and facilitate a deper 

investigation into these patterns (at the current stage, the genomic representation is 

limited and likely underpowered for formal hypothesis testing). 

 
Ultimately, more comprehensive analyses on the sources and drivers of transmission 

would require a deeper sampling of key locations where transmission was high, and the 

inclusion of complementary data sources such as real-time mobility and transportation 

data which could provide a better overview of the forces shaping the observed viral 

genetic diversity in Ecuador. Provinces such as Azuay, Guayas and Pichincha represent 

the main air travel entry points, but the role of land mobility across the northern border 

with Colombia and the southern border with Peru should also be considered to further 

understand the role of other Latin American countries in regional viral transmission. 
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Our analysis highlights some important patterns but is limited by various factors. 

Most notably, the number of genome sequences in our study, although large by historical 

standards, is small compared to the current trends for virus genome sequencing during 

the COVID-19 pandemic. The sample size restricts our ability to infer further details 

about local virus transmission dynamics from sequence data alone. The trajectories of 

individual lineages, from their international sources to their spread across the country 

and their subsequent local circulation, are best analysed from larger data sets, or in 

conjunction with additional data sources to manage and ameliorate the potential 

consequences of sampling biases (10, 57). Incorporating data from self-reported travel 

histories and human mobility can help to maximise the utility of smaller samples, 

collected in settings where the sequencing of large numbers of genomes lies beyond 

local technological or financial capacity, or where high sampling densities are unfeasible 

(e.g. in remote locations). Moreover, the broad range of lag times between the inferred 

TMRCAs and the earliest sampled sequence per transmission lineage suggest that a 

considerable number of transmission lineages are not detected immediately after being 

introduced to the country, reducing our capacity to identify a potential port of entry and 

delaying the possibility of responding rapidly to new seeding events. This can be 

particularly relevant for the identification of Variants of Concern (VOCs), where their 

potential for higher transmissibility (58-60) could require faster response times to 

identify the sources of importation and establish effective contact tracing to contain 

further spread. 
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The first year of the COVID-19 pandemic has shown how global connectivity plays 

a key role in the development of national epidemics caused by respiratory viruses, 

reminiscent of other pathogens such as Influenza viruses (16). Our results from Ecuador 

showcase the relevance of importations in establishing local viral circulation and the 

potential consequences of interprovincial mobility for highly connected locations. In 

particular, it shows that importations have been a common occurrence even after the 

implementation of lockdown measures and travel restrictions, and that seeding events 

across provinces can occur frequently. While air travel is limited between provinces, the 

connectivity provided by land travel can serve as a means for pathogen spread, 

highlighting the vulnerability of highly connected and remote locations alike. The notion 

that two large cities with busy international airports can manifest such different 

transmission dynamics and viral genetic diversity is also relevant, as it shows that a 

combination of multiple factors determines the outcome of an epidemic within a specific 

location. Ultimately, the type of interventions chosen to mitigate this high degree of 

connectivity, the necessity of an early implementation of these interventions and the 

adherence to these by the general population are paramount in determining their 

efficacy. 

 

Data availability 
The newly generated sequences have been publicly shared through the GISAID 

platform. The data sets (including Ministry of Health and National Institute of Statistics 

and Census data) and code used to generate the analyses presented in this study, as well 

as a list of accession numbers for the Ecuador SARS-CoV-2 genome sequences analysed 
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here are available through GitHub at https://github.com/BernardoGG/SARS-CoV-

2_Genomic_lineages_Ecuador. We thank Andrés N. Robalino and Carlos Oporto for 

their contribution to the open licence Ecuacovid repository 

(https://github.com/andrab/ecuacovid) used to extract epidemiological data for this 

study. Trace plots representative of a Thorney BEAST run for selected parameters 

shown as Fig S16. 
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4 Emergence and 
widespread circulation of 

a recombinant SARS-
CoV-2 lineage in North 

America 

 

Highlight: A successful recombinant lineage can be identified even 
when the parental lineages were not systematically sampled from the 
start 
In this chapter, we use a combination of methods to investigate the emergence of a 
recombinant SARS-CoV-2 lineage which circulated in Mexico and the USA before the 
commencement of a systematic genomic surveillance programme in the former 
country. Genomic data, both from sequences and from re-occurring deletions show 
that lineage B.1.628 (now designated as XB) emerged from a recombination event. 
However, the detection of this lineage predates the detection of its inferred parental 
lineage, which highlights the effects of the relative frequency of a lineage in its 
detection through developing sampling programmes. 
 

Abstract 
While recombination is a feature of coronavirus evolution, previously detected 

recombinant lineages of SARS-CoV-2 have shown limited circulation thus far. Here, we 

present a detailed phylogenetic analysis of four SARS-CoV-2 lineages to investigate the 

possibility of virus recombination among them. Our analyses reveal well-supported 
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phylogenetic differences between the Orf1ab region and the rest of the genome (S 

protein and remaining reading frames). By accounting for several deletions in the NSP6, 

Orf3a and S, we conclude that the B.1.628 major cluster, now designated as lineage XB, 

originated from a recombination event between a B.1.631 virus and a lineage B.1.634 

virus. This scenario is supported by the spatiotemporal distribution of these lineages 

across the USA and Mexico during 2021, suggesting this region is where the 

recombination event took place. This event raises important questions regarding the role 

and potential effects of recombination on the evolution of SARS-CoV-2 during the 

ongoing COVID-19 pandemic. 

 

Introduction 
Virus recombination, the process by which genetic material from two genetically 

distinct parental lineages is combined into a viable descendant virus genome, is a 

common feature of sarbecovirus evolution (Boni et al, 2020). Genomic analyses suggest 

that recombination events among coronaviruses circulating in non-human species 

occurred during the evolutionary history of SARS-CoV-2 (Zhu et al, 2020; Li et al, 

2020; Lytras et al, 2021). Signals of ongoing recombination among SARS-CoV-2 

genomes assessed under a statistical framework during the COVID-19 pandemic have 

been reported (VanInsberghe et al., 2021). Notably, SARS-CoV-2 genomes that are 

clearly recombinant have been observed at low frequencies in the UK, some of which 

showed evidence of forward transmission (Jackson et al, 2021). One of these UK 

recombinants was designated as lineage XA, the first recombinant lineage in the Pango 

nomenclature system (O’Toole et al., 2021; Rambaut et al., 2020). More recently, 
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potential recombinants between two variants of concern (VOCs), Alpha and Delta, have 

been detected in a small cluster in Japan (Sekizuka et al., 2021). Although few clearly 

recombinant SARS-CoV-2 lineages have been reported so far, our ability to detect them 

is likely to increase as time progresses, due to the continued genetic divergence of 

SARS-CoV-2 and increased co-circulation of divergent lineages. 

 
Our understanding of the effects of genomic recombination on SARS-CoV-2 fitness 

and transmission dynamics are still limited, but genetic exchange has been previously 

associated with evolutionary adaptation in viruses under experimental conditions (e.g. 

Poliovirus; Xiao et al., 2016), in individual hosts (e.g. HIV; Song et al., 2018) and in 

nature (e.g. human influenza viruses; Petrova & Russell, 2018). Interestingly, a 

recombination event is associated with the emergence of a MERS-CoV lineage that 

became dominant in camels in the Middle East between 2014 and 2015 (Sabir et al., 

2016). However, the question regarding the potential for recombination to contribute to 

SARS-CoV-2 evolution and adaptation remains. The emergence of highly divergent 

variants also raises questions regarding the role of recombination in the occurrence of 

large sequence shifts. While there is currently no evidence suggesting that 

recombination played a role in the origins of the recently designated VOC Omicron 

(Pango lineage B.1.1.529; Callaway, 2021; Technical Advisory Group on SARS-CoV-

2 Virus Evolution, 2021), the accumulation of substantial numbers of mutations as 

observed in this variant could be produced by recombination mechanisms (Awadalla, 

2003). It is therefore key to analyse the extent to which viral recombination drives 

adaptation in SARS-CoV-2. 
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For virus recombination to occur, the parental lineages need to co-circulate in the 

same location in order to allow specific individuals to become co-infected. This scenario 

provides the circumstances during which chimeric genotypes can emerge, usually 

through molecular processes such as template switching, homologous recombination or 

reassortment (the latter occurring in viruses with segmented genomes; Simon-Loriere & 

Holmes, 2011). Coronaviruses naturally produce a variety of recombination products 

during natural infection, including recombinant genomes, a process mediated by the 

proofreading exoribonuclease (Gribble et al., 2021). 

 
Mosaic genomes resulting from recombination can be detected through changes in 

sequence similarities among different regions of the virus genome relative to parental 

lineages. Identifying recombination between recently diverged lineages is difficult, 

because sequence similarities are high, and it is hard to distinguish homoplasic changes 

from those that are identical by descent due to inheritance from a recent shared ancestor 

(synapomorphic changes). In such instances, other mutations such as insertions and 

deletions can prove informative; specifically, deletions are highly unlikely to revert 

during the evolution of a single lineage. Phylogenetic methods can also provide a 

tractable approach to test hypotheses regarding virus recombination, as they can be used 

to reconstruct the separate evolutionary histories of subgenomic regions (Simon-Loriere 

and Holmes, 2011). While genome regions that share the same ancestry can be easily 

established for segmented viruses (e.g., Orthomyxoviruses, such as influenza viruses 

[Holmes et al, 2005]), the exact start and endpoints of recombinant genome regions must 

be inferred statistically for non-segmented viruses (Pérez-Losada et al, 2015). 
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Furthermore, estimating the timing and location of recombination events can be limited 

by uncertainty in estimates of phylogenetic node ages, although such uncertainty can be 

reduced by using methods that combine evolutionary information across different 

genome regions (e.g., Raghwani et al, 2012). 

 
As SARS-CoV-2 circulates around the world, new lineages emerge and are tracked 

using the Pango dynamic hierarchical nomenclature system (Rambaut et al, 2020). 

During late 2020 and early 2021, a series of lineages descending from B.1 were first 

detected in North and Central America. Specifically, lineages B.1.627, B.1.628, B.1.631 

and B.1.634 were detected by the national genomic surveillance programs in the United 

States of America, Mexico and other countries in the Americas and their genomes shared 

publicly on the GISAID database (Shu & McCauley, 2017). Genomic similarities among 

these and other lineages circulating in the region and elsewhere prompted the suggestion 

that recombination had occurred during their emergence and spread (this hypothesis was 

initially proposed and discussed on the Pango GitHub website: https://github.com/cov-

lineages/pango-designation/issues/189).  

 
Here, we present an analysis of the spread and evolution of these four lineages and 

investigate the possibility that one or more recombination events contributed to their 

evolution. Our results provide evidence supporting a recombinant origin for lineage 

B.1.628 and its designation as a distinct recombinant lineage that presented forward 

transmission, circulating in multiple countries. 
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Methods 

Genomic data, metadata and sequence alignment 
We downloaded complete genome sequences from GISAID (Shu and McCauley, 

2017) from individual Pango lineages detected in countries from Central America and 

Mexico (as of August 12 2021) and generated a consensus list of mutations for each 

lineage. This was done by extracting individual mutations per genome in relation to the 

SARS-CoV-2 reference genome Wuhan-Hu-1 (Wu et al., 2020) using the Augur 

pipeline (Hadfield et al., 2018) and identifying the ones that were found in >85% of the 

sequences assigned to said lineage. Each entry in this consensus mutation list identifies 

the locus, position (in reference to Wuhan-Hu-1) and type of nucleotide change. From 

these consensus mutation lists for each lineage, we generated a pairwise matrix of the 

number of shared mutations between individual lineages (i.e., absent in Wuhan-Hu-1 

and shared by individual pairs of lineages). The results from these preliminary analyses 

have been presented as a Twitter thread at 

https://twitter.com/shay_fleishon/status/1425775733167820814 and as a Github Issue 

at https://github.com/cov-lineages/pango-designation/issues/189. 

 

Lineages B.1.627, B.1.628, B.1.631 and B.1.634 displayed unusually high numbers 

of shared mutations; we therefore retrieved all complete SARS-CoV-2 genome 

sequences assigned to these four Pango lineages as of August 30 2021 from GISAID 

(Shu and McCauley, 2017). Accompanying sequence metadata, including sampling 

locations (at different geographic resolutions) and dates of sample collection and 

submission were also retrieved. This complete data set included 1950 sequences that 
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were subsequently filtered to exclude all sequences for which >10% of sites were 

ambiguous (i.e., had nucleotide states N or X). The final data set, comprising 1055 

genome sequences, was used for all phylogenetic analyses. The original complete data 

set (n=1950) was used in part to explore the spatio-temporal distribution of the four 

Pango lineages under investigation.  

 
After adding the reference SARS-CoV-2 genome Hu-1 (GenBank accession 

MN908947.3; Wu et al 2020) to the filtered data set, a single sequence alignment was 

constructed using MAFFT v7.487 (Katoh & Standley, 2013). The resulting alignment 

was inspected visually to identify deletions >1nt in length and which were shared by all 

or most of the sequences assigned to one or more of the lineages under investigation; 

these deletions were masked from the alignment and encoded as discrete sequence traits, 

which were later mapped onto estimated phylogenetic trees (see Results).  

 

Confirmation of Pango lineage assignment and whole genome 
phylogenetic analysis 

The Pango lineage assignment of the sequences in our final data set was determined 

using Pangolin v.3.1.11 (Rambaut et al., 2020); all lineages originally assigned on 

GISAID were confirmed. To further explore the phylogenetic structure of our data, we 

constructed a maximum likelihood (ML) phylogenetic tree using IQtree (Minh et al., 

2020) under a GTR+G substitution model. We estimated node support values using the 

Shimodaira-Hasegawa (SH) approximate Likelihood Ratio test (SH-aLRT; Guindon et 

al., 2010), with 1000 replicates, and 1000 bootstrap replicates. 
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Genome-wide divergence of Pango lineages and recombination 
breakpoint inference 

Pairwise genetic distances across the length of the genome of basal sequences for 

each of the lineages under investigation and the reference Wuhan-Hu-1 genome were 

estimated using custom scripts (available at 

https://github.com/BernardoGG/XB_lineage_investigation), based on the ape package 

in R (Paradis and Schliep, 2019). One basal sequence was selected per lineage (to 

represent all lineage-defining mutations), and in cases where multiple important clades 

were identified within single a Pango lineage one basal sequence from each of these 

clades was included. Raw genome-wide distances were estimated for 500-nucleotide 

segments, and a sliding window approach was used to estimate these distances across 

segments that overlapped every 20 nucleotides.  

 
Recombination tests are computationally demanding for large data sets. To address 

this, we further subsampled the alignment to include one sequence per country per Pango 

lineage per day (script available at 

https://github.com/BernardoGG/XB_lineage_investigation), resulting in a downsized 

set of 716 whole genome sequences. To evaluate recombination patterns in our data, we 

further reduced the downsized data set by randomly sampling 200 sequences from the 

four lineages under investigation. This reduced data set was then analysed using GARD 

(Kosakovsky Pond et al, 2006a), a tool that uses a genetic algorithm to search for one or 

more putative breakpoints in a multiple sequence alignment; the best supported number 

of non-recombinant fragments in the alignment is then evaluated by comparing the 
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Akaike Information Criterion (AICc) of the proposed models versus a null model (i.e., 

no recombination points, such that a single tree topology best explains the sequence 

alignment). The phylogenetic topological incongruencies of potential non-recombinant 

fragments can be evaluated to identify lineages involved in the recombination event 

(Kosakovsky Pond et al, 2006b). We then compared the results obtained from GARD 

with those obtained using other recombination detection methods with a different 

approach. For this, we ran RDP4 (Martin and Rybicki, 2000; Martin et al., 2015), a 

computer program that sequentially tests every combination of three sequences in an 

alignment to find evidence that one of the three sequences is a recombinant and the other 

two are parental. We analysed the aforementioned 716-sequence alignment using the 

methods implemented in RDP4: Bootscan, MaxChi, Chimaera, 3Seq, GENECONV, 

SiScan and RDP (Martin et al., 2015). Statistical tests are unique to each recombination 

detection method in RDP4, and approximate p-values are reported where evidence for 

recombination was identified. 

 

Phylogenetic analyses of inferred non-recombinant genome segments 
Given the possibility that a single phylogeny of the complete genome alignment does 

not explain the evolutionary history of our sequences, we partitioned the alignment using 

the inferred breakpoints from GARD (derived from the analysis of the 200-sequence 

data set). ML trees for each genome partition were then estimated with IQtree as 

described previously. 
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We identified four key deletions amongst our sequences under investigation: two 

deletions in the NSP6 gene (Orf1ab) and two deletions in Orf3a (see Results). NSP6 

deletions occur at two adjacent locations (here called ΔR1 and ΔR2) and don’t result in 

changes in the reading frame. Orf3a deletions occur on a single locus and take the form 

of either a single-nucleotide frameshift deletion (ΔFS2) or a 4-nucleotide frameshift 

deletion (ΔFS4). These deletions were coded as discrete characters, assigned to 

individual tree tips and reconstructed at internal nodes using a parsimony criterion, 

thereby visualising the history of their occurrence across the phylogenies; these patterns 

have to reconcile with the proposed recombination events. Our rationale is that the 

individual evolutionary histories of each of the putative non-recombinant fragments 

should also parsimoniously explain the occurrence of deletions observed in NSP6, S and 

ORF3a, under the assumption that deletions do not revert once they occur in a lineage. 

Our rationale also draws from the premise that these deletions are more likely to descend 

from single occurrences within the evolution of each lineage but are not restricted to 

have occurred just once across the whole phylogeny. Specifically, some of these 

deletions have been observed previously in other lineages and variants of concern, 

including the NSP6 deletions observed in B.1.1.7, P.1 and B.1.351 (Meng et al., 2021). 

The genomic position where a given deletion occurs (relative to the inferred 

recombination breakpoints) was used to determine which genome partition most likely 

represents the true evolutionary history of that deletion. Loci where the deletion was 

flanked by ambiguities were differentially labelled with an asterisk (*). 
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Exploring the phylogenetic discrepancies of the lineages under 
investigation relative to other B.1 lineages 

Our phylogenetic analyses showed that lineages B.1.628 and B.1.631 are split into 

two groups each. B.1.628 contains a cluster of sequences that fall near the root of the 

phylogenies and are henceforth identified as B.1.628 minor, and a large more derived 

monophyletic clade henceforth identified as B.1.628 major. B.1.631 is split into a small 

cluster of sequences that consistently cluster near the tree backbone in both genome 

segments and is henceforth identified as B.1.631 minor, and a larger monophyletic clade 

here called B.1.631 major. To explore the topological discrepancies between the 

lineages under investigation in the absence of B.1.631 minor (see Results for an 

explanation of why this cluster was excluded), we randomly sampled five sequences 

from each of the lineages under investigation (B.1.627, B.1.628 major, B.1.628 minor, 

B.1.631 major and B.1.634), with five random sequences from the B.1.1.7 lineage (i.e. 

VOC Alpha) and five random sequences from the B.1.351 lineage (i.e. VOC Beta); this 

was performed in order to explore the congruency of the diversification patterns of the 

lineages under investigation in context of the B.1 lineage. Five additional random 

sequences from lineage A.2.5 were also included to represent the Pango A lineage and 

to provide an outgroup for tree rooting. All sequences from the B.1.1.7, B.1.351 and 

A.2.5 lineages were obtained from GISAID; they had sampling dates that spanned the 

time when these lineages were observed to circulate and were predominantly from 

locations in North and Central America. We performed GARD analyses and constructed 

ML phylogenetic trees from this data set as previously described. We estimated node 
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support for the phylogenetic analyses using 1000 bootstrap replicates, and nodes with 

>50% node support were collapsed into polytomies. 

 
Finally, we used the snipit software (https://github.com/aineniamh/snipit) to explore 

the distribution of single nucleotide polymorphisms (SNPs) across the genome of 

potential recombinant and parental lineages. SNPs were identified and visualised in 

reference to the Wuhan Hu-1 genome sequence. 

 

Results 

Distribution of lineages B.1.627, B.1.628, B.1.631 and B.1.634 
We noted the global spatiotemporal distribution of a total of 1950 sequences for 

lineages B.1.627 (n = 252), B.1.628 (n = 1391), B.1.631 (n = 181) and B.1.634 (n = 

126). Sequences from the four lineages were collected between July 8 2020 and August 

18 2021 (Table 1), however the majority were sampled in 2021 (Fig 1A). All four 

lineages were predominantly sampled in North America (89.5% of sequences), either in 

the United States of America (USA) or Mexico. B.1.627 and B.1.631 were mostly 

sampled in the USA whereas B.1.634 was commonly found in Mexico (Fig 1B). Lineage 

B.1.628 is the most geographically widespread lineage in our data set: it has been 

identified in 41 different USA states and in 31 Mexico states (all other lineages were 

identified in 10-21 USA states and in 15-17 Mexico states; Fig 1C). B.1.628 is also the 

most widely sampled through time, with 406 days between the earliest and most recent 

sample collection date (compared to B.1.627 = 212 days, B.1.631 = 232 days, B.1.634 



Chapter 4: Emergence and widespread circulation of a recombinant SARS-CoV-2 lineage in North 
America 

 
 
 

   174 
 
 
 

= 160 days). B.1.628 was sampled in the USA during the entirety of this sampling 

period, while only sampled for a period of 185 days in Mexico. 

 
 
Table 1. Summary of sequences from four SARS-CoV-2 lineages associated with 
potential recombination (percentages shown in reference to the complete number of 
sequences in our data set). 
	 B.1.627	 B.1.628	 B.1.631	 B.1.634	

N	(%)	 Date	range	 N	(%)	 Date	range	 N	(%)	 Date	range	 N	(%)	 Date	range	

Africa	 0	(0%)	 ---	 0	(0%)	 ---	 20	(1.0%)	
2021-05-21	
to	2021-07-

12	
2	(0.1%)	 2021-05-29	

Asia	 4	(0.1%)	
2020-12-21	
to	2021-02-

28	
16	(0.8%)	

2020-11-15	
to	2021-05-

23	
1	(0.05%)	 2021-07-07	 0	(0%)	 ---	

Caribbean	
Islands	 0	(0%)	 ---	 3	(0.15%)	

2021-06-02	
to	2021-07-

03	
0	(0%)	 ---	 1	(0.05%)	 2021-03-11	

Central	
America	 46	(2.4%)	

2021-01-04	
to	2021-07-

08	
58	(3.0%)	

2021-01-26	
to	2021-07-

26	
11	(0.6%)	

2021-04-23	
to	2021-04-

30	
1	(0.05%)	 2021-06-15	

Europe	 0	(0%)	 ---	 24	(1.2%)	
2021-01-04	
to	2021-08-

05	
14	(0.7%)	

2021-02-18	
to	2021-08-

05	
0	(0%)	 ---	

North	
America	

202	
(10.4%)	

2021-01-16	
to	2021-07-

21	

1287	
(66.0%)	

2020-07-08	
to	2021-08-

18	

134	
(6.9%)	

2020-12-16	
to	2021-08-

04	

122	
(6.3%)	 2021-08-09	

Oceania	 0	(0%)	 ---	 1	(0.05%)	 2021-05-24	 0	(0%)	 ---	 0	(0%)	 ---	

South	
America	 0	(0%)	 ---	 2	(0.1%)	

2021-04-29	
to	2021-08-

03	
1	(0.05%)	 2021-05-28	 0	(0%)	 ---	

TOTAL	 12.92%	
2020-12-21	
to	2021-07-

21	
71.33%	

2020-07-08	
to	2021-08-

18	
9.28%	

2020-12-16	
to	2021-08-

05	
6.46%	

2021-03-02	
to	2021-08-

09	
 
 

A maximum likelihood (ML) tree inferred from these genomes and rooted on the 

reference genome Wuhan Hu-1 shows that all four lineages form monophyletic clusters 

as expected (Fig. S1). Two exceptions are noted for lineages B.1.628 and B.1.631. For 

the former, a group of sequences close to the root of the tree are designated as lineage 

B.1.628 and this group is distinct from the main B.1.628 clade. In the latter case, 

sequences from lineage B.1.631 are split into two paraphyletic clusters by B.1.627 (Fig 
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S1 inset). For reference purposes within this work, we henceforth refer to the larger 

monophyletic B.1.628 and B.1.631 clades as B.1.628 major and B.1.631 major, and 

identify the sequences clustering at the base of the phylogeny that were assigned to these 

lineages as B.1.628 minor and B.1.631 minor. Some of the nodes that define important 

splits in the tree show moderate support; for example, the node that groups most B.1.631 

genomes with other B.1.627 genomes (to the exclusion of the outlying B.1.631 

genomes) is well supported (SH-aLRT = 98.6; Fig S1). The presence of these 

phylogenetic clusters that don’t match the Pango lineage definitions (Rambaut et al., 

2020) warrants further investigation, with recombination as a possible explanatory 

factor. 
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Figure 1. Spatiotemporal distribution of lineages B.1.627, B.1.628 (major and 
minor), B.1.631 (major and minor) and B.1.634. (A) Number of sequences on 
GISAID (per two-week period, as of 2021-08-30) for each lineage publicly available 
in GISAID, plotted using the associated sample collection date for each sequence. (B) 
Weekly number of sequences for each lineage coloured by country from where 
samples were collected. Countries outside of North and Central America make up <5% 
of sequences and are therefore grouped in the “Other” category. The dotted vertical 
lines show the starting of the systematic genome sampling and sequencing programme 
according to the national SARS-CoV-2 genome surveillance program for Mexico 
(May 11, 2021). B.1.628 minor and B.1.631 minor lineages are not shown. (C) 
Mapping of the geographic spread of the four lineages in North and Central America (a 
region where >95% of the sequences were identified) at four representative dates over 
their complete sampling date range. 
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Recombination analyses and breakpoint inference 
Our results indicate that recombination is likely to have occurred in our data set. The 

GARD analysis suggests that a single breakpoint in the alignment can explain the data 

(Fig 2A), with high support for a model incorporating this recombination event (Δc-

AICnull model = 202.176). The breakpoint is inferred by GARD to have occurred around 

position 21308 (a TTT codon), corresponding to the signal peptide region at the N-

terminus of the spike protein (18 nucleotides downstream of the canonical sarbecovirus 

transcription regulatory sequence AACGAAC; Yang et al., 2021). However, some 

variation in the results is observed when using different subsampling approaches; an 

analysis that excludes the B.1.634 lineage indicates a recombination breakpoint is 

inferred position 22775-22778 (at a GAT codon) in the Spike protein reading frame (Δc-

AICnull model = 562.098), corresponding to amino acid residue 390D located in the core 

region of the receptor binding domain (RBD) adjacent to beta sheet 3 (β3; Lan et al., 

2020). Moreover, the RDP4 results for the B.1.627 and B.1.628 sequences revealed a 

recombination breakpoint inferred at position ~19408/19411 (pMaxChi < 0.0001, p3Seq < 

0.0001), corresponding to the N7-MTase domain of nsp14, at the end of the Orf1ab. In 

any scenario, the receptor binding motif (RBM) which includes the main ACE2 receptor 

contact points would have been inherited from the same parental lineage (B.1.628). 
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Figure 2. Recombination breakpoint analysis and deletions occurring in the four 
lineages. (A) Recombination breakpoint analysis results performed on GARD. The 
upper panel shows high support for a model where two genome segments split at 
position 22775 best explain the evolutionary history of the sequences from the lineages 
under investigation. The lower panel shows the different total tree lengths for the 
phylogenies of each of the inferred genome segments. The genomic location of 
deletions under investigation (ΔNSP6 and ΔOrf3a) are shown for reference on top. (B) 
Deletions in the NSP6 gene (Orf1ab) and Orf3a, illustrated on a representative 
selection of sequences that includes the B.1.627, B.1.628, B.1.631 and B.1.634 
lineages. NSP6 deletions (ΔR1 and ΔR2) and Orf3a deletions (a single-nucleotide 
frameshift deletion ΔFS2 or a 4-nucleotide frameshift deletion (ΔFS4) are shown, with 
the early TAA stop codon produced by the Orf3a deletions shown in red letters on a 
black background. 
 
 
 

The recombination analysis outcome also results in the placement of the NSP6 

deletions on one side of the breakpoint, and the Orf3a deletions on the other side of the 
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breakpoint (Fig 2A, 2B). The NSP6 region contains two non-overlapping deletions: a 3-

nucleotide deletion (ΔR1) and a 6-nucleotide deletion (ΔR2) which are 2 nucleotides 

apart, but do not derivate in frame shifts downstream (Fig 2B). The Orf3a displays two 

overlapping frameshift deletions: a single-nucleotide deletion (FS1) and a 4-nucleotide 

deletion (FS4) which overlap on the fourth position of FS4. Both deletions lead to the 

same early TAA/UAA termination codon, six nucleotides downstream of the FS1/FS4 

locus (Fig 2B). 

 

Phylogenetic discrepancies between non-recombinant genome 
segments 

Given the inferred recombination breakpoint close to the start of the S reading frame 

(Fig 2A), we estimated separate phylogenetic trees for Orf1ab and for the remainder of 

the genome (including S and the remaining structural and non-structural genes, 

henceforth referred to as the S-3’ region). The phylogenies show topological 

discrepancies which coincide mostly with individual Pango lineages (Fig 3). Both 

phylogenies (rooted on the Hu-1 reference genome) show a poorly resolved early split, 

with Orf1ab showing a bifurcation into two monophyletic groups containing B.1.628 

minor and B.1.631 minor basal sequences. On the other hand, the phylogeny for the S-

3’ region places the B.1.628 minor sequences as a paraphyletic group from which 

B.1.634 descends (SH-aLRT = 91.9), whilst B.1.631 minor is a predecessor of the 

B.1.627, the B.1.628 major and the B.1.631 major lineages (SH-aLRT = 79.7). On the 

Orf1ab phylogeny, lineages B.1.627 and B.1.631 major share a common ancestor (SH-

aLRT = 86.5), while the S-3’ tree shows them as being paraphyletic. Lineage B.1.634 is 
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consistently inferred as monophyletic in both trees; in the Orf1ab tree it descends from 

B.1.631 minor, and in the S-3’ tree from B.1.628 minor. The nodes defining lineages are 

generally well supported (SH-aLRT > 70.0), except for the basal nodes for the early 

bifurcation in both trees; statistical support within each lineage showed a combination 

of unsupported short branches (SH-aLRT = 0.0) and nodes with high support values 

(SH-aLRT > 75.0).  

 
 

 
Figure 3. Maximum likelihood phylogenies of two segments of the SARS-CoV-2 
genome for the four lineages. Individual phylogenies were constructed for the 5’ and 
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3’ end of the genome, split at the inferred breakpoint, resulting in trees that represent 
the evolutionary histories of Orf1ab (left panel) and the S gene plus the remaining 
structural and non-structural genes† (here referred to as S-3’, right panel). The 
individually designated Pango lineage for each sequence is highlighted (the consensus 
identifier for each clade is also shown), and SH-aLRT node support is shown for key 
lineage defining nodes on both phylogenies. Deletions occurring on each genome 
segment (ΔNSP6 on Orf1ab and ΔOrf3a on S-3’) are mapped onto the tips of the trees. 
†Other genes: S, E, M, N, Orf3a, Orf3b, Orf6, Orf7a, Orf7b, Orf8, Orf9b, Orf9c and 
Orf10. 
 

Genome-wide divergence across genomes  
To further explore the genetic divergence of these lineages and the sequences placed 

near the root of the trees (specifically, B.1.631 minor and B.1.628 minor), we estimated 

the pairwise genetic distances across the genomes of representative sequences (basal to 

the main clades) in reference to the Hu-1 reference genome (Fig S2). While mutations 

have accumulated in all lineages, the Orf1ab region of B.1.631 minor shows the lowest 

divergence from Hu-1; all clades display peak genetic divergence between positions 

~21000 and ~23000 (an expected pattern as this region involves the highly variable S 

gene), with the exception of B.1.628 major which diverges from Hu-1 homogeneously 

across its genome. 

 

Emergence of lineages from a B.1 background and recombination 
history 

Given the genome-wide divergence observed for B.1.631 minor (particularly the 

unusually high similarities to Hu-1 in the Orf1ab region) and its limited spatiotemporal 

distribution (i.e. all sequences are from Turkey as opposed to the majority of the 

sequences that were observed in North and Central America), we excluded this group 

from further analyses. In particular, the fact that it was not observed anywhere in the 
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Americas suggests that it would not have circulated in the same geographical region, a 

necessary condition for recombination to occur. In the absence of this cluster, we 

explored the evolutionary history of the remaining lineages in relation to other lineages 

that descend from B.1. A phylogenetic analysis including a sample from each lineage 

under investigation, B.1.1.7 (VOC Alpha) and B.1.351 (VOC Beta) consistently shows 

that B.1.627, B.1.628 major, B.1.631 major, and B.1.634 group into well-supported 

monophyletic groups (bootstrap support >93%) for both the Orf1ab (Fig S3) and the S-

3’ (Fig S4) genome segments, similar to the well-established Alpha and Beta VOCs. 

The B.1.628 minor sequences emerge from the polytomy that makes up the B.1 

backbone and do not group with the B.1.628 major cluster, suggesting the former do not 

belong to the B.1.628 Pango lineage. The Orf1ab phylogeny shows that B.1.627 and 

B.1.631 major share a common ancestor (bootstrap support = 62%), similar to B.1.628 

major and B.1.634 (bootstrap support = 100%; Fig S3); this pattern is also observed in 

the full phylogeny (Fig 3). The S-3’ tree shows that B.1.628 major and B.1.631 major 

share a common ancestor (bootstrap support = 95%) which in turn descend from a 

common ancestor with B.1.627 (bootstrap support = 99%), while B.1.634 emerges 

independently from the B.1 background (Fig S4); once again, the pattern is mirrored by 

the full S-3’ phylogeny (Fig 3). 

 
Reconciling the occurrence of the NSP6 and Orf3a deletions with the reconstruction 

of the evolutionary histories of these lineages for both genome segments is possible, as 

none of the NSP6 deletions occurred simultaneously on the same sequence, and the 

overlapping nature of the Orf3a deletions (i.e., FS1 is contained within FS4) make it 
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possible to encode ΔR1, ΔR2, FS1 and FS4 as unique traits and to map them to the 

phylogenetic trees (Fig 3). A third deletion, Δ69-70 on the S protein (also observed in 

previous VOCs and VOIs; Meng et al., 2021), was exclusive to B.1.634 and therefore 

not used as an informative marker. From the Orf1ab tree, ΔR1 is shared between B.1.627 

and B.1.631 major, while ΔR2 is shared by B.1.631 minor, B.1.628 major and B.1.634. 

The most parsimonious explanation for this deletion pattern would suggest that ΔR1 

occurred once (and predates the ancestral form of the Orf1ab of the B.1.627 and the 

B.1.631 major lineages) and that ΔR2 occurred once (predating the ancestral form of the 

Orf1ab for the B.1.628 major and B.1.634 lineages). Similarly, the two distinct 

frameshift deletions in Orf3a appear to have occurred independently: FS1 occurred once 

in the ancestral form of lineage B.1.634, and FS4 occurred at least once in the ancestral 

form of B.1.631 major, B.1.628 major and B.1.627 (Fig 3; Fig 4, upper panel). A 

considerable number of B.1.628 minor sequences in both trees share the “wild-type” 

trait (i.e., no deletion) with the Hu-1 reference genome, further suggesting that this group 

of sequences belongs to either B.1 or a different B.1.X lineage.  
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Figure 4. Schematic of the emergence of lineages B.1.627, B.1.628 major, B.1.631 
major and B.1.634 from a B.1 background and their recombination history. The 
phylogenetic reconstruction of the evolutionary trajectories of both genome segments 
for the four lineages require a single occurrence of each of the deletions in ΔNSP6 and 
ΔOrf3a to explain most parsimoniously the observed deletion patterns (upper panel). 
When overlapping both phylogenies (lower panel), it can be shown that a 
recombination history that reconciles these deletions while maintaining the inferred 
ancestors through phylogenetic analyses requires the occurrence of one recombination 
event, where lineages B.1.631 major and B.1.634 result in the emergence of a 
recombinant B.1.628 major lineage. B.1.627 is evolutionarily related to B.1.631 major 
but not involved in the recombination event. 
 
 
 

Mapping the deletions to a phylogenetic tree inferred for the whole genome and for 

the complete data set results in these appearing as homoplasic events that require 
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repeated occurrence; specifically, FS4 would have had to occur twice (once in the branch 

leading to B.1.627 and B.1.631 major and once in B.1.628 major; Fig S5). Therefore, 

the most parsimonious model that reconciles the minimum required number of deletions 

and the phylogenetic incongruencies between the evolutionary histories of both non-

recombinant genome segments results in B.1.628 major having descended from a 

recombinant event. It inherited the Orf1ab segment (carrying the ΔR1 deletion on NSP6) 

from the lineage leading to B.1.634, and the S-3’ segment (carrying the FS4 deletion on 

Orf3a) from the lineage leading to B.1.631 major (Fig 4). Visualising the SNPs of these 

lineages shows that B.1.628 major shares at least 6 polymorphisms with B.1.631 major 

in the first ~17000 nucleotides of the genome and at least 9 polymorphisms with B.1.634 

in the final ~8000 nucleotides of the genome; no polymorphisms are shared between 

B.1.628 major and B.1.631 major along the 3’ end of the genome, while no 

polymorphisms are shared between B.1.628 major and B.1.634 along the 5’ end (Fig 5). 

 
 
 

 
Figure 5. Comparison of single nucleotide polymorphisms (SNPs) between the 
B.1.631, B.1.628 and B.1.634 lineages. SNPs were identified in reference to the 2019 
Wuhan Hu-1 reference genome (MN908947.3), shown in grey in the bottom line. Five 
sequences from the putative parental B.1.631 major lineage are shown on the top 
(purple), followed by five sequences from the putative recombinant B.1.628 major 
lineage on the middle (blue) and five sequences from the putative parental B.1.634 
lineage at the bottom (red). Recombination point relative to the SNPs is marked by the 



Chapter 4: Emergence and widespread circulation of a recombinant SARS-CoV-2 lineage in North 
America 

 
 
 

   186 
 
 
 

yellow line and by different shading colours in the genome position bar (bottom of 
panel). 
 
 
 
 

Discussion 
Genomic recombination has been widely described across sarbecoviruses in general 

(Boni et al., 2020) and has been identified as an important driver in the evolution of the 

lineage leading to the emergence of SARS-CoV-2 (Li et al., 2020; Lytras et al., 2021). 

More recently, recombination between the B.1.1.7 and B.1.177 lineages has been 

observed in the United Kingdom leading to a limited number of circulating genomes and 

to their designation as lineage XA, the first recombinant SARS-CoV-2 lineage under the 

Pango nomenclature (Jackson et al., 2021). However, no major circulating recombinant 

lineages spanning wider spatiotemporal distributions – across multiple countries – have 

been described to date. In the current work we investigate the evolutionary histories of 

four distinct but unusually similar SARS-CoV-2 Pango lineages circulating 

predominantly in the USA and Mexico and test the hypothesis that a recombination 

event led to the emergence of at least one of these lineages. A model can be proposed 

that resolves the phylogenetic incongruencies and deletion events among these lineages, 

in which B.1.628 major originated from a single recombination event (Fig 4). The early 

identification of this lineage in the USA and Mexico and its widespread circulation 

elsewhere represents a notable event in the COVID-19 pandemic, as no previously 

recognised recombinant lineages have been reported to spread across country borders 

and to increase in frequency at the rate observed here. Following our results, the Pango 
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Network committee has decided that lineage B.1.628 major will be designated as lineage 

XB, making it the second recombinant lineage in the nomenclature system. 

 
A necessary condition for the emergence of recombinant viruses is the co-circulation 

of its parental lineages, as viral recombination necessarily occurs during co-infection 

events of a single host (Simon-Loriere and Holmes, 2011). This condition is generally 

observed for the four lineages under investigation, predominantly detected in the USA 

and Mexico (where overlapping temporal distributions suggests co-circulation), as well 

as in other countries in Central America (Fig 1, Table 1). The substantial number of 

sequences and spatiotemporal distribution of B.1.628 major might normally be 

interpreted as evidence of an earlier emergence compared to B.1.627, B.1.631 and 

B.1.634. However, sampling intensity and the relative frequency of different lineages in 

the region require careful consideration (Kraemer et al., 2021a), particularly given the 

considerable disparities in sampling intensity in the context of genomic surveillance 

(Brito et al., 2021). 

 
B.1.627 and B.1.628 major were the first lineages to be detected and were 

particularly frequent in the USA (amongst these four lineages). Both increased in 

frequency in the USA between January and May 2021; whilst detection of B.1.627 

declined to low levels by May, B.1.628 exhibited a second peak in detection in the USA 

in July 2021 (Fig 1; Fig S6). Mexico reported sequences, predominantly of B.1.628 

major and B.1.634, from May to July (Fig 1; Fig S7), coinciding with the start of a 

systematic, nationwide genomic surveillance programme under the CoVi-Gen Mex 

Consortium on May 11 2021 (CONACYT, 2021). Given the differences in genome 
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sampling and sequencing intensity between the two countries during the months 

preceding the detection of these lineages (6.3% of confirmed cases were sequenced in 

the USA during the last week of March 2021, compared to 1.6% for Mexico; Brito et 

al., 2021), it is likely that early cases of the B.1.628 major were not detected by genomic 

surveillance. However, the regional distribution of the lineages does suggest the 

recombinant lineage emerged in North America between late 2020 and early 2021.  

 
Both minor clusters identified for B.1.628 and B.1.631 fail to display the monophyly 

condition which defines the Pango nomenclature (Rambaut et al., 2020). The 

phylogenetically distinct B.1.631 minor cluster was exclusively sampled in Turkey 

between late June and early August. Its spatiotemporal features and phylogenetic 

placement (Fig 3) and its distinct genome-wide divergence to the reference genome (Fig 

S2) warrants further investigation. However, its relevance in the evolution of the 

remaining lineages appears inconsequential. 

 
The inferred recombination breakpoint is located near the start of the S protein 

reading frame, generally coinciding with previously described recombination hotspots 

for other coronaviruses (Klerk et al., 2021; Sabir et al., 2016; Yang et al., 2021) and for 

SARS-CoV-2 (Boni et al., 2020; Jackson et al., 2021; Li et al., 2020; Lytras et al., 2021). 

However, the exact location of the breakpoint differs depending on the exact data set 

and method used. The two inferred breakpoints from our data sets (i.e., leading to lineage 

XB) are biologically relevant, located on the S protein signal peptide or on the RBD. A 

breakpoint on the S protein signal peptide would produce a viral genome in which each 

reading frame is inherited from one of the two parental lines in its entirety, while a 
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breakpoint on the RBD would result in a chimeric S protein. This latter possibility 

remains plausible given that the breakpoint would not disrupt major functional features 

of the protein (such as the trimeric ACE2-binding interface) and that sequence 

divergence remains low between these closely related lineages. Another interesting 

observation is that the canonical sarbecovirus transcription regulatory sequence (TRS), 

a 7-nucleotide sequence that regulates the viral protein expression during cell infection 

(Yang et al., 2021), is located 18 nucleotides upstream of the GARD breakpoint obtained 

with the full data set. The TRS is also associated with viral genome replication, 

providing a possible mechanism driving recombination at this particular breakpoint 

(Yang et al., 2021). From an inferential standpoint, given the uncertainty regarding the 

precise location of the recombination breakpoint, exploring the individual phylogenetic 

tree of Orf1ab independently from the phylogeny for the remainder of the genome 

should adequately explain the complete evolutionary history of the lineages under 

investigation. 

 
Genetic recombination can have important consequences for viral adaptation and 

fitness, and has been observed in many other viruses. Although mechanistically-distinct 

to SARS-CoV-2, recombination in HIV has led to the emergence of successful 

circulating recombinant forms (CRFs) associated with high prevalence in some locations 

(Hemelaar et al., 2006; Vuilleumier and Bonhoeffer, 2015) and it has been hypothesised 

that enhanced replication-associated fitness may be involved (Njai et al., 2006). A 

hepatitis C virus (HCV) CRF was identified in St Petersburg, Russia (Kalinina et al., 

2002), and has circulated for a prolonged time and across multiple countries (Raghwani 
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et al., 2012). The seasonal human coronaviruses (HCoVs) 229E, HKU1, NL63 and 

OC43 show evidence of frequent recombination among individual genome sequences 

and occasionally among entire clades; recombinant monophyletic clusters have been 

described for HCoV-OC43 and HCoV-NL63, for example (Pollett et al., 2021). This 

pattern extends beyond the human coronaviruses. Lineage 5 of the zoonotic MERS-CoV 

shows evidence of having emerged through recombination and was associated with 

multiple human cases in Saudi Arabia and South Korea in 2014, as well as with camel 

infections (Sabir et al., 2016). Given these instances, it is possible that additional 

undetected recombination events for SARS-CoV-2 have taken place; however, if these 

follow the pattern observed for B.1.628, it is likely that such lineages have also become 

extinct and have therefore not contributed to the dominant lineages thus far. 

 
On the other hand, it is also possible that the widespread circulation of the B.1.628 

major lineage was in part a consequence of the effects of recombination on virus fitness. 

However, there is no direct support for this hypothesis and the expansion of any given 

lineage is likely driven by a myriad of factors in addition to virus genetics (Kraemer et 

al., 2021b). The persistence and spread of B.1.628 major means that, at the very least, 

recombination had no detrimental effects on its fitness. Recombination can increase viral 

genetic diversity by bringing together new combinations of circulating mutations into a 

single genome or haplotype; this can potentially purge deleterious mutations and 

overcome clonal interference (Simon-Loriere and Holmes, 2011). Through this 

mechanism, viruses can achieve large “jumps” in sequence space without requiring the 

generation of intermediate forms through cumulative mutation. This is of particular 
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importance if these intermediate forms are selectively deleterious (Moradigaravand and 

Engelstädter, 2012); under such circumstances, recombination can enable virus species 

jump from one fitness peak to another across a valley in the fitness landscape (Crona, 

2018). Exploring the extent to which recombination can drive adaptation in SARS-CoV-

2 and other human coronaviruses is paramount to evaluate the long-term effects on virus 

evolution. 

 
While our model for the recombinant origin of B.1.628 major reconciles the deletion 

and phylogenetic patterns observed in the genomic data, it still doesn’t resolve all 

differences between the tree topologies for the Orf1ab and S-3’ regions; for example, 

individual sequences with no deletions are occasionally found in clusters/lineage that 

are characterised by those deletions. If these sequences are correct, then that would 

imply repeated reversion of the deletion; this is thought to be highly unlikely as there 

are no known mechanisms by which a specific combination of nucleotides (i.e., the 

ancestral sequence) would be inserted into a site where a deletion previously occurred. 

The insertion of predictable short sequences has only been generally described for 

specific genetic elements (Sehn, 2015). We therefore conclude that these apparent 

reversions are more likely artifacts deriving from sequencing or assembly errors; this 

would be consistent with the presence of genome sequences in our data set where the 

deletion site falls among highly ambiguous positions (https://virological.org/t/issues-

with-sars-cov-2-sequencing-data/473/12). 

 
We find that B.1.628 major arose from a recombination event between the B.1.631 

major clade and lineage B.1.634, prompting its designation as a recombinant lineage 
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under the Pango nomenclature convention. We also recommend that the group of 

sequences identified here as B.1.628 minor should be revisited, and potentially 

designated as lineage B.1. At the time of writing, the dominance of lineage B.1.617.2 

(VOC Delta) appears unchallenged at a global scale, yet the remarkable expansion of 

B.1.628 during early- and mid-2021 highlights the viability of a recombinant SARS-

CoV-2 lineage and delineates yet another key function of active genomic surveillance 

programmes. Our findings also emphasise the importance of further investigating the 

recombination rate and potential of the virus, and of exploring the drivers of such 

evolutionary processes. 

  



Chapter 4: Emergence and widespread circulation of a recombinant SARS-CoV-2 lineage in North 
America 

 
 
 

   193 
 
 
 

References 
Awadalla, P. (2003). The evolutionary genomics of pathogen recombination. Nat. Rev. 
Genet. 4, 50–60. 
Boni, M.F., Lemey, P., Jiang, X., Lam, T.T.Y., Perry, B.W., Castoe, T.A., Rambaut, 
A., and Robertson, D.L. (2020). Evolutionary origins of the SARS-CoV-2 
sarbecovirus lineage responsible for the COVID-19 pandemic. Nat. Microbiol. 5, 
1408–1417. 
Brito, A.F., Semenova, E., Dudas, G., Hassler, G.W., Kalinich, C.C., Kraemer, 
M.U.G., Hill, S.C., Danish Covid-19 Genome Consortium, Sabino, E.C., Pybus, O.G., 
et al. (2021). Global disparities in SARS-CoV-2 genomic surveillance. MedRxiv  
Prepr. Serv. Heal. Sci. 1–14. 
Callaway, E. (2021). Heavily mutated Omicron variant puts scientists on alert. Nature 
600. 
CONACYT, C.N. de C. y T. (2021). Programa de Vigilancia Genómica del SARS-
CoV-2 realizado por el CoViGen-Mex. 2. 
Crona, K. (2018). Recombination and peak jumping. PLoS One 13, 1–21. 
Gribble, J., Stevens, L.J., Agostini, M.L., Anderson-Daniels, J., Chappell, J.D., Lu, X., 
Pruijssers, A.J., Routh, A.L., and Denison, M.R. (2021). The coronavirus proofreading 
exoribonuclease mediates extensive viral recombination. PLoS Pathog. 17, 1–28. 
Guindon, S., Dufayard, J.F., Lefort, V., Anisimova, M., Hordijk, W., and Gascuel, O. 
(2010). New algorithms and methods to estimate maximum-likelihood phylogenies: 
Assessing the performance of PhyML 3.0. Syst. Biol. 59, 307–321. 
Hemelaar, J., Gouws, E., Ghys, P.D., and Osmanov, S. (2006). Global and regional 
distribution of HIV-1 genetic subtypes and recombinants in 2004. Aids 20, 13–23. 
Jackson, B., Boni, M.F., Bull, M.J., Colleran, A., Colquhoun, R.M., Darby, A.C., 
Haldenby, S., Hill, V., Lucaci, A., McCrone, J.T., et al. (2021). Generation and 
transmission of interlineage recombinants in the SARS-CoV-2 pandemic. Cell 1–10. 
Kalinina, O., Norder, H., Mukomolov, S., and Magnius, L.O. (2002). A Natural 
Intergenotypic Recombinant of Hepatitis C Virus Identified in St. Petersburg. J. Virol. 
76, 4034–4043. 
Klerk, A. De, Swanepoel, P., Lourens, R., Zondo, M., Abodunran, I., Maclean, O.A., 
Robertson, D., Pond, S.L.K., Zehr, J.D., Stanhope, M.J., et al. (2021). Conserved 
recombination patterns across coronavirus subgenera. 
Kraemer, M.U.G., Scarpino, S. V., Marivate, V., Gutierrez, B., Xu, B., Lee, G., 
Hawkins, J.B., Rivers, C., Pigott, D.M., Katz, R., et al. (2021a). Data curation during a 
pandemic and lessons learned from COVID-19. Nat. Comput. Sci. 1, 9–10. 
Kraemer, M.U.G., Hill, V., Ruis, C., Dellicour, S., Bajaj, S., McCrone, J.T., Baele, G., 
Parag, K. V., Battle, A.L., Gutierrez, B., et al. (2021b). Spatiotemporal invasion 
dynamics of SARS-CoV-2 lineage B.1.1.7 emergence. Science (80-. ). 373, 889–895. 
Lan, J., Ge, J., Yu, J., Shan, S., Zhou, H., Fan, S., Zhang, Q., Shi, X., Wang, Q., 
Zhang, L., et al. (2020). Structure of the SARS-CoV-2 spike receptor-binding domain 
bound to the ACE2 receptor. Nature 581, 215–220. 



Chapter 4: Emergence and widespread circulation of a recombinant SARS-CoV-2 lineage in North 
America 

 
 
 

   194 
 
 
 

Li, X., Giorg, E.E., Marichannegowda, M.H., Foley, B., Xiao, C., Kong, X.P., Chen, 
Y., Gnanakaran, S., Korber, B., and Gao, F. (2020). Emergence of SARS-CoV-2 
through recombination and strong purifying selection. Sci. Adv. 6, 1–12. 
Lytras, S., Hughes, J., Xia, W., Jiang, X., and Robertson, D.L. (2021). Exploring the 
natural origins of SARS-CoV-2 in the light of recombination. BioRxiv 
2021.01.22.427830. 
Meng, B., Kemp, S.A., Papa, G., Datir, R., Ferreira, I.A.T.M., Marelli, S., Harvey, 
W.T., Lytras, S., Mohamed, A., Gallo, G., et al. (2021). Recurrent emergence of 
SARS-CoV-2 spike deletion H69/V70 and its role in the Alpha variant B.1.1.7. Cell 
Rep. 35. 
Martin, D., and Rybicki, E. (2000). RDP: detection of recombination amongst aligned 
sequences. Bioinformatics 16, 562–563 
Martin, D.P., Murrell, B., Golden, M., Khoosal, A., and Muhire, B. (2015). RDP4 : 
detection and analysis of recombination patterns in virus genomes. Virus Evol. 1, 
vev003. https://doi.org/10.1093/ve/vev003. 
Minh, B.Q., Schmidt, H.A., Chernomor, O., Schrempf, D., Woodhams, M.D., Von 
Haeseler, A., Lanfear, R., and Teeling, E. (2020). IQ-TREE 2: New Models and 
Efficient Methods for Phylogenetic Inference in the Genomic Era. Mol. Biol. Evol. 37, 
1530–1534. 
Moradigaravand, D., and Engelstädter, J. (2012). The Effect of Bacterial 
Recombination on Adaptation on Fitness Landscapes with Limited Peak Accessibility. 
PLoS Comput. Biol. 8, 35–37. 
Njai, H.F., Gali, Y., Vanham, G., Clybergh, C., Jennes, W., Vidal, N., Butel, C., 
Mpoudi-Ngolle, E., Peeters, M., and Ariën, K.K. (2006). The predominance of Human 
Immunodeficiency Virus type I (HIV-1) circulating recombinant form 02 
(CRF02_AG) in West Central Africa may be related to its replicative fitness. 
Retrovirology 3, 1–11. 
O’Toole, Á., Scher, E., Underwood, A., Jackson, B., Hill, V., McCrone, J.T., 
Colquhoun, R., Ruis, C., Abu-Dahab, K., Taylor, B., et al. (2021). Assignment of 
Epidemiological Lineages in an Emerging Pandemic Using the Pangolin Tool. Virus 
Evol. 7, 1–9. 
Paradis, E., and Schliep, K. (2019). Ape 5.0: An environment for modern 
phylogenetics and evolutionary analyses in R. Bioinformatics 35, 526–528. 
Petrova, V.N., and Russell, C.A. (2018). The evolution of seasonal influenza viruses. 
Nat. Rev. Microbiol. 16, 47–60. 
Pollett, S., Conte, M.A., Sanborn, M., Jarman, R.G., Lidl, G.M., Modjarrad, K., and 
Maljkovic Berry, I. (2021). A comparative recombination analysis of human 
coronaviruses and implications for the SARS-CoV-2 pandemic. Sci. Rep. 11, 1–11. 
Raghwani, J., Thomas, X. V., Koekkoek, S.M., Schinkel, J., Molenkamp, R., van de 
Laar, T.J., Takebe, Y., Tanaka, Y., Mizokami, M., Rambaut, A., et al. (2012). Origin 
and Evolution of the Unique Hepatitis C Virus Circulating Recombinant Form 2k/1b. 
J. Virol. 86, 2212–2220. 
Rambaut, A., Holmes, E.C., O’Toole, Á., Hill, V., McCrone, J.T., Ruis, C., du Plessis, 
L., and Pybus, O.G. (2020). A dynamic nomenclature proposal for SARS-CoV-2 
lineages to assist genomic epidemiology. Nat. Microbiol. 5, 1403–1407. 



Chapter 4: Emergence and widespread circulation of a recombinant SARS-CoV-2 lineage in North 
America 

 
 
 

   195 
 
 
 

Sabir, J.S.M., Lam, T.T.Y., Ahmed, M.M.M., Li, L., Shen, Y., Abo-Aba, S.E.M., 
Qureshi, M.I., Abu-Zeid, M., Zhang, Y., Khiyami, M.A., et al. (2016). Co-circulation 
of three camel coronavirus species and recombination of MERS-CoVs in Saudi 
Arabia. Science (80-. ). 351, 81–84. 
Sehn, J.K. (2015). Insertions and Deletions (Indels). Clin. Genomics 129–150. 
Sekizuka, T., Itokawa, K., Saito, M., Shimatani, M., Matsuyama, S., Hasegawa, H., 
Saito, T., and Kuroda, M. (2021). Genome Recombination between Delta and Alpha 
Variants of Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2). 
MedRxiv  Prepr. Serv. Heal. Sci. 
Shu, Y., and McCauley, J. (2017). GISAID: Global initiative on sharing all influenza 
data – from vision to reality. Eurosurveillance 22, 2–4. 
Simon-Loriere, E., and Holmes, E.C. (2011). Why do RNA viruses recombine? Nat. 
Rev. Microbiol. 9, 617–626. 
Song, H., Giorgi, E.E., Ganusov, V. V., Cai, F., Athreya, G., Yoon, H., Carja, O., 
Hora, B., Hraber, P., Romero-Severson, E., et al. (2018). Tracking HIV-1 
recombination to resolve its contribution to HIV-1 evolution in natural infection. Nat. 
Commun. 9. 
Technical Advisory Group on SARS-CoV-2 Virus Evolution (2021). Classification of 
Omicron (B.1.1.529): SARS-CoV-2 Variant of Concern. 
VanInsberghe, D., Neish, A.S., Lowen, A.C., and Koelle, K. (2021). Recombinant 
SARS-CoV-2 Genomes Circulated at Low Levels Over The First Year of The 
Pandemic. Virus Evol. 7, 1–12. 
Vuilleumier, S., and Bonhoeffer, S. (2015). Contribution of recombination to the 
evolutionary history of HIV. Curr. Opin. HIV AIDS 10, 84–89. 
Xiao, Y., Rouzine, I.M., Bianco, S., Acevedo, A., Goldstein, E.F., Farkov, M., 
Brodsky, L., and Andino, R. (2016). RNA Recombination Enhances Adaptability and 
Is Required for Virus Spread and Virulence. Cell Host Microbe 19, 493–503. 
Yang, Y., Yan, W., Hall, A.B., and Jiang, X. (2021). Characterizing Transcriptional 
Regulatory Sequences in Coronaviruses and Their Role in Recombination. Mol. Biol. 
Evol. 38, 1241–1248. 
 
 
  



Chapter 5: Spatio-temporal trends of arboviral spread in Mexico and Central America 

 
 
 

   196 
 
 
 

5 Spatio-temporal trends of 
arboviral spread in 

Mexico and Central 
America 

 

Highlight: Comparing the spatial dynamics of viruses transmitted by 
the same vector can help overcome limited sampling 
Dengue viruses (DENV) circulate seasonally in Mexico, while Chikungunya virus 
(CHIKV) caused a single large epidemic following its introduction into the Americas 
during the early and mid-2010s. In this chapter we explore the spatial dynamics of 
DENV-1, DENV-2 and CHIKV over different timescales and find similar patterns for 
all three viruses, as they are introduced repeatedly into the same region in the south of 
the country. The improved genomic representation of CHIKV compared to DENV-1 
and DENV-2, despite the limited sampling time range, allow us to formulate 
hypotheses on the drivers of DENV circulation within the region. 
 

Abstract 
Established and emerging arboviral epidemics are common in the Americas and 

comprise both seasonal epidemics (e.g. dengue virus, DENV), and large emerging 

outbreaks (e.g.  Chikungunya and Zika viruses, CHIKV and ZIKV). In Mexico and 

Central America these viruses share the same geographic and demographic context, and 

also share a mosquito vector species, Aedes aegypti, hence a comparative analysis of 

how they spread through space and time may provide new insights into their 
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transmission. Here we generate new CHIKV, DENV-1 and DENV-2 genetic sequences 

and analyse them in combination with publicly available genomic data from Central 

America in order to understand the geographical and temporal patterns of arboviral 

circulation in the region. Our new data expands the available genomic data for CHIKV 

in Mexico from 8 to 39 complete genome sequences. Phylogenetic analyses show that 

the three viruses descend from lineages that circulated predominantly in the Caribbean 

and Central America. Discrete phylogeographic analyses show that multiple 

introductions to Mexico are a shared feature of these arboviruses; CHIKV was 

introduced at least on 12 occasions over a year, with six introductions leading to 

extensive ongoing transmission within Mexico. Further, both DENV serotypes were 

introduced at least seven times over a decade. For both CHIKV and DENV-2, the 

southwest Mexico is the most frequent inferred ancestral location for virus transmission 

lineages within Mexico. Both viruses spread within the country, most prominently 

across the Pacific coast into the central western region, and into the south-eastern 

Yucatán peninsula. When integrating epidemiological data from CHIKV and DENV in 

Mexico, it becomes apparent that new introductions lead to increases in numbers of 

cases. These phylogeographic results are also interpreted in the context of cross-border 

anonymised human mobility data. The Southeast region of Mexico is likely less affected 

by arbovirus transmission dynamics in other Mexican regions, possibly given its high 

connectivity with Belize. Our results suggest these three arboviruses in Mexico share 

similar transmission patterns and reveal the pivotal role of the Southwest in the seeding 

and spread of arboviruses across the country. 
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Introduction 
The spread of emerging arboviruses is driven by complex interactions among 

environmental conditions (1, 2), ecological factors that affect reservoir and vector 

species (3, 4), human behaviour and mobility (5–10) and previous protective population 

immunity in the host population (11–13). Untangling the individual contributions of 

these determinants across spatio-temporal scales is challenging. While some arboviruses 

display seasonal dynamics, with varying transmission intensity across seasons (14–17), 

novel or re-emerging arboviruses can cause large outbreaks in locations where 

populations have limited or non-existent prior immunity to the virus (18–22). However, 

comparative study of the common features of arbovirus transmission dynamics can 

provide powerful insights into their establishment and transmission dynamics in 

different populations. For example, arboviruses transmitted by the same vector species 

(e.g., Aedes aegypti) are expected to exhibit shared trends in spatio-temporal patterns. 

These similarities could provide valuable information to better understand the 

transmission dynamics of current and future arboviruses. Further, mapping the 

emergence and spread of multiple arboviruses can inform the development of efficient 

spatially targeted interventions.  

 

An interesting comparison can be established from the emergence of Zika virus 

(ZIKV) and Chikungunya virus (CHIKV) in the Americas, a region where seasonal 

arboviruses (most notably Dengue virus, DENV) circulate endemically and cause large 

outbreaks. While these viruses species belong to different families (ZIKV and DENV to 

the Flaviviridae, and CHIKV to the Togaviridae), they are all transmitted primarily by 
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Aedes aegypti mosquitoes. DENV and CHIKV can be also transmitted by Aedes 

albopictus mosquitoes but this species is believed to be a secondary vector (23), an 

observation that has been speculated for ZIKV as well (24, 25). It should be therefore 

possible to gain insights into the transmission dynamics of viruses that share a 

transmitting vector and, to an extent, an ecological niche. The extent to which 

observations among viruses can be extrapolated will be however limited by the presence 

of other factors, such as previous immunity and cross-immunity (26–28). 

 

Barring the possibility that some 17th and 19th century cases of dengue fever in the 

Americas were in reality caused by CHIKV (29, 30), autochthonous chikungunya fever 

cases had not been reported in the continent until the mid 2000s (31). CHIKV emerged 

in the region and caused large outbreaks from 2013 to 2017. The first locally-acquired 

CHIKV infections were reported in the Caribbean islands in 2013 (32, 33) and spread 

in 2014 to Central and South America (34–36). Most outbreaks have been attributed to 

a single introduction of the Asian genotype into the Eastern Caribbean (37), except for 

Brazil, where a second independent introduction of the Eaastern/Central/South African 

(ECSA) genotype was identified (38). The ECSA genotype has since spread across 

Brazil (39, 40) and was recently introduced to Paraguay (41). 

 

The CHIKV Asian lineage outbreak that circulated among various Caribbean 

territories over 2014 (42) caused high incidence in Guadeloupe (295.8 cases per 1000 

inhabitants in November 2014) and French Guiana (112.41 cases per 1000 inhabitants 

in July 2014), and large numbers of cases in Dominican Republic (over 142 000 new 
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cases reported in July 2014). CHIKV reached South America and the USA in June 2014, 

and reached various countries in central America and Mexico by the end of that year 

(43). The spread of CHIKV across the Americas was at least partially driven by 

international travel (44–46). The emergence of CHIKV was highly likely given (i) the 

absence of prior immunity to CHIKV in the Americas, (ii) the presence of both Ae. 

aegypti and Ae. Albopictus in the region, and (iii) high travel volumes from countries 

with significant levels of autochthonous virus transmission (31). 

 

CHIKV surveillance in Mexico commenced formally in 2014 under a National 

Epidemiological Surveillance System (‘Sistema Nacional de Vigilancia Epidemiológica 

– SINAVE’). During 2015 a high number of CHIKV cases were reported across the 

country, particularly in some southern and southwestern states such as Guerrero, 

Michoacán and Yucatán (47). Following an explosive outbreak of CHIKV during 2015 

that peaked in July-August, reported case numbers rapidly decreased towards the end of 

2015. From 2016 onwards, limited numbers of cases have been reported and limited to 

specific regions, although it has been suggested that CHIKV incidence in southwestern 

states like Guerrero could be underestimated (48). The available virus genomic data 

from Mexico suggests that multiple introductions have occurred (49–52), but the 

domestic dissemination of CHIKV from these introductions has not been explored. 

 

The dynamics of DENV in the region are somewhat different. While reports of 

Dengue-like illness and dengue fever outbreaks have been reported in the Americas 

since the late 1700s (53), a considerable epidemiological shift during the 1950s and 
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1960s saw the establishment of large and more frequent outbreaks across the region (54). 

By the 1980s and 1990s, DENV outbreaks were being reported yearly in at least 24 

countries in the Americas, a pattern potentially driven by the re-establishment of 

previously eradicated Ae. aegypti populations (54). DENV is divided into four 

immunologically and genetically distinct serotypes named DENV-1, DENV-2, DENV-

3 and DENV-4. Before the 1960s, DENV-2 was the only serotype detected in the 

Americas but reports of the emergence of the other three serotypes were published 

during 1960s to 1990s. This included multiple introductions of genetically distinct 

DENV-2 lineages (53, 55). 

 

Once established, DENV epidemics follow seasonal patterns that are now common 

in several American countries (10, 56–59) and particularly evident in regions where the 

virus is endemic (i.e., where at least one serotype is constantly present; 60) or 

hyperendemic (i.e., where multiple DENV serotypes co-circulate). In these settings, 

yearly seasonal cycles are characterised by periods where outbreaks are more frequent, 

driven in part by climatic factors (61, 62) which improve the conditions for vector 

breeding and increase vector-host interactions (63, 64). 

 

Beyond these seasonal patterns, the co-circulation of different DENV serotypes can 

lead to specific viral types becoming dominant across multiple years (65, 66). The 

processes driving long-term DENV serotype dynamics are complex and include 

interactions among factors relating to climate, demography and population immunity 

(11, 67, 68). In many countries in the Caribbean, South and Central America, DENV 
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follows a seasonal pattern in which large outbreaks occur during the rainy seasons (10, 

56–59) that vary in size  (in terms of the number of cases of classic dengue fever, DF, 

and of dengue haemorrhagic fever, DHF). 

 

As in other regions in the Americas, DF and DHF surveillance in Mexico has been 

ongoing since the 1980s when DENV-1, DENV-2 and DENV-4 co-circulated 

persistently (69); DENV-3 was first detected in the country in 1995 (70). Dengue rose 

to prominence at the national level when the incidence of DHF increased during the 

1990s, associated with the re-discovery of Aedes mosquitoes in Mexico which were 

possibly re-introduced into the region (69). The most affected areas have consistently 

been the southern and coastal regions: the southern border states of Chiapas and Oaxaca, 

the southwestern state of Guerrero, the states located in the Yucatán peninsula (Yucatán, 

Quintana Roo and Campeche), and the Gulf Coast states of Veracruz and Tamaulipas 

(69, 70). This geographical distribution marginally expanded during the 2000s into 

locations closer to central Mexico, such as the state of Morelos and the higher altitude 

areas of Guerrero (71, 72). 

 

Hotspots  of Dengue fever (and other arboviral diseases) in Mexico during the early 

2010s were identified in and around urban areas in the southern states, where 

transmission occurs year-round but peaks during the rainy season (72). DENV serotype 

incidence fluctuates over multiple years; during the early 2000s, DENV-1 and DENV-

2 alternated as the dominant serotype in Mexico, with DENV-1 replacing the previously 

dominant DENV-2 between 2004 and 2007 (71). Interestingly, the introduction of 
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CHIKV and ZIKV in the country coincided with a decrease in DENV incidence in 

endemic states during the peak of both epidemics (73).  Genomic analyses of DENV in 

Mexico (sampled from both humans and mosquitoes; (74)) suggest that lineage 

replacement is a frequent feature of viral circulation in the country (75, 76), a pattern 

similar to that observed in southern China and Southeast Asia (77). However, the 

dynamics and effects of these lineage replacements have not been formally evaluated in 

Mexico. 

 

In this study, we present a new set of 39 CHIKV, 7 DENV-1 and 11 DENV-2 

genome sequences from Mexico, obtained from a set of historical samples (collected 

between 2013 and 2017 from across the country), that form part of the SINAVE national 

sentinel arbovirus surveillance program. We use spatial phylodynamic methods to 

quantify and compare the patterns of lineage importations and spread of all three viruses 

into different regions of Mexico. By interpreting our findings alongside epidemiological 

and human mobility data, we find similarities in the spatial epidemiology of these 

viruses and explore the extrinsic factors that may drive arbovirus establishment and 

seasonality in Mexico. We find striking similarities between the introduction of DENV 

and CHIKV into Mexico across different timescales and conclude that human mobility 

may not entirely account for virus movements in the region. 
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Methods 

DENV and CHIKV genome sequences 
The National Arbovirus Reference Laboratory at the National Institute for 

Epidemiological Diagnosis and Reference (Instituto de Diagnóstico y Referencia 

Epidemiológicos “Dr. Manuel Martínez Báez” – InDRE, Ministry of Health of Mexico 

and PAHO partner) in Mexico City periodically processes and stores samples derived 

from confirmed CHIKV and DENV diagnosed cases, as part of the National Sentinel 

Program for Arbovirus Epidemiological Surveillance (78). Blood samples suspected of 

arboviral febrile illness that test positive in state laboratories across the country are 

posted to InDRE to be processed and stored at -80°C for long-term storage, resulting in 

a historic collection of samples spanning multiple years. 

 

We generated a small batch of whole genome sequences for Dengue virus 1 (DENV-

1), Dengue virus 2 (DENV-2) and Chikungunya virus (CHIKV) collected from human 

and mosquito samples using a primer scheme approach (79) and Oxford Nanopore 

sequencing protocols. Candidate samples for sequencing were pre-selected from those 

with with sampling dates and locations for which publicly available genomic data from 

Mexico was scarce or non-existent; samples were also selected by viral RNA 

concentration (diagnostic qPCR Ct ≤ 35). From these pre-selected samples, we randomly 

chose samples to sequence so that years and states with low or no representation in 

public data bases were prioritised. Total RNA was extracted and used to generate cDNA 

using the SuperScriptÔ IV First-Strand Synthesis System (Invitrogen, CA, USA) and 

random hexamer primers. Following this, cDNA were subject to multiplex PCR 
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reactions using virus-specific primer sets (39, 80) that generate ~400 nt partially 

overlapping PCR fragments covering the entirety of the viral genome. PCRs were 

performed using the Q5 High-Fidelity DNA polymerase kit (New England Biolabs, MA, 

USA) and run for 35-40 cycles. PCR products were purified using AmpureXP magnetic 

beads (Beckman Coulter, CA, USA) and quantified on a Qubit 3.0 spectrophotometer 

device using the Qubit dsDNA High Sensitivity kit (Life Technologies, CA, USA). 

Sequencing libraries were prepared from the purified PCR products by adding barcoding 

fragments to individual samples using the EXP-NBD104, EXP-NBD114, and SQK-

LSK109 kits (Oxford Nanopore Technologies, UK). Sample concentrations were then 

normalised and pooled into equimolar mixes and loaded onto R9.4 flow cells (Oxford 

Nanopore Technologies, UK). Sequencing runs were carried out until sufficient genome 

coverage was achieved as monitored in real-time using RAMPART 

(https://artic.network/ncov-2019/ncov2019-using-rampart.html). Individual genomes 

were reference assembled, and their assignment to specific serotypes or genotypes was 

performed using the Arbovirus Typing Tools from the Genome Detective web server 

(81). 

 

Phylogenetic analyses of DENV-1, DENV-2 and CHIKV in the 
Americas 

We compiled a collection of whole genome sequences (i.e., sequences > 10000 nt in 

length for DENV and > 12000 nt in length for CHIKV) for DENV-1 (Genotype V), 

DENV-2 (Genotype III) and CHIKV (Asian Genotype) by retrieving available 

sequences in GenBank (as of 2020-02-01, the date predating the selection and 
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sequencing of the new samples) that were collected from any country in North, Central 

and South America or the Caribbean. We further expanded this set of sequences by 

adding 16 DENV-1 and 14 DENV-2 complete genomes collected in Nicaragua between 

2013 and 2019 from a paediatric cohort (59, 82). Each data set was aligned using 

MAFFT (83) and visually inspected for accuracy. Alignments were trimmed to remove 

the untranslated terminal regions (UTRs), producing final alignments of 10180 

nucleotides for the DENV-1, 10023 nucleotides for DENV-2 and 11151 nucleotides for 

CHIKV. 

 

Maximum likelihood (ML) phylogenetic trees were estimated using IQtree 2.0 (84) 

for each data set. Trees were inferred under a General Time Reversible (GTR) 

substitution model, and substitution rate heterogeneity across sites in the alignment was 

modelled using a Gamma distribution with four discrete categories. Node support on all 

phylogenies was estimated using non-parametric Shimoda-Hasegawa approximate 

Likelihood Ratio Tests (SH-aLRTs) through 1000 replicates (85). The resulting trees 

were midpoint rooted and annotated with the sequence collection country and region. 

 

To evaluate the temporal signal within our data sets, we plotted regressions between 

sample root-to-tip genetic distance and sample collection date, using TempEst v1.5.3 

(86). Correlation coefficients were used to assess the degree of “clock-like” evolution 

exhibited by each data set.  
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Phylogeography of the Central American DENV-1, DENV-2 and 
CHIKV lineages 

The initial phylogenies for each virus showed that sequences from Mexico clustered 

into single, well-supported phylogenetic lineages together with other sequences from 

Central America, the Caribbean and sporadic sequences from elsewhere in the Americas 

(see Results). We therefore explored the spatiotemporal spread of the three viruses 

within these lineages using Bayesian phylogenetic methods. 

 

We estimated time-calibrated phylogenetic trees using BEAST v1.10.4 (87) 

independently for each virus, using the collection date for each sequence. In two cases 

(for DENV-1) where no collection date was available, a uniform prior was assigned to 

the corresponding tip. These analyses were performed using a Hishino-Kasegawa-Yang 

(HKY) substitution model with rate heterogeneity modelled as a Gamma distribution. A 

Skyride coalescent tree prior (88) was used for all data sets, and a relaxed uncorrelated 

clock model (89) was used to account for rate variation across lineages within the 

phylogeny, with a continuous-time Markov chain (CTMC) rate prior (90). BEAST 

explores the tree space given a model and a set of priors using a Markov Chain Monte 

Carlo (MCMC) algorithm; the MCMC chains were run by duplicate for 100 000 000 

MCMC steps, with the first 10 000 000 steps discarded as a burn-in period. The results 

from the independent runs were combined using LogCombiner, resulting in an empirical 

distribution of 35 000 trees which were summarised as a Maximum Clade Credibility 

(MCC) tree using TreeAnnotator. Convergence for individual MCMC chains (defined 

as all relevant parameters achieving effective sample size, ESS, values >200) was 
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assessed with Tracer (91); parameters that did not reach convergence are further 

discussed in the Results section. 

 

The spatial spread of individual lineages between countries was explored through a 

discrete phylogeographic analysis (discrete trait analysis, DTA; (92)). The tips were 

assigned either to the country where the sequences were collected or to the geographic 

region containing the country of origin. The previously generated sample of posterior 

trees was then used as an empirical tree distribution that was resampled during a 

Bayesian reconstruction of ancestral node locations, using an asymmetric location trait 

model (92). Transition rates between locations that significantly explain the diffusion 

process for each phylogenetic tree were identified by performing Bayes Factor (BF) tests 

of the posterior odds identifying said rates as non-zero, and explored using the Bayesian 

Stochastic Search Variable Selection (BSSVS) approach implemented in BEAST (92). 

We consider that BF > 4 defines well-supported diffusion rates and plot the higher 85th 

percentile of all transition rates (posterior probability, PP > 0.5). The expected number 

of DTA transitions between countries and regions were estimated using a robust 

counting approach (93). As before, an MCC tree was generated to summarise the 

posterior tree sample and estimate the posterior probabilities for the locations of the tree 

nodes. 

 

Historical epidemiological and human mobility data 
Individual case information from patients with laboratory-confirmed dengue fever 

(DF) or Chikungunya infection is routinely collected by the National Institute for 



Chapter 5: Spatio-temporal trends of arboviral spread in Mexico and Central America 

 
 
 

   209 
 
 
 

Epidemiological Diagnosis and Reference (InDRE) as part of the national 

epidemiological surveillance programme. We collected individual information of 

confirmed cases between 2010 and 2019 including, clinical (date of symptom onset, date 

of sample collection, final diagnostic), demographic (patient age and sex) and 

geographic data (collection state, municipality and locality) associated with each 

individual case. A portion of the cases determined as positive for DF also include the 

associated DENV serotype, identified through serology or PCR product sequencing. 

 

To further incorporate the effects of connectivity between states and human mobility 

into our analyses, we obtained human mobility data derived from de-identified 

smartphone usage from devices whose users opted in to the Google Location History 

feature (https://support.google.com/accounts/answer/3118687 ) as described by (94). 

The data was collected between 2019-10-27 and 2020-02-29 to ensure that mobility 

estimates were not affected by the implementation of non-pharmaceutical interventions 

(NPIs) during the COVID-19 pandemic (95). Relative flow (fr) estimates between 

location pairs (a,b) within calendar weeks (t) were gathered and aggregated for 

individual Mexican municipalities and at the country-level for the neighbouring Central 

American countries of Belize, El Salvador, Guatemala, Honduras and Nicaragua. These 

fr estimates are already normalised by the maximum flow between location pairs for a 

given week t’, such that fr(a,b,t) = f(a,b,t)/maxi,j,t’f(i,j,t’) where (i,j) correspond to the 

locations showing the highest flow at week t’. The Mexico data was further grouped by 

state, and all fr estimates between municipalities between states at every week t were 

averaged. Weekly mobility estimates are variable, particularly by late December 2019. 
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We therefore grouped our observations into bi-weekly periods to visualise the variation 

of mobility trends across time. Median values for fr estimates during these time periods 

were calculated and normalised relative to the maximum value for our entire data set. 

 

Results 

CHIKV, DENV-1 and DENV-2 genome sequences from historical 
samples from Mexico 

CHIKV samples were selected to represent isolates from 18 out of the 32 Mexican 

federal states, collected between May 2014 to December 2015 which covers the entire 

CHIKV epidemic in the country. From these, we generated 39 complete CHIKV 

genomes sequences that were subsequently assigned to the Asian genotype; this is the 

main genotype circulating in the Americas (96). These new sequences add substantially 

to the 8 previously available complete CHIKV viral genomes from Mexico, generated 

from targeted investigations or opportunity sampling. Our data also increases the range 

of available CHIKV genomes to 16 additional federal states for which no CHIKV 

genomes were available (previous sequences were mainly from Chiapas - 6 sequences, 

Tamaulipas - 1 sequence and Jalisco - 1 sequence). The sampling timespan for CHIKV 

in Mexico has been also expanded: previously available sequences were collected during 

the start of the Mexico epidemic between October and November 2014 (7 sequences) 

and during November 2015 (1 sequence). The new sequences therefore represent the 

entirety of the 2015 CHIKV epidemic in Mexico that peaked around July-August 2015 

(Fig 1B; Table 1). 

  



Chapter 5: Spatio-temporal trends of arboviral spread in Mexico and Central America 

 
 
 

   211 
 
 
 

Table 1. Arbovirus cases and genomes across geographic regions in Mexico, including 
the sequences generated in this study. 

Region	 State	
CHIKV	 DENV-1	 DENV-2	

Casesa*	 Seqsc	 Expected	casesb**	 Seqsc	 Expected	casesb**	 Seqsc	

Northwest	

Baja	California	

905	 2	 16703	 --	 9522	 --	

Baja	California	
Sur	

Chihuahua	
Durango	
Sinaloa	
Sonora	

Northeast	
Coahuila	

240	 4	 6618	 --	 14207	 --	Nuevo	León	
Tamaulipas	

Center-
north	

Aguascalientes	

31	 3	 6749	 --	 314	 --	
Guanajuato	
Querétaro	

San	Luis	Potosí	
Zacatecas	

Center-
south	

Mexico	state	
795	 6	 5613	 1	 1150	 1	Mexico	City	

Morelos	

West	

Colima	

2959	 7	 20145	 3	 8839	 4	Jalisco	
Michoacán	
Nayarit	

East	

Hidalgo	

2501	 6	 17267	 1	 10225	 4	Puebla	
Tlaxcala	
Veracruz	

Southwest	
Chiapas	

3951	 12	 9994	 1	 16150	 6	Guerrero	
Oaxaca	

Southeast	

Campeche	

2276	 7	 12839	 70	 6384	 11	Quintana	Roo	
Tabasco	
Yucatán	

*Source: SINAVE data, InDRE/Ministry of Health, Mexico. 
**Calculated as the relative proportion of the serotype relative to all serotyped cases 
multiplied by the total of reported DF/DHF cases, rounded up. Source: SINAVE data, 
InDRE/Ministry of Health, Mexico. 
aReported between 2015 and 2018. 
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bReported between 2013 to 2018. 
cAll publicly available complete genome sequences used in this study. 
 
 

We analysed DENV-positive samples and mosquito-pooled samples from six 

southern states, collected between 2013 and 2017. We successfully generated 7 

complete DENV-1 and 11 DENV-2 partial genomes. For DENV-2, there was 

insufficient genome coverage for a number of genome regions, including both UTRs, 

and therefore these regions were masked as Ns. Nonetheless, 5104/10177 sites (~50% 

of the genome length) showed adequate coverage (>20x) providing sufficient signal for 

phylogenetic analyses within the context of other publicly available viral sequences 

from other regions of Mexico and the Americas (97). The DENV-1 sequences we 

obtained were from the states of Quintana Roo (1), Jalisco (3), Veracruz (1), Chiapas 

(1) and Morelos (1), with sampling dates from 2013 to 2017; the DENV-2 sequences 

were from the states of Chiapas (3), Jalisco (3), Quintana Roo (1), Colima (1), Veracruz 

(2) and Morelos (1), with sampling dates between 2013 and 2016. Our sequencing data 

represent a significant improvement in the spatio-temporal representation of DENV 

genome sequences from Mexico, which previously accounted for sequences up to 2012 

for DENV-1 and 2011 for DENV-2. Furthermore, two previously unrepresented states 

feature in our DENV-1 sequences (Chiapas and Veracruz) and four previously 

unrepresented states for DENV-2 (Colima, Jalisco, Morelos and Veracruz; Table 1). 

 

CHIKV epidemiological trends in the Americas and Mexico 
The CHIKV epidemic in Mexico started approximately one year after the first 

locally acquired infections were reported in the Caribbean islands in late 2013. As 
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previously described (32, 33), the first cases were reported in the Eastern Caribbean 

(also named the Lesser Antilles; Table S1) and likely sparked the first large epidemics 

in other Central Caribbean islands; Fig 1A). During these initial waves, the Dominican 

Republic (Central Caribbean) and Guadeloupe (Eastern Caribbean) reported over 

100,000 new monthly cases at their respective peaks, around July (over 142,000 cases 

in the Dominican Republic) and November (over 118,000 cases in Guadeloupe; Fig 

S1A). Central America and the Andean region of South America saw large epidemics 

during 2015 and early 2016 but were generally less severe than those in the Caribbean 

(Fig 1A). During this time, Colombia reported the largest number of cases for a single 

country in the region, reporting over 55,000 cases during their epidemic peak in March 

2015 (Fig S1A). The southern cone region of South America drove a resurgence of 

CHIKV cases in the continent over the following year, between March 2016 and January 

2017 (Fig 1A), dominated by infections in Brazil (Fig S1A; (34–40)). 
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Figure 1. CHIKV epidemiological trends in the Americas and Mexico from 2013 
to 2018. (A) Monthly number of CHIKV cases reported to the Pan-American Health 
Organisation (PAHO) between 2013 and 2017, grouped by PAHO region. The largest 
epidemic peak in Mexico occurred in 2015, highlighted in blue. (B) Monthly number 
of confirmed CHIKV cases in Mexico grouped by year, reported by the SINAVE 
national surveillance system of Mexico. (C) Monthly number of confirmed CHIKV 
cases per geographic region in Mexico during 2015. A map of the states included in 
each geographic region is shown below. Details of the states included in each region 
are available in Table 1.   
 
 
 

While Mexico reported CHIKV cases from the end of 2014 through to 2018, cases 

grew rapidly in January 2015 and peaked in summer 2015 (Fig 1B). New case numbers 

grew from 506 in May to 2706 in July and 2720 in August 2015. Spatially, cases started 

increasing in the Southwest region, followed by epidemic peaks in the East (Gulf of 
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Mexico coast) and West (Pacific Ocean coast) regions, as well as the Southeast region, 

which encompasses the Yucatán peninsula (Fig 1C). A small number of cases were also 

observed in the Center-south region, which comprises Mexico City and its surrounding 

areas and. Later in the year, a small peak in cases was observed in the Northwest (120 

cases, relative to 1000+ weekly cases during the peak of the epidemic), which is also the 

only region that saw a modest second wave of CHIKV cases around January 2017 (Fig 

S2). 

 

Genomic sequencing of CHIKV in the region gradually increased during 2014 but 

was maintained at <10 virus sequences per month (Fig S1B). Steady numbers of CHIKV 

genomes from the USA, various Caribbean territories and Central American countries 

were generated and publicly shared throughout 2014. From December 2014 through 

2015, limited numbers of genomes were generated by Nicaragua and Mexico (including 

the 39 sequences newly generated in this study). Overall, the numbers of sequences per 

country over this period does not correlate with the cumulative reported cases per 

country (Spearman’s Rho = 0.26, p = 0.15; Fig S3). 

 

Phylogeography of CHIKV in the Americas and Mexico 
The CHIKV epidemic in the Americas has been documented since its detection in 

2013 (34, 38, 45, 52, 98–101). Our ML tree shows that the lineage circulating in the 

Americas (SH-aLRT = 97.9) descends from sequences from Southeast Asia and the 

Pacific Islands, suggesting a single introduction of the CHIKV Asian genotype to the 

Americas (96). 
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A rapid early expansion of CHIKV across North and South America is apparent at 

the base of the American clade, as sequences collected from different countries group 

into poorly supported clusters (Fig S4). Within the American CHIKV phylogeny there 

is a large lineage circulating predominantly in the Caribbean, Central America and North 

America (henceforth referred to as the CCNA lineage, Fig 2A), which includes all the 

sequences from Mexico (SH-aLRT = 77.5; Fig S4). 

 

A time-calibrated phylogenetic analysis of the CCNA lineage indicates the date of 

the root of the CCNA lineage is around mid-September 2013 (Median = 2013.69, 95% 

HPD = 2013.59 – 2013.79; Fig 2B), consistent with previous results (96). The basal 

branches of the CCNA lineage show early viral circulation predominantly in the Eastern 

Caribbean and multiple lineage exportations to various locations in the Central 

Caribbean, South, Central and North America, including two importations into Mexico. 

These account for most of the earliest sequences generated in the country, specifically, 

InDRE04 (a single sequence from the western state of Jalisco, (49)) and a cluster of 

sequences from the southwestern state of Chiapas (98). While this basal clade (denoted 

here as Clade A, Fig 2B) was not sampled after late 2014 (with the exception of one 

sequence from Colombia), a second well-defined clade (node posterior probability, PP 

= 0.91) circulated in the Eastern Caribbean (Clade B, Fig 2B; Fig S4). The sequences 

from Mexico in this clade are descendants from viruses circulating in Haiti, Nicaragua 

and the USA; nonetheless, given the overrepresentation of sequences from the USA and 

Nicaragua (Fig S1B), it is likely that sampling bias partially accounts for the inferred 
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location of these internal nodes. This could be the case for Nicaragua, commonly 

inferred as the ancestral location from which imports into Mexico occur but which might 

exclude other relevant countries in the region with limited genomic coverage such as 

Guatemala, Honduras, El Salvador and Belize. 

 

 
Figure 2. Importation and domestic spread of CHIKV in Mexico. (A) ML 
phylogenetic tree of all CHIKV complete genome sequences from the Americas 
included in our analysis. Tree tips are coloured by region where they were collected. 
Tree tips from Asia and the Pacific islands have been removed for this visualisation. 
(B) DTA phylogeographic analysis of the CHIKV CCNA lineage, coloured by sample 



Chapter 5: Spatio-temporal trends of arboviral spread in Mexico and Central America 

 
 
 

   218 
 
 
 

collection region in Mexico. Key, well defined clades A and B are shown, and clusters 
of sequences within Mexico are identified and numbered 1 to 6. Tip symbols and 
nodes are shown for locations within Mexico and are coloured by region. The map in 
the inset shows pairs of locations among which there exist significant pairwise DTA 
transition rates, as inferred by a BSSVS analysis. Transition rates with a posterior 
probability > 0.5 are shown and coloured by Bayes Factor (BF). (C) Posterior 
probability densities of the TRMCA of six CHIKV transmission clusters in Mexico 
(corresponding to the numbering in panel B). Median values of each distribution are 
shown for each cluster, and the distributions are coloured by the most probable 
location of each MRCA. The dotted lines show the collection date for the first travel-
history associated CHIKV case identified in Mexico (red, InDRE04, collected on 
2014-05-30 and found in Clade A) and the first confirmed autochthonous CHIKV case 
in the country (grey, InDRE51, collected on 2014-10-15 and found in MX_cluster_6). 
 
 

A discrete phylogeographic reconstruction of the importations and circulation of 

CHIKV in Mexico shows at least 13 introductions of CHIKV lineages into the country. 

From a visual inspection of an MCC phylogenetic tree, seven of these did not cluster 

with additional sequences from within the country and represent either returning 

travellers (as is the case with the aforementioned InDRE04 sequence) or poorly sampled 

viral lineages within the country. We found least six well-supported clusters that 

contained only sequences from Mexico in the MCC tree (named MX_cluster_1 to 

MX_cluster_6, Fig 2B). The MRCAs of four of the six clusters were inferred to have 

existed in the Southwest (PPMX_cluster_1 = 0.56, PSouthwest = 0.76; PPMX_cluster_3 = 0.99, 

PSouthwest = 0.66; PPMX_cluster_4 = 0.95, PSouthwest = 0.84; PPMX_cluster_6 = 0.99, PSouthwest = 

0.99), East (PPMX_cluster_2 = 0.54, PEast = 0.68) and West regions (PPMX_cluster_5 = 0.50, 

PWest = 0.91;  Fig 3B). The BSSVS approach, which explores the inclusion or exclusion 

of specific location transition rates and their likelihood in explaining the spatial diffusion 

process within the phylogeny, identified three significant transition rates (BF > 4) in the 

phylogeny between the Americas and Mexico, namely movements into the Southwest 
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(BF = 5236.52; PP > 0.99), Center-north (BF = 86.21; PP = 0.92) and West (BF = 15.76; 

PP = 0.68) regions. 

 

The MRCAs of the six largest Mexican clusters were dated between mid- and late-

2014 (Fig 2C). Two of these (MX_cluster_1 and MX_cluster_6) predate the first 

reported autochthonous CHIKV case in the country, InDRE51 (49) but are more recent 

than the earliest reported CHIKV case in Mexico, InDRE04, for which the patient had a 

travel history to the Caribbean (49). The remaining four clusters have circulated in the 

country since October 2014 (median age MRCAMX_cluster_2 = 2014.85, 95% HPD = 

2014.62 – 2014.04; median age MRCAMX_cluster_3 = 2014.97, 95% HPD = 2014.71 – 

2015.18; median age MRCAMX_cluster_4 = 2014.89, 95% HPD = 2014.60 – 2015.11; 

median age MRCAMX_cluster_5 = 2014.83, 95% HPD = 2014.59 – 2015.01). 

 

Reconstructed viral movements inside Mexico predominantly occurred across the 

southern and central coastal regions, with a south-to-north trend. BSSVS identified 14 

significant state transitions inside Mexico in the phylogeny, with the most predominant 

source regions being the West, Southwest and Center-south (Table S2; Fig 2B inset). 

MX_cluster_1 comprises the largest continuous CHIKV transmission cluster in Mexico 

(18 sequences from Mexico and one from Nicaragua), sampled across 11 different states 

(Baja California, Mexico state, Mexico City, Guerrero, Tamaulipas, San Luis Potosí, 

Quintana Roo, Jalisco, Morelos, Michoacán and Oaxaca) and in seven out of eight 

regions in the country (Fig 2B). MX_cluster_6 corresponds to a previously described 

early cluster of cases from the state of Chiapas in the Southwest region (98). The 
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remaining clusters show more limited levels of circulation across regions: MX_cluster_3 

and MX_cluster_4 were sampled only in two regions each, MX_cluster_5 circulated in 

the East and West regions and MX_cluster_2 was observed in three regions (East, 

Northeast and Northwest). 

 

Epidemiology of Dengue virus 1 and 2 in Mexico, 2013-2019 
Data from the SINAVE program shows clear seasonal patterns of dengue fever in 

Mexico between 2013 and 2019, with distinct trends among regions (Fig S5). The 

Northeast, East and Southeast regions of the country reported between 2000 - 3000 

monthly cases at their respective 2013 peaks, while a less severe pattern was observed 

in the Northwest, West and Southwest regions where peak monthly cases did not exceed 

2500 (Fig S5). Some DENV cases during this period were serotyped as part of ongoing 

surveillance; the proportion of serotyped samples increased substantially in 2017 and 

2018 when yearly number of cases were at their lowest (Fig S6). Most samples during 

this time were identified as DENV-1 or DENV-2, with only a small proportion DENV-

3 or multi-serotype co-infections (Fig 3). When integrating previously reported data for 

the proportions of DENV serotypes from 2000 to 2013 (71), it becomes clear that 

DENV-1 was practically absent from the country until it overtook all other serotypes 

between 2004 and 2007, and has since been co-circulating predominantly with DENV-

2 (Fig 3A).  

 

A notable anomaly was observed for DENV-1, as a large peak in case numbers was 

observed during 2017 followed by a decrease in 2018, when equal numbers for both 
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serotypes were once again observed (Fig 3B). This anomaly could be explained by the 

combination of low case numbers (Fig S6) and high serotyping output from the Center-

north region (Fig S6). While the proportion of samples that were serotyped during 2017 

increased across the country (Fig S7), the Center-north region serotyped ~95% of all 

reported cases while at the same time reporting the highest number of cases in the 

country (Fig S6, S7). In fact, the majority of the samples identified as DENV-1 during 

2017 come from the Center-north (Fig S8). A breakdown of these patterns shows some 

common trends across regions (Fig 3C). Samples not identified as either DENV-1 or 

DENV-2 comprise a minority of the total serotyped samples, they were most 

prominently observed in the East and Northeast in 2016 but are completely absent from 

the north-western regions. The proportion of DENV-2 samples in relation to DENV-1 

decreased between 2013 and 2016 in most of the country, except for the Southeast 

region. DENV-2 then increased in frequency between 2016 and 2017 in the Northeast 

and Southwest regions and began to increase in frequency in the rest of the country the 

following year (particularly in the West and Northwest; Fig 3C). 
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Figure 3. Epidemiological trends in DENV serotype frequencies in Mexico from 
2013 to 2019. (A) Proportion of samples assigned to DENV serotypes between 2000 
and 2018 in Mexico. Proportions are presented with reference to the total number of 
serotyped samples per year for all the country. Data reported in this study that shown 
between grey lines (2013 to 2018), while data from previous years was obtained from 
published sources (71). DENV-3, DENV-4 and potential co-infections (reported 
between 2013 and 2018) are grouped into the ‘Other’ category. (B) Monthly number 
of samples assigned to each DENV serotype in Mexico from 2013 to 2018. (C) 
Breakdown of serotype proportions in different geographic regions in Mexico between 
2013 and 2019, relative to the total number of serotyped samples in each location. 
 
 

Phylogeography of DENV-1 and DENV-2 in Central America and 
Mexico 

DENV-1 and DENV-2 in the Americas show some similarities in their 

phylogeographic dispersion patterns. ML trees for each DENV serotype in the Americas 

show that sequences from Mexico and Nicaragua cluster into a single lineage together 
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with sparse sequences from other Central American, North American or Caribbean 

nations (Fig S9), analogous to the CCNA lineage described above for CHIKV, but more 

geographically constrained (henceforth referred to as the Central America and Mexico 

lineages, CAM). Bayesian Skyline plots from these CAM lineages, which date back to 

the early 2000s for DENV-1 (median MRCADENV-1-CAM = 2000.51, 95% HPD = 1997.88 

– 2002.27) and to the late 1990s for DENV-2 (median MRCADENV-2-CAM = 1996.82, 95% 

HPD = 1995.62 – 1997.79), show how the frequency of both viruses over time in Mexico 

match their periods of growth and decay adequately, particularly for the expansion of 

DENV-2 after 2000, the increase in frequency of DENV-1 around 2006 and the partial 

replacement of DENV-2 by DENV-1 following 2012 (Fig S10). This suggests that it is 

likely that the CCNA clade has governed the epidemiological trends of DENV-1 and 

DENV-2 in Mexico over the past 20 years. Discrete phylogeographic reconstruction 

indicates that the DENV-1 and DENV-2 CAM lineages predominantly circulate in 

Nicaragua and are periodically introduced into Mexico; we identified five different 

DENV-1 introductions and three DENV-2 introductions. The sampling timespan for 

both is similar; DENV-1 sequences were collected between 2004 and 2017 while 

DENV-2 sequences were collected between 2000 and 2019. The MRCAs for the 

different Mexico DENV sequence clusters show that these viruses have been circulating 

in the country since the late 1990s. Two DENV-2 clusters date back to 1999 (median 

MRCADENV-2-cluster_1 = 1999.51, 95% HPD = 1998.13 – 2000.78; median MRCADENV-2- 

cluster_2 = 1998.97, 95% HPD = 1997.35 – 2000.61) and circulated until 2013. Three 

DENV-1 Mexico clusters date back to the early 2000s (median MRCADENV-1-cluster_1 = 

2002.81, 95% HPD = 2001.62 – 2003.91; median MRCADENV-1- cluster_2 = 2003.49, 95% 
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HPD = 2002.31 – 2004.18; median MRCADENV-1-cluster_3 = 2004.03, 95% HPD = 2003.08 

– 2004.80) and also circulated in the country at least until 2013. Further, a DENV-2 

introduction is associated with a cluster dating back to 2008 (median MRCADENV-2-

cluster_3 = 2008.02, 95% HPD = 2007.15 – 2008.90) and a subsequent DENV-1 

introduction is dated to 2009 (median MRCADENV-1-cluster_4 = 2009.35, 95% HPD = 

2008.28 – 2010.20; Fig S9). 

 

The geographical sampling range of the DENV-1 genomic sequences is mostly 

limited to the Southeast region, whereas DENV-2 sequences are available for a broader 

range of locations across southern and central Mexico. A discrete phylogeographic 

reconstruction shows that the three DENV-2 clusters within the country originated in 

the Southwest (Fig 4), from where they spread northward via the East and West regions 

and into the Yucatán peninsula. A BSSVS analysis suggests that movements between 

Nicaragua and the Southwest region of Mexico explain the international importations of 

DENV-2 (BF = 1124.01, PP = 0.99), from where the virus is exported into other regions 

in the country. Significant movements from the Southwest into the West (BF = 2929.53, 

PP > 0.99), Southeast (BF = 1270.88, PP > 0.99) and East (BF = 56.08, PP = 0.90) 

regions of Mexico are inferred, as well as movements from the Southwest across the 

southern border into Guatemala (BF = 134.65, PP = 0.96). Movements from the West to 

the Center-south regions of Mexico (namely the state of Morelos) are also well 

supported (BF = 83.25, PP = 0.93). As with the CHIKV dataset, the large number of 

sequences from Nicaragua and scarcity of sequences from other countries in the region 

likely affect the BSSVS estimates and phylogeographic reconstructions (Table S3). 
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Figure 4. Importation and domestic spread of DENV-2 in Mexico. (A) ML 
phylogenetic trees of all DENV-2 complete genome sequences from the Americas 
included in our analysis. Tree tips are coloured by region where they were collected. 
(B) DTA phylogeographic analysis of the DENV-2 CAM clade by sampling location 
in Mexico. Tip symbols and nodes are included for locations within Mexico and are 
coloured by region. Distinct clades are marked as Clade A (which includes one Mexico 
cluster) and Clade B (which includes two Mexico clusters). The map in the inset shows 
pairs of locations where transition rates significantly explain the phylogenetic 
diffusion process, as inferred by a BSSVS analysis. Transition rates with a posterior 
probability > 0.5 are shown and coloured by Bayes Factor (BF). 
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Human mobility trends in Mexico and neighbouring countries 
The spread of viruses like DENV can be affected by anthropogenic factors such as 

human mobility across geographic regions (6). While travel volume metrics such as 

flight data can provide useful estimates for connectivity between countries, these values 

will not represent sources of land-based mobility which could account for an important 

proportion of human movements in regions like Central America and Mexico (102, 103), 

especially given the potential role of Mexico as a transit location (104) between 

countries in Central America and the USA. Therefore we used cell-phone usage data 

collected between October 2019 and late February 2020 to generate quantitative 

connectivity estimates between geographic regions in Mexico and the Central American 

countries south of the border (Belize, Guatemala, El Salvador, Honduras and Nicaragua; 

as described in (94)). Data in Mexico was collected for movements between 2463 

individual municipality-level locations, and for movements between these locations and 

the aforementioned countries over a period of 18 weeks between 2019-10-27 and 2020-

02-29. The connectivity between locations (represented as the relative flow, fr) directly 

quantifies the total number of individual movements between pairs of locations in 

different weeks of late 2019 and early 2020, and normalises these anonymised 

movements relative to the largest number of movements between location pairs over that 

time period (94). 

 

Aggregated median fr estimates aggregated over the complete time period between 

October 2019 and February 2020 capture high flow between states along the eastern 

Gulf coast of Mexico (particularly the Southeast region) and states in central and 
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northern regions. Notably, the state of Quintana Roo in the Southeast shows high 

connectivity with states across northern Mexico but limited human flow with the 

Southwest. In fact, the only southwestern state with high connectivity to other states in 

the country is Oaxaca which received high flow frequencies from the Center-north over 

the entire data collection period, and from the West during late December and early 

January. Human flow between the Southwest and West regions along the Pacific coast 

appears limited, as the latter region was more highly connected to the Southeast, 

especially during early November 2019 and late February 2020 (Fig 5). Movements 

across international borders became more frequent during the last week of 2019 and first 

week of 2020. Persistent movements between El Salvador and both Guatemala and 

Honduras are visible across time, and human flows into El Salvador from Nicaragua and 

into Guatemala from Belize increased during the end of 2019. Another important 

international border lies between Quintana Roo in the Southeast and Belize, where high 

median fr estimates are recorded throughout the data collection period. Human 

movements from Guatemala into the states in the Southwest of Mexico were limited 

(Fig 5). 
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Figure 5. Human mobility patterns in Mexico and Central America between 
October 2019 and March 2020. Map of Mexico (coloured by geographic regions) 
and the Central American countries of Belize, Guatemala, El Salvador, Honduras and 
Nicaragua shows the higher 90th percentile of all median relative flow estimates (fr) 
obtained from anonymised smartphone geolocation mapping. Weekly movements 
between municipalities in Mexico between 2019-10-27 and 2020-02-29 were 
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aggregated by region, and median relative human flow over bi-weekly time periods 
were estimated. Figure shows a selection of three bi-weekly period at the beginning of 
the data collection period, during the end of 2019 and start of 2020 and the end of the 
data collection period. Arrows on map are coloured by the bi-weekly median fr 
normalised by the maximum median fr for the entire data collection period. 
 
 

Discussion 
The transmission of Aedes-borne viruses such as DENV, CHIKV and ZIKV depends 

on numerous environmental, entomological and anthropogenic factors that affect the 

suitability and distribution of their vector species Ae. aegypti and Ae. albopictus (105, 

106). Comparison of the dissemination of arboviruses that share one or more vector 

species represents a useful tool to assess the similarities and differences between their 

transmission drivers across regions and timescales. However, multiple factors play a role 

in how pathogens are transmitted and there are important distinctions between transient 

epidemics (driven by viral importation; transmission for a limited time) and the 

establishment of a virus in a region (persistent or seasonal transmission over longer time 

periods). Human mobility represents a key determinant of the spread of viral pathogens 

(107), including arboviruses such as DENV (6, 77). Whilst human mobility and 

behaviour will partially drive the spatial spread of arboviruses and occurrence of 

individual epidemics, the ability of a virus to establish sustained or seasonal 

transmission in a given recipient geographical area will likely depend on its ability to 

persistently infect the available local vector populations and immunity within the local 

host population. 
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While DENV is known to affect states in the centre and south of Mexico, its 

circulation in the country is likely to be affected by the incidence of DENV infection in 

neighbouring countries. National borders offer no resistance to the natural movement of 

vector species (105) and cross-border human mobility is prevalent in this region, 

particularly in the context of international migration from Central America into the USA 

through Mexico (104). We find that periodic DENV importations occurred through the 

2000s and 2010s, and that these could partially explain the shifting dominance of 

specific serotypes through time in Mexico. DENV clade replacements have been 

described widely in Asia (65, 66, 77) and South America (108), and our results suggest 

that a similar phenomenon could take place in Central America.  

 

Our phylogeographic analysis of DENV-2 indicates multiple introductions to 

Mexico from Nicaragua, but the source of these inferred introductions is likely biased 

by sampling differences in the region: while Nicaragua features a considerable genomic 

representation of the virus as a result of longitudinal paediatric cohort studies (59, 82), 

which likely capture a greater proportion of all cases in the country given that DENV 

has high attack rates within these younger age groups (56, 59), other countries like 

Belize, Guatemala, Honduras and El Salvador are poorly represented in our genomic 

data. Given the geography of the region, it is likely that some of these countries play an 

important role in the regional spatial dynamics of the virus. This is further evidenced by 

the phylogenetic placement of two DENV-2 sequences, one from Belize and one from 

Guatemala, at the base of two different Mexico clusters. The most probable location for 

the MRCA of each of the Mexico DENV-2 clusters was inferred to be the Southwest 
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region, where Chiapas is located, a state that shares a border with Guatemala. The 

Southeast region, which encompasses the Yucatán peninsula, is also well represented in 

our genomic sample and shares an international border with Belize, but we find that 

sequences from the Southeast are introduced from the Southwest of Mexico rather than 

from other Central American countries (Fig 4). Further, sequences from both central 

coastal regions, East and West, appear to have originated from the Southwest. These 

patterns are similar to those observed for CHIKV, where four out of six CHIKV 

transmission clusters in Mexico have ancestral location in the Southwest (even when the 

geographic sampling distribution of CHIKV in the country is much broader than that of 

DENV-2), and to previous analyses for ZIKV (97). Thézé et al. showed that ZIKV was 

introduced into the state of Chiapas probably from Honduras, from where it spread into 

the states of Oaxaca and Guerrero across the Pacific coast (97). The repeated appearance 

of the Southwest region as an ancestral location within Mexico of transmission clusters 

for DENV, CHIKV and ZIKV provides strong evidence that this region tends to act as 

a port of entry for seasonal and emerging Aedes-borne arboviruses into the country. 

 

The observation of such persistent dispersal trends suggests that the importation and 

spread of CHIKV and ZIKV in Mexico during 2015 and 2016 were likely driven by 

similar factors. Furthermore, our results suggest that the serotype replacement dynamics 

of DENV during the 1990s and 2000s might also be influenced by some of these factors. 

Viral establishment and seasonality, as is the case with DENV, are determined by 

previous exposure and protective immunity, immunological waning and the 

replenishment of susceptible hosts (1, 26, 27, 65, 67). However, the patterns that we 
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show here suggest that arboviral spatial invasion can present similarities between viruses 

regardless of the presence or absence of protective immunity from previous exposure. It 

is nonetheless intriguing that the connectivity between regions, as inferred from 

smartphone usage, shows that human mobility between the Southwest and the rest of 

Mexico is limited (Fig 5). This could be explained by the role that other factors play in 

the transmission of arboviruses (such as environmental conditions and vector suitability) 

or limited smartphone usage in this region of the country. Similarly, the high frequency 

of human mobility between Belize and the Southeast suggests that the Yucatan peninsula 

could display distinct epidemiological trends for arboviruses as is visible from the late 

CHIKV peak in 2015 compared to other regions in the country (Fig 1C). Greater 

genomic sampling in the countries neighbouring Mexico’s southern states and a more 

detailed exploration of arboviral epidemiological trends in these locations would expand 

on the local dynamics and spread of these viruses in the region. Also, the lack of 

smartphone usage data that overlaps with the genomic sampling time period limits our 

capacity to formally test the effect of human mobility in the spread of all three viruses 

through a phylogenetic GLM (113). This highlights the importance of utilising multiple 

data streams to maximise the inferential power derived from genomic data. 

 

These predictable spatial patterns could play an important role in the design of 

surveillance programs and public health interventions, and also on the implementation 

of vaccine trials and programmes. Given that previous immunity is an important 

covariate when interpreting results for novel vaccine trials, the higher probability of new 

arboviral importations in the Southwest states make this region more likely to account 
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for areas with high seroprevalence, as has been proposed previously (13). Other Mexican 

regions from where domestic importations from the Southwest occur, such as the West 

and Southeast, have also been previously shown to present high DENV seroprevalence 

(109, 110). Conversely, the higher probability of new importations is also an important 

factor that increases the availability of susceptible individuals, as sufficiently distinct 

genetic variants (as would be the case for a new or low prevalence DENV serotype) are 

more likely to be neutralised by the pre-existing population immunity. This can be an 

important consideration particularly for Phase II and Phase III vaccine trial stages when 

vaccine efficacy is a key measured outcome, as the reduction of new cases can delay the 

data collection phase (111).  

 

While our analyses show similar patterns across viruses and timescales, it’s 

important to account for sampling bias in the interpretation of these results. Arboviral 

disease samples are naturally more likely to come from the southern regions where the 

prevalence is highest (72), and this is reflected in the representation of sequences for all 

three viruses in our data sets. The limited number of genomes from northern Mexico 

limits our capacity to quantify the role that other regions could play in the broader spatial 

dynamics of arboviruses in the country. This might be particularly relevant for analysing 

exchanges between Mexico and the southern United States, where these pathogens have 

been detected and where substantial mobility across their shared border could provide 

ample opportunities for viral importations. Incomplete sampling of the currently 

identified clusters also introduces uncertainty to our estimates for the introduction dates. 

For transmission clusters preceded by long branches in the time-calibrated phylogenies, 
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the introduction events themselves could have occurred at a time between the cluster’s 

tMRCA and the age of the preceding node. Long branches on our time-calibrated trees 

may be an indicator of unsampled viral genetic diversity that can also bias inferred 

locations of the cluster’s ancestral nodes (112). Nonetheless, the historical DENV 

epidemiological patterns and the unfolding of the ZIKV and CHIKV epidemics suggest 

are consistent with our finding that the southern regions are indeed important hubs of 

arboviral importations and transmission. It is therefore likely that our conclusions are 

sound, and that multiple arboviruses tend to be repeatedly imported and established in 

the Southwestern regions of Mexico from where they seed epidemics in other regions 

(97).  

 

Multiple tools have been developed to guide the implementation of interventions to 

control the transmission of dengue fevers and other arbovirus diseases (72, 105, 106). 

Our results add to the current knowledge of arbovirus transmission in Mexico and 

highlight the occurrence of potentially predictable spatial invasion dynamics. 

Incorporating this data into current epidemiological disease models may help to enhance 

the accuracy of current risk maps for new emerging arboviruses in Mexico and Central 

America. Finally, the key role of Mexico’s southern border in the spread of arboviruses 

prompts the necessity to better understand the role of anthropogenic factors in the 

transmission dynamics of these pathogens, particularly as it concerns the effects of land-

based migration and environmental suitability for vector species. 
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6 Phylogenetic analysis of 
the 2018 epidemic of 

Chikungunya virus 
infection in Kassala, 

Sudan 

Highlight: High domestic sampling over a limited time period restricts 
phylodynamic inference  
This chapter includes a phylogenetic analysis of a set of sequences from a 
Chikungunya outbreak in Kassala, Sudan. The short sampling time during which the 
sequenced samples were collected, despite their considerable number, highlights the 
limitations of genomic epidemiology when the temporal sampling aspect is reduced. 
 
 

This chapter presents an investigation of a 2018 CHIKV outbreak in Kassala, Sudan, 

carried out by the UK-PHRST and the Ministry of Health of Sudan. I conceived, 

performed, interpreted and wrote all the phylogenetic analyses in the published paper. 

This includes Figure 3, Supplementary Figure 1 and the Genetic analysis section in the 

following publication: 

 
§ Bower H, el Karsany M, Hussein Hussein AAA, Idriss MI, al Zain MA, 

Alfakiyousif MEA, Mohamed R., Mahmoud I, Albadri O, Mahmoud SAA, 
Abdalla OI, Eldigail M, Elagib N, Arnold U, Gutierrez B et al. 2021. 
Kankasha in Kassala: a prospective observational cohort study of the clinical 
characteristics, epidemiology, genetic origin, and chronic impact of the 2018 
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Abstract

Background

The public health impact of Chikungunya virus (CHIKV) is often underestimated. Usually

considered a mild condition of short duration, recent outbreaks have reported greater inci-

dence of severe illness, fatality, and longer-term disability. In 2018/19, Eastern Sudan expe-

rienced the largest epidemic of CHIKV in Africa to date, affecting an estimated 487,600

people. Known locally as Kankasha, this study examines clinical characteristics, risk factors,

and phylogenetics of the epidemic in Kassala City.

Methodology/Principal findings

A prospective cohort of 102 adults and 40 children presenting with chikungunya-like illness

were enrolled at Kassala Teaching Hospital in October 2018. Clinical information, socio-

demographic data, and sera samples were analysed to confirm diagnosis, characterise ill-

ness, and identify viral strain. CHIKV infection was confirmed by real-time reverse transcrip-

tion-PCR in 84.5% (120/142) of participants. Nine (7.5%) CHIKV-positive participants had

concurrent Dengue virus (DENV) infection; 34/118 participants (28.8%) had a positive
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Rapid Diagnostic Test for Plasmodium falciparum; six (5.0%) had haemorrhagic symptoms

including two children with life-threatening bleeding. One CHIKV-positive participant died

with acute renal injury. Age was not associated with severity of illness although CHIKV-

infected participants were younger (p = 0.003).

Two to four months post-illness, 63% of adults available for follow-up (30) were still

experiencing arthralgia in one or more joints, and 11% remained moderately disabled on

Rapid3 assessment. Phylogenetic analysis showed all CHIKV sequences from this study

belonged to a single clade within the Indian Ocean Lineage (IOL) of the East/Central/South

African (ECSA) genotype. History of contact with an infected person was the only factor

associated with infection (p = 0.01), and likely related to being in the same vector

environment.

Conclusions/Significance

Vulnerability to CHIKV remains in Kassala and elsewhere in Sudan due to widespread

Aedes aegypti presence and mosquito-fostering household water storage methods. This

study highlights the importance of increasing awareness of the severity and impact of

CHIKV outbreaks, and the need for urgent actions to reduce transmission risk in

households.

Author summary

Chikungunya is an arboviral disease transmitted to humans by infected mosquitoes and

characterised by fever and arthralgia. Although it is generally considered a short self-limit-

ing infection, long term sequelae and severe disease are increasingly recognised. In 2018/

19, Eastern Sudan experienced the largest epidemic of Chikungunya in Africa to date,

affecting approximately 500,000 people. We undertook a prospective hospital-based

cohort study of patients presenting with undifferentiated febrile illness in Kassala city,

Sudan, supported by next-generation sequencing. We confirmed that CHIKV was the

dominant pathogen, with positive CHIKV RT-PCR in 85% of patients presenting during

the 7-day study period. Dengue virus was also circulating with nine CHIKV RT-PCR-pos-

itive patients co-infected, and we identified high rates of Plasmodium falciparum infection

and CHIKV/P.falciparum co-infection. Genetic sequencing confirmed Indian Ocean

Lineage of the East/Central/South African CHIKV genotype. A quarter of participants

available for follow-up (16/60, 26.6%) reported being admitted to hospital including two

children with haemorrhage, reflecting the severe phenotype linked to this genotype.

Increased understanding of the health and economic burden of Chikungunya is needed,

and recognition that severe and occasionally fatal infection exists. With widespread pres-

ence of Ae. aegypti and household water storage practices that encourage mosquito breed-

ing, timely actions will be essential to prevent further large outbreaks.

Introduction

Chikungunya is often considered a mild illness and its public health impact underestimated in

Africa and the Middle East despite the fact that greater severity and long-term sequelae have

been reported increasingly in recent years.[1–3]
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First isolated in Tanzania in 1952,[4] Chikungunya virus (CHIKV) was implicated in rural

outbreaks and sporadic cases across Africa until 1980 when it effectively disappeared. In 2004,

however, it reappeared with a vengeance in a pandemic that spread from Kenya to the Indian

Ocean islands and Asia, causing millions of infections.[5,6] In central Africa, sizeable CHIKV

outbreaks in cities signalled a major shift in transmission to urban settings.[2,3,7–9]

Early symptoms of CHIKV are similar to many tropical febrile illnesses but it is differenti-

ated by debilitating arthralgia, often bilaterally and in multiple joints. Other symptoms include

headache, gastrointestinal problems, fatigue, asthenia, peripheral oedema and conjunctivitis.

[10] Although most cases improve after 1–2 weeks, recent outbreaks have seen higher inci-

dences of severe illness, including sepsis and cardiac, renal, neurological, skin and ocular man-

ifestations, and of longer-term effects including persistent pain, rheumatic symptoms,

depression, and mood and sleep disorders.[11–16] A meta-analysis of chronic symptoms stud-

ies in 15 outbreak countries found 43% of cases had not recovered at three months and 21%

were unrecovered at 12 months. Long term neurodevelopmental delays have been reported in

infants symptomatically infected through vertical transmission.[17,18] Treatment for Chikun-

gunya involves supportive care and anti-inflammatory drugs, but as yet there is no antiviral

treatment nor vaccine.[19]

Recent outbreaks have also challenged the view that CHIKV fatality is rare. Case mortality

of 10–48% was reported in the Reunion Island outbreak among cohorts of hospitalised

patients.[13,16] Central nervous system infections with fatal outcomes have been reported in

the Americas.[20] Other locations have documented substantial rises in all-cause deaths dur-

ing outbreak periods.[20–23]

Hypotheses to explain these changes include persistent immune activation triggered by

viral debris, improved surveillance, and genetic mutation, particularly a new variant known as

the Indian Ocean Lineage (IOL) which, since the 2004–2006 pandemic, has been linked to

greater severity and the highest rates of non-recovery.[24] IOL has also been linked to

increased risk of outbreak as some forms contain a mutation that allows CHIKV to use the

temperate-dwelling Aedes albopictus mosquito as a vector as well the tropical Aedes aegypti.
[5,24]

In low-resource settings, outbreaks of undifferentiated febrile illness (UFI) are both com-

mon and a diagnostic challenge. The Federal Republic of Sudan has seen 12 major outbreaks

of UFI since 2012, frequently associated with haemorrhage and high case fatality ratios [25]

and a range of high-consequence infectious diseases are endemic or epidemic in Sudan. Cri-

mean-Congo haemorrhagic fever was recently identified as a common pathogen in a retro-

spective investigation of outbreaks in Darfur.[25] Yellow fever virus epidemics occur [26] and

outbreaks of dengue fever are common.[27] The Federal Ministry of Health (FMoH) main-

tains a sentinel surveillance system and supports individual states with rapid response teams

and enhanced diagnostic capability at the National Public Health Laboratory (NPHL) in

Khartoum.

In late July 2018, the sentinel surveillance in Kassala State (Fig 1) detected an increased fre-

quency of UFI, and CHIKV was identified by the NPHL in the blood sample of a traveller to

Kassala city from nearby Red Sea State. In mid-September reports of cases with more severe

symptoms, including haemorrhage, raised fears that another pathogen might be involved.

Using a pre-prepared, locally and internationally-approved protocol, FMoH and Kassala

Teaching Hospital (KTH), supported by Kassala University and the UK Public Health Rapid

Support Team, deployed a small pre-trained study team of clinical, epidemiology and labora-

tory staff to investigate the outbreak syndrome, confirm the outbreak pathogen, and sequence

the outbreak strain.
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Methods

Ethics statement

Ethical approval was granted by the FMoH Technical Review Board, and Ethics Committees

of Karary University, Khartoum (03 August 2017) and the London School of Hygiene & Tropi-

cal Medicine (Ref: 11930). All participants or parents/guardians of children aged under 18

years provided written informed consent and assent was sought from children aged 12–18.

Participant recruitment

The study was a prospective hospital-based observational cohort of consecutive patients pre-

senting to the Kassala Teaching Hospital medical and paediatrics outpatient departments

between 10th and 16th October 2018. Recruitment criteria were individuals of any age or sex

with symptoms consistent with the KTH case definition for Chikungunya, namely history of

fever or a measured fever of>37.5˚C (tympanic), and at least three of the following clinical

features: headache, anorexia, lethargy, aching muscles or joints, breathing difficulties, vomit-

ing, diarrhoea, stomach pain, difficulty swallowing, and hiccups, or bleeding of any kind.

Patients with a positive malaria RDT were enrolled if they fit the study syndrome in case of co-

infection. Participants were enrolled at presentation and blood samples taken immediately.

Epidemiological information, clinical symptoms at presentation and subsequent laboratory

results were recorded on standardised pro-formas. The follow-up component took place 70–

120 days after enrolment (Jan-Feb 2019) depending on the availability of participants. Adults

who responded to phone follow-up provided convalescent samples and completed the WHO-

validated Routine Assessment of Patient Index Data 3 (RAPID3) disability and pain survey.

Fig 1. Study location: Kassala state, located in Eastern Sudan, 600 km the capital city, Khartoum. covers an area of

42,282 km2 and has a population 1.8 million inhabitants. Kassala City is the State capital with a population of ~

400,000. Kassala Teaching Hospital is the State tertiary hospital and provides service for all patients referred from

health centres and rural hospitals. The source of the map is: https://commons.wikimedia.org/w/index.php?curid=

16093732.

https://doi.org/10.1371/journal.pntd.0009387.g001

PLOS NEGLECTED TROPICAL DISEASES Understanding the 2018 Chikungunya virus epidemic in Eastern Sudan

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0009387 April 30, 2021 4 / 18

https://commons.wikimedia.org/w/index.php?curid=16093732
https://commons.wikimedia.org/w/index.php?curid=16093732
https://doi.org/10.1371/journal.pntd.0009387.g001
https://doi.org/10.1371/journal.pntd.0009387


[28] Children were not asked to return due to common reluctance to allow blood-draw from

healthy children, but outcome and duration of hospital stay were confirmed with parents by

phone. All contactable participants were given their RT-PCR test results.

The study protocol (available at https://doi.org/10.17037/DATA.00002018) was based on

the International Severe Acute Respiratory and Emerging Infections Consortium (ISARIC)

Clinical Characterization Protocol for Severe Emerging Infections and adapted to context.[29]

The sample size of 140 cases was informed by literature3 and feasible recruitment in the urgent

time frame (7 days).

Laboratory analysis

Haematology (Mindaray 3000 Plus, China), biochemistry analysis (Biosystem BTS 310, Ger-

many), and malaria rapid diagnostic tests (P. falciparum RDT, SD Bioline, USA) were per-

formed on all participants. Plasma samples were frozen at -80˚C and transported under liquid

nitrogen to the NPHL in Khartoum where nucleic acid was extracted (QIAamp Viral RNA

Mini kit, Qiagen, Germany) and RT-PCR performed to detect CHIKV RNA (RealStar Chikun-

gunya RT-PCR Kit 2.0, Altona Diagnostics, Germany) and DENV RNA (RealStar Dengue

RT-PCR Kit 2.0, Altona Diagnostics, Germany) using Rotor Gene Q or Corbett RG6000 ther-

mocyclers. Exposure to CHIKV and DENV was assayed by anti-chikungunya and anti-dengue

IgM and IgG indirect ELISA (Euroimmun, Germany).

Due to limited availability of anti-chikungunya IgM ELISA kits, CHIKV RT-PCR-negative

samples were prioritised for IgM testing, followed by 69 CHIKV RT-PCR-positives in order of

recruitment. All samples were tested for CHIKV IgG. An Ebolavirus RT-PCR (RealStar Ebola-

virus RT-PCR Kit 1.0, Altona Diagnostics, Germany) was performed on seven samples from

patients with haemorrhagic symptoms, collected prior to the study to rule out this pathogen:

all were negative.

Data management

All patient data were entered into encrypted software and analysed with STATA (StataCorp

LLC, USA, V14.2). Descriptive statistics are expressed as medians and Inter-Quartile Range

(IQR) or means and standard deviations (SD) for continuous variables, and frequencies and

proportions for categorical variables. Fisher’s exact, Chi2, T-tests and Spearman’s Rank Order

coefficients were used to assess association and correlation related to CHIKV RT-PCR result.

Significance was set at p<0.05. Only RT-PCR results were used in comparative analyses.

Genetic sequencing

Complementary DNA (cDNA) was prepared and Sequence Independent Single Primer

Amplification (SISPA) performed prior to library preparation using Oxford Nanopore kits

(SQK-LSK108). Sequencing on flow cells (FLO-MIN106) was done using the MinION (Oxford

Nanopore Technologies) as previously described.[30] Thirty samples were sequenced at

NPHL and analysed using Albacore 1.2 to basecall, Mash Screen [31] was used to identify the

most closely matched genome on Genbank, and a reference guided genome assembly con-

structed as described previously.[30] The first seven sequences were used to construct a basic

phylogenetic analysis using MEGA version 6 in order to identify the Kassala strain in Sudan.

With FMoH permission, sample aliquots were also transferred to PHE Porton and sequenced

using the same methods. The resulting viral genetic sequences were sent to Oxford University

Department of Zoology for phylogenetic analysis.

Whole genome sequences were aligned with publicly available complete CHIKV genomes

belonging to the ECSA genotype using MAFFT v7.450 implemented in Geneious R8.[32] A
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maximum likelihood (ML) phylogenetic tree was estimated using RAxML 8.0 [33] under a

GTR substitution model with a Gamma model of among-site rate heterogeneity. The estimated

ML phylogeny was midpoint rooted, and node support was assessed through 100 ML boot-

strap replicates. The geographic location and amino acid identity at site E1-226 of each

sequence were annotated in the tree to explore the phylogenetic distribution of those traits.

Results

Of 155 patients approached over seven days, 102 adults and 40 children were included in the

analysis. Eleven patients or their guardians refused to participate, and two cases whose samples

were lost were excluded. (Fig 2).

Participants were aged 4 months to 70 years (mean 27 years, SD 17.6); 47.9% were female,

none were pregnant (Table 1). Almost half (46.1%, 65/141) were people likely to spend more

time in a household compound (e.g. housewives, unemployed, retired, children under 5).

Median household size was 8. Two-thirds of participants lived in brick/concrete houses with

their own well and sanitation, the remainder lived in less permanent material structures with

shared water and sanitation. A third kept animals in their compound.

Laboratory results

Of 142 participants, 120 were confirmed positive for CHIKV infection by RT-PCR, giving the

case definition used a positive predictive value of 84.5%. CHIKV RT-PCR cycle threshold (Ct)

values ranged from 12–37 (mean 27.3, SD 7.6); over a quarter (27.5%) had a Ct value corre-

sponding with a high viral load (Ct<20) (Table 2). A significant positive correlation existed

between Ct value and both the number of days between onset and recruitment/sampling

(Spearman r = 0.37, p<0.001) and lymphocyte count (r = 0.23, p = 0.012). No other significant

correlations were found. Prolonged viremia was observed in seven CHIKV RT-PCR-positives

Fig 2. Flow diagram of study participants and virological findings: CHIKV: Chikungunya; DENV: Dengue Virus.
ELISA IgM testing was limited by kit availability: CHIKV RT-PCR-negative samples were prioritised, followed 69

CHIKV RT-PCR positive samples in order of recruitment.

https://doi.org/10.1371/journal.pntd.0009387.g002

PLOS NEGLECTED TROPICAL DISEASES Understanding the 2018 Chikungunya virus epidemic in Eastern Sudan

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0009387 April 30, 2021 6 / 18

https://doi.org/10.1371/journal.pntd.0009387.g002
https://doi.org/10.1371/journal.pntd.0009387


who presented 10 days after disease onset. Of 91 participants tested for CHIKV IgM antibod-

ies, 45 were positive including 14 participants who were negative on CHIKV RT-PCR (Fig 2).

There are several possible explanations for the IgM positive but RT-PCR negative cases: an

acute or recent infection outside the viraemic phase of infection and therefore outside the diag-

nostic window for RT-PCR, prior CHIKV infection but unrelated to this outbreak (as IgM

may persist for months [34]) or a false assay result.

Nine CHIKV RT-PCR-positive participants (7.5%) were co-infected with DENV, defined

as being positive on DENV RT-PCR. A further 14 CHIKV RT-PCR-positive participants had

evidence of DENV IgM antibodies, potentially indicating current or recent DENV infection,

or due to cross reactivity of other flavivirus infections. Of all samples (CHIKV-positive and

negative), 81.6% (115/141) were DENV IgG-positive suggesting previous infection with

DENV or cross-reactive flaviviruses. Of the 118 CHIKV RT-PCR-positive participants with a

falciparum malaria RDT result, 28.8% were positive, with the highest proportion in those aged

15–29 years. No participants were co-infected with all three pathogens.

Among the 69 CHIKV RT-PCR-positive participants tested for CHIKV IgM, 31 (44.9%)

were positive. Of the 119 CHIKV RT-PCR tested for CHIKV IgG, 34 (28.6%) were positive

(Fig 2). Of the 22 CHIKV RT-PCR-negative participants, 14 (63.6%) were CHIKV-IgM posi-

tive and 10 (45.5%) were CHIKV IgG positive. Participants who were CHIKV-positive on

both RT-PCR and IgM ELISA presented later in illness course than those who were CHIKV

RT-PCR-positive and IgM-negative (p<0.001). This finding was replicated with CHIKV

Table 1. Participant characteristics by Chikungunya (CHIKV) RT-PCR result.

total CHIKV positive (n = 120) % CHIKV negative (n = 22) %
Sex

Female 47.9% 56 82.3 12 17.7
Male 52.1% 64 86.5 10 13.5

Age (y), median [IQR] 22 14–40 37 21–54
Age Group (y) (n = 141)

<2 7 7 5.9 0 0.0
2–4 6 5 4.2 1 4.5
5–14 24 22 18.5 2 9.1
15–29 51 46 38.7 5 22.7
30–49 33 26 21.8 7 31.8
50+ 20 13 10.9 7 31.8

Occupation (n = 141)

< 5 child 13 12 10.0 1 4.8
Schoolchild/student 49 43 35.8 6 28.6
Housewife 31 26 21.7 5 23.8
Farmer/Outdoor worker 15 12 10.0 3 14.3
Professional/Business 7 7 5.8 0 0.0
Health worker 5 3 2.5 2 9.5
Retired/unemployed 21 17 14.2 4 19.0

Median household size (IQR) n = 102 8 8 6–11 7 5–9

Notes: Missing data: age 1, occupation 1, # in household 40. IQR: Interquartile Range

Most participants who provided residence location (69%, 80/116) came from Kassala City sectors 2, 3, 4 and 5 on the banks of the seasonal River Gash, coinciding with

areas of greatest flooding in the 2018 rainy season, and with highest case reports during the epidemic. A further 26% (30/116) were from rural areas up to 1.5 hours’

drive away.

https://doi.org/10.1371/journal.pntd.0009387.t001
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RT-PCR & IgG-positive patients who presented later than CHIKV IgG-negative patients

(p = 0.002).

Clinical presentation

Median delay from symptom onset to presentation was 2 days (IQR 1–4, n = 139) with no dif-

ference by CHIKV diagnosis or age (Table 2).

Most common symptoms at presentation among CHIKV RT-PCR-positive participants

were current or history of fever (97.5%, 2.5% data unrecorded), headache (88.2%), fatigue

(82.5%), muscle, joint and back pain (66.0%, 83.8%, 50.9% respectively), loss of appetite

(40.4%) and vomiting (40.2%). Patients who were found to be CHIKV RT-PCR-negative had

similar presenting symptoms. Five percent (6/120) of CHIKV RT-PCR-positive participants

reported bleeding, including haematemesis (4), oral bleeding (2), epistaxis (3), petechiae (1),

haemoptysis (1) and melaena (1). None of those with haemorrhagic symptoms were co-

Table 2. Clinical symptoms and cycle threshold (Ct) values of participants at presentation by CHIKV RT-PCR result (n = 142).

CHIKV positive CHIKV negative

Days from onset to presentation (median) 2 IQR 1–4 2 IQR 1–5
Symptoms at presentation % %

Fever/history of fever 117 97.5 22 100.0
Any bleeding 6 5.0 1 4.8
Headache 97 80.8 17 85.0
Joint pain 93 77.5 15 75.0
Fatigue 85 70.8 17 81.0
Muscle pain 66 55.0 16 76.2
Back pain 55 45.8 9 42.9
Loss of appetite 46 38.3 6 28.6
Vomiting 45 37.5 8 38.1
Abdominal pain 32 26.7 8 38.1
Lack of strength 25 20.8 4 100.0
Dizziness 18 15.0 3 14.3
Chest pain 17 14.2 3 15.0
Cough 17 14.2 2 9.5
Rash 13 10.8 2 9.5
Diarrhoea 11 9.2 2 10.0
Dysphagia 9 7.5 3 15.0
Dehydration 9 7.5 1 33.3
Shortness of breath 7 5.8 2 10.0
Conjunctivitis 7 5.8 3 15.0
Sore throat 6 5.0 0 0.0
Confusion 3 2.5 0 0.0

RT-PCR cycle threshold (Ct)

High (Ct <20) 33 27.5 -

Moderate (Ct 20–29) 24 20.0 -

Low (Ct 30–38) 63 52.5 -

Other pathology

Malaria RDT positive 34/118 28.8 5/22 22.7
DENV positive (RT-PCR) 9/120 7.5 3/22 13.6

Notes: RDT Rapid Diagnostic Test. Missing data: fever 3; onset date 3; malaria RDT 2.

https://doi.org/10.1371/journal.pntd.0009387.t002

PLOS NEGLECTED TROPICAL DISEASES Understanding the 2018 Chikungunya virus epidemic in Eastern Sudan

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0009387 April 30, 2021 8 / 18

https://doi.org/10.1371/journal.pntd.0009387.t002
https://doi.org/10.1371/journal.pntd.0009387


infected with DENV but one–a 9-year-old child with haematemesis–was co-infected with

malaria. Eighteen of 78 CHIKV RT-PCR-positive adults (23.1%) were hypotensive (systolic

blood pressure <100 mmHg) and seven (9.0%) were tachycardic (pulse >100), one of whom

was co-infected with DENV. Only one person was both tachycardic and hypotensive.

Information on duration of admission was collected at follow-up. Of the 30 child guardians

and 30 adult participants who responded to follow-up, 16 (26.6%) reported being admitted.

All were CHIKV RT-PCR positive and none were coinfected with DENV, but 60% (7/12 chil-

dren, 2/4 adults) had a positive falciparum malaria RDT. Children were more likely to be

admitted than adults (40.0% vs 13.3%, Fisher’s p = 0.04) and for longer: mean 4.7 days (sd 4.1)

compared to 2.3 days (sd 1.3) for adults. Both adults and children were more likely to be

admitted if they were malaria positive (p = 0.002), and children if they were bleeding

(p = 0.054). One of the four children admitted for seven or more days was malaria positive.

In analysis of blood chemistry, a significant difference was found in mean haematocrit lev-

els between CHIKV RT-PCR-positive (mean 35.9, SD = 6.27) and negative participants (mean

38.9, SD = 7.41, p = 0.05). There were no other significant differences in blood chemistry.

Heart rate and blood pressure were similar in both groups. In the CHIKV RT-PCR-positive

cohort median haematology and biochemistry results were all within normal ranges (Table 3).

Leucopenia (white blood count < 4 x 109/L) was observed in 29% (35/120) and lymphopenia

(< 1 x 109/L) observed in 50.7% (61/120). Elevated AST (>40IU/L) was observed in 22.5%

(27/120) with six participants at levels> 100 IU/L (max 259 IU/L). ALT levels >51 IU/L were

seen in seven participants with four recording levels >100 (max 150 IU/l). Acute kidney injury

was observed in one fatal case. Platelet counts < 100 x 109/L were recorded in 23/120 CHIKV

RT-PCR-positive participants, of whom 14/23 (60.9%) were also falciparum malaria RDT-pos-

itive and none were DENV PCR-positive. Platelet counts < 50 x 109/L were observed in six

participants, three of whom also had positive malaria RDT.

Compared to those with a single infection, CHIKV/DENV co-infected participants had

higher mean systolic blood pressure (p = 0.03) haemoglobin (p = 0.01), haematocrit (p = 0.03),

Table 3. Mean clinical parameters of participants at presentation by CHIKV RT-PCR result.

CHIKV positive SD n CHIKV negative SD n
Heart rate (beats/min) 91.2 19.2 114 83.5 15.8 21
Respiratory rate 20.4 2.9 12 18.0 n/a 1
Systolic pressure 102.9 20.2 78 106.3 12.5 20
Diastolic pressure 68.0 13.1 78 70.2 7.5 20
Haemoglobin (g/dL) 11.6 2.2 120 12.5 2.5 22
Haematocrit (%)� 35.9 6.3 119 38.9 7.4 22
WBC (103/uL) 6.1 3.1 120 4.8 2.2 22
Lymphocytes (103/uL) 2.1 2.4 118 2.9 6.6 22
Platelets (109/L) 227.0 143.3 120 190.6 131.0 22
Nitrogen oxide 3.8 2.0 113 2.9 1.7 22
Urea (mg/dL) 24.8 14.9 119 26.1 11.3 22
Creatinine (mg/dL) 0.8 0.7 119 0.9 0.2 22
Bilirubin 0.7 1.5 119 0.9 1.3 22
AST (IU/L) 36.0 33.9 119 28.2 17.4 22
ALT (IU/L) 23.1 23.4 118 21.5 14.4 22
Albumin 14.9 6.8 69 17.6 6.4 17

Notes: WBC White Blood Cells; AST Aspartate aminotransferase; ALT Alanine aminotransferase.

�Significant difference p = 0.049

https://doi.org/10.1371/journal.pntd.0009387.t003
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bilirubin (p = 0.002) and albumin (p =<0.001). They were also more likely to present with

back pain than those with CHIKV alone (p = 0.003).

Severe or fatal disease

The study recruited one case with a fatal outcome–a male teacher aged 52 transferred to KTH

13 days after onset of symptoms. He was CHIKV RT-PCR-positive with a Ct of 30 and no

coinfection. At admission he had petechiae and minor bruising but no other evidence of bleed-

ing. He died from sepsis complicated by disseminated intravascular coagulation and acute kid-

ney injury (Blood/Urea/Nitrogen (BUN) 154 mg/dL, creatinine 7.8 mg/dL, AST 259 IU/L,

ALT 59 IU/L, platelets 111 x 109/L).

Two children in extremis with significant haemorrhage were recruited at the paediatric

department. Both were CHIKV RT-PCR-positive without coinfection. The 16-year-old was

admitted on day 2 of illness with a history of fatigue, headache, back pain, anorexia, oral muco-

sal haemorrhage, and profuse epistaxis. He was in shock (pulse 120, BP 84/50, respiratory rate

25) with a platelet count of 10 x 109/L, Hb 12.5 g/dL, WBC 10.5 x 103/uL, HCT 38.9%, AST 47

IU/L, ALT 24 IU/L, BUN 26 mg/dL, creatinine 0.8 mg/dL and CHIKV RT-PCR Ct 29.63. He

was resuscitated with blood and platelet transfusion, underwent nasal packing, and was dis-

charged after 15 days. The second child aged 7 years presented on day 0 of illness with epi-

staxis, haematemesis, melaena, bruising and anorexia. Her pulse was 130 and Hb 10.2 g/dL,

WBC 4.6 x 103/uL, platelet count 20 x 109/L, HCT 30.7%, urea 22 mg/dL, creatinine 0.5 mg/

dL, AST 175 IU/L, ALT 129 IU/L and CHIKV RT-PCR Ct of 26.8. She was also resuscitated

with blood and platelets and discharged well after nine days’ admission.

Factors associated with CHIKV positivity

The mean age of CHIKV RT-PCR-positive patients was significantly less than CHIKV

RT-PCR-negative patients (p = 0.003). CHIKV RT-PCR-positives were also more likely to

report having been in contact with someone who was ill (p = 0.01) but as CHIKV is not trans-

mitted person-to-person, this finding likely relates to being in the same vector environment.

No associations were found with any other exposure including mass gatherings, funerals/

corpses, or contact with livestock, birds or rodents.

Convalescent follow-up

Thirty (29.7%) of the 102 adult participants were available for follow-up, 29 (28.7%) refused,

and 42 (41.6%) could not be reached. Median time to follow-up for adults was 75 days (IQR

71–94) after enrolment; 52% were male. Parents of 30 of the 40 child participants responded to

contact. All 60 participants followed-up were CHIKV RT-PCR-positive at baseline. Of adults

followed-up 43.3% (13/30) had spent 1–2 weeks off work and 20.0% (6/30) 2 or more weeks

(Table 4). Twenty-three of the 30 adult convalescent samples collected (76.7%) were IgG posi-

tive: 10 were IgG-positive in both acute and convalescent samples, 13 had seroconverted since

recruitment, and seven remained IgG negative. Children were not sampled.

Chronic disability

Only adult follow-up participants were surveyed for ongoing disability; median age was 27

years (IQR 24–45). Of these, 63.3% (19/30) were still experiencing arthralgia, most frequently

in the knee (46.7% 14/30), ankle (36.7% 11/30) wrist (30.0% 9/30) and shoulder (26.7% 8/30).

Asked to rank pain and general wellbeing over the previous week on a scale where 10 was the

most pain/most unwell, respondents reported a median pain score of 4 (IQR 2–5) and median
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wellbeing score of 7 (IQR 3–8) (Table 4). A third (36.6%, 11/30) indicated their pain was

greater or the same as during the acute phase of their illness, and even those with less pain

than before reported continuing to take painkillers, anti-inflammatories, corticosteroids, or all

three, for their condition. In total, 60% continued to take medication.

Of the 28 respondents who completed the RAPID3 disability survey, three-quarters

reported a continuing effect on day-to-day activities, including difficulties getting out of bed

(28%), walking 2 miles (35%), and getting in and out of a vehicle (17%), while 10–15%

reported difficulty with activities such as turning on taps, bending and sleeping well. Rapid3

scaling indicated that, 70–120 days after their acute illness, 10.7% (3/28) of respondents were

experiencing moderately severe disability and 60.7% (17/28) low severity disability. The

remaining eight (28.6%) respondents were considered nearly recovered (Table 4). Neither age,

sex, level of viremia on admission, or pre-existing conditions such as diabetes, hypertension

and osteoarthritis, were associated with level of residual disability, or duration of absence from

work.

Genetic analysis

Virus genome sequencing found that all CHIKV RT-PCR-positive samples belonged to a sin-

gle monophyletic cluster in the Indian Ocean Lineage (IOL) of the ECSA genotype of CHIKV.

(Fig 3) Between 84–95% (mean 93%) genome coverage was achieved at least x20 depth across

Table 4. Impact of CHIKV infection on work and disability 70–120 days after acute infection.

Adults (n = 101) %/IQR Children (n = 40) %/IQR p (Fisher)

Follow-up response rate 30 29.7% 30 75.0%
Median days to follow-up 75 IQR 71–94 - -
Hospital care (n = 30)

Discharged the same day 26 86.7% 18 60.0% p = 0.039

Admitted for at least 1 day 4 13.3% 12 40.0%
Median days admitted 2 IQR 1.5–3 3 IQR 2–7

Absence from work

< 1 week 11 36.7%
1–2 weeks 13 43.3%
3–4 weeks 4 13.3%
>4 weeks 2 6.7%

RAPID3 disability score (n = 28)

Near remission 8 28.6%
Low disability 17 60.7%
Moderate disability 3 10.7%

Current presence of pain (n = 30) 19 63.3%
Location of pain (multiple possible)

Knee 14 46.7%
Ankle 11 36.7%
Wrist 9 30.0%
Shoulder 8 26.7%
Fingers 7 23.3%

Median pain perception score 4 IQR 2–5
Median wellbeing score 7 IQR 3–8

Notes: Pain perception and wellbeing are scored on a 0–10 scale with 10 being the worst pain and feeling the worst. IQR: Inter Quartile Range

https://doi.org/10.1371/journal.pntd.0009387.t004
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all samples (Genbank Accession Nos. MW161364-161460). This clade is distinct from those

previously identified in Western and Central Africa, suggesting that the Kassala outbreak

was caused by an independent introduction of an IOL strain into the region. This might have

occurred via the Middle East or Indian Subcontinent since the Kassala sequences are closely

related (i) to the Henan and Shivane variants identified in China and Hong Kong, which

originated in returning travellers from India/Pakistan, and (ii) to a clade that includes

sequences from a 2016 outbreak in Pakistan and other sequences from India and Bangladesh.

Absence of the A226V mutation—a mutation associated with the capacity of the virus to

infect Ae. Albopictus [35,36]—confirms Ae. aegypti as the most likely outbreak vector spe-

cies.(S1 Text)

Fig 3. Maximum likelihood phylogenetic tree of the ECSA genotype and its two distinct lineages showing the location of the Kassala 2018/19 strain: Maximum
likelihood phylogenetic tree of the East/Central/South African (ECSA) genotype and its two distinct lineages: the Indian Ocean Lineage (IOL) and the Middle African/
South American (MASA) lineage. The monophyletic Kassala epidemic clade groups with sequences that originate from the Middle East and India and represents a

distinct lineage from other African CHIKV variants. Node support values were evaluated using 100 bootstrap replicates and are illustrated using colour at nodes (with

white representing 0 and black representing 100). The 2016 Mandera outbreak also represents a possible introduction from the Indian subcontinent and appears to be an

independent event from the Kassala epidemic. Neither the Mandera or Kassala outbreak contained the A226V albopictus adaptive variant.

https://doi.org/10.1371/journal.pntd.0009387.g003
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Discussion

Our phylogenetic analysis suggests the unprecedented Chikungunya epidemic that took place

in the Eastern states of Sudan in 2018–19 was caused by an independent introduction of a

CHIKV IOL virus, of the same lineage responsible for the outbreaks observed worldwide dur-

ing 2004–2007 and linked to more severe manifestations of CHIKV disease.[24]

Over the nine months of the epidemic, Kassala State and Red Sea State reported 48,763

cases of chikungunya. Seroprevalence surveys in other outbreak locations, however, suggest

only 2–15% of cases are captured by surveillance and reporting systems.[37–40] A conservative

estimate of 10% of cases captured suggests some 487,600 cases occurred in the Kassala and Red

Sea State epidemic, making it the largest outbreak of Chikungunya in Africa and the Middle

East to date. There are multiple reasons to suspect substantial under-reporting and under-

diagnosis in this outbreak including: use of a sentinel surveillance system normally intended to

raise an alert rather than capture every case (one study reported a ratio of 67 symptomatic

cases for every one picked up by the sentinel system [40]), population reluctance to seek medi-

cal attention at hospitals due to cost and limited treatment options, limited diagnostic

resources, absence of data collection in private clinics, and the range of CHIKV illness severity.

Made possible by the established research collaboration between the FMoH and the UK Public

Health Rapid Support Team on outbreak response, this study utilised pre-approved protocols, pre-

trained staff and, for the first time within Sudan, next generation sequencing technology in-coun-

try. We confirmed that CHIKV was the dominant pathogen responsible for the outbreak, that

DENV was also circulating with 1 in 5 CHIKV positive patients co-infected and, importantly, that

there was a high frequency of falciparum malaria transmission and of CHIKV/malaria co-infec-

tion. The 14 cases with chikungunya RT-PCR negative and ELISA IgM positive results were not

unexpected given that the diagnostic window for IgM and RT-PCR are different (IgM antibodies

emerge later during the infection and last for longer [34] than the viraemic phase when RNA is

identified by RT-PCR). Other possible explanations are prior CHIKV infection but unrelated to

this outbreak (as IgM may persist for months [34]) or a false assay result. As IgM/IgG results can-

not confirm a diagnosis they were not used to define Chikungunya infection in any analyses.

The cohort recruited were young (median age 27) and largely presented with non-specific

febrile symptoms plus poly-articular joint pain. Nevertheless, based on our follow-up cohort, a

substantial proportion—one in four—were admitted to hospital, reflecting the impact of the

high frequency of malaria co-infection (60%) as well as the severe phenotype observed in a

subset of patients, including the potential for haemodynamic disturbance in adults. As we have

described, 5% of patients with CHIKV (P. falciparum and DENV negative) had evidence of

bleeding and loss of haemostasis. Two children in particular were gravely unwell with life-

threatening haemorrhage associated with severe thrombocytopenia and need for blood prod-

uct resuscitation, while one adult died of multi-organ failure including acute kidney injury.

Severe and fatal CHIKV infection has been reported previously during outbreaks challeng-

ing the misconception that it is only a mild self-limiting diseases.[13,41] Increased risk of

severe disease has been suggested in extremes of age (neonates and > 65 years) and those with

underlying medical problems including immunosuppression.[10,15] Severe disease has been

associated with neurological complications such as acute flaccid paralysis and Guillain-Barré

syndrome.[42–44] Brazil, Reunion Island and India all reported higher case fatality and excess

deaths during their epidemics, [12,13,16,21,22] though fatality is still considered rare, occur-

ring in less than 1 in 1000 cases.

Although we did not find associations between severe illness and age in our study, or with

chronic illness, due to our age-limited follow-up, the findings described by previous studies

are consistent with the severe phenotype of CHIKV we observed in Kassala, including a one
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confirmed CHIKV RT-PCR-positive death and life-threatening bleeding due to loss of hae-

mostasis with thrombocytopenia. The high frequency of P. falciparum infection detected

underpins the importance of both malaria diagnostics and public messaging in malaria-

endemic settings when chikungunya outbreaks occur.

Our study was biased towards more severe cases due to hospital-based recruitment and had

a low response rate in follow-up where we also lacked a control group. There was a low

reported sensitivity of 76.7% (23/30) for the CHIKV IgG ELISA in the convalescent samples

tested but it was not possible to determine whether this was due to assay failures or other fac-

tors, in part, due to the inability to retest original acute samples to verify results.

However, our findings that 63% of respondents had persistent pain three to four months

after acute illness are similar to those of a case-controlled study on La Reunion Island. This

study found 53% of IOL-strain CHIKV-positive participants reported twice as much pain

compared to controls 12 months after their illness.[45] Our findings were also similar to those

of a meta-analysis of chronic disability across all CHIKV strains which found on average 52%

of IOL-strain patients were still disturbed by symptoms at three months, compared to 39% of

Asian lineage and 14% of ECSA group patients.[24]

Our finding that the only significant risk factor for contracting CHIKV was proximity to a

case suggests identifying and supporting vector control measures acceptable to the community

should be a priority for public health authorities seeking to prevent future CHIKV and other

Aedes-transmitted epidemics in Sudan. Entomological research carried out by Kassala Univer-

sity in 2014/15 showed high Ae. aegypti density across the city and a high proportion of house-

holds storing water in their compounds in un-protected clay pots.[46–48] In 2018 the

situation was exacerbated by intense seasonal rainfall which displaced 50,000 residents and

flooded many areas, a situation repeated in 2020.

Measures such as improved water infrastructure, covered water storage containers, and

increased population awareness of the importance of preventing mosquitoes from breeding in

household compounds are important.[46] Heightened vector surveillance is also needed to

monitor for presence of Ae. albopictus, which could prompt further outbreaks of different

CHIKV strains, and to investigate the potential role in the sylvatic cycle of the large population

of Macaques monkeys which live close to residential areas.

Finally, but importantly, it is essential that State Ministries of Health throughout Sudan

enhance their risk communication and public information strategies around Chikungunya to

underline that severe and occasionally fatal infection exists. With widespread presence of Ae.

aegypti and a similar water storage practices throughout Sudan, timely official and community

actions will be needed to prevent another large outbreak in the near future.
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7 Discussion 

Despite having developed relatively recently, the fields of phylodynamics and 

genomic epidemiology have seen tremendous progress over the last decade. The 

COVID-19 pandemic further catapulted the application and utility of these tools to 

higher levels of impact, as they are well adapted to study fast-evolving, emerging RNA 

viruses, such as SARS-CoV-2. This, combined with some the of largest virus genomic 

surveillance programmes established to date, has generated copious amounts of data 

from locations worldwide. Some recent technical advances have been driven by 

challenges particular to SARS-CoV-2, such as data generation and management, 

computational efficiency, and the flexibility to adapt to a dynamic pandemic in real-time 

(e.g., (1–3)).  

 

The results in this thesis highlight the applicability of phylogenetic methods to 

reconstruct and evaluate the transmission and evolution of emerging viruses, including 

SARS-CoV-2 and other well studied pathogens. Chapter 2 describes the evolutionary 

genetic history of OROV and explores the effects of natural selection on the virus’ 

genome as it spread across South America. The results show how the viral surface 

glycoprotein is affected by natural selection (both at the sequence level and through the 

emergence of novel N-linked glycosylation sites) and suggest that the virus engages in 

frequent reassortment, as inferred from sampled and unsampled genomic data (the latter 
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becoming evident through the discrepant root ages of the time-calibrated phylogenies of 

the individual genome segments). Chapter 3 focuses on the spatial transmission 

dynamics of SARS-CoV-2 in Ecuador and shows that the first year of the epidemic in 

Ecuador was driven by multiple introductions that rapidly spread within the country. 

The substantial number of introductions that did not appear to lead to further 

transmission (i.e., singleton sequences) observed in the two most populous provinces in 

the country (one of them featuring the highest excess mortality rate during 2020) suggest 

that these likely accounted for a substantial proportion of these introductions, especially 

during the early months of the pandemic. Large numbers of singletons correspond to 

either poorly sampled transmission lineages or true imports without onward 

transmission, emphasising the frequency at which viral importations took place on both 

the Guayas and Pichincha provinces. 

 

Also concerning SARS-CoV-2, Chapter 4 investigates the emergence and 

circulation of a recombinant lineage in North America that spread across the USA, 

Mexico and Central America over several months. Given the limited amount of viral 

genetic diversity, these analyses also utilise information about deletions shared by the 

lineages under investigation to determine the likely parental lineages and the resulting 

recombinant lineage, now classified as the XB lineage in the Pango nomenclature (4). 

Chapter 5 integrates genomic and epidemiological data to explore the transmission 

patterns of two important arboviruses in Mexico, CHIKV and DENV, and reconstructs 

their epidemic and spatial dissemination patterns. For this study, new genome sequences 

of CHIKV and DENV-2 were generated and analysed in context of epidemiological 
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surveillance and human mobility data. The results show that a southern region of Mexico 

frequently acts as a port of entry for different arboviruses into the country. Plausible 

sources for the viruses are identified, and I show that new arbovirus introductions are 

followed by changes in virus epidemiological trends over the following months or years.  

Finally, Chapter 6 shows that the 2018 outbreak of CHIKV in Kassala, Sudan, derived 

from a single introduction of the IOL genotype, which had previously circulated in the 

Indian Ocean territories and India before being re-introduced into Africa on at least two 

independent occasions (once in Kenya in addition to the Kassala introduction). 

 

A common feature of these data sets and analyses is the presence of incomplete 

sampling. The vast heterogeneity in genome sampling across both temporal and spatial 

scales is one of the well-documented shortcomings of the current SARS-CoV-2 genomic 

surveillance efforts; while some coordinated national efforts have produced very large 

numbers of virus genomes for some countries, entire regions of the world have suffered 

from sparse genomic coverage (5). This is exemplified by the relatively low number of 

genome sequences in the Ecuador SARS-CoV-2 data set (160 genomes), which I 

conclude fail to represent the early weeks of the epidemic in the country as the high 

weekly excess mortality data from the country during March and April does not correlate 

with the scarce number of genome sequences generated during these months (Chapter 

3). It is also likely that the data set used to identify the XB linage suffers from some 

sampling gaps, explaining why genomes from the recombinant lineage were sampled 

earlier than genomes from both parental lineages. This is likely due to the relative 

frequency of the lineages compared to other circulating variants (Chapter 4). Beyond 
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SARS-CoV-2, the OROV data set comprises a maximum of 149 genomes (for the most 

frequently sequenced segment) from samples collected over 60 years of viral circulation 

in the region (Chapter 2). The genomic coverage of DENV-2 in Mexico (Chapter 5) and 

of CHIKV in both Mexico and Sudan (Chapter 5 and Chapter 6) provide a better 

representation of the viral circulation in their respective countries, but the phylogenetic 

analyses in both cases highlight the plausible sampling gaps in other countries that could 

be associated with the importation and circulation of the viruses. 

 

7.1 From case identification to genomic sequencing 
Sequencing viruses in an epidemic context relies on the identification of individual 

cases of the disease they cause. For this reason, the study of epidemics naturally brings 

forth practical challenges in data generation and collection. Outbreak investigations 

seldom allow for the design of a sampling scheme that guarantees that the data being 

produced will provide a complete and unbiased representation of the population at large. 

The notion that data imperfectly represents the phenomenon being studied, a key 

assumption of many methods of statistical inference, can be further amplified when 

practical issues of data collection in real-world scenarios arise. Furthermore, the 

unexpected nature of outbreaks means that the deployment of resources to perform data 

collection can be delayed, leaving irrecoverable information gaps. 

 

It’s important to understand the process of data generation and how this ultimately 

affects phylodynamic inference, which begins with case identification. This is achieved 

through diagnostic testing of infected individuals, which is contingent on testing 
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capacity and distribution. For viral infections, this normally means laboratory capability, 

access to specialised equipment and a constant supply of reagents. Home tests as 

implemented during the COVID-19 pandemic (e.g., lateral flow tests, LFTs) are an 

exception to this observation, but some of the limitations of their deployment are similar 

to those of laboratory tests. The interplay between accessibility (i.e., are there sufficient 

healthcare providers to investigate all infection cases across space and time, and can all 

patients with suspected infection timely access to healthcare?) and capacity (i.e., are 

there enough technical personnel, home tests such as LFTs, reagents, laboratory 

equipment and other resources available to perform accurate diagnostic tests and report 

their results in a timely manner?) defines the baseline at which epidemiological data can 

be generated. Once diagnostics have been deployed, the attribution of metadata to 

individual records can add layers of actionable information to individually-diagnosed 

cases. Most importantly the demographic details of the person being diagnosed, the key 

dates of disease progression and the details of past movements can provide valuable 

information for efficient modelling of transmission dynamics (Annex 1; (6)). This has 

recently been characterised under a formal framework under the WHO Guidance for 

surveillance of SARS-CoV-2 variants (7); at the highest priority level of expected 

metadata, the sampling strategy by which samples for sequencing are collected is 

identified as an important field. Establishing whether samples were part of random 

sampling or focused outbreak investigations can expand the potential epidemiological 

links between sequences and aid in the interpretation of downstream analyses. 
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This diagnostics pipeline is also the backbone of genomic data generation, which 

relies on the presence of sufficient viral genomic material in a sample for efficient 

sequencing (8, 9). Data incompleteness in a genomic epidemiology context can be less 

serious than for traditional epidemiological data sets because phylodynamic analysis 

methods inherently draw information and establish links among samples from the 

genetic sequences themselves. As samples are not entirely independent observations but 

rather partially correlated due to shared ancestry, the links between samples are 

established by inferring the unobserved ancestors. However, sampling imbalances and 

gaps can still introduce bias into phylodynamic inference: the omission of important taxa 

(i.e., unsampled cases) can result in lineages not being identified, which is significant if 

the characteristics of such lineages contribute to the broader epidemic process. For 

example, when the goal of the analysis is to describe the spatiotemporal spread, missing 

cases that result in no forward transmission have less of an impact than missing cases 

that show where prevalent lineages were circulating. This issue is challenging in both 

systematics (10) and in genomic epidemiology, particularly given that it is unfeasible to 

predict the spatiotemporal distribution of individual lineages without any prior 

information (11–13).  

 

Related to this is the challenge of power calculations and estimating ideal sample 

sizes in genomic sampling, because the information content of a set of genomes is not 

necessarily defined directly by the number of sequences but rather by the genetic 

diversity represented in the data (i.e., the partial correlation between sequences arising 

from shared ancestry makes it inadequate to treat every new sequence in a data set as an 
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independent new observation). Even high rates of genomic sampling can still lead to 

insufficient information to accurately estimate key evolutionary parameters if the 

genomes contain little genetic diversity, a concept that has been proposed as the 

phylodynamic threshold (14). The considerable genomic sampling in the 2018 CHIKV 

Kassala epidemic (Chapter 6) shows that large numbers of genome sequences, while 

increasing the certainty that a single introduction caused the entire epidemic, do not 

necessarily provide greater analytic power of the epidemic dynamics themselves. 

 

7.2 Unsampled sequences in phylodynamics 
A common feature of epidemic investigations is that sampling intensity fluctuates 

across space and time, as surveillance systems are implemented, scaled-up and extended 

to reach more remote areas (15). This can lead to two possible outcomes: a poor 

correlation between number of sequences and number of new cases in an epidemic 

across time, and the unbalanced representation of specific geographic locations with 

respect to the spatial distribution of cases. Crucially, a combination of both situations 

can have strong effects on the resulting parameter estimates of the spatial diffusion 

process. Temporal sampling gaps can reduce the accuracy of the inference of when 

common ancestors occurred in the phylogeny, while missed sampling in specific 

geographic locations biases the estimate of the past locations where a pathogen 

circulated and from where it was exported to other destinations. Overall, inferred 

transitions between discrete locations, or the geographic accuracy and precision of 

inferred ancestors, can be considerably influenced by the sampling distribution (11, 12). 
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This is evident from the analysis in Chapter 3, in which the long branches (on time-

calibrated phylogenies) leading to some of SARS-CoV-2 transmission lineages in 

Ecuador serve as indicators of sampling gaps. In this analysis, some Ecuador 

transmission lineages exhibit long internal branches that connect older basal nodes to 

more recent terminal ones. These long branches possibly represent sampling gaps which, 

if filled with missing sequences from Ecuador, would help resolve the trajectory of these 

lineages within the country. The identity of the missing tips would provide additional 

information to identify spatial origins and routes of geographical spread, which is 

currently unfeasible using the available genomic data alone. In fact, the large number of 

infections (suggested by the high excess mortality rate) observed during the first weeks 

of the epidemic in Ecuador contrast with the low number of genomes from the same 

time period (Figure 1C, Chapter 3), indicating under-sampling during the early 

epidemic. This is highlighted by the data from the Guayas province, which greatly 

contributed to the excess mortality estimates for the country during the first wave. 

Despite the apparently good genomic representation of this province during 2020 

(Figure 1B, Chapter 3), most of these samples were obtained after the severe first wave. 

Furthermore, a large number of singleton sequences can be observed in Guayas, 

suggesting plausible importations that led to limited to none forward transmission 

(Figure 3B, Chapter 3; Figure S2, Chapter 3). These two observations suggest that the 

genomic underrepresentation from the first wave in Guayas potentially misses the origin 

of a substantial portion of the viral genetic diversity circulating in the rest of the country. 
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Similar limitations are evident at longer timescales and for analyses featuring 

multiple discrete locations. The results in Chapter 5 show that DENV-2 was introduced 

into Mexico multiple times during the 2000s; interpretation of a DTA phylogegraphic 

model suggests that the source of these importations was Nicaragua, however it is likely 

that countries like Guatemala, Honduras and El Salvador also play a major role in 

seeding DENV-2 epidemics in Mexico. This hypothesis could be evaluated 

phylogenetically if better genomic coverage from these countries was available, but 

some evidence for it can be obtained indirectly. The identifiable role of the Southwestern 

region of Mexico as a location of entry for arboviruses (Figure 2 Chapter 5; Figure 4 

Chapter 5) and the region’s high connectivity with Guatemala, as measured through 

smartphone usage data (Figure 5 Chapter 5), suggests that Guatemala could act as a 

transit state through which lineages from Nicaragua pass and circulate on their way to 

being introduced into Mexico. A prediction from this hypothesis is that sequences from 

Guatemala would tend to be basal to the Mexico clusters, as is the case for the only two 

available Guatemalan DENV-2 sequences. Similarly, a more detailed analysis of the 

phylogenetic reconstruction of the spread of CHIKV around the Indian Ocean and its 

introduction into Sudan would test the possibility that the sequences from the 2018 

Kassala epidemic derive from unsampled outbreaks in nearby regions such as the Middle 

East, rather than from the widely sampled epidemics in India (Figure 3 Chapter 6). More 

generally, the phenomenon uneven spatio-temporal sampling should be further explored 

by contrasting phylogenetic results with epidemiological and mobility data, and ideally 

by integrating these data sources. 
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7.3 Data contrast versus data integration 
The examination of evidence from independent data sources can improve the 

confidence of the conclusions drawn in a range of research fields. This approach is a 

time-tested feature of scientific inquiry, and an important component of the use of 

phylogenetic methods to understand the spread and evolution of viruses, validate 

findings and open new research questions. Given that interactions among hosts play a 

significant role in the transmission of pathogens, epidemiological, behavioural and 

spatial data on the hosts are now recognised as important data sources that can 

contextualise genomic findings and to provide clearer views of pathogen transmission 

(16). However, on a technical level, simple ‘compare and contrast’ approaches to 

independent data sources can limit the capacity to formally test hypotheses. An 

important limitation of Chapter 5, in which the phylogeographic patterns of DENV-2 

and CHIKV spread are compared to human mobility patterns, is that the effect of 

mobility on viral spread could not be directly quantified since our smartphone use data 

(used to infer human mobility trends) does not overlap with the genomic sequence data 

sampling dates; at a more basic level, results can be interpreted in light of both sets of 

observations.  

 

On the other hand, data integration can be a powerful way to effectively and jointly 

maximise the utility of both genomic and non-genomic data, such as with the 

incorporation of external information sources into phylogenetic spatial diffusion models 

(11). A good example for this comes from the COVID-19 pandemic. SARS-CoV-2 

genomic data was used to track the spread of the virus from its likely origin in Hubei, 
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China, into Europe and North America. However, the severe first waves in countries like 

Italy and Iran limited the generation of genomic data from these locations, which 

represented a gap in the reconstruction of the complete geographic spread of the virus 

during these early stages. In light of this, human mobility data was incorporated into 

phylodynamic models in the form of self-reported travel histories from sequenced 

patients; this solution yielded an improved resolution on the broad mobility patterns of 

specific lineages (13, 17). In fact, multiple studies on the importation dynamics of the 

virus to different countries rely mostly on epidemiological and travel data rather to 

identify importation sources rather than genomic data as a way to circumvent inherent 

sampling biases and to confirm or inform phylogenetically inferred importations (17–

20). An alternative approach is the integration of other independent data sources for 

human mobility to inform the phylogeographic transition rates, either as explicit model 

priors (21) or through a GLM that directly informs the diffusion process (13, 22–24).  

 

7.4 Future work 
Given that infectious disease epidemics can be spatially structured and conceived as 

complex networks or hierarchical metapopulations (25), and that heterogeneous 

sampling across interconnected locations can bias epidemiological model parameter 

estimates (11, 26), data generation practices across administrative divisions will affect 

the capacity to compare trends across countries and regions. The inference of epidemic 

dynamics also presents a major challenge to the generation of models that integrate 

diverse data generation regimes and accurately describe transmission dynamics over 

large areas (27). The data-collection schemes and descriptions presented in the Annex 
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section (Annex 1) highlight the opportunities and challenges of data integration and 

showcase some of the data imbalances that can become problematic. For example, the 

estimation of the number of new pathogen importations derived from incidence data 

combined with mobility data (18, 28) can be influenced by inaccurate incidence 

measures from locations with poor epidemiological surveillance (29). It is therefore 

important to consider the sources of information, their limitations in the local context 

and the comparability between estimates. 

 

Among these limitations is the awareness of sampling intensity across time. Explicit 

models that account for changes in sampling intensity in phylogenetic inferential 

frameworks have been recently developed and evaluated (30–32), and represent an 

exciting new avenue of research. Likewise, given the bias in the estimation of ancestral 

node locations in a phylogeny through spatial diffusion phylogeographic methods (11, 

12), new approaches that account for spatial sampling imbalances (26) can better 

accommodate for diverse genomic data sets and improve their inferential accuracy. 

These new models need to be further validated (particularly for their universal 

applicability and limitations) and, if successful, will be of particular importance for 

locations where sequencing capabilities can only scale-up to a limited extent. In this 

sense, the expansion of the current set of phylodyamic methods will be crucial to 

improve the usability of data with important sampling gaps, as these types of data sets 

will likely remain a prevalent source of information from settings where genomic data 

generation is challenging. 
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7.5 General conclusions 
The results presented in this thesis present new insights into the transmission and 

evolution of different emerging viruses across different settings where sampling gaps 

are common, whether due to the opportunistic nature of sampling (as with the analysis 

of historical data sets from virus collections) or to the challenges of generating genome 

data in real time during an outbreak due to limited resources. Furthermore, it is evident 

that tracking the spread and evolution of viruses across countries adds additional 

challenges related to the differences in the capacity to generate genomic data from 

distinct locations. Nonetheless, the wealth of information provided by genomic data 

facilitates the study of important phenomena where sampling gaps themselves can be 

informative.  

 

The genomic surveillance of emerging pathogens is turning into a public health 

priority for countries across the globe and is of particular importance for regions where 

the likelihood of new viral threats is high due to their geographical and climatic features, 

biodiversity and increasingly frequent contacts between humans and animals. Despite 

the remarkable advances in establishing sequencing capacity across the globe 

(accelerated by the COVID-19 pandemic) challenges to random, population level 

sampling (mostly tied to preparedness, institutional and resource limitations, as well as 

access to remote populations) mean that information gaps will likely remain a prevalent 

feature of genomic data sets. Alongside the optimisation of genomic surveillance itself 

(a task that should focus on currently underdeveloped regions), there needs to be further 

development and evaluation of methods that make better use of different information 
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sources and which utilise and synergise all kinds of epidemiological data, from 

traditional case data to pathogen genomes. For this purpose, the wealth of genomic data 

available for some regions can serve as an important validation tool: down-sampling 

large genomic data sets and evaluating the accuracy of inferential methods on these 

reduced data sets, compared to the full data set, can provide empirical means to test the 

effects of sampling on phylodynamic inference. This particular topic is an area of active 

research at the time of writing. In a widely interconnected world where epidemic threats 

become increasingly shared amongst all nations, this approach presents a way to develop 

broadly applicable tools for the individual needs of different countries and to improve 

our general knowledge of the emergence of new viruses. 
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Figure S1 (above). Correlation plots between tip-to-root distances versus sampling estimated 

in TempEst for the three OROV genome segments. Outliers (determined through visual 

inspection) are highlighted in red. Sequences corresponding to the points highlighted in red 

(sequences PA01 and PA03 for the M segment; sequences AM01, AM03 and BeH389865 for 

the S segment) were excluded as outliers prior to the estimation of the individual plots for 

each M lineage and all further molecular clock analyses. Regression slope (interpreted as 

rough estimates of the mean evolutionary rate), correlation coefficients and R2 values are 

shown for each plot. 
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Figure S2 (above). Maximum Likelihood trees for the three OROV genome segments. (a) 

Small (S) segment phylogeny. (b) Medium (M) segment phylogeny. (c) Large (L) segment 

phylogeny. Tip labels and corresponding branches are colour coded by the country of origin 

for each sample, with grey samples indicating sequences obtained from non-human hosts and 

vectors (species indicated in the tip label). Node support from 100 bootstrap replicates is 

shown for the basal internal nodes of each tree. 

 



 



Figure S3 (above). Pairwise comparison of maximum-likelihood phylogenetic trees of the 

three OROV genome segments suggest widespread reassortment. The L and S trees are 

midpoint rooted, and the M tree was re-rooted to maximise its topological congruency with 

its closest match, the L tree. Node support representing 100 bootstraps is shown on the tree 

nodes, where important monophyletic clades are collapsed in all trees (most collapsed nodes 

have high node support). All branches are coloured according to the most probable location 

using on a parsimony approach; colours match those used Fig. 1. Topologically similar 

clusters are highlighted in green, while potentially reassortant clusters are highlighted in 

purple. 

 

 

 

 



Figure S4 (above). Comparison of evolutionary rate estimate (upper panel) and times to the 

most recent common ancestor estimates (lower panel) for the three OROV genome segments 

estimated through different methods and clock models: a root-to-tip regression slope 

(TempEst), and a phylogenetically co-inferred rate using a strict clock model and a relaxed 

clock model (UCLD). 



 

Figure S5. Site-wise differences between the non-synonymous (b) and synonymous (a) 

substitution rates in the OROV genome. The three genome segments (a) show a limited 

number of sites that evolve at a higher non-synonymous substitution rate (>1, marked by the 



dotted line), suggestive of adaptive selection. Within the M segment (b), different codons 

(mostly on different protein reading frames) show evidence for adaptive selection. 

 

 



Figure S6 (above). Relative residue accessibility for the OROV/SBV composite model of the 

Gc protein, based on its atomic structure and amino acid sequence, using the ESPript server. 

Accessibility is scored as buried residues (white), intermediate residues (cyan) and exposed 

residues (blue). Red boxes show sites identified to be evolving under positive selection, with 

the red numbering highlighting the equivalent numbering at the OROV Gc sequence. An 

asterisk represents the site mapped onto the SBV component of the composite model, hence 

the numbering discrepancy. Secondary structures are shown above the sequence and 

highlighted based on the virus from which each component of the sequence was used to 

construct the composite model (green for OROV, yellow for SBV). Residues that directly 

play a role in the trimerisation interface of the head spike architecture, as identified in the 

PDBePISA server, are highlighted in purple. 

  



Supplementary Tables 

Table S1. Summary of all isolates included in this study, with accession numbers for each 

genome segment (including six new sequences from Ecuador). 

ID Host City Province/State Country Year S M L 

AC02 Homo sapiens Xapuri Acre Brazil 1996 MG747503 MG747504 MG747505 

AM01 Homo sapiens Manaus Amazonas (BR) Brazil 1980 MG747506 MG747507 MG747508 

AM03 Homo sapiens Manaus Amazonas (BR) Brazil 1980 MG747509 MG747510 MG747511 

MA02 Homo sapiens Porto Franco Maranhao Brazil 1988 MG747512 MG747513 MG747514 

MA03 Homo sapiens Porto Franco Maranhao Brazil 1988 MG747515 MG747516 MG747517 

MA06 Homo sapiens Barra da 
Corda Maranhao Brazil 1993 MG747518 MG747519 MG747520 

MG01 Callithrix sp. Arino Minas Gerais Brazil 2000 MG747521 MG747522 MG747523 

01-812-98 Homo sapiens Iquitos Loreto Peru 1998 AF164553 --- --- 

D-057/057v Homo sapiens Esmeraldas Esmeraldas Ecuador 2016 MK506818 MK506823 MK506828 

D-087/087 Homo sapiens Esmeraldas Esmeraldas Ecuador 2016 MF926352 MF926353 MF926354 

D-155/155v Homo sapiens Esmeraldas Esmeraldas Ecuador 2016 MK506819 MK506824 MK506829 

D-171/171v Homo sapiens Esmeraldas Esmeraldas Ecuador 2016 MK506820 MK506825 MK506830 

D-206/206v Homo sapiens Esmeraldas Esmeraldas Ecuador 2016 MK506821 MK506826 MK506831 

D-210/210v Homo sapiens Esmeraldas Esmeraldas Ecuador 2016 MK506822 MK506827 MK506832 

BeAn19991 Bradypus 
trydactylus 

Sao Miguel 
do Guama Para Brazil 1960 KP052852 KP052851 KP052850 

BeAn19991 Bradypus 
trydactylus 

Sao Miguel 
do Guama Para Brazil 1960 AF164532 AF441119 KP052850 

BeAn206119 Bradypus 
trydactylus Maracana Para Brazil 1971 HQ830378 --- --- 

BeAn208402 Bradypus 
trydactylus Maracana Para Brazil 1971 HQ830379 --- --- 

BeAn208819 Bradypus 
trydactylus Maracana Para Brazil 1971 HQ830380 --- --- 

BeAn208823 Bradypus 
trydactylus Maracana Para Brazil 1971 AY993912 --- --- 

BeAn626990 Callithrix sp. Arino Minas Gerais Brazil 2000 AY117135 --- --- 

BeAr136921 Culex 
quinquefasciatus Belem Para Brazil 1968 HM470111 --- --- 

BeAr366927 Culicoides 
paraensis Belem Para Brazil 1979 HQ830448 --- --- 

BeAr473358 Culicoides 
paraensis Porto Franco Maranhao Brazil 1988 AF164539 --- --- 

BeH244576 Homo sapiens Belem Para Brazil 2009 HQ830444 --- --- 

BeH271078 Homo sapiens Santarem Para Brazil 1975 HQ830445 --- --- 

BeH271815 Homo sapiens Santarem Para Brazil 1975 AF164533 --- --- 

BeH29086 Homo sapiens Belem Para Brazil 1961 HM470108 --- --- 

BeH355186 Homo sapiens Tome-Acu Para Brazil 1978 HQ830446 --- --- 

BeH356898 Homo sapiens Belem Para Brazil 1978 HQ830447 --- --- 

BeH366781 Homo sapiens Belem Para Brazil 1979 HQ830449 --- --- 

BeH379693 Homo sapiens Castanhal Para Brazil 1980 AF164534 --- --- 



Table S1. (Continued) 

ID Host City Province/State Country Year S M L 

BeH381114 Homo sapiens Belem Para Brazil 1980 AF164535 --- --- 

BeH384192 Homo sapiens Portel Para Brazil 1980 HQ830450 --- --- 

BeH384193 Homo sapiens Portel Para Brazil 1980 HQ830451 --- --- 

BeH385591 Homo sapiens Belem Para Brazil 1980 HQ830452 --- --- 

BeH389865 Homo sapiens Manaus Amazonas (BR) Brazil 1980 HQ830453 --- --- 

BeH390233 Homo sapiens Manaus Amazonas (BR) Brazil 1980 AF164536 --- --- 

BeH472200 Homo sapiens Porto Franco Maranhao Brazil 1988 AF164537 --- --- 

BeH472204 Homo sapiens Porto Franco Maranhao Brazil 1988 AF164538 --- --- 

BeH472433 Homo sapiens Porto Franco Maranhao Brazil 1988 HQ830455 --- --- 

BeH472435 Homo sapiens Porto Franco Maranhao Brazil 1988 HQ830456 --- --- 

BeH475248 Homo sapiens Tucurui Para Brazil 1988 AF164540 --- --- 

BeH498913 Homo sapiens Machadinho 
D'Oeste Rondonia Brazil 1990 HQ830457 --- --- 

BeH504514 Homo sapiens Americano Para Brazil 1991 AF164541 --- --- 

BeH505442 Homo sapiens Ouro Preto 
do Oeste Rondonia Brazil 1991 AF164542 --- --- 

BeH505663 Homo sapiens Ariquemes Rondonia Brazil 1991 AF164543 --- --- 

BeH505764 Homo sapiens Ariquemes Rondonia Brazil 1991 HQ830458 --- --- 

BeH505768 Homo sapiens Ariquemes Rondonia Brazil 1991 HQ830459 --- --- 

BeH505805 Homo sapiens Ariquemes Rondonia Brazil 1991 HQ830460 --- --- 

BeH521086 Homo sapiens Barra da 
Corda Maranhao Brazil 1993 AY704559 --- --- 

BeH532314 Homo sapiens Serra Pelada Para Brazil 1994 HQ830461 --- --- 

BeH532422 Homo sapiens Serra Pelada Para Brazil 1994 HQ830462 --- --- 

BeH532490 Homo sapiens Serra Pelada Para Brazil 1994 HQ830463 --- --- 

BeH532500 Homo sapiens Serra Pelada Para Brazil 1994 HQ830464 --- --- 

BeH541863 Homo sapiens Altamira Para Brazil 1996 AF164544 --- --- 

BeH543033 Homo sapiens Oriximina Para Brazil 1996 AF164545 --- --- 

BeH543087 Homo sapiens Xapuri Acre Brazil 1996 AF164547 --- --- 

BeH543091 Homo sapiens Xapuri Acre Brazil 1996 HQ830465 --- --- 

BeH543100 Homo sapiens Xapuri Acre Brazil 1996 HQ830466 --- --- 

BeH543618 Homo sapiens Oriximina Para Brazil 1996 AF164548 --- --- 

BeH543639 Homo sapiens Oriximina Para Brazil 1996 AY704562 --- --- 

BeH543733 Homo sapiens Oriximina Para Brazil 1996 AY704560 --- --- 

BeH543760 Homo sapiens Oriximina Para Brazil 1996 AY704568 --- --- 

BeH543857 Homo sapiens Oriximina Para Brazil 1996 AY704566 --- --- 

BeH543880 Homo sapiens Oriximina Para Brazil 1996 AY704565 --- --- 

BeH544552 Homo sapiens Altamira Para Brazil 1996 AF164546 --- --- 

BeH622544 Homo sapiens Parana Tocantins Brazil 2002 EF467368 --- --- 

BeH669314 Homo sapiens Parauapebas Para Brazil 2003 EF467370 --- --- 

BeH669315 Homo sapiens Parauapebas Para Brazil 2003 EF467369 --- --- 



Table S1. (Continued) 

ID Host City Province/State Country Year S M L 

BeH682426 Homo sapiens Porto de 
Moz Para Brazil 2004 EF467371 --- --- 

BeH682431 Homo sapiens Porto de 
Moz Para Brazil 2004 EF467372 --- --- 

BeH706890 Homo sapiens Igarape Acu Para Brazil 2009 HQ830473 --- --- 

BeH706893 Homo sapiens Igarape Acu Para Brazil 2009 HQ830474 --- --- 

BeH707157 Homo sapiens Maracana Para Brazil 2006 HQ830476 --- --- 

BeH708139 Homo sapiens Magalhaes 
Barata Para Brazil 2006 HQ830475 --- --- 

BeH708717 Homo sapiens Maracana Para Brazil 2009 HQ830477 --- --- 

BeH758669 Homo sapiens Mazagao Amapa Brazil 2009 HQ830479 --- --- 

BeH758687 Homo sapiens Mazagao Amapa Brazil 2009 HQ830478 --- --- 

BeH759018 Homo sapiens Mazagao Amapa Brazil 2009 HQ830486 --- --- 

BeH759021 Homo sapiens Mazagao Amapa Brazil 2009 KP691608 KP691607 KP691606 

BeH759022 Homo sapiens Mazagao Amapa Brazil 2009 KP691611 KP691610 KP691609 

BeH759023 Homo sapiens Mazagao Amapa Brazil 2009 HQ830487 --- --- 

BeH759024 Homo sapiens Mazagao Amapa Brazil 2009 KP691605 KP691604 KP691603 

BeH759025 Homo sapiens Mazagao Amapa Brazil 2009 KP691614 KP691613 KP691612 

BeH759038 Homo sapiens Mazagao Amapa Brazil 2009 HQ830484 --- --- 

BeH759040 Homo sapiens Mazagao Amapa Brazil 2009 KP691617 KP691616 KP691615 

BeH759041 Homo sapiens Mazagao Amapa Brazil 2009 HQ830488 --- --- 

BeH759042 Homo sapiens Mazagao Amapa Brazil 2009 HQ830489 --- --- 

BeH759043 Homo sapiens Mazagao Amapa Brazil 2009 HQ830490 --- --- 

BeH759044 Homo sapiens Mazagao Amapa Brazil 2009 HQ830491 --- --- 

BeH759146 Homo sapiens Mazagao Amapa Brazil 2009 KP691632 --- --- 

BeH759483 Homo sapiens Mazagao Amapa Brazil 2009 HQ830492 --- --- 

BeH759525 Homo sapiens Mazagao Amapa Brazil 2009 HQ830480 --- --- 

BeH759529 Homo sapiens Mazagao Amapa Brazil 2009 KP691620 KP691619 KP691618 

BeH759531 Homo sapiens Mazagao Amapa Brazil 2009 HQ830482 --- --- 

BeH759541 Homo sapiens Mazagao Amapa Brazil 2009 HQ830481 --- --- 

BeH759558 Homo sapiens Mazagao Amapa Brazil 2009 HQ830483 --- --- 

BeH759562 Homo sapiens Mazagao Amapa Brazil 2009 HQ830485 --- --- 

BeH759620 Homo sapiens Mazagao Amapa Brazil 2009 KP691623 KP691622 KP691621 

DEI216 Homo sapiens Iquitos Loreto Peru 1992 KP795074 KP795073 KP795072 

GML444477 Homo sapiens Chame Panama Panama 1989 AF164555 --- --- 

GML444479 NA NA Panama Panama 1989 KC759130 KC759129 KC759128 

GML444672 Homo sapiens San 
Miguelito Panama Panama 1989 KP795077 KP795076 KP795075 

GML444839 Homo sapiens Bejuco Panama Panama 1989 KP795080 KP795079 KP795078 

GML444911 Homo sapiens Chame Panama Panama 1989 AF164556 --- --- 

GML445252 Homo sapiens San 
Miguelito Panama Panama 1989 AF164557 --- --- 



Table S1. (Continued) 

ID Host City Province/State Country Year S M L 

GML450093 Homo sapiens Chilibre Panama Panama 1989 AF164558 --- --- 

GML480914 Homo sapiens NA Panama Panama 1989 KP795083 KP795082 KP795081 

IQE7894 Homo sapiens Iquitos Loreto Peru 2008 KP795086 KP795085 KP795084 

IQT1690 Homo sapiens Iquitos Loreto Peru 1992 KC759127 KP795088 KC759125 

IQT1690* Homo sapiens Iquitos Loreto Peru 1995 KP795089 --- KP795087 

IQT4083 Homo sapiens Iquitos Loreto Peru 1997 KP795092 KP795091 KP795090 

IQT4083 Homo sapiens Iquitos Loreto Peru 1997 AF164552 --- --- 

IQT7085 Homo sapiens Iquitos Loreto Peru 1998 KP795095 --- KP795093 

IQT7085 Homo sapiens Iquitos Loreto Peru 1998 AF164554 --- --- 

MD023 Homo sapiens Madre de 
Dios Madre de Dios Peru 1993 AF164550 KP795097 KP795096 

OBS9478 Homo sapiens Bagua Amazonas (PE) Peru 2000 KP795101 KP795100 KP795099 

PAN481126 Homo sapiens Colon Colon Panama 1999 KP795104 KP795103 KP795102 

TRVL9760 Homo sapiens Vega de 
Oropouche Trinidad Trinidad 1955 KP026181 KP026180 KP026179 

PA01 Ochlerotatus 
serratus Ipixuna Para Brazil 1960 MG747524 MG7475215 MG747526 

PA03 Homo sapiens Belem Para Brazil 1961 MG747527 MG747528 MG747529 

PA04 Homo sapiens Belem Para Brazil 1961 MG747530 MG747531 MG747532 

PA05 Homo sapiens Braganca Para Brazil 1967 MG747533 MG747534 MG747535 

PA06 Culex 
quinquefasciatus Belem Para Brazil 1968 MG747536 MG747537 MG747538 

PA07 Bradypus 
trydactylus Maracana Para Brazil 1971 MG747539 MG747540 MG747541 

PA08 Bradypus 
trydactylus Maracana Para Brazil 1971 MG747542 MG747543 MG747544 

PA09 Bradypus 
trydactylus Maracana Para Brazil 1971 MG747545 MG747546 MG747547 

PA14 Homo sapiens Ananindeua Para Brazil 1978 MG747548 MG747549 MG747550 

PA17 Culicoides 
paraensis Belem Para Brazil 1979 MG747551 MG747552 MG747553 

PA22 Homo sapiens Belem Para Brazil 1980 MG747554 MG747555 MG747556 

PA25 Homo sapiens Serra Pelada Para Brazil 1994 MG747557 MG747558 MG747559 

PA26 Homo sapiens Serra Pelada Para Brazil 1994 MG747560 MG747561 MG747562 

PA27 Homo sapiens Serra Pelada Para Brazil 1994 MG747563 MG747564 MG747565 

PA28 Homo sapiens Serra Pelada Para Brazil 1994 MG747566 MG747567 MG747568 

PA29 Homo sapiens Altamira Para Brazil 1994 MG747569 MG747570 MG747571 

PA34 Homo sapiens Oriximina Para Brazil 1996 MG747572 MG747573 MG747574 

PA38 Homo sapiens Oriximina Para Brazil 1996 MG747575 MG747576 MG747577 

PA39 Homo sapiens Oriximina Para Brazil 1996 MG747578 MG747579 MG747580 

PA41 Homo sapiens Parauapebas Para Brazil 2003 MG747581 MG747582 MG747583 

PA42 Homo sapiens Parauapebas Para Brazil 2003 MG747584 MG747585 MG747586 

PA43 Homo sapiens Porto de 
Moz Para Brazil 2004 MG747587 MG747588 MG747589 

 



Table S1. (Continued) 

ID Host City Province/State Country Year S M L 

PA43 Homo sapiens Porto de 
Moz Para Brazil 2004 MG747587 MG747588 MG747589 

PA44 Homo sapiens Porto de 
Moz Para Brazil 2004 MG747590 MG747591 MG747592 

PA47 Homo sapiens Magalhaes 
Barata Para Brazil 2006 MG747593 MG747594 MG747595 

PA49 Homo sapiens Magalhaes 
Barata Para Brazil 2006 MG747596 MG747597 MG747598 

PA50 Homo sapiens Maracana Para Brazil 2006 MG747599 MG747600 MG747601 

RO01 Homo sapiens Machadinho 
D'Oeste Rondonia Brazil 1990 MG747602 MG747603 MG747604 

RO05 Homo sapiens Ariquemes Rondonia Brazil 1991 MG747605 MG747606 MG747607 

Trinidad1961 Homo sapiens Vega de 
Oropouche Trinidad Trinidad 1961 --- MF620128 MF620129 

*June 1995 sequence excluded from analysis.       

 

 

Table S2. Links to the data exploration tool Microreact for the three OROV genome 

segments analysed in this study. 

OROV segment Microreact link 

L https://microreact.org/project/OROV_America_L?lu=y 

M https://microreact.org/project/OROV_America_M?lu=y 

S https://microreact.org/project/OROV_America_S?lu=y 

 

  



Table S3. Allele frequencies for codons under adaptive selection in the OROV genome. 

Protein Codon Identity Frequency 

Gn 66 

K 0.444 

R 0.333 

A 0.190 

T 0.032 

NSm 86 

R 0.651 

N 0.206 

S 0.143 

Gc 

269 
D 0.656 

G 0.344 

442 

T 0.734 

S 0.188 

I 0.078 
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Fig S1. Comparison of the reported numbers of cases and deaths and the publicly available SARS-CoV-2 genomes 
generated per country in South America. Numbers of sequences were taken from the GISAID database, and the reported 
numbers of cases and deaths were taken from Our World in Data. Data retrieved on February 14 2021, with a cuto� date 
on 2020-12-10. Lower panels show data from countries at a di�erent scale compared to the upper panels for visualisation 
purposes. Color scheme shows the (logarithmic) numbers of sequences per cumulative number of reported death.
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Fig S3. Subtree from the MCC tree, corresponding to transmission lineages group D. Posterior node support is 
shown in black, and location probability support of Ecuador ancestral nodes is shown in red.

Fig S4. Subtree from the MCC tree, corresponding to transmission lineages group H. Posterior node support is 
shown in black, and location probability support of Ecuador ancestral nodes is shown in red.
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Fig S5. Subtree from the MCC tree, corresponding to transmission lineage G. Posterior node support is shown 
in black, and location probability support of Ecuador ancestral nodes is shown in red.

Fig S6. Subtree from the MCC tree, corresponding to transmission lineage O. Posterior node support is shown 
in black, and location probability support of Ecuador ancestral nodes is shown in red.
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Fig S7. Subtree from the MCC tree, corresponding to transmission lineage F. Posterior node support is shown in 
black, and location probability support of Ecuador ancestral nodes is shown in red.

Fig S8. Subtree from the MCC tree, corresponding to transmission lineage B. Posterior node support is shown in 
black, and location probability support of Ecuador ancestral nodes is shown in red.
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Fig S9. Subtree from the MCC tree, corresponding to transmission lineage M. Posterior node support is shown 
in black, and location probability support of Ecuador ancestral nodes is shown in red.
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Fig S11. Comparison between the size of transmission lineages (i.e. number of sequences assigned to a transmission 
lineage) and their persistence in time estimated as either the number of days between the earliest and most recent 
sequences in said lineage (left) or the number of days between the transmission lineage TMRCA and the most recent 
sequence (right).
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Fig S12. Comparison between the size of transmission lineages (i.e. number of sequences assigned to a transmission 
lineage) and the collection date of the �rst sequence identi�ed in said lineage (upper panel) or the TMRCA for said 
transmission lineage (lower panel). Trend lines show a linear regression (green) and a �tted local polynomial regression (R 
function stats::loess, black and dashed).



Fig S13. Comparison between the persistence in time of transmission lineages (number of days between the 
earliest and most recent sequences in said lineage) and the collection date of the �rst sequence identi�ed in 
said lineage (upper panel) or the TMRCA for said transmission lineage (lower panel). Trend lines show a linear 
regression (green) and a �tted local polynomial regression (R function stat::loess, black and dashed).
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Fig S14. Comparison between the geographic spread of transmission lineages (number of provinces where 
they’ve been detected) and the collection date of the �rst sequence identi�ed in said lineage (upper panel) or 
the TMRCA for said transmission lineage (lower panel). Trend lines show a linear regression (green) and a �tted 
local polynomial regression (R function stat::loess, black and dashed).
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Fig S15. Map of Ecuador showing the contribution of individual transmission lineages (shades of blue) and 
sequences not associated with them (singletons) in each province. Circle radii represent the number of 
sequences per province.
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Fig S16. Summary of the identi�cation of Pango lineage B.1.1.74 in Ecuador. The upper panel shows the 
number of sequences assigned to B.1.1.74 per 7-day time period, and the lower panel shows the province 
where these sequences were identi�ed by sample collection date. Dot colours correspond to the province 
where the samples were collected.
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Fig S16. Selected trace plots showing the posterior probability and the tree root age 
from six combined MCMC chains from the Thorney BEAST software for the 
systematically downsampled data set.  
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Figure S1. Maximum likelihood phylogenetic analyses of the complete SARS-CoV-2 
genome for the four lineages. The individually designated PANGO lineage for each 
sequence is highlighted (the predominant lineage for sections of the tree shown), and 
SH-aLRT node support is shown for key lineage defining nodes on both phylogenies. 
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Figure S2. Genetic distance plots across the SARS-CoV-2 genome between the main 
SARS-CoV-2 phylogenetic clusters amongst the four lineages under investigation and 
the reference Wuhan Hu-1. Raw genetic distances between basal sequences for each of 
the monophyletic groups identified in the phylogenetic analyses and the 2019 Wuhan 
Hu-1 reference genome (MN908947.3). Distances were estimated from genomic 
segments of 500 nucleotides in length, overlapping over 20-nucleotide intervals.  
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Figure S3. Maximum likelihood phylogenetic tree for the Orf1ab genome segment of 
a selection of sequences of lineages under investigation B.1.627 (green), B.1.628 
minor (light blue), B.1.628 major (dark blue), B.1.631 (purple) and B.1.634 (red) in 
relation to B.1.1.7 (VOC Alpha, dark grey) and B.1.351 (VOC Beta, fark grey). Node 
support is shown from 1000 bootstrap replicates, nodes with support <50% are 
collapsed into polytomies. The tree is rooted in reference to lineage A.2.5. 
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Figure S4. Maximum likelihood phylogenetic tree for the S-3’ genome segment of a 
selection of sequences of lineages under investigation B.1.627 (green), B.1.628 minor 
(light blue), B.1.628 major (dark blue), B.1.631 (purple) and B.1.634 (red) in relation 
to B.1.1.7 (VOC Alpha, dark grey) and B.1.351 (VOC Beta, fark grey). Node support 
is shown from 1000 bootstrap replicates, nodes with support <50% are collapsed into 
polytomies. The tree is rooted in reference to lineage A.2.5. 
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Figure S5. Deletions on the Orf1ab (NSP6; diamonds) and Orf3a (rectangles) loci 
mapped to the maximum likelihood phylogeny of the complete genome for the four 
lineages under investigation. Major lineage designations are shown in coloured 
shading: B.1.627 (green), B.1.628 (blue), B.1.631 (purple) and B.1.634 (red). Darker 
colours assigned to tips correspond to sequences where the marked deletion occurs 
amongst ambiguous sites (Ns). 
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Figure S6. Sequence sampling from the B.1.628 major, B.1.631 and B.1.634 lineages 
in the USA. Sequences shown here correspond only to the sequences included in the 
phylogenetic analyses (i.e. <10% ambiguities in the genome sequence, >90% genome 
coverage). Dotted line shows the starting date for the systematic genomic surveillance 
work performed in Mexico by the CoVi-Gen Mex Consortium. 
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Figure S7. Sequence sampling from the B.1.628 major, B.1.631 and B.1.634 lineages 
in Mexico. Sequences shown here correspond only to the sequences included in the 
phylogenetic analyses (i.e. <10% ambiguities in the genome sequence, >90% genome 
coverage). Dotted line shows the starting date for the systematic genomic surveillance 
work performed in Mexico by the CoVi-Gen Mex Consortium. 
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Appendix 5 Supplementary material for Chapter 5 
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Figure S1. CHIKV epidemiological and genomic surveillance trends in the 
Americas. (A) Monthly number of CHIKV cases reported to the Pan-American Health 
Organisation (PAHO) between 2013 and 2017, grouped by country. (B) Comparison 
between monthly number of cases (reported to PAHO, upper panel) in countries that 
have generated CHIKV genome sequences and publicly available complete CHIKV 
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genome sequences (lower panel). Mexico sequences include those generated in this 
study. 
 

 
Figure S2. CHIKV epidemiological trends across Mexico between 2016 and 2018. 
Monthly cases reported to the SINAVE surveillance system (InDRE/Ministry of 
Health). 
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Figure S3. Complete CHIKV genome sequences versus total cases reported to PAHO 
per country. Regression 95% confidence interval shown in grey. 
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Figure S4. Phylogenetic analyses of CHIKV in the Americas. Left panel shows a 
ML phylogenetic tree of all CHIKV complete genome sequences from the Americas 
included in our analysis. Tree tips are coloured by region where they were collected, 
and node shapes are coloured by their statistical support. Right panel shows a time-
calibrated MCC tree for the well-defined CCNA clade. Tips and branches are coloured 
by their inferred country of collection and circulation respectively, as inferred through 
a DTA phylogeographic analysis. 
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Figure S5. DENV epidemiological trends across Mexico between 2016 and 2018. 
Monthly cases reported to the SINAVE surveillance system (InDRE/Ministry of 
Health), aggregating dengue fever (DF) and dengue haemorrhagic fever (DHF). 
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Figure S6. Serotyping representation for DENV across regions in Mexico. Total 
number of reported cases by year (black line) compared to total number of cases where 
the causal serotype has been identified and reported (grey line), between 2013 and 
2018. Data from the SINAVE surveillance system (InDRE/Ministry of Health). 
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Figure S7. DENV serotyping efficacy across time in different Mexico regions. 
Percentage of serotyped samples per region per year between 2013 and 2018. 
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Figure S8. DENV-1 and DENV-2 case numbers across Mexico regions. Monthly 
numbers of cases identified as DENV-1 (purple) or DENV-2 (teal) between 2013 and 
2018 across geographic regions in the country. 
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Figure S9. Phylogenetic analyses of DENV-1 and DENV-2 in the Americas. Left 
panel shows ML phylogenetic trees of all DENV-1 (upper) and DENV-2 (lower) 
complete genome sequences from the Americas included in our analysis. Tree tips are 
coloured by region where they were collected, and node shapes are coloured by their 
statistical support. Right panel shows time-calibrated MCC trees for the well-defined 
CCNA clades for each virus. Tips and branches are coloured by their inferred country 
of collection and circulation respectively, as inferred through a DTA phylogeographic 
analysis. 
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Figure S10. Bayesian Skyline plots of DENV-1 and DENV-2 effective population 
sizes over time. Plots were generated from a GMRF Bayesian Skyride model and co-
estimated with DENV molecular phylogenies of the CCNA clades in BEAST. A plot 
of the serotype frequencies (obtained from the SINAVE) are shown below for 
reference.  
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Table S1. PAHO regions 
PAHO region Country 
North America USA 
North America Mexico 
North America Canada 
North America Bermuda 
Central America Panama 
Central America Nicaragua 
Central America Honduras 
Central America Guatemala 
Central America El Salvador 
Central America Costa Rica 
Central America Belize 
Latin America Saint Martin 
Latin America Martinique 
Latin America Guadeloupe 
Latin America Puerto Rico 
Latin America Haiti 
Latin America Guyana 
Latin America French Guyana 
Latin America Dominican Republic 
Latin America Cuba 
Andean Venezuela 
Andean Peru 
Andean Ecuador 
Andean Colombia 
Andean Bolivia 
South Cone Uruguay 
South Cone Paraguay 
South Cone Chile 
South Cone Brazil 
South Cone Argentina 
Non-Latin Caribbean Saint Barthelemy 
Non-Latin Caribbean Sint Maarten 
Non-Latin Caribbean United States Virgin Islands 
Non-Latin Caribbean Turks and Caicos Islands 
Non-Latin Caribbean Trinidad and Tobago 
Non-Latin Caribbean Suriname 

Non-Latin Caribbean Saint Vincent and the 
Grenadines 

Non-Latin Caribbean Saint Lucia 
Non-Latin Caribbean Saint Kitts and Nevis 
Non-Latin Caribbean Montserrat 
Non-Latin Caribbean Jamaica 
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Non-Latin Caribbean Grenada 
Non-Latin Caribbean Dominica 
Non-Latin Caribbean Curacao 
Non-Latin Caribbean Cayman Islands 
Non-Latin Caribbean British Virgin Islands 

Non-Latin Caribbean Bonaire Saint Eustatius and 
Saba 

Non-Latin Caribbean Barbados 
Non-Latin Caribbean Bahamas 
Non-Latin Caribbean Aruba 
Non-Latin Caribbean Antigua and Barbuda 
Non-Latin Caribbean Anguilla 

 
Table S2. BSSVS results for CHIKV 

FROM TO 
BAYES_FACTO
R POSTERIOR PROBABILITY 

Americas 
Center-
north 86.20856163 0.922105978 

Americas 
Center-
south 0.191914894 0.025676635 

Americas East 0.743297742 0.092614881 
Americas Northeast 0.868885317 0.106595068 
Americas Northwest 0.177265425 0.023763232 
Americas Southeast 1.062599441 0.127333889 
Americas Southwest 5236.520985 0.99861124 
Americas West 15.76167184 0.683979878 
Center-
north 

Center-
south 1.060829123 0.127148721 

Center-
north East 1.07975133 0.129123847 
Center-
north Northeast 1.438552475 0.164953862 
Center-
north Northwest 1.671856523 0.186711107 
Center-
north Southeast 0.989757074 0.119649415 
Center-
north Southwest 1.039937246 0.124957566 
Center-
north West 1.07708521 0.128846094 
Center-
south East 0.816846997 0.100854859 
Center-
south Northeast 8.62935726 0.542326328 
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Center-
south Northwest 12.1567072 0.625374194 
Center-
south Southeast 0.796051295 0.098540259 
Center-
south Southwest 0.725594228 0.090608894 
Center-
south West 0.743024787 0.09258402 
East Northeast 2.684716558 0.269357776 
East Northwest 7.099083565 0.493627133 
East Southeast 1.128933359 0.134215968 
East Southwest 0.940751488 0.114402987 
East West 0.880728587 0.107891245 
Northeast Northwest 4.998184013 0.406999352 
Northeast Southeast 2.498801692 0.255470173 
Northeast Southwest 1.712473846 0.190383606 
Northeast West 0.956254924 0.1160695 
Northwest Southeast 1.257392275 0.147239453 
Northwest Southwest 1.40068558 0.161312224 
Northwest West 1.255847284 0.147085146 
Southeast Southwest 2.554663903 0.259698176 
Southeast West 1.126535435 0.133969077 
Southwest West 193.5441261 0.963737926 
Center-
north Americas 1.603408292 0.180446255 
Center-
south Americas 21.97990965 0.751134154 
East Americas 1.081826155 0.129339876 
Northeast Americas 1.553499315 0.175817054 
Northwest Americas 2.00818265 0.216152825 
Southeast Americas 1.362512639 0.157608863 
Southwest Americas 1.233353924 0.144832269 
West Americas 0.939891896 0.114310403 
Center-
south 

Center-
north 17.4214616 0.70521248 

East 
Center-
north 0.880728587 0.107891245 

Northeast 
Center-
north 1.367900054 0.158133506 

Northwest 
Center-
north 1.733093224 0.192235287 

Southeast 
Center-
north 1.121743685 0.133475295 
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Southwest 
Center-
north 1.464737596 0.167453631 

West 
Center-
north 0.795221687 0.098447675 

East 
Center-
south 0.947634694 0.11514366 

Northeast 
Center-
south 1.27318317 0.148813381 

Northwest 
Center-
south 1.448232368 0.165879702 

Southeast 
Center-
south 1.248439107 0.146344474 

Southwest 
Center-
south 10.16593938 0.582631238 

West 
Center-
south 26.55345456 0.784773015 

 
Table S2. BSSVS results for CHIKV (continued) 
FROM TO BAYES_FACTOR POSTERIOR PROBABILITY 
Northeast East 3.538504216 0.327006759 
Northwest East 1.238581511 0.145356911 
Southeast East 4.83050106 0.398790235 
Southwest East 7.167776439 0.496034318 
West East 38.72485751 0.841712187 
Northwest Northeast 1.565426269 0.176928062 
Southeast Northeast 5.627732872 0.435916427 
Southwest Northeast 15.5321893 0.68080116 
West Northeast 0.824916734 0.101749838 
Southeast Northwest 1.907953351 0.207604234 
Southwest Northwest 2.099045763 0.223744715 
West Northwest 0.754778625 0.093911058 
Southwest Southeast 32.14470707 0.81529488 
West Southeast 2.949647346 0.288275777 
West Southwest 0.916750669 0.111810635 
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Table S3. BSSVS results for DENV-2 

FROM TO BAYES_FACTOR 
POSTERIOR 
PROBABILITY 

Belize Center-south 0.967626508 0.133524069 
Belize East 0.953020166 0.131774117 
Belize Guatemala 0.957650717 0.132329658 
Belize Nicaragua 1.70136634 0.213188523 
Belize Southeast 0.930185929 0.129024194 
Belize Southwest 1.025702329 0.140412766 
Belize West 0.942161662 0.130468598 
Center-south East 1.124996057 0.151940224 
Center-south Guatemala 1.150059576 0.154801256 
Center-south Nicaragua 1.410877431 0.183467126 
Center-south Southeast 1.105886879 0.14974584 
Center-south Southwest 1.234011655 0.164245438 
Center-south West 1.001469487 0.137551735 
East Guatemala 1.130092361 0.152523541 
East Nicaragua 1.293408656 0.170800811 
East Southeast 1.210612198 0.161634399 
East Southwest 1.173818724 0.157495625 
East West 1.064144217 0.144912641 
Guatemala Nicaragua 1.391307134 0.18138385 
Guatemala Southeast 1.126936679 0.15216244 
Guatemala Southwest 1.159593991 0.155884559 
Guatemala West 1.146886867 0.154440154 
Nicaragua Southeast 0.338795477 0.051193022 
Nicaragua Southwest 1124.009198 0.994444599 
Nicaragua West 0.263140384 0.040221105 
Southeast Southwest 1.257557779 0.166856476 
Southeast West 1.201194161 0.160578873 
Southwest West 2929.534829 0.997861171 
Center-south Belize 1.714064821 0.214438488 
East Belize 2.004936908 0.242021055 
Guatemala Belize 2.192768344 0.258826144 
Nicaragua Belize 4.066210204 0.393044638 
Southeast Belize 2.42268372 0.278408933 
Southwest Belize 3.166627625 0.335240688 
West Belize 1.245766298 0.165550957 
East Center-south 1.082558193 0.147051471 
Guatemala Center-south 1.105404382 0.149690286 
Nicaragua Center-south 0.251233526 0.038471154 
Southeast Center-south 1.132521639 0.152801311 
Southwest Center-south 0.754762935 0.107302575 
West Center-south 83.24858871 0.929863059 
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Guatemala East 1.233262606 0.164162107 
Nicaragua East 0.27129225 0.041415516 
Southeast East 2.168390841 0.256687314 
Southwest East 56.08153389 0.899308353 
West East 0.749951141 0.106691481 
Nicaragua Guatemala 0.823495905 0.115941224 
Southeast Guatemala 1.282010601 0.169550846 
Southwest Guatemala 134.6545105 0.955445682 
West Guatemala 0.753668767 0.10716369 
Southeast Nicaragua 1.480033803 0.190744702 
Southwest Nicaragua 1.196246807 0.160023333 
West Nicaragua 0.800140535 0.113024638 
Southwest Southeast 1270.882832 0.99508347 
West Southeast 0.713638796 0.102052721 
West Southwest 0.753231195 0.107108136 
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Appendix 6 Supplementary figure from Chapter 6 
 
CHIKV ECSA phylogenetic tree showing amino acid identities associated with viral 
adaptation to different vector species.  

 
Notes:  The amino acid identity at site 226 of the E1 protein is associated with viral 
adaptation to different vector species. Viruses containing the A226 variant infect Ae. 
aegypti more efficiently, while viruses containing the V226 variant more efficiently 
infect Ae. albopictus.  The evolution of this trait is mapped (through a parsimony 
reconstruction) on the tree in different colours. 
 


