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Abstract 

Previous investigations into human infectious diseases have revealed RNA 

viruses as major etiological agents. Given the recent rate of newly detected 

human-infective RNA viruses such as severe acute respiratory syndrome 

coronavirus (SARS-CoV), SARS-CoV-2, Middle East respiratory syndrome 

coronavirus, and Bundibugyo ebolavirus, targeting virus discovery in high-risk 

regions, characterizing viruses with the greatest likelihood of spreading and 

establishing sustained infection in humans would benefit better preparedness 

for future outbreaks. There is a lack of evidence on determinants of spatio-

temporal patterns in the discovery of human-infective RNA viruses, though 

previous studies have attempted to identify hotspots of emerging infectious 

diseases caused by various pathogens. There are also no quantitative studies 

exploring predictors of geographical extent and the disappearance for all 

currently known human-infective RNA viruses. 

This thesis aimed to address the following gaps. 

1. Identifying predictors discriminating between areas with and without 

discovery of human-infective RNA viruses and predicting discovery hotspots, 

at both global and regional scales. Predictors identified include socio-

economic, climatic, land use, and biodiversity variables. 

2. Prediction of the geographical extent and the disappearance of human-

infective RNA viruses, using features such as taxonomy, virus structure, 

transmission mode, host range, origin, and clinical presentation. 
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3. Taking SARS-CoV-2 as an example, investigating how predictors related to 

demographics, socioeconomics, travel, healthcare, co-morbidities, readiness, 

geography, COVID-19 testing, and interventions have affected the epidemic 

of the disease it caused—coronavirus disease 2019 (COVID-19)—between 

countries in the WHO African Region. 

In order to address the gaps outlined above, I firstly geocoded the first reports 

of 223 human-infective RNA viruses at the global scale. Using a Poisson 

boosted regression tree (BRT) model, I identified GDP growth, GDP, and 

urbanization as top predictors of virus discovery, and predicted discovery 

hotspots including both historical hotspots—eastern North America, Europe, 

central Africa, eastern Australia, and north-eastern South America, and new 

hotspots—East and Southeast Asia, India, and Central America. Stratified 

analyses suggested discovery of vector-borne viruses and strictly zoonotic 

viruses was more correlated with climatic variables and biodiversity, whereas 

the discovery of non-vector-borne viruses and human-transmissible viruses 

was more strongly correlated with GDP and urbanization. Next, I focused on 

comparisons of the specific predictors of RNA virus discovery in three different 

regions with different GDP—United States, China, and Africa. A similar 

methodology as the global analysis was used on each region separately, the 

results showed that predictors such as GDP and land use continued to be top 

predictors in three regions, but climate and biodiversity variables were 

consistently less important predictors than at a global scale. 
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To identify predictors of the geographical extent and the disappearance (no 

record of infection in the literature for the past ten years or more), I collated 

information for 223 human-infective RNA viruses on their geographical extents 

and persistence in causing human infections from peer-reviewed literature. By 

fitting Bernoulli BRT models, I observed that viral features that predicted wide 

geographic extent included transmissibility between humans, a +ssRNA 

genome, narrow host range [i.e. infecting humans only or humans and other 

non-human primates (NHP) only], and having a reservoir host in a NHP. 

Viruses were more likely to disappear if they were incapable of transmission 

between humans, have had a localised geographic extent, a dsRNA genome, 

were non-pathogenic and non-fatal, were firstly discovered through active 

discovery programmes rather than passive investigation of the aetiology, and 

were transmitted by vectors and direct contact. Results for both geographical 

extent and virus disappearance did not change after factoring out reporting 

effort. I concluded that multiple characteristics determined the geographical 

extent and disappearance of human-infective RNA viruses; however, 

transmission mode and structure were consistently the most important 

predictors of the geographical extent and disappearance of human-infective 

RNA viruses. Host range was an important predictor of geographical extent, 

though less important for disappearance. Geographical extent, clinical 

presentation and discovery process all contributed to the probability of a virus 

disappearing. 

To understand the differences between epidemics of COVID-19 between 

countries of the WHO African Region, I selected the timing of the first case and 
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the mortality rate in the first and second waves as the three outcomes. By 

applying a series of statistical models including Cox proportional hazards 

regression models, generalized linear mixed models and multinomial logistic 

regression models, I found that COVID-19 in Africa arrived earlier and caused 

greater mortality in countries with more pre-pandemic international 

connectivity and a more urban population. Mortality was exacerbated by high 

HIV prevalence. The stringency and timing of government restrictions on 

behaviour were not associated with a lower per capita mortality rate. A more 

urban population and a higher infectious disease resilience score were 

associated with more stringent restrictions and/or a higher per capita mortality 

rate. The predictor set for the first and second waves were similar, and first 

wave per capita mortality was a significant predictor of second wave per capita 

mortality. 

In summary, studies in this thesis showed that there were variations in 

predictors of discovery both between virus types and geographical regions, 

and identified high-risk regions for virus discovery beyond their historical extent. 

The studies also provided proof-of-principle for the prediction of attributes such 

as mortality, geographical extent, and disappearance for new human-infective 

RNA viruses. These results help identify priority regions for investment in 

surveillance systems for new human-infective viruses, and to make risk 

assessments once they have emerged.
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Lay summary 

The ongoing pandemic of coronavirus disease 2019 (COVID-19), together with 

previous outbreaks of severe acute respiratory syndrome (SARS), Middle East 

respiratory syndrome, and novel Influenza A, remind us we are vulnerable to 

newly emerging RNA viruses. Therefore, understanding where to look for 

novel human-infective RNA viruses, how wide the viruses can spread, and 

whether the viruses are able to persist in human populations are important for 

informing public health preventive decisions in the early stage after the 

emergence. Despite the increased information gained from investigation of 

previous emerging RNA virus-related outbreaks, there is little knowledge on 

where the next novel human-infective RNA viruses are likely to be discovered. 

Previous models identified what viral characteristics determined 

transmissibility and virulence in humans, little is known on how viral 

characteristics will affect the geographical extent and viral disappearance of 

human-infective RNA viruses. This thesis aimed to identify predictors of 

discovery of human-infective RNA viruses and predict the discovery hotspots, 

and identify viral characteristics that affect the geographical extent and the 

disappearance of human-infective RNA viruses. Predictors of discovery of one 

single virus—SARS coronavirus 2 (SARS-CoV-2) and the associated mortality 

in countries of the WHO African Region were also investigated. 

Of the 33 predictors related to climate, socioeconomics, land use, and 

biodiversity, GDP growth, GDP, and urbanization contributed most to virus 

discovery in the globe. In addition to the historical high-risk areas including 
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eastern North America, Europe, central Africa, eastern Australia, and north-

eastern South America, more viruses were likely to be discovered in three new 

hotspots—East and Southeast Asia, India, and Central America in 2010–2019. 

Climatic variables and biodiversity were more important predictors of discovery 

of vector-borne virus and non-human-transmissible virus, while GDP and 

urbanization were more important predictors of discovery of non-vector-borne 

virus and human-transmissible virus. In three different regions including the 

United States, China and Africa, virus discoveries continued to be strongly 

associated with GDP and land use, but were less likely to be associated with 

climate and biodiversity variables than at a global scale. 

Geographical extent and disappearance of human-infective RNA viruses were 

correlated with multiple viral characteristics. Viruses were more likely to spread 

to a wide geographical extent if they were transmissible between humans, had 

a +(ss)RNA as genome, and had non-human primates as the only host other 

than humans. Viruses were more likely to disappear from humans if they were 

unable to transmit between humans, have been restricted in a localised area, 

had dsRNA as the genome, were non-fatal and non-pathogenic, have been 

discovered through surveillance, were vector-borne, and were transmitted by 

direct contact. 

The timing of reporting the first case and the mortality rate of COVID-19 varied 

greatly across different countries in the WHO African Region. High proportion 

of urban population, large number of international airports, high volume of 

international air travel, COVID-19 test capacity and more country borders 
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contributed to an early detection of the first case. A higher mortality rate was 

associated with a higher prevalence of HIV. Stringency and timing of 

government restrictions were not associated with the mortality rate, but 

countries with a more urban population and high infectious disease resilience 

score were more likely to have an adverse outcome—more stringent 

restrictions and/or high per capita mortality. The predictor set for mortality rate 

in the second wave was similar to that for the first wave, and first wave per 

capita mortality was positively associated with the second wave per capita 

mortality. 

The hotspots I identified in the thesis direct where the next human-infective 

RNA virus is likely to be discovered and inform intense surveillance in these 

regions. My models in the thesis can also help make risk assessment for novel 

RNA viruses at the early stage of emergence by evaluating their geographical 

extent and disappearance. The thesis identified risk factors associated with 

poor outcomes of COVID-19 pandemic in the two waves in the WHO African 

Region, and help guide future pandemic preparedness planning in this region. 
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1. General introduction 
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Chapter 1 General introduction 

1.1 Emerging human-infective RNA viruses 

On March 11, 2020, the World Health Organization (WHO) declared 

coronavirus disease 2019 (COVID-19) a world pandemic (Cucinotta & Vanelli, 

2020). Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)—a 

RNA virus identified as the culprit of this pandemic—caused infections in 

human populations across all six continents in the first two months of 2020 

(Gorbalenya et al., 2020; World Health Organisation, 2021c). To tackle the 

pandemic, an unprecedented global lockdown was implemented (Kucharski et 

al., 2020). As of early April 2021, SARS-CoV-2 had caused 130.5 million cases 

and nearly 2.9 million deaths (World Health Organisation, 2021c). In many 

countries the ongoing waves have ended, but some countries such as Brazil, 

India, Argentina, Colombia, Iran, and Japan are experiencing their second or 

even the third and fourth waves (World Health Organisation, 2021c) and the 

burden of the disease continues to rise. 

Historically, pandemics like COVID-19 are not new. Pathogenic infectious 

diseases have always been substantial global threats to human health (Figure 

1.1) (Huremović, 2019; Morens & Fauci, 2020; Piret & Boivin, 2020). 

Outbreaks including Justinian plague in 541 AD, Black Death in 1348 AD, 1918 

influenza pandemic, and acquired immunodeficiency syndrome (AIDS) 

pandemic starting from 1980s have taken hundreds of millions lives (Morens 

& Fauci, 2020). Some infectious diseases, such as smallpox (Geddes, 2006), 
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poliomyelitis (Garon et al., 2015), and yaws (Stamm, 2015) have been 

eradicated (or nearly eradicated) thanks to good sanitation, vaccines, and 

antimicrobial agents. However, diseases such as AIDS (Hemelaar et al., 2018) 

and multidrug-resistant tuberculosis (Sharma & Mohan, 2006) continue to 

endanger human lives. 

 

Figure 1.1 Timeline of the pandemics throughout the history 
* as of 11 June 2021 

Most human pathogens are believed to have emerged from other animals (e.g. 

SARS-CoV and Ebola virus from bats) (Leroy et al., 2005; Wang et al., 2018) 

or evolved from closely related viruses in animals [e.g. HIV-1 from simian 

immunodeficiency virus infecting wild chimpanzees (SIVcpz), HIV-2 from SIV 

infecting sooty mangabey (SIVsmm)] (Gao et al., 1999), and only a small 

proportion emerged into humans from completely unknown sources (e.g. 

Rubella virus and Cosavirus are confined to humans) (Morse et al., 2012). 
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Emerging pathogens are categorised as either newly emerged pathogens [e.g. 

Middle East respiratory syndrome coronavirus (MERS-CoV), SARS-CoV, Lujo 

virus] or previously recognized pathogens (namely re-emerging pathogens) 

with increased incidence or extended geographic range (e.g. Ebola virus, 

Chikungunya virus, Zika virus) (Hassell et al., 2017). The consequence of 

emerging pathogens ranges from one-off infections (i.e. humans as the dead-

end host) or small epidemics/outbreaks, to global pandemics like COVID-19 

(Morens & Fauci, 2020). In this thesis, I concentrated on the viral pathogens, 

specifically on RNA viruses, that have emerged to humans at least once under 

natural circumstance, therefore excluding emerging pathogens associated 

with bioterrorism, and those created by humans in laboratories that are 

released accidentally (Morens & Fauci, 2020). 

An RNA virus is a virus that has RNA (ribonucleic acid) as the genetic material 

as opposed to DNA (deoxyribonucleic acid). The RNA may be either single-

stranded [including +(ss)RNA, -(ss)RNA, and ssRNA-RT], or double-stranded 

(dsRNA) (Aris-Brosou et al., 2019; Woolhouse & Brierley, 2018). RNA viruses 

have a high rate of adaptive mutation, evolution, and re-assortment which 

makes them well adapted to new hosts (Dolan et al., 2018; Woolhouse et al., 

2016). Previous investigations into human infectious diseases have revealed 

RNA viruses as major etiological agents (Taylor et al., 2001). For example, 

recently identified infections, such as SARS, COVID-19, MERS, and novel 

influenza subtypes (Kile et al., 2017; Ksiazek et al., 2003; Mackay & Arden, 

2015; World Health Organisation, 2020b, 2021c), have all had an impact on 

population health, causing millions of deaths worldwide. 
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A data set containing a subset of all human-infective RNA viruses ever 

discovered was first published in 2001 (Taylor et al., 2001). In 2018, the 

dataset was updated and published (Woolhouse & Brierley, 2018), along with 

epidemiological characteristics of each virus including the date the virus was 

first reported in humans, transmissibility between humans, transmission routes, 

and host range. The most recent data set was published in 2020 and included 

223 human-infective RNA viruses (Zhang et al., 2020). All virus species are 

recognised by the International Committee on Taxonomy of Viruses (ICTV) 

and are classified into 57 genera and 23 families (Zhang et al., 2020). 

1.2 Emergence comes before discovery 

The ongoing pandemic of COVID-19 emphasises the need for understanding 

how novel pathogens start to infect humans, how to prioritize surveillance and 

to predict the future emergence risk. While capturing the emergence of a virus 

would be more relevant to public health, it is often not possible because most 

viruses have existed in nature for many years before they emerged in humans 

and were discovered (Woolhouse & Gaunt, 2007). As such, we do not know 

exactly when and where emergence took place, only that it must have 

preceded discovery (Zhang et al., 2020). Virus discovery is a complicated 

process involving many factors (Morse et al., 2012; Parrish et al., 2008). Some 

factors affect discovery directly via relying on the advanced diagnostic 

technology and sufficient testing resources, whereas others affect discovery 

indirectly via the intermediate step of emergence (Zhang et al., 2020). 

Presently, we lack the ability to distinguish all the drivers for emergence and 
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discovery, though we can distinguish some by correcting for the discovery 

effort and improving the study design (e.g. longitudinal studies). 

Factors that drive the emergence of pathogens, particular zoonotic pathogens, 

have been described comprehensively in the literature (Morse et al., 2012; 

Parrish et al., 2008). In general, evidence has come from three forms of 

analyses: analysis of single emergence event (Parrish et al., 2008), quantifying 

the spillover (or host switching/cross-host transmission) risk using traits of both 

hosts and viruses (C. K. Johnson et al., 2015; Olival et al., 2017; Pulliam & 

Dushoff, 2009), and record of first emergence event in humans globally over 

time (Allen et al., 2017; Jones et al., 2008). There are strengths and 

shortcomings associated with each form of evidence. Analysis of a single 

emergence event (e.g. SARS-CoV, HIV-1; analysis form 1) helps to 

understand causal relations between emergence and drivers (Parrish et al., 

2008), but these causal relations often cannot be generalised to other 

emergence events. Quantifying the spillover (analysis form 2) and recording 

the first emergence (analysis form 3) cannot infer the causal relations, but can 

reveal the hotspots of emerging pathogens and/or predict which mammal 

species likely harbor the next viral pathogen with pandemic potential. Of note, 

although all these studies called them the emerging pathogens, by definition 

they are actually novel discovered pathogenic/non-pathogenic microbes. 

Some previous studies supported dividing the process of emergence into 

multiple stages (Morse et al., 2012; Parrish et al., 2008; Wolfe et al., 2007), 

and some studies supported assigning pathogenic/non-pathogenic microbes 
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into pyramid levels according to which stage they can reach (Figure 1.2) 

(Woolhouse et al., 2016). I herein divided the process of emergence into three 

stages as defined by Morse SS et al (Morse et al., 2012): Stage 1. pre-

emergence when there is no human infection; Stage 2. localised emergence 

including both single infections without interhuman transmission and small-

scale outbreaks with interhuman transmission; Stage 3. pandemic emergence 

with widespread transmission and dissemination. Most known 

pathogenic/non-pathogenic microbes stay in stage 1, and only a few can enter 

stage 2 or stage 3 (Parrish et al., 2008; Woolhouse et al., 2016). These 

microbes can be discovered at any stage, whereas first discovery of human 

infection mostly occurs in stage 2 because local surveillance systems are 

usually able to capture them before stage 3 (Morse et al., 2012). Therefore, 

discovery of novel microbes is mainly driven by factors before stage 2. 

Well-studied examples of single emergence events (analysis form 1) have 

linked the emergence to ecological and environmental changes, many of which 

change the contact rates between animal hosts and humans and provide new 

opportunities for pathogens to emerge to human populations. At stage 1, a 

variety of pathogens exist in animal reservoirs and vectors naturally. Mammal 

species that exist in human environments, such as rodents and bats, harbour 

a large proportion of zoonotic pathogens and constitute a large zoonotic pool 

(Hassell et al., 2017; Olival et al., 2017). For example, lethal Ebola virus, 

SARS-CoV, and MERS-CoV naturally existed in bats before emerging in 

humans (Olival et al., 2017; Parrish et al., 2008). Anthropogenic activities, such 

as encroachment on natural environments and urbanization, exploitation of 
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previously unsettled geographic areas have led to alterations of the ecological 

system and species assemblage, as well as the contact rates between humans 

and animal hosts (Hassell et al., 2017; Mackey et al., 2014). These changes 

would alter the natural locations of pathogens, and some pathogens 

successfully cross the species barrier and establish infections in humans. 

Three good examples of this include SARS-CoV, HIV, and Nipah virus. SARS-

CoV and HIV spilled over to humans when preparing/handling/eating animals 

(bats and civets for SARS-CoV, and chimpanzees for HIV). Changes in 

agricultural practices—the movement of infected pigs into the new outbreak 

areas facilitated the emergence of Nipah virus in Malaysia (Patz et al., 2004). 

On 4 September 2021, the fifth outbreak of the Nipah virus disease occurred 

in India, and the patient may have contracted the virus after contacting with 

the natural host—Pteropus fruit bats. Measures to prevent the next outbreak 

in India include avoiding exposure to infected bats and fruits contaminated by 

the bats (World Health Organisation, 2021b). 

Socio-economic factors including population growth and globalization of 

growing travel and trade promote human exposure to novel pathogens and 

affect the emergence of pathogens in new areas. It is estimated that 90% of 

population growth is predicted to occur in cities in developing regions, at an 

unprecedented rate (Hassell et al., 2017). By-product impacts such as human 

migration, sanitary conditions, and informal settlements can further facilitate 

the spread of pathogens, especially for cities in developing countries with fast 

population growth and high density (Hassell et al., 2017). In a highly globalised 

world, pathogens carried by infected travellers, animals, vectors, and other 



1. General introduction 

 8 

commercial goods have more opportunities to overcome their original 

geographical boundaries, and to connect with new and growing host 

populations (P. T. Johnson et al., 2015; Li et al., 2014; Lipkin, 2013). For 

example, four pathogens have been imported to China in 2000–2016, 

including HIV-2 from Cote d'Ivoire, yellow fever virus and Rift Valley fever 

phlebovirus from Angola, and Zika virus from Venezuela (Chen & Lu, 2016; 

Yan et al., 2000) (Liu et al., 2016; Sun et al., 2016). 

 

Figure 1.2 Emerging process of pathogens to humans 
Adapted from Morse SS et al (Morse et al., 2012) and Woolhouse et al (Woolhouse et al., 
2016). The process of emergence is divided into three stages (left, see text for details). 
Pathogens are assigned into pyramid levels according to which stage they can reach (right). 
Level 1 denotes viruses do not infect humans after exposure. Level 2 denotes viruses that are 
capable of infecting humans but cannot be transmitted between humans. Level 3 denotes 
viruses that can be transmitted between humans but are restricted to self-limiting outbreaks. 
Level 4 denotes viruses that can cause epidemics in humans, with sustained human-to-human 
transmission. Arrows indicate transitions between different levels. 

It is hard to ascertain what the role of climate change in the emergence of viral 

pathogens, though the climatic and weather conditions have influenced 
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arboviruses dynamics (Mackey et al., 2014). Climate is seemingly a less 

frequent driver for emerging infectious diseases; one study showed that the 

climatic condition ranked the fifth as the driver for the emerging vector-borne 

zoonotic diseases, after land use, war and famine, international travel and 

commerce, and human susceptibility (Swei et al., 2020). In response to climate 

change, infected vectors could bring the viral pathogens to humans in new 

areas where the climatic conditions are suitable for vectors’ survival (Baylis, 

2017). 

A second form of analysis quantifying the spillover risk using traits of both 

hosts and viruses has revealed some evolutionary mechanisms. From the host 

aspect, zoonotic virus richness in wildlife (proportion of zoonotic viruses per 

wild mammal species) was associated with phylogenetic distance from 

humans, host taxonomy (e.g. bats harbour a higher proportion of zoonotic 

viruses than all other mammals), and human population within a species range 

(likely reflect human-wildlife contact) (Olival et al., 2017). This theory was 

revised, however, after extending the analysis to include all avian and 

mammalian reservoir hosts and to consider the animal hosts at the order level 

[(Olival et al., 2017) study considered animal hosts at the species level]. New 

results suggested that all host orders were created equal with respect to the 

number of human-infective viruses they harbour, i.e. no certain animal species 

disproportionately maintained more zoonoses (Mollentze & Streicker, 2020). 

The number of zoonoses per animal species maintained was positively 

associated with their group size, for example, bats and rodents maintained a 
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larger number of zoonotic viruses because of their larger group size relative to 

other mammalian hosts (Mollentze & Streicker, 2020).  

From the viral perspective, the probability of a virus being zoonotic was 

predicted by phylogenetic host breadth (a viral feature that measures the 

phylogenetic range from all known mammal hosts, excluding humans) and 

other viral traits (whether or not a virus replicates in the cytoplasm without 

nuclear entry which likely affect a barrier to viral replication, vector-borne or 

non-vector-borne) (Olival et al., 2017; Pulliam & Dushoff, 2009). Similarly, 

another study suggested viruses capable of infecting a wide range host (i.e. 

high host plasticity) were more likely to spread to humans (C. K. Johnson et 

al., 2015). Zoonotic potential for a given animal virus can also be assessed 

using viral genome sequences that are independent of virus taxonomy 

(Mollentze et al., 2021); the genomic models suggested there are 

generalizable features from viral genomes that can inform viruses’ ability to 

infect humans and have been used to identify 50% potential zoonoses that 

were in high or very high-risk categories out of 645 animal viruses. 

Although an emerging virus can occur anywhere there do seem to be regions 

where emerging zoonoses are most likely to occur (so-called hotspots). Spatial 

models of the first emergence event in humans (analysis form 3), have 

connected the distribution of emergence of infectious diseases across the 

globe to ecological, environmental, and socio-economic factors, and predicted 

the high-risk areas of emerging zoonoses caused by a mixture of pathogens 

(Allen et al., 2017; Jones et al., 2008). However, no previous study has 
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investigated the predictors and hotspots for novel human-infective RNA 

viruses. In chapter 2 and chapter 3, I developed the third form of analysis (i.e. 

spatial models) to describe the spatiotemporal pattern of the first discovery of 

human-infective RNA viruses, identified predictors, and predicted the future 

hotspots for their discoveries. The predictors I included were based on the first 

two forms of studies, i.e. previous single emergence event studies as well as 

evolutional studies. I included predictors related to land use, climate, and 

biodiversity to reflect their role in promoting the emergence of viruses and then 

in virus discovery. 

There are direct factors associated with virus discovery that are independent 

of emergence. After emergence, some viruses were discovered via 

investigation of the aetiology for epidemics and outbreaks (e.g. SARS-CoV 

and MERS-CoV) (Peiris et al., 2003; Zaki et al., 2012); some viruses were 

discovered via active discovery programmes (Cali mammarenavirus, 

Alphacoronavirus 1) (Buchmeier et al., 1974; Terao et al., 2007); some viruses 

were discovered indirectly when investigating other viruses, e.g. Zika virus 

when exploring aetiology of yellow fever (Gubler et al., 2017) and Highlands J 

virus when investigating the epidemic of Saint Louis encephalitis virus in 

Florida (Meehan et al., 2000). Regardless of the discovery method typically, 

richer, more developed areas with more research funding, better access to 

technologies for virus detection and more effective surveillance system play a 

major role in discovering new microbes (Jones et al., 2008; Morse et al., 2012). 

In chapter 2 and chapter 3, I included socio-economic factors including GDP 

and university count as a proxy for discovery effort of novel viruses. 
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1.3 Post-discovery manifestation for emerging pathogens in 

humans 

Understanding how pathogenic/non-pathogenic microbes manifest in humans 

after discovery is important for allocating global public health resources, given 

emerging microbes differ greatly in terms of their impact on global health and 

economy. With respect to influenza viruses, only Influenza A viruses have 

caused pandemics in humans (e.g. 1918–1919 Spanish flu, 1957–58 Asian flu, 

1968–1969 Hong Kong flu, and pandemic H1N1 2009), whereas Influenza B 

viruses only cause seasonal epidemics and Influenza C viruses cause no 

epidemics (Gatherer, 2009; WHO Regional Office for South-East Asia, 2009). 

Therefore, understanding predictors of post-discovery manifestations enable 

pre-emptive responses and reduce the adverse effect that new microbes 

would bring. 

In the last ten years, more efforts have been directed towards quantifying the 

transmissibility (Geoghegan et al., 2016; C. K. Johnson et al., 2015; Walker et 

al., 2018) and virulence (Brierley et al., 2019; Guth et al., 2019) of new viral 

pathogens using both viral ecological traits and predictors from their animal 

hosts. These studies have focused almost exclusively on zoonotic viruses, 

emphasising their importance among emerging pathogens. After spill-over to 

humans, viruses capable of transmission among humans were well predicted 

by viral traits including viral structure (segmented or non-segmented; 

enveloped or non-enveloped), transmission mode (vector-borne or non-vector-

borne), host range (narrow or wide), clinical presentations (host mortality or 
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virulence; duration of infection), and viral tissue presence (nervous system, 

respiratory tract, and gastrointestinal system etc.) (Geoghegan et al., 2016; C. 

K. Johnson et al., 2015; Walker et al., 2018; Woolhouse et al., 2016). Apart 

from transmission mode and host range, virulence in humans was additionally 

predicted by other viral traits including viral taxonomy, tissue tropism (systemic, 

neural tropism, and renal tropism etc.), and transmissibility between humans 

(Brierley et al., 2019; Guth et al., 2019). 

The evolutionary trade-off between virulence and transmissibility (i.e. virulence 

constrains transmission between human populations) has been a matter of 

controversy for many years (Brierley et al., 2019; Guth et al., 2019). 

Comparison of virulence of RNA viruses with different transmission level in 

humans (Figure 1.2) suggested level 4 viruses capable of epidemic spread 

had a lower virulence than level 3 viruses that are transmissible but are 

restricted to self-limiting outbreaks, though level 2 viruses incapable of 

transmission did not show higher virulence (Brierley et al., 2019). A common 

view of pathogen evolution, which supports the trade-off theory, claims that a 

cost of efficiency on inter-host transmission would be incurred if natural 

selection favours pathogens of higher virulence within host, given the higher 

virulence would greatly shorten the infectious period (Brierley et al., 2019; de 

Roode et al., 2008; Geoghegan et al., 2016). Therefore, pathogens need to 

balance between transmissibility and virulence, e.g. both at optimal level, and 

achieve the maximum transmission rate in hosts (Moya et al., 2004). A good 

example is the two SARS coronaviruses: SARS-CoV and SARS-CoV-2. In 

comparison to SARS-CoV, SARS-CoV-2 was found to be more transmissible, 
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but less pathogenic (Chen, 2020). The consequence is SARS-CoV 

disappeared in 2004 while SARS-CoV-2 causes the ongoing pandemic with 

sustained human-to-human infection (Petersen et al., 2020). However, the 

adaption of virulence involves complex interactions between intra-host 

replication and inter-transmission (Lipsitch & Moxon, 1997), e.g. diseases 

virulence is likely to differ between vertically and horizontally transmitted 

pathogens (Bergstrom et al., 1999). 

The opposite correlations between virulence or transmissibility and a third viral 

feature can partly provide support for the trade-off theory (Guth et al., 2019). 

For example, vector-borne viruses were found to have a lower transmissibility 

among humans than its non-vector-borne counterparts, mostly because of the 

requirement to replicate in both invertebrate vectors and vertebrate hosts 

(Geoghegan et al., 2016; Walker et al., 2018). For virulence, previous studies 

suggested vector-borne pathogens had a higher virulence, particularly 

compared to those that were directly transmitted (Day, 2002; Ewald, 1983), 

though one study found vector-borne viruses to have a lower probability of 

severe virulence than non-vector-borne viruses (Brierley et al., 2019). 

The link between virulence or transmissibility and host range was also 

explored. Zoonotic viruses carried by distantly related hosts (wide host range) 

were found to be more virulent but less likely to be capable of establishing 

transmission among humans, whereas hosts most closely related to humans 

such as non-human primates harboured zoonotic viruses with higher 

transmissibility (Guth et al., 2019; Walker et al., 2018). Theoretically, non-
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human primates have a shorter phylogenetic distance with humans, and the 

pathogens they carry may be pre-adapted to humans and then transmit 

efficiently (Walker et al., 2018). Meanwhile, new pathogens originating from 

hosts with shorter phylogenetic distance with humans usually show similar 

levels of virulence in humans (Longdon et al., 2015). However, one study 

suggested viruses detected in a large number of animal host orders (wide host 

range) were more likely to transmit between humans than viruses found in a 

single animal host order (C. K. Johnson et al., 2015). The possible explanation 

is that some factors, such as more frequent contact rates between humans 

and distantly related host species, has promoted the evolutionary co-selection 

for viruses with both greater abilities to adapt to new hosts and to transmit in 

the new hosts (C. K. Johnson et al., 2015; Walker et al., 2018). 

In addition to virulence, transmission mode, and host range, transmissibility 

was also associated with viral structure, duration of infection, and viral tissue 

presence. For example, non-segmented viruses were more likely to be 

transmissible than segmented viruses among humans (Geoghegan et al., 

2016). Geoghegan et al (Geoghegan et al., 2016) indirectly attributed this to a 

simpler replication process of +(ss)RNA viruses, given all +(ss)RNA viruses in 

their dataset had non-segmented genomes. Higher transmissibility of non-

enveloped viruses among humans may be because non-enveloped viruses 

are more environmentally stable than enveloped ones and have a higher 

probability of transmitting via direct or indirect contact (Geoghegan et al., 2016). 
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Viruses causing chronic infections have been found to have a higher 

transmissibility in humans—the possible reason is that longer duration of 

infection and viral shedding facilitate the probability of transmission to a new 

host (e.g. measles virus, HIV-1, hepatitis C virus) (Geoghegan et al., 2016). 

Transmissibility of viral zoonotic viruses in humans was also associated with 

viral tissue presence, with virus isolated from respiratory tract and central 

nervous system having higher transmissibility (Walker et al., 2018). 

Viral taxonomy and tissue tropism were additionally associated with virulence 

of novel viral pathogens. Difference in virulence of human-infective RNA 

viruses across virus families can be partly explained by the variation in viral 

traits such as host range, transmission mode, and structure (Brierley et al., 

2019). For example, most or all RNA viruses in families Flaviviridae, 

Peribunyaviridae, Phenuviridae, and Togaviridae were vector-borne 

(Woolhouse & Brierley, 2018). Viruses were more likely to have higher 

virulence if they caused systemic infections and have neural or renal tropism 

(Brierley et al., 2019). The possible reason is that viruses have higher levels 

of replication and are well adapted in these targeted tissue types, and cause 

greater damage to the human hosts (Longdon et al., 2015). 

Transmissibility and virulence are two important post-discovery manifestations 

of virus emergence. However, less is known about the predictors that enable 

pathogens to move from emergence to epidemic status. Some viruses are able 

to transmit between humans, but do not cause epidemics (e.g. Brazilian 

mammarenavirus, Nelson Bay orthoreovirus) or only cause single infections 
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(e.g. Lujo virus, Bas-Congo virus) (Woolhouse & Brierley, 2018). In chapter 4, 

I focused on another two post-discovery manifestations: geographical extent 

and disappearance. In spite of some controversies from previous studies on 

transmissibility and virulence and the associated factors, I hypothesised that 

1) transmissible viruses and viruses with lower virulence are more likely to 

establish wide geographic extent and less likely to disappear; 2) Non-vector-

borne viruses and viruses with narrow host range are more likely to establish 

wide geographic extent and less likely to disappear in humans, given that they 

are highly likely to be transmissible and have lower virulence. 

1.4 Predictors associated with COVID-19 first case and 

mortality 

The ICTV Coronaviridae Study Group determined that SARS-CoV-2 is a 

subspecies of the existing species—SARS-CoV (Gorbalenya et al., 2020), but 

the two viruses behave very differently with respect to importation risk, 

virulence and epidemic potential (Petersen et al., 2020). Therefore, it is 

important to look at predictors of the epidemiology of SARS-CoV-2 related 

disease—COVID-19. In chapter 5, I studied the epidemiology of COVID-19 

and investigated how predictors related to demographics, socioeconomics, 

travel, healthcare, co-morbidities, readiness, geography, COVID-19 testing, 

and interventions have affected the timing of the first case (discovery) and the 

mortality rate (post-discovery manifestation) in the WHO African Region. 
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Few studies have explored risk factors for introduction of the first COVID-19 

case. One cross-country study found that a higher risk of importation (based 

on flight connectivity to China) was associated with early introduction of the 

first case (Haider et al., 2020). 

As of 29 January 2021, 83 cross-sectional ecological studies have explored 

the mortality/fatality/death-related factors of COVID-19 at national/subnational 

levels. Of these, 35 were cross-country studies and 48 were within-country 

studies. Of the 35 cross-country studies, 20 included WHO African Region 

countries, one of which focused on 53 African countries (Arsalan et al., 2020; 

Asfahan et al., 2020; Carrillo-Larco & Castillo-Cara, 2020; Chakraborti et al., 

2020; Chakraborty & Ghosh, 2020; Chaudhry et al., 2020; Ergönül et al., 2021; 

Fountoulakis et al., 2020; Hashim et al., 2020; Hradsky & Komarek, 2021; 

Kranjac & Kranjac, 2020; Lawal, 2021; Leffler et al., 2020; Li et al., 2020; 

Medeiros de Figueiredo et al., 2020; Okeahalam et al., 2020; Olivieri et al., 

2021; Pan et al., 2020; Sannigrahi et al., 2020; Sornette et al., 2020). This 

African study found that the number of nursing and midwifery personnel was 

negatively associated with COVID-19 mortality, while universal healthcare 

index of service coverage and prevalence of insufficient physical activity 

among adults aged 18 years or older was positively associated with COVID-

19 mortality (Okeahalam et al., 2020). However, this study only included 

health-related factors, and missed other factors related to demographics, 

socioeconomics, and government responses. Studies that included WHO 

African Region countries identified risk factors for COVID-19 mortality related 

to demographics (the proportion of elderly/population mean age/life 
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expectancy, population density, the number of tourists), socioeconomics 

(higher GDP), comorbidities (obesity, chronic obstructive pulmonary disease, 

Alzheimer's Disease, depression, 65 years or older mortality %), lifestyle (the 

prevalence of adult male smoking and consumption of sugar-sweetened 

beverages), climate, and government measures (less stringent international 

travel restrictions). Protective factors were related to healthcare (greater 

healthcare capacity, more equitable access to healthcare, higher number of 

hospital beds per population), lifestyle (increasing fruits consuming and beans 

and legumes), climate, and government measures (mask-wearing). However, 

most of these studies used death data before May 2020, and did not take into 

account the different course of the epidemic in different countries. In chapter 

5, I restricted my study area within a single WHO region—these should be 

more comparable both in terms of data on predictors and COVID-19 

epidemiology. Specifically, I chose the WHO African Region as the study area 

because Africa has some unique traits compared to other continents—it has 

the youngest population and the experience in fighting against infectious 

diseases (Webb, 2013). Meanwhile, it also has a weaker healthcare system 

and the highest prevalence of comorbidities such as HIV (Lone & Ahmad, 2020; 

World Health Organisation, 2020c). It was not known whether the relationships 

between predictors and COVID-19 related infections identified in other 

continents still held in Africa, e.g. if the young age of the population is a 

protective factor for COVID-related mortality within Africa. Further, I included 

a comprehensive list of predictors likely to influence the COVID-19 epidemics, 

particularly predictors on COVID-19 testing and government interventions. 
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1.5 Aims and outline 

There are three aims in this thesis. The first two aims were to understand 

predictors of the attributes of each human-infective RNA virus after 

emergence—discovery (aim 1), geographical extent and disappearance (aim 

2). The third aim was to understand predictors of the post-emergence 

attributes of one single human-infective RNA virus—SARS-CoV-2, including 

discovery of the first case and the mortality rate. 

Aim 1 (Chapter 2 and Chapter 3): To predict the hotspots of discovery of 

human-infective RNA viruses, based on two types of predictors—predictors 

reflecting natural virus distribution (e.g. climatic, land use, and biodiversity 

variables) and predictors reflecting the effort invested in virus discovery (e.g. 

socio-economic variables). This was done globally (Chapter 2) and then 

compared across 3 regions with different GDP (United States, China, and 

Africa) (Chapter 3). 

Aim 2 (Chapter 4): To predict the geographical extent and the disappearance 

of human-infective RNA viruses, based on their biological traits including 

taxonomy, virus structure, transmission mode, host range, origin, and clinical 

presentation. 

Aim 3 (Chapter 5): To identify the predictors of discovery of the first case and 

mortality rate of COVID-19 caused by SARS-CoV-2, using the WHO African 

region as a case study. I aimed to understand how predictors related to 

demographics, socioeconomics, travel, healthcare, co-morbidities, readiness, 
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geography, COVID-19 testing, and interventions have caused the different 

epidemics of COVID-19 in the 47 countries in the WHO African Region. 

The outline of the thesis is as follows. 

Chapter 2 and Chapter 3: I focused on prediction of hotspots of human-

infective RNA virus discovery. In chapter 2, I studied this at the global scale. I 

used Poisson boosted regression tree (BRT) model to identify predictors with 

the greatest influence on the virus discovery and predicted the probability of 

virus discovery in 2010–2019 across the globe. I also conducted stratified 

analyses (viruses transmissible in humans vs viruses that are strictly zoonotic, 

vector-borne viruses vs non-vector-borne viruses) to identify important 

predictors specific to different categories of viruses. In chapter 3, I focused on 

comparisons of the specific predictors of RNA virus discovery in three different 

regions—United States, China, and Africa, following a similar process as the 

global analysis in chapter 2. 

Chapter 4: I focused on the prediction of the geographical extent and the 

disappearance of human-infective RNA viruses. I presented an overview of the 

geographical extent and the disappearance for each virus. I then investigated 

how the geographical extent and disappearance were predicted by a group of 

biological features by fitting the Bernoulli BRT models. 

Chapter 5: I investigated the predictors of the timing of the first case and the 

mortality rate of COVID-19 in the WHO African Region. A set of predictors 

assigned into nine categories were used, including demographics, 

socioeconomics, travel, healthcare, co-morbidities, readiness, geography, and 
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COVID-19 testing and interventions. I applied Cox proportional hazards 

regression models, generalized linear mixed models, and multinomial logistic 

regression models as appropriate. 

Chapter 6: I discussed the overall implications of findings from the thesis on 

public health, as well as the future study directions in areas related to this 

thesis. 
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Chapter 2 Predictors of global discovery of 

human-infective RNA viruses 

Work in this chapter has been published in PLOS Pathogens. 

2.1 Abstract 

RNA viruses are a leading cause of human infectious diseases and the 

prediction of where new RNA viruses are likely to be discovered is a significant 

public health concern. Here, I geocoded the first peer-reviewed reports of 223 

human-infective RNA viruses. Using a boosted regression tree model, I 

matched these virus data with 33 predictors related to natural virus distribution 

and research effort to predict the probability of virus discovery across the globe 

in 2010–2019. Stratified analyses by virus transmissibility and transmission 

mode were also performed. The historical discovery of human-infective RNA 

viruses has been concentrated in eastern North America, Europe, central 

Africa, eastern Australia, and north-eastern South America. The virus 

discovery can be predicted by a combination of socio-economic, land use, 

climate, and biodiversity variables. Vector-borne viruses and strictly zoonotic 

viruses were more associated with climate and biodiversity whereas non-

vector-borne and human transmissible viruses were more associated with 

GDP and urbanization. The areas with the highest predicted probability for 

virus discovery in 2010–2019 included three new regions including East and 



2. Predictors of global discovery of human-infective RNA viruses 

 24 

Southeast Asia, India, and Central America, which likely reflected both 

increasing surveillance and diversity of their virome. My findings can inform 

priority regions for investment in surveillance systems for new human-infective 

RNA viruses. 

2.2 Introduction 

Since the first identification of a virus in humans—yellow fever virus in 1901—

viruses have been recognised as a leading cause of human infectious 

diseases (Woolhouse & Brierley, 2018). Numerous human diseases, from the 

common cold (Tang et al., 2017) to life-threatening haemorrhagic fevers (Clark 

et al., 2018), are caused by RNA viruses. RNA viruses such as dengue virus, 

norovirus, and HIV impose significant burdens on global health and the global 

economy (Guzman & Isturiz, 2010; Lopman et al., 2016; World Health 

Organisation, 2018). Despite the striking declines in the incidence and 

mortality of RNA virus-related diseases in human following the introduction of 

vaccination, infections due to measles virus, yellow fever virus, and Japanese 

encephalitis virus continue to endanger human health and cause hundreds to 

thousands of deaths each year (Barrett, 2018; Moss, 2017; World Health 

Organisation), particularly in countries with limited resources to launch mass 

vaccination campaigns. 

Human-infective RNA viruses comprise a total of 214 International Committee 

on Taxonomy of Viruses (ICTV)-recognised species as of July 2017, classified 

into 55 genera and 22 families (Woolhouse & Brierley, 2018). Many of these—

such as rabies virus, dengue virus, and measles virus—have circulated in 
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humans for thousands of years (Fisher et al., 2018; Guzman & Isturiz, 2010; 

Moss, 2017), though some—such as HIV-1 and SARS-CoV—have emerged 

much more recently. Typically, a virus is identified through investigation of the 

aetiology of a human disease [e.g. yellow fever virus (Reed et al., 1901), 

measles virus (Goldberger & Anderson, 1911)], although some have been 

identified during active virus discovery programmes [e.g. Rotavirus C (Bridger 

et al., 1986), Parechovirus B (Niklasson et al., 2003)]. Viruses such as hepatitis 

delta virus (Rizzetto et al., 1977) and Highlands J virus (Meehan et al., 2000) 

were discovered by chance, as incidental findings as part of a disease 

investigation. 

The discovery curve of human viruses, for both RNA viruses and DNA viruses, 

was described for the first time in 2008 (Woolhouse et al., 2008). Up to nine 

new human virus species have been detected each year since the 1950s, and 

this is projected to continue in coming decades (Woolhouse et al., 2008). The 

factors driving the discovery of human viruses remain to be elucidated, though 

two previous studies have identified predictors of the emergence of infectious 

diseases more generally (Allen et al., 2017; Jones et al., 2008). In this chapter, 

I took a spatiotemporal modelling approach to identify predictors influencing 

the discovery of RNA viruses in humans. I assume virus discovery is 

determined by two underlying spatiotemporal patterns: the geographical 

distribution of viruses in nature, and the process of virus detection—a human 

activity. Geographical ranges, which vary from worldwide [e.g. Norwalk virus 

(Lopman et al., 2016), HIV-1 (World Health Organisation, 2018)] to very 

localised [e.g. Hendra virus (Escaffre et al., 2013), Menangle virus (Philbey et 
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al., 1998)], are mostly determined by virus natural history, vector distribution 

(for vector-borne viruses), and non-human host distribution(s) (for zoonotic 

viruses) (Babayan et al., 2018). In contrast, virus detection reflects scientific 

resources and research effort (Jones et al., 2008). An uneven distribution of 

research effort will lead to an uneven distribution of virus discoveries. 

Geographical ranges and discovery effort are likely to have different drivers 

(Brierley et al., 2016). Previous studies (Jones et al., 2008; Olival et al., 2017) 

have attempted to allow for variation in discovery effort, although this is hard 

to do as no direct and effective measures are available. Here, I took a different 

approach by identifying predictors of the raw virus discovery data and then 

interpreted in the discussion whether these effects might relate to virus 

geographic range or discovery effort or both. 

2.3 Materials and Methods 

2.3.1 Methods overview 

In this study, I followed methods and used code derived from Allen, et al (Allen 

et al., 2017). I compiled and geocoded the first reports in the peer-reviewed 

literature of human infection for each RNA virus in my database over a period 

of 118 years from 1901 to 2018. A Poisson boosted regression tree (BRT) 

model—a method that handles spatially dependent data well—was fitted to the 

human-infective RNA virus data with a set of variables thought to be potential 

predictors. By matching the virus discovery count and all predictors in each 1° 

resolution grid cell (approximately 110 km at the equator) by decade, I ranked 

the contribution of each predictor to the predictions. I then used the parameter 
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estimates from the best fitting BRT model to predict the probability of virus 

discovery for all grid cells across the globe in 2010–2019 using the values of 

all predictors in 2015. I also conducted stratified analyses (distinguishing 

viruses transmissible in humans or strictly zoonotic, and vector-borne or non-

vector-borne) to find the predictors of the discovery of specific categories of 

viruses. 

2.3.2 Data set of human-infective RNA viruses and updating 

Data on human-infective RNA viruses were derived from an updated version 

of previously published database (Woolhouse & Brierley, 2017), which 

contains 214 viruses, with discovery dates between from 1901 to 2017. Search 

terms, databases searched, and inclusion or exclusion criteria for data 

collection was provided in the previous paper (Woolhouse & Brierley, 2018). 

The updated version to 2018 included nine additional human virus species 

recently recognised by ICTV or newly added to the database: Nairobi sheep 

disease orthonairovirus, Achimota virus 2, Menangle rubulavirus, Madariaga 

virus, Pegivirus H, Central chimpanzee simian foamy virus, Guenon simian 

foamy virus, Enterovirus H and Orthohepevirus C (Table A.1). The metadata 

provided information on discovery date, transmissibility, transmission route, 

and host range (Woolhouse & Brierley, 2018). 

I defined “discovery” as the first report of an ICTV-recognised RNA virus 

species from human(s) in the peer-reviewed literature, and the location of initial 

human exposure/infection with the virus was taken as the discovery location. 

When the location was not given from the original paper, the site of the 
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research laboratory was used as the discovery location (n=3). If neither human 

exposure/infection location nor research laboratory site were available, the 

address of the first author was used as the discovery location instead (n=19). 

In my database, locations of initial human exposure/infection were used for 

201 (90%) viruses (Table A.1) and none of these were contracted while 

travelling. The locations were georeferenced as precisely as possible 

according to the original literature, ranging from precise coordinates of points 

to polygon-level data (e.g. city, county, district, state, or country) (Table A.1). 

Where no point location was provided, location was assigned to a set of grid 

cells corresponding to the maximum resolution available (e.g. city, district, 

country). A spatial polygon was created for those locations at administrative 

level 3 and above. As shown in Table A.1, administrative divisions of different 

countries vary: level 3 may be city, county, district, municipality; level 2 

includes state, province, region, department, district, prefecture, city, and 

county; level 1 is country. All grid cells falling into these polygons were 

recorded. Grid cells that have more than ½ area falling in the polygon were 

also added manually. If no grid cell was identified, the coordinate of the 

centroid of the polygon was used instead. For locations equal to and lower 

than administrative level 4, I used the grid cell that the centroid of the location 

fell into. Table 2.1 summarises types of data within the occurrence database. 

The majority of occurrence records involved point data (56.0%), while the 

remainder were recorded at city or state or even country level. Thirty-five 

viruses were found in multiple locations according to the first published report, 

and 19 had limited geographical extent (i.e. infecting populations on no more 
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than two continents). For these, I selected one of these locations based on 

three criteria in order: (i) the virus being named after the location; (ii) the 

location was the same as first author or the laboratory; (iii) the location with the 

highest number of cases. For unspecified locations covering more than one 

grid cell (Table 2.1), sampling was used in my bootstrap framework as 

described below. 

Table 2.1 Resolution and covered grid cells for global human-infective RNA virus 
discovery data 

 Polygon data  Point data  Total 
 Country level State level City level  

Virus species counts 3 (1.4%) 44 (19.7%) 50 (22.4%)  126 (56.5%) 223 

Gridded cell counts 74 507 53  191* 825 
*Grid cell counts here include viruses first detected in multiple points from the literature 

2.3.3 Spatial predictors 

A set of 33 variables potentially affecting the spatial distribution of RNA virus 

discovery were collated and used as predictors. Full details of sources, original 

resolutions, along with the definitions are provided in Table 2.2. The variables 

were assigned to four groups: climatic, socio-economic, land use, and 

biodiversity. I expected GDP, GDP growth, and university count to be 

correlated with discovery effort as they imply more resources that could be 

invested in virus research (Lipkin, 2013; Rosenberg et al., 2013). Other groups 

of variables including land use, climate, and biodiversity were more likely to be 

related to the natural geographic range of the virus (Morse, 1995), i.e. these 

variables would affect discovery via the intermediate step of emergence. 
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Table 2.2 List of predictors included in the model for global human-infective RNA virus discovery 

Variable of interest Definition Group Resolution Source 

Temperature 1. Annual mean temperature (℃) from 1901 to 2015: calculated from monthly 
average temperature  

2. Annual mean temperature change (℃) from 1901 to 2015: calculated from 
monthly average temperature 

3. Maximum temperature of the warmest month (℃) from 1901 to 2015: calculated 
from monthly maximum temperature 

4. Minimum temperature of the coldest month (℃) from 1901 to 2015: calculated 
from monthly minimum temperature 

5. Annual mean diurnal temperature range (℃) from 1901 to 2015: calculated from 
monthly diurnal temperature range 

Climatic 0.5° Climatic Research Unit: High-resolution 
gridded datasets (Harris et al., 2014) 

Precipitation 1. Annual total precipitation (mm) from 1901 and 2015: calculated by summing the 
monthly precipitation  

2. Annual total precipitation change (mm) from 1901 and 2015: calculated by 
summing the monthly precipitation 

3. Maximum precipitation (mm) from 1901 to 2015: precipitation of wettest month, 
calculated from monthly precipitation 

4. Minimum precipitation (mm) from 1901 to 2015: precipitation of driest month, 
calculated from monthly precipitation 

5. Annual rainy days (counts) from 1901 to 2015: calculated by summing the 
monthly rainy-day counts 

Climatic 0.5° Climatic Research Unit: High-resolution 
gridded datasets (Harris et al., 2014) 

Latitude In angular (ranges from 0° to 90°) Climatic - - 

Human population 1. Human population count from 1970 to 2000 (counts, in persons)  

2. Population growth: The decadal difference of human population (counts, in 
persons) 

Socio-
economic 

30" Global Rural-Urban Mapping project 
(Center for International Earth Science 
Information Network - CIESIN - Columbia 
University, 2017) 
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Gross domestic 
product (GDP) 

1. Mean GDP (unit: PPP, billion US$2005/yr) for three time steps: 1980, 1990, 
2000 and 2010, which are estimated by downscaling actual GDPs by country 

2. GDP growth: The decadal difference of GDP (unit: PPP, billion US$2005/yr) 

Socio-
economic 

0.5° Centre for Global Environmental 
Research: Global dataset of gridded 
population and GDP scenarios 
(Murakami & Yamagata, 2016) 

University count Higher education institutions count offering at least a 4-year professional 
diploma or a post-graduate degree in each country 

Socio-
economic 

Country 
level 

World Higher Education Database 
https://www.iau-aiu.net/World-Higher-
Education-Database-WHED 

Land use The percentage of 1. Cropland, 2. Pasture, 3. Urban land, 4. Primary land, and 5. 
Secondary land in each grid cell from 1900 to 2015. 

Primary land: natural vegetation (either forest or non-forest) that has never been 
impacted by human activities since 1700; Secondary land is natural vegetation 
(either forest or non-forest) that is recovering from previous human disturbance. 

6. Growth of cropland area, 7. Growth of pasture area, 8. Growth of urbanized land 
area, 9. Growth of primary land area, and 10. Growth of secondary land area: The 
percentage of land area change for each category in each grid cell from 1900 to 
2015 

11. Urbanization of cropland, 12. Urbanization of pasture, 13. Urbanization of 
primary land, and 14. Urbanization of secondary land: The percentage of land area 
change from cropland/pasture/primary land/secondary land to urban land in each 
grid cell from 1900 to 2015 

15. The percentage of cultivated and managed vegetation in each grid cell 

Land use 0.5°/30" Harmonized Global Land Use (Chini et 
al., 2014) 

EarthEnv (Tuanmu & Jetz, 2014) 

Mammal species 
richness 

Mammal species richness for 2015 represented the number of species in a 
particular class, family or International Union for the Conservation of Nature 
(IUCN) threatened category. 

Biodiversity 30" Gridded Species Distribution 
(International Union for Conservation of 
Nature - IUCN & Center for International 
Earth Science Information Network - 
CIESIN - Columbia University, 2015) 

Livestock 
headcount 

Domestic animal headcount, summed cattle, buffalo, sheep, goats, pigs Biodiversity 30" Gridded Livestock of the World 
(Robinson et al., 2014) 
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All predictors and virus locations were matched by 1° spatial grid cell, having 

rescaled or transformed the data where necessary. For gridded data at the 30" 

and 0.5° resolution, I have rescaled them to 1° resolution by using the 

resampling approach in R package “raster”. The “bilinear” interpolation was 

used to compute values for the re-gridded data. For data at the country level, 

I first assigned each country to the grid cells it covered, which can be realized 

by the “over” function in R package “sp”, and then matched variables at the 

country level with gridded data by coordinates. 

My model matched the RNA virus discovery count in each grid cell with 

historical decadal climatic variables, population, GDP, and land use data 

(described below), so I extrapolated the data for these variables back to 1901 

(Population and GDP only, as climatic variables and land use data have full 

temporary coverage from 1901 to 2015). I extrapolated the data for population 

and GDP by using the growth rate at grid cell level or country level. Gridded 

data for population from 1970 to 2000 were available from Socioeconomic 

Data and Applications Centre (SEDAC)’s Global Rural-Urban Mapping Project. 

Gridded population counts after 2000 were estimated from the gridded 

population data from 2000 to 2020, which were also provided by SEDAC 

(http://sedac.ciesin.columbia.edu/data/set/gpw-v4-population-count-rev10). 

To reconcile the population difference from the two databases, I calculated the 

population growth rate in each grid cell after 2000 based on the gridded data 

from 2000 to 2020, ignoring the absolute population size. I then estimated the 

population after 2000 for each grid cell by multiplying the value of gridded 

population in 2000 (from gridded population data from 1970 to 2000) by the 
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growth rate I calculated above. Data before 1970 were estimated by population 

growth at country level, as there was no population data at grid level for this 

stage. I assumed that the population growth rate for each grid cell in the same 

country was similar. The total population for each country was obtained from 

Our World in Data (https://ourworldindata.org/world-population-growth), and 

the growth rate of population for each country before 1970 was derived from 

these data. Similarly, by applying the growth rate for the gridded population 

data for 1970, I calculated the population in each grid cell from 1900 to 1960. 

Data for GDP before 1980 were estimated by GDP growth at country level. 

The GDP for each country was obtained from Our World in Data 

(https://ourworldindata.org/grapher/world-gdp-over-the-last-two-millennia). 

2.3.4 Boosted regression tree modelling  

By fitting a Poisson BRT model, I estimated the relative risk of RNA virus 

discovery for each 1° resolution of grid cell across the world as a function of 

the 33 predictors. BRT is a tree-based machine learning method beginning to 

be widely used in ecological studies (Redding et al., 2016; Shearer et al., 2018). 

It applies the technique of boosting to combine many simpler tree models 

adaptively, and renders improved predictive performance (De'ath, 2007; Elith 

et al., 2008). Tree-based learning methods are useful tools for modelling non-

linear relationships and higher order interactions between variables. In 

addition, BRT handles spatially dependent data well, as it can capture complex 

structures within the data that many other modelling methods cannot (Crase 

et al., 2012). I calculated Moran’s I (an index of spatial dependence) to 
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estimate the ability of the BRT model to account for spatial dependence in the 

virus data, using package spdep in R v. 3.5.1 (fixed distance weights were 

generated based on spherical distance, with the cut-off values ranging from 

one time to thirty times of distance of 1° resolution grid cell at the equator, i.e. 

110km to 3300km) (Cliff & Ord, 1981). Unlike the traditional, significance-

based approaches, BRT assesses the individual effect of each variable by 

estimating the relative importance of each variable to the predictions. 

The bootstrap resampling approach was applied to account for spatial 

uncertainty in the location of virus discoveries and generated 95% quantiles. 

For viruses with imprecise discovery locations, one grid cell was randomly 

selected each time. For each grid cell with virus discovery, two grid cells with 

no discovery were randomly selected from all cells throughout the world that 

were ‘virus discovery free’ at all time points. So, in each model, 223 grid cells 

with virus discovery and 446 with no virus discovery were included. I matched 

the virus data with all predictors (using the same decade for time-varying 

predictors, e.g. 2010 values of variables were matched with viruses discovered 

in 2005–2014). The virus count in any given grid cell in each decade followed 

a Poisson distribution, and the virus discovery count in each grid cell by 

decade was used as the response variable. 

Using bootstrap resampling, I fitted 1000 replicate BRT models and generated 

relative contribution plots and partial dependence plots with 95% quantiles. 

The relative contribution, or the influence/weight, of each variable is an 

indicator of that variable’s importance for predicting virus discovery counts. 
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The relative contributions of all variables of a BRT model sum to 100%, with 

higher numbers indicating stronger influence on the response. I defined the 

most influential predictors as those whose relative contribution was greater 

than the mean level (i.e. 100/(total predictorscounts*100); this study: 

100/(33*100)=3.03%) (Shearer et al., 2018). Partial dependence plots are a 

method of visualizing the relationships between a BRT’s predictive variables 

and its outcome after accounting for the average effects of all other variables. 

The means of the predictions of all 1000 models were used to predict the 

probability of virus discovery across the globe in 2010–2019, using 2015 

values of the 33 predictors. Using the equation of Poisson probability 

distribution, I converted the continuous prediction map to a probability map. I 

used the packages dismo and gbm in R v. 3.5.1 to fit BRT models. Parameters 

including tree complexity (reflecting the number of nodes in a tree), learning 

rate (shrinking the contribution of each added tree), and bag fraction 

(specifying the proportion of data to be selected at each step) were set 

following Elith et al. (Elith et al., 2008) to make sure each resampling model 

contained at least 1000 trees. The final parameters of the optimal model had 

the following values: tree complexity = 5, learning rate = 0.003, bag fraction = 

0.5. A cross-validation stagewise function was used to identify the optimal 

number of trees in each model (Elith et al., 2008). With these parameters, the 

1000 replicate BRT models fitted a mean of 1214 trees. 

The model’s predictive performance was assessed by calculating the cross-

validated explained deviance of the bootstrap model (a measure of the 

goodness-of-fit between the predicted and raw data) (Elith et al., 2008), as well 
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as by conducting 50 rounds of ten-fold cross-validation. Fifty data sets were 

randomly selected from the data for 1000 replicated models to conduct 50 

rounds of ten-fold cross-validation. As before, 223 discovery present and 446 

discovery absent samples were drawn in each of the 50 rounds, and the 

calculated virus count in each grid cell by decade was used as the response. 

The dataset of each round was randomly divided into ten subsets. For each 

round of ten-fold cross-validation, ten different training sets comprising unique 

combinations of nine subsets were used to fit models, and the remaining one 

was used to evaluate the predictive performance of the model as a test set. 

The median infraclass correlation coefficient (ICC) with 95% quantiles was 

used as the validation statistics. The ICC ranges from 0 and 1, with an ICC of 

less than 0.40 suggesting a poor predictive ability, 0.40–0.59 suggesting a fair 

predictive ability, 0.60–0.74 suggesting a good predictive ability, and 0.75–1 

suggesting an excellent model (Cicchetti, 1994). 

I also performed sensitivity analyses by i) using data from 1980 to 2000 only 

(as explanatory variables are available without extrapolation only for this 

period), and ii) removing the 22 discovery reports that were not locations of 

infected humans (as these are less precise). Model parameters are provided 

in Table 2.3. 

2.3.5 Stratified analysises 

Two stratified analyses were conducted to find predictors specific to 

discoveries of different categories of virus. The first stratified analysis 

distinguished 131 viruses that were strictly zoonotic (all human infections are 
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acquired from an infection in a non-human reservoir) and the 92 viruses that 

could spread within human populations (i.e. are transmissible, directly or 

indirectly, between humans) (Table A.1), based on previously published data 

(Woolhouse et al., 2016). A second stratified analysis was performed 

separately for 93 vector-borne viruses and 130 non-vector-borne viruses 

(Table A.1). I used the same BRT modelling approach for stratified analyses 

as I described before, and relative contribution plots and partial dependence 

plots with 95% quantiles were drawn for each category of virus. Model 

parameters are provided in Table 2.3. Based on stratified BRT models, 

predictions of discovery probability for each category of viruses in 2010–2019 

were also performed by using 2015 values of the 33 predictors. 

All statistical analyses were performed using R software, version 3.5.1 (R 

Foundation for Statistical Computing, Vienna, Austria), and all maps were 

visualised by using ArcGIS Desktop 10.5.1 (Environmental Systems Research 

Institute). 

Table 2.3 Model parameters for sensitivity analyses and stratified analyses for global 
human-infective RNA virus discovery 

Model Tree complexity Learning rate Bag fraction No. of trees 

Sensitivity analysis (1) 2 0.0015 0.5 1129 

Sensitivity analysis (2) 5 0.0030 0.5 1051 

Strictly zoonotic 4 0.0020 0.5 1114 

Transmissible 2 0.0020 0.5 1430 

Vector-borne 2 0.0040 0.5 1147 

Non-vector-borne 2 0.0035 0.5 1080 
(1) Using data from 1980 to 2000 only; (2) Removing the 22 discovery reports that were not patients’ locations. 
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2.4 Results 

The five regions with the highest virus count were eastern North America, 

Europe, central Africa, eastern Australia, and north-eastern South America 

[Figure 2.1 (A)]. Strictly zoonotic viruses and vector-borne viruses were mostly 

discovered from central Africa and north-eastern South America while 

transmissible viruses and non-vector-borne viruses were mostly discovered 

from eastern North America and Europe (Figure 2.2). The cumulative 

discovery count increased slowly before 1950s, and thereafter increased at a 

constant rate [Figure 2.1 (B)]. There is variation for the rate of detection by 

geographic region. More viruses have been discovered in North America and 

Europe, but the numbers have decreased in recent decades. By contrast, an 

increased number of viruses have been discovered in Asia. Transmissible 

viruses and non-vector-borne viruses showed a similar temporal pattern with 

the curve for all human-infective RNA viruses, with an obvious increase in 

1950 (Figure 2.2). Strictly zoonotic viruses and vector-borne viruses showed a 

similar pattern in the early phase, with an obvious increase in 1925, but the 

numbers of new vector-borne viruses decreased after 1980 (Figure 2.2).
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Figure 2.1 Spatiotemporal distribution of global human-infective RNA virus discovery in 1901–2018 

A, Spatial distribution. The red spots indicate discovery points or centroids of polygons (administrative regions)—depending on the preciseness of the 
location provided by the original paper, with the size representing the cumulative virus species count. Centroid is the coordinate of the centre of mass in 
a spatial object. B, Temporal distribution. The red curve indicates the cumulative virus species discovery count over time.
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Figure 2.2 Spatiotemporal distribution of global human-infective RNA virus discovery count split by category in 1901–2018 
The map was plotted with respect to transmissibility (A, strictly zoonotic; B, transmissible in humans), and transmission mode (C, vector-borne viruses; 
D, non-vector-borne viruses). In each subplot, the red spots in the map (a) indicate discovery points or centroids of polygons (administrative regions)—
depending on the preciseness of the location provided by the original paper, with the size representing the cumulative virus species count. Centroid is the 
coordinate of the centre of mass in a spatial object. The red curve (b) indicates the cumulative virus species discovery count over time. 
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Based on the full BRT model involving all 223 viruses, twelve variables had 

relative contributions greater than the mean (3.03%) (Figure 2.3), including two 

socio-economic variables (GDP growth: 12.7%, GDP: 9.9%), four variables 

concerning urbanization [urbanized land: 8.7%, urbanization of secondary land 

(i.e. the percentage of land area change from secondary land to urban land;  

secondary land is natural vegetation that is recovering from previous human 

disturbance, see Table 2.2 for details): 4.8%, growth of urbanized land area: 

3.6%, and urbanization of cropland (i.e. the percentage of land area change 

from cropland to urban land, see Table 2.2 for details): 3.3%], five climatic 

variables (minimum temperature: 6.3%, precipitation change: 5.0%, latitude: 

4.3%, total precipitation: 3.6%, minimum precipitation: 3.5%), and one 

biodiversity variable (mammal species richness: 5.1%). The partial 

dependence plots shown in Figure 2.4 showed the relationships between 

these predictors and virus discovery. For the majority of predictors, the 

relationship with discovery probability was non-linear, with large effects often 

seen over a narrow range of values. For example, discovery probability fell 

sharply if GDP growth was negative, and for very low GDP and low percentage 

of urbanized land; whereas it rose sharply for high minimum temperature and 

high mammal richness.
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Figure 2.3 Relative contribution of predictors to global human-infective RNA virus discovery in the full model 
The boxplots show the median (black bar) and interquartile range (box) of the relative contribution across 1000 replicate models, with whiskers indicating 
minimum and maximum and black dots indicating outliers.
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Figure 2.4 Partial dependence plots for all predictors that influence global human-
infective RNA virus discovery in the full model 
Partial dependence plots show the effect of an individual predictor over its range on the 
response after factoring out other predictors. Fitted lines represent the median (black) and 95% 
quantiles (coloured) based on 1000 replicated models. Y axes are centred around the mean 
without scaling. X axes show the range of sampled values of predictors. 
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residuals. Sensitivity analyses (the analysis using data from 1980 to 2000 and 

the analysis after removing the 22 viruses with least certain discovery locations) 

revealed consistent trends with the full model, though with several changes of 

relative contribution. 

 

Figure 2.5 Moran’s I across different spherical distances for the global raw human-
infective RNA virus data and the full model residuals 
The solid line and dots represented the median Moran’s I value, and the grey area represented 
its 95% quantiles generated from 1000 samples (red: Raw virus data) or replicate BRT models 
(blue: Model residuals). 

The bootstrap 1000 replicate BRT full model explained a median of 40.9% of 

deviance in the data (95% quantiles: 36.5%–45.5%). Using 50 runs of 10-fold 

cross-validation, the model had a median ICC of 0.55 (95% quantiles: 0.50–

0.61). The model validation statistics for the stratified model are shown in 

Table 2.4. Combining these measures, my BRT model predictions ranged from 

fair to good (Cicchetti, 1994). 
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Table 2.4 Model validation statistics for stratified analyses for global human-infective 
RNA virus discovery 

ICC, infraclass correlation coefficient 

In the transmissibility-stratified BRT model, ten variables had relative 

contributions greater than 3.03% for discovering strictly zoonotic viruses 

[Figure 2.6(A), partial dependence plots in Figure 2.7(A)], including four 

climatic variables (minimum temperature: 13.1%, latitude: 6.2%, precipitation 

change: 5.3%, total precipitation: 3.6%), three land use variables (urbanized 

land: 7.7%, urbanization of secondary land: 5.6%, growth of urbanized land 

area: 5.2%), two socio-economic variables (GDP: 8.3%, GDP growth: 7.9%), 

and one biodiversity variable (mammal species richness: 5.6%). In contrast, 

eight variables had relative contributions greater than 3.03% for discovering 

viruses transmissible in humans [Figure 2.6(B), partial dependence plots in 

Figure 2.7(B)], including four predictors involving urbanization (urbanized land: 

13.6%, urbanization of cropland: 9.3%, urbanization of secondary land: 6.6%, 

growth of urbanized land area: 3.6%), three socio-economic variables (GDP 

growth: 14.4%, GDP: 14.0%, population change: 3.6%), and one climatic 

variable (minimum precipitation: 5.0%). 

Model % of deviance explained (95% quantiles) ICC (95% quantiles) 

Strictly zoonotic 60.0% (53.9%–65.3%) 0.44 (0.36–0.51) 

Transmissible 44.7% (40.1%–49.7%) 0.63 (0.55–0.70) 

Vector-borne 63.3% (55.6%–71.7%) 0.43 (0.34–0.52) 

Non-vector-borne 40.8% (36.2% –45.3%) 0.67 (0.62–0.73) 
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Figure 2.6 Relative contribution of predictors to global human-infective RNA virus 
discovery in the stratified model by transmissibility 
A, Strictly zoonotic; B, Transmissible in humans. The boxplots show the median (black bar) 
and interquartile range (box) of the relative contribution across 1000 replicate models, with 
whiskers indicating minimum and maximum and black dots indicating outliers.
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Figure 2.7 Partial dependence plots for all predictors that influence global human-infective RNA virus discovery in the stratified model by 
transmissibility 
A, Strictly zoonotic; B, Transmissible in humans. Partial dependence plots show the effect of an individual predictor over its range on the response after 
factoring out other predictors. Fitted lines represent the median (black) and 95% quantiles (coloured) based on 1000 replicated models. Y axes are 
centred around the mean without scaling. X axes show the range of sampled values of predictors.
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In the vector-borne-stratified BRT model, thirteen variables had relative 

contributions greater than 3.03% for discovering vector-borne viruses [Figure 

2.8(A), partial dependence plots in Figure 2.9(A)], including five climatic 

variables (minimum temperature: 17.1%, precipitation change: 7.9%, latitude: 

6.2%, total precipitation: 3.8%, maximum precipitation: 3.3%), two socio-

economic variables (GDP growth: 7.4%, GDP: 4.4%), one biodiversity variable 

(mammal species richness, 6.7%), and five land use variables (urbanization of 

secondary land: 4.8%, urbanized land: 4.1%, growth of cropland area: 3.7%, 

growth of urbanized land area: 3.6%, growth of pasture area: 3.4%). In contrast, 

seven variables had relative contributions greater than 3.03% for discovering 

non-vector-borne viruses [Figure 2.8(B), partial dependence plots in Figure 

2.9(B)], including four land use variables (urbanized land: 19.6%, urbanization 

of secondary land 7.5%, urbanization of cropland: 4.5%, growth of urbanized 

land area: 3.5%), two socio-economic variables (GDP: 18.7%, GDP growth: 

12.4%), and one climatic variable (minimum precipitation: 3.3%). 
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Figure 2.8 Relative contribution of predictors to global human-infective RNA virus 
discovery in the stratified model by transmission mode 
A, Vector-borne; B, Non-vector-borne. The boxplots show the median (black bar) and 
interquartile range (box) of the relative contribution across 1000 replicate models, with 
whiskers indicating minimum and maximum and black dots indicating outliers.
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Figure 2.9 Partial dependence plots for all predictors that influence global human-infective RNA virus discovery in the stratified model by 
transmission mode 
A, Vector-borne; B, Non-vector-borne. Partial dependence plots show the effect of an individual predictor over its range on the response after factoring 
out other predictors. Fitted lines represent the median (black) and 95% quantiles (coloured) based on 1000 replicated models. Y axes are centred 
around the mean without scaling. X axes show the range of sampled values of predictors. 
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The summary of the cumulative relative contribution of each group of 

predictors to human-infective RNA virus discovery in each model is shown in 

Figure 2.10. In comparison with non-vector-borne and human transmissible 

viruses, the discovery of vector-borne viruses and strictly zoonotic viruses was 

better predicted by climatic variables and biodiversity than by socio-economic 

variables and land use. 

 

Figure 2.10 Cumulative relative contribution of predictors to global human-infective 
RNA virus discovery by group in each model 
The relative contributions of all predictors sum to 100% in each model, and each colour 
represents the cumulative relative contribution of all predictors within each group. The relative 
contribution of different groups to virus discovery varies across each model. 

By applying 2015 values of all 33 predictors (Figure A.1) to the fitted full BRT 

model, I obtained a predicted probability of human-infective RNA virus 

discovery in 2010–2019 (Figure 2.11). Comparison with Figure 2.1 indicates 

that virus discoveries remained relatively likely in eastern North America, 

Europe, central Africa, eastern Australia, and north-eastern South America but, 
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in addition, I predicted high probabilities of virus discovery across East and 

Southeast Asia, India, and Central America. All eighteen new virus species 

since 2010 were discovered in regions of high-risk as predicted by my model 

(75.0%–99.9% percentiles of predicted probability over the global range), and 

eleven of them were discovered in very high-risk areas (90.0-99.9% 

percentiles of predicted probability over the global range). The predictions of 

discovery for each category of virus are shown in Figure 2.12. Broadly similar 

patterns as the full prediction model were seen for all four categories: high 

probabilities of virus discoveries were predicted in East and Southeast Asia, 

India, and Central America in comparison with the historical distribution (Figure 

2.2). However, there was some variation between virus categories: strictly 

zoonotic viruses were more likely to be discovered in northern South America, 

central Africa, and Southeast Asia, while transmissible viruses were more 

likely to be discovered in North America, East Asia, and India (Figure 2.12); 

and vector-borne viruses were predicted to be more likely to be discovered in 

northern South America, central Africa, India, and Southeast Asia than non-

vector-borne viruses (Figure 2.12).
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Figure 2.11 Predicted probability of global human-infective RNA virus discovery in 2010–2019 

The triangles represented the actual discovery sites from 2010 to 2018, and the background colour represented the predicted discovery probability.
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Figure 2.12 Predicted probability of global human-infective RNA virus discovery in 2010–2019 split by category 

A Strictly zoonotic; B Transmissible in humans; C Vector-borne viruses; D Non-vector-borne viruses. The triangles represented the actual discovery sites 
from 2010 to 2018, and the background colour represented the predicted discovery probability. 
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2.5 Discussion 

In this chapter I compiled a large body of information on global spatiotemporal 

patterns of human-infective RNA virus discovery and developed a 

spatiotemporal modelling framework to identify predictors of the discovery of 

new viruses. The maps of human-infective RNA virus discovery indicated five 

regions with historically high discovery counts: eastern North America, Europe, 

central Africa, eastern Australia, and north-eastern South America. BRT 

modelling suggested that virus discovery was well predicted by socio-

economic variables (especially GDP and GDP growth), land use variables 

(especially those related to urbanization), climate variables (including 

minimum temperature, precipitation change, latitude, minimum precipitation, 

total precipitation), and biodiversity (especially mammal species richness). 

The predicted probability map in 2010–2019 identified three new areas across 

East and Southeast Asia, India, and Central America in addition to the 

historical high-risk areas. 

I focused on the discovery of RNA viruses in human(s) in this chapter, rather 

than emergence. This was determined by the attribute of the database itself, 

i.e. the first report of each human-infective RNA virus from the literature review. 

The discovery location may or may not represent the origin of the virus. For 

example, HIV-1 is believed to originate from non-human primates in West-

central Africa, and is estimated to have transferred to humans in 1920s (Faria 

et al., 2014), but the first published case from peer-reviewed literature was a 
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Caucasian and was published by researchers in France (Barre-Sinoussi et al., 

1983).  

In both the full and the stratified BRT models, GDP and GDP growth were 

among the top predictors of virus discovery count. This is likely to reflect that 

richer, more developed areas have more research funding, better access to 

technologies for virus detection and more effective surveillance systems. In 

the United States, for example, the Global Virome Project (GVP) launched in 

2018 aims to detect and characterize most zoonotic viruses from target 

zoonotic reservoirs with a cost of $1.2 billion (Carroll et al., 2018). Comparison 

of Figure 2.1 with Figure A.1 suggested that more viruses have been 

discovered in developed regions with/without fast GDP growth including North 

America, Europe, and Australia. I note that more developed countries were 

more likely to first capture viruses circulating in multiple regions. Over the last 

100 years, North America and Europe have witnessed a decreasing fraction 

of discovered viruses in more recent decades (1985–2018: 32/86=37%) than 

previously (1901–1984: 78/137=57%), but Asia has accounted for a higher 

fraction (1901–1984: 16/137=12%; 1985–2018: 22/86=26%). This can be 

partly explained by the higher GDP and faster GDP growth in Asia in recent 

decades. In addition, there have also been historical hotspots in individual 

countries (e.g. Brazil, Nigeria, and Uganda) associated with active virus 

discovery initiatives such as those supported by the Rockefeller Foundation 

(RF, the RF supported the discovery of 23 vector-borne viruses since 1951; 

there was a sharp decline in the discovery of vector-borne viruses when the 

RF programme ended in the mid-1960s, Figure 2.2C) (Rosenberg et al., 2013). 
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More viruses are likely to be discovered in the near future in areas with high 

GDP growth and GDP including most of Asia (except North and Central Asia), 

Europe and North America. 

In contrast to GDP, all other predictors identified in this chapter appear more 

directly associated with virus geographic distributions, my analysis having the 

important advantage that their influence was estimated independently of GDP. 

I note that the relative importance of GDP was less, though still substantial, for 

strictly zoonotic and vector-borne viruses (two large, overlapping subsets of 

human-infective RNA viruses—73 out of 93 (78.5%) vector-borne viruses are 

strictly zoonotic). This likely reflects the fact that most such viruses have 

geographic ranges restricted by the distributions of their vectors and/or 

reservoir hosts. 

Consistent with this interpretation, predictors related to urbanization—a 

consistently important category—had greatest influence for human-

transmissible and non-vector-borne viruses. This, again, can be explained by 

the fact that more viruses have been discovered in areas (especially in Asia) 

which have experienced rapid urbanization in recent decades (especially after 

1980 (Chini et al., 2014)). Population density and growth, in contrast, were 

much less prominent predictors, with particularly little influence on strictly 

zoonotic and vector-borne viruses. This implies that change in habitat—from 

natural or rural to urban (Hassell et al., 2017)—has a greater influence on virus 

discovery (by altering the virus geographic distributions in nature) than human 

population size or density. 
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I also found associations between the discovery of RNA viruses and climate: 

five of the most influential predictors in the full model were minimum 

temperature, precipitation change, latitude, minimum precipitation, and total 

precipitation. That warmer and wetter climate (higher minimum temperature, 

more precipitation and lower latitude) is positively associated with the virus 

discovery is consistent with previous studies (Allen et al., 2017). Climate 

variables (especially minimum temperature) were relatively more important 

predictors of vector-borne and strictly zoonotic virus discovery—both these 

categories were more often discovered in tropical and sub-tropical regions. 

Forty two percent (93 out of 223) of human-infective RNA species were vector-

borne (Woolhouse & Brierley, 2018) and the distribution and abundance of 

these viruses was strongly influenced by the impact of climate on vector 

populations (Jones et al., 2008; Li et al., 2014). That climate was also relatively 

important for the discovery of strictly zoonotic viruses may be at least partly 

explained by the fact that 78.5% of vector-borne viruses were strictly zoonotic 

(Table A.1), although there may also be an association between climate and 

the distribution of reservoir hosts. 

For biodiversity, mammal species richness was shown to make an influential 

contribution to human-infective RNA virus discovery, again particularly for 

vector-borne viruses and strictly zoonotic viruses. Most but not all previous 

studies have indicated that risk of spill-over for a virus from mammal hosts to 

humans was positively correlated with host species richness (Allen et al., 2017; 

Jones et al., 2008; Wood et al., 2014) which was consistent with mammals 

being the main source of zoonotic viruses (Woolhouse et al., 2016) and that 
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as the mammal species richness increases, so did the richness of the pool of 

viral zoonoses (Keesing et al., 2010). Where zoonotic viruses are first 

discovered will be influenced, inter alia, by a range of environmental, 

ecological, and socioeconomic factors that increase the interaction between 

humans and mammal reservoirs (Mackey et al., 2014). 

My predicted discovery map from the full model, along with two stratified 

models, identified three areas—East and Southeast Asia, India, and Central 

America—where more viruses were more likely to be detected in 2010–2019 

than have been in the past. Inspection of the historical predicted probabilities 

of virus discovery in Figure A.2 indicates there has always been and is still 

fewer discoveries than expected in these regions. This suggested that my 

model was missing predictors (positive or negative) relevant to these regions. 

However, as mentioned before, for two predicted high-risk areas—East and 

Southeast Asia, India—accounted for higher fractions in more recent times. 

The underlying reason may be that the predictors with the greatest influence 

on virus discovery, such as GDP and land use variables related to urbanization, 

have changed substantially over time in these areas (especially China). 

This study had several limitations: firstly, as indicated above, my model was 

missing predictors (positive or negative) relevant to the three newly identified 

high-risk regions. Second, there is often a lag between virus discovery and 

publication date, though I used the latter for consistency. Third, there are other 

potential biases concerning spatiotemporal variation in virus detection 

methodologies used, and diagnostic accuracy (Woolhouse & Brierley, 2018). 



3. Predictors of human-infective RNA virus discovery in the United States, China and Africa 

 60 

Fourth, I used ICTV species classification following other studies (Shu et al., 

2018; Walker et al., 2018), though I note that viral species for each family are 

defined by independent groups using different criteria, which may lead to over- 

or under-representation of species entries for certain families in my study 

compared to their phylogenetic diversity. However, I regard ICTV taxonomy as 

the most authoritative for comparative analysis. Last, I did not attempt to 

correct for reporting bias by devising a plausible metric, though previous 

studies have done so (Allen et al., 2017; Jones et al., 2008). However, I 

explicitly included predictors that I expect to be correlated with discovery effort, 

e.g. GDP and university count—these are indirect and likely partial measures 

of effort.  

The strengths of the study include use of a comprehensive data set for human-

infective RNA virus discovery, the large set of high-resolution global variables 

postulated to influence RNA virus discovery, and a more robust model (BRT) 

combining the strengths of both regression trees and boosting that is capable 

of solving spatial dependence. I also performed further stratified analyses 

(distinguishing viruses transmissible in humans or strictly zoonotic, and vector-

borne or non-vector-borne) and identified differences between predictors of 

the discovery of these specific categories of viruses. These results furthered 

understanding of the spatial distribution of virus discovery for different types, 

and also demonstrated that such a method can be used to identify such 

differences between strictly zoonotic and human-transmissible viruses or 

between vector-borne or non-vector-borne viruses. 
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In conclusion, the discovery of human-infective RNA viruses showed both 

spatial and temporal variation, and was a process associated with socio-

economic variables, land use, climate, and biodiversity, although the relative 

importance of these variables differs across different category of RNA viruses. 

My study helps distinguish the relative contributions of predictors reflecting the 

natural virus distribution and those reflecting the effort invested in virus 

discovery to the spatial distribution of first reports of human viruses. New 

human viruses were more likely to be found in areas with more rapid socio-

economic growth. But the underlying geographic distribution of viruses with the 

potential to infect humans may be somewhat different, reflecting climate, 

biodiversity and changes in land use. This implies that extra investment in virus 

discovery in settings that are resource-poor but have other risk factors, such 

as Africa, central America, and south and southeast Asia, may be warranted. 
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Chapter 3 Predictors of human-infective RNA 

virus discovery in the United States, China, and 

Africa 

3.1 Abstract 

The variation in the pathogen type as well as the spatial heterogeneity of 

predictors make the generality of any associations with pathogen discovery 

debatable. In chapter 2, I confirmed that the global association of a group of 

predictors differed across different types of RNA viruses, yet there have been 

no previous comparisons of the specific predictors of RNA virus discovery in 

different regions. The aim of the chapter was to close the gap by investigating 

whether predictors of discovery rates within three regions—the United States, 

China and Africa—differ from one another and from those at the global level. 

Based on a comprehensive list of human-infective RNA viruses, I collated 

published data on first discovery of each species in each region. I used a 

Poisson boosted regression tree (BRT) model to examine the relationship 

between virus discovery and 33 predictors representing climate, 

socioeconomics, land use, and biodiversity across each region separately. 

The discovery probability in three regions in 2010–2019 was mapped using 

the fitted models and the historical predictors. The numbers of human virus 

species discovered in the United States, China, and Africa in 1901–2019 were 

95, 80 and 107 respectively, with China lagging behind the other two regions. 
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In each region, discoveries were clustered in hotspots. BRT modelling 

suggested that in all three regions RNA virus discovery was best predicted by 

land use and socio-economic variables, followed by climatic variables and 

biodiversity, though the relative importance of these predictors varied by region. 

Map of virus discovery probability in 2010–2019 indicated several new 

hotspots outside historical high-risk areas. Most new virus species since 2010 

in each region (6/6 in the United States, 19/19 in China, 12/19 in Africa) were 

discovered in high-risk areas as predicted by my model. I concluded that the 

drivers of spatiotemporal variation in virus discovery rates vary in different 

regions of the world. Within regions virus discovery is driven mainly by land-

use and socio-economic variables; climate and biodiversity variables are 

consistently less important predictors than at a global scale. Potential new 

discovery hotspots in 2010–2019 are identified. Results from the study could 

guide active surveillance for new human viruses in local high-risk areas. 

3.2 Introduction 

RNA viruses are the primary cause for emerging infectious diseases with 

epidemic potential, given that they have high rate of evolution and high 

capacity to adapt to new hosts (Woolhouse et al., 2016). In recent decades, 

infectious diseases caused by severe acute respiratory syndrome coronavirus 

(SARS-CoV), Middle East respiratory syndrome coronavirus (MERS-CoV), 

Bundibugyo Ebola virus and SARS-CoV-2 present major threats to the health 

and welfare of humans (Albarino et al., 2013; Ksiazek et al., 2003; Mackay & 

Arden, 2015; World Health Organisation, 2020a). Detection of formerly 
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unknown human-infective RNA viruses in the earliest stage after the 

emergence are essential for controlling the infections they cause. Measures to 

implement early detection include not only advanced diagnostic techniques 

(Lipkin & Firth, 2013), but more importantly the idea where to look for them 

(so-called hotspots) (Morse et al., 2012). 

Socio-economic, environmental, and ecological factors related to both virus 

natural history and research effort have been found to affect the discovery of 

emerging RNA viruses (Jones et al., 2008; Morse et al., 2012; Rosenberg, 

2015; Zhang et al., 2020). However, these factors are highly spatially 

heterogeneous, making the generality of any associations with discovery 

debatable. For example, the United States, China, and Africa have 

experienced different rates of socio-economic, environmental, and ecological 

changes in the last one hundred years. The United States has always had 

better resources to discover new viruses than most other countries in the world. 

For example, the Rockefeller Foundation—a U.S. foundation—supported the 

discovery of 23 arboviruses in Latin America, Africa, and India in 1951–1969 

(Rosenberg, 2015). China has seen urban land coverage more than double 

and GDP per capita increase by seven times since the 1980s (Ritchie, 2018; 

Roser, 2013). Nine out of 223 human-infective RNA viruses have been 

originally discovered in China, and all were discovered after 1982 (Zhang et 

al., 2020). In contrast, effective surveillance is challenging in less developed 

regions such as large parts of Africa given resource constraints (Petti et al., 

2006). 
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There have been no previous comparisons of the specific predictors of RNA 

virus discovery in different regions. In this chapter, I applied a similar 

methodology from my chapter 2 of global patterns of discovery of human-

infective RNA viruses (Zhang et al., 2020) to investigate whether predictors of 

discovery rates within three regions—the United States, China, and Africa—

differ from one another and from those at the global level, using three new 

virus discovery data sets. Africa, though as a continent as opposed to two 

single countries (United States and China), I included it because 70% of the 

least developed countries in the world are in Africa (Department of Economic 

and Social Affairs, 2021), and this increased the range of predictors I could 

compare. As in chapter 2, the study unit was at 1° grid cell (details in Methods), 

and this helped reduce the variabilities in data by including regions at both 

continent level and country level. I also mapped discovery probability in three 

regions in 2010–2019 using the fitted models and historical predictors. 

According to findings from chapter 2 (Zhang et al., 2020), the main predictors 

of virus discovery at the global scale were GDP-related. This suggests that the 

patterns of virus discovery I have identified may have been largely driven by 

research effort rather than the underlying biology. In this chapter, by focusing 

on more restricted and homogenous regions where the research effort is less 

variable, I expected to identify predictors more associated with virus biology. 
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3.3 Materials and Methods 

3.3.1 Data sets of human-infective RNA viruses in three regions 

With reference to the full list of human-infective RNA virus species (Zhang et 

al., 2020), I geocoded the first report of each in humans in the United States, 

China, and Africa separately. The latest version of the full list included 223 

human-infective RNA virus species (Table B.1), with Human torovirus 

abolished and a new species—Heartland banyangvirus—added by ICTV in 

2018 (International Committee on Taxonomy of Viruses, 2018). Data used in 

this chapter were not subsets of the main data in chapter 2, given that the 

information on discovery locations and discovery dates for each virus species 

was re-collected in each specific geographical region. 

I followed the same search terms, databases searched, and inclusion or 

exclusion criteria as the global data set for data collection (Woolhouse & 

Brierley, 2018). In each region, I decided whether or not each species was 

ever discovered from human(s) according to peer-reviewed literature. 

Reference databases included PubMed, Web of Science, Google Scholar, and 

Scopus. Two Chinese database [i.e. China National Knowledge Infrastructure 

(CNKI) and Wanfang Data] were also searched when collecting data for China. 

Reference lists of relevant studies and reviews were also checked manually to 

find potential earlier discovery papers. The following keywords were used for 

the retrieval: virus full name or abbreviations or virus synonyms; and human* 

or person* or case* or patient* or worker* or infection* or disease* or outbreak* 
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or epidemic*; and region name (Chin* or Taiwan or Hong Kong or Macau; 

United States or US or USA or America*; Africa* or all African country names). 

Virus synonyms and abbreviations included early names used in the discovery 

paper and all subtypes provided by the ICTV 10th report (International 

Committee on Taxonomy of Viruses, 2018). Evidence which met the following 

criteria from peer-reviewed literatures were included: (a) Diagnostic methods 

for RNA virus infection in humans were clearly described, through either viral 

isolation or serological methods; (b) Specific virus species name or subtypes 

falling under that species were clearly provided; (c) Both natural infection and 

iatrogenic or occupational infections were accepted. Evidence which met the 

following criteria were excluded: (a) Uncertain species due to cross-reactivity 

with related viruses; (b) Diagnostic methods for virus infection were not 

specified; (c) Description of clinical symptoms or pathogenicity were not 

considered as human infection of one certain virus species; (d) Report of ‘[virus 

name]-like’ or ‘potential [virus name] infections’, but if ‘[virus name]-like’ was a 

joint name for a virus species which include several serotypes, then it was 

accepted; (e) Intentional infections including experimental inoculation or vitro 

infections; (f) Non-peer-reviewed literature, including media reports, thesis, or 

unpublished data. 

I defined discovery location as where the initial human was exposed to/infected 

with the virus, as suggested in the first report of human infections from peer-

reviewed literature. All locations were geolocated as precisely as possible 

using methods from the chapter 2 (Zhang et al., 2020). For each region, a 

polygon was created for those locations at administrative level 3 (county for 
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the United States; city for China; for Africa, it varied between different countries) 

and above. Table 3.1 summarises details of data types for virus discovery 

database in three regions. The majority of discovery locations in the United 

States and Africa involved point data, while in China the majority involved 

polygon data at province level. A bootstrap resampling procedure was 

developed for polygon data covering more than one grid cell (details below). 

Discovery date of human infection was defined as the publication year in the 

scientific literature. 

Table 3.1 Resolution and covered grid cells for human-infective RNA virus discovery 
data in the three regions 

  Polygon data  
Point data Total   Country 

level 
State/Province 

level 
City/County 

level  

United States Virus species 
counts NA 14 (14.7%) 11 (11.6%)  70 (73.7%) 95 

Gridded cell 
counts NA 189 12  72* 273 

China Virus species 
counts NA 22 (27.5%) 47 (58.7%)  11 (13.8%) 80 

Gridded cell 
counts NA 161 70  12* 243 

 Virus species 
counts 7 (6.5) 5 (4.7%) 15 (14.0%)  80 (74.8%) 107 

Africa Gridded cell 
counts 307 22 17  80 426 

*Grid cell counts here include viruses first detected in multiple points from the literature, NA, not applicable 

3.3.2 Spatial predictors 

As for my global analysis in chapter 2 (Zhang et al., 2020), a suite of 33 global 

gridded climatic, socio-economic, land use, and biodiversity predictors 

postulated to affect the spatial distribution of RNA virus discovery were 

compiled, each at a resolution of 0.5°/30" (except university count having a 

resolution at country level for Africa and state/province for the United States 

and China). Data for the United States, China, and Africa were extracted by 
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restricting the coordinates within each region. The definition, original resolution, 

and source of each variable were the same as my chapter 2 (Zhang et al., 

2020). All predictors were aggregated from their original spatial resolution to 

1°×1° resolution grid cell (e.g. as in Figure B.1–Figure B.3 showing distribution 

of predictors in 2015); data for climatic variables, population, GDP, and land 

use data without full temporal coverage were extrapolated back to 1901; both 

following methods from my chapter 2 (Zhang et al., 2020). 

3.3.3 Boosted regression trees modelling 

I used Poisson boosted regression trees (BRT) model to examine the 

relationship between discovery of RNA virus and 33 predictors of each 1° 

resolution of grid cell across each region separately, following codes from my 

chapter 2 (Zhang et al., 2020) and one previous paper (Allen et al., 2017). 

Again, the analysis is not the subgroup analysis of the chapter 2, given 

analyses were redone so that predictors of ‘discovery’, i.e. first discovery of 

virus species in each specific region, were compared among three regions. As 

a tree-based learning method, BRT model can automatically capture complex 

relationships and interactions between variables, and also can well account 

for spatial autocorrelation within the data (Crase et al., 2012). I compared 

Moran’s I values of the raw virus data and the model residuals to estimate the 

ability of the BRT model to account for spatial autocorrelation (Cliff & Ord, 

1981). In order to minimise the effect of spatial uncertainty of virus discovery 

data, I performed 1000 times bootstrap resampling for those discovery 

locations reported as polygons following methods from my chapter 2. 
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All BRT models were fitted in R v. 3.6.3, using packages dismo and gbm. BRT 

models require the user to balance three parameters including tree complexity, 

learning rate, and bag fraction. I set these parameters as recommended from 

Elith et al (Elith et al., 2008), and make sure each resampling model contained 

at least 1000 trees. BRT models identified the final optimal number of trees in 

each model using a 10-fold cross validation stagewise function (Elith et al., 

2008). Table 3.2 summarises the three parameter values of the optimal model 

as well as the mean optimal number of trees across 1000 replicate models for 

all three regions. 

Table 3.2 Model parameters for human-infective RNA virus discovery in the three 
regions 

Model Tree complexity Learning rate Bag fraction No. of trees 

United States 2 0.0020 0.5 1430 

China 2 0.0035 0.5 1473 

Africa 2 0.0030 0.5 1446 

By fitting 1000 replicate BRT models, the relative contribution plots and partial 

dependence plots with 95% quantiles were plotted. I defined variables with a 

relative contribution greater than the mean [100/(33 predictors *100)=3.03%)] 

as influential predictors in all three regions (Shearer et al., 2018). The partial 

dependence plots depict the influence of each variable on the response while 

controlling for the average effects of all the other variables in the model. The 

map of virus discovery probability across each region in 2010–2019 was 

derived from the means of the predictions of 1000 replicate models, using 

values of the 33 predictors in 2015. In order to show discovery hotspots, I 

converted the prediction map of virus count to a map of probability.  
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Two statistics were calculated to evaluate the model’s predictive performance: 

a) the deviance of the bootstrap model (Elith et al., 2008), b) infraclass 

correlation coefficient (ICC) calculated from 50 rounds of ten-fold cross-

validation, by following methods from the chapter 2 (Zhang et al., 2020). 

Exploratory subgroup analyses (distinguishing viruses firstly discovered in 

regions and those that had been discovered elsewhere in the world) were 

performed. I used the same BRT modelling approach as I described above, 

and relative contribution of each predictor was calculated for each subgroup. I 

was unable to perform subgroup analysis for China because only 9 human-

infective RNA viruses have been firstly discovered in it, and BRT model cannot 

be fitted to a sample as small as 9. 

3.4 Results 

The numbers of human virus species discovered in the United States, China, 

and Africa in 1901–2019 were 95, 80 and 107 respectively (Table C.1). Most 

first discoveries have been in eastern United States (especially in areas 

around Maryland, Washington, D.C., and New York), eastern China 

(developed cities including Beijing, Hong Kong, Shanghai, and Guangzhou), 

and southern and central Africa (Pretoria and Johannesburg, South Africa; 

Borno State and Ibadan, Nigeria) (Figure 3.1). A total of 60 virus species were 

previously reported in all three regions, and 27, 12, 37 species were only found 

in the United States, China, and Africa respectively (Figure 3.2). In all three 

regions, smaller proportions of viruses were vector-borne [United States: 23.2% 

(22/95); China: 21.3% (17/80); Africa: 27.1% (29/107)] and strictly zoonotic 
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[United States: 30.5% (29/95); China: 16.3% (13/80); Africa: 33.6% (36/107)], 

compared to larger proportions for both virus types at the global scale [vector-

borne: 41.7% (93/223) and strictly zoonotic: 58.7% (131/223)] (Figure 3.2). 

The 60 shared species were also disproportionally vector-borne [11.7% (7/60)] 

and strictly zoonotic [7% (4/60), Figure 3.2]. 

Figure 3.1 
Spatial 
distribution of 
human-infective 
RNA virus 
discovery in the 
three regions, 
1901–2019 
A, United States; 
B, China; C, 
Africa. Red dots 
represent 
discovery points 
or centroids of 
polygons, with 
the size 
representing the 
cumulative virus 
species count. 

 

The discovery curves for the United States and Africa have seen a broadly 

similar pattern, with China lagging behind these two regions (Figure 3.3). In 

comparison to the entire world, the median time lag of the virus discovery was 

0 [interquartile range (IQR): 2.5], 12 (IQR: 29.5), and 2 (IQR: 10.5) years in the 

United States, China, and Africa, respectively (Figure 3.4). In China, the time 

lag was noticeably shorter for viruses discovered after 1975 [before 1975: a 

median lag of 30.5 (IQR: 30.5) years; after 1975: 2.5 (IQR: 7) years, p value 

of Wilcoxon rank sum test < 0.001]. 
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Figure 3.2 Shared human-infective RNA virus species count in the three regions 
Under/By the species count the ratios of vector-borne (V) to non-vector-borne (N) viruses and 
strictly zoonotic (Z) to human transmissible (T) viruses were shown. 

 

Figure 3.3 Discovery curve of human-infective RNA virus species in the three regions 
and the world 
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Figure 3.4 Time lag of human-infective RNA virus discovery between the three regions and the world 
A, United States; B, China; C, Africa. The blue dots represent the original discovery year of each virus in the world; the red dots represent the discovery 
year of each virus in three regions; and the segments between them represent the time lag. 
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In the United States, six variables including three predictors related to land use 

[urbanized land: relative contribution of 35.8%, urbanization of cropland (i.e. 

the percentage of land area change from cropland to urban land): 8.0%, growth 

of urbanized land: 4.1%], two socio-economic variables (GDP growth: 10.0%; 

GDP: 5.7%), and one climatic variable (diurnal temperature change: 4.9%) 

were identified as important predictors of discriminating between locations with 

and without virus discovery (Figure 3.5A). The partial dependence plots shown 

in Figure 3.6 suggested non-linear relationships between the probability of 

virus discovery and most predictors. All important predictors presented a 

positive trend over narrow ranges at lower values. 

In China, twelve variables including four socio-economic variables (GDP: 

12.7%, university count: 7.5%, GDP growth: 4.6%, population growth: 4.4%), 

five predictors involving land use [pasture: 8.3%, urbanized land: 8.1%, 

vegetation: 5.8%, cropland: 5.3%, urbanization of secondary land (the 

percentage of land area change from secondary land to urban land; secondary 

land is natural vegetation that is recovering from previous human disturbance): 

3.3%], and three climatic variables (maximum precipitation: 4.5%, precipitation 

change: 3.8%, diurnal temperature range: 3.3%) were identified as important 

predictors of discriminating between locations with and without virus discovery 

(Figure 3.5B). GDP, urbanized land, university count, vegetation, GDP growth, 

maximum precipitation, population growth, and urbanization of secondary land 

presented a positive trend over narrow ranges at lower levels; pasture, 

cropland, precipitation change, and diurnal temperature range had non-

monotonic/ negative impacts, with highest risks at lower values (Figure 3.7). 
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Figure 3.5 Relative contribution of predictors to human-infective RNA virus discovery 
in the three regions 

A, United States; B, China; C, Africa. The boxplots show the median (black bar) and 
interquartile range (box) of the relative contribution across 1000 replicate models, with 
whiskers indicating minimum and maximum and black dots indicating outliers. 
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Figure 3.6 Partial dependence plots showing the influence on human-infective RNA 
virus discovery for all predictors in the Unites States 

Partial dependence plots show the effect of an individual predictor over its range on the 
response after factoring out other predictors. Fitted lines represent the median (black) and 95% 
quantiles (coloured) based on 1000 replicated models. Y axes are centred around the mean 
without scaling. X axes show the range of sampled values of predictors.
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Figure 3.7 Partial dependence plots showing the influence on human-infective RNA 
virus discovery for all predictors in China 

Partial dependence plots show the effect of an individual predictor over its range on the 
response after factoring out other predictors. Fitted lines represent the median (black) and 95% 
quantiles (coloured) based on 1000 replicated models. Y axes are centred around the mean 
without scaling. X axes show the range of sampled values of predictors.
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In Africa, ten variables including two socio-economic variables (GDP growth: 

21.2%, GDP: 13.0%), seven predictors related to land use (urbanized land: 

9.4%, growth of cropland area: 5.6%, urbanization of cropland: 5.5%, growth 

of urbanized land: 5.1%, urbanization of pasture: 3.8%, vegetation, 3.7%, 

cropland: 3.2%), and one biodiversity variable (mammal species richness: 

3.1%) were identified as important predictors of discriminating between 

locations with and without virus discovery (Figure 3.5C). All important 

predictors presented a positive trend over narrow ranges at lower positive 

values, except mammal species over a large range (Figure 3.8). 

My BRT models reduced Moran’s I value below 0.15 in all three regions (Figure 

3.9), suggesting that BRT models with 33 predictors have adequately 

accounted for spatial autocorrelations in the raw virus data in all three regions. 

The model validation statistics for each region are shown in Table 3.3. 

Combining these measures, my BRT model predictions ranged from fair to 

good (Cicchetti, 1994). 

In all three regions, human-infective RNA virus discovery was best predicted 

by land use and socio-economic variables, followed by climatic variables and 

biodiversity (Figure 3.10), whereas virus discovery was more associated with 

climatic variables and biodiversity at the global level. The comparison between 

three regions showed that: climatic variables contributed most to the discovery 

of human-infective RNA viruses in China; land use contributed most to the 

discovery in the United States; socio-economic variables and biodiversity 
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contributed most to the discovery in Africa and least to discovery in the United 

States. 

 

Figure 3.8 Partial dependence plots showing the influence on human-infective RNA 
virus discovery for all risk factors in Africa 

Partial dependence plots show the effect of an individual predictor over its range on the 
response after factoring out other predictors. Fitted lines represent the median (black) and 95% 
quantiles (coloured) based on 1000 replicated models. Y axes are centred around the mean 
without scaling. X axes show the range of sampled values of predictors. 
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Figure 3.9 Moran’s I across different spherical distances for the raw human-infective 
RNA virus data and the model residuals in the three regions 

A, United States; B, China; C, Africa. The solid line and dots represented the median Moran’s 
I value, and the grey area represented its 95% quantiles generated from 1000 samples (Blue: 
Raw virus data) or replicate BRT models (Red: Model residuals). I used the fixed spherical 
distance as the neighbourhood weights—as there is no general consensus for selecting cut-
off values, I chose spherical distances ranging from one time to fifteen times of distance of 1° 
grid cell at the equator, i.e. 110km to 1650km, considering the area of three regions. My BRT 
models reduced Moran’s I value from a range of 0.19–0.50 for the raw virus data to 0.009–
0.04 for the model residuals in the United States (A), 0.11–0.45 to -0.01–0.09 in China (B), 
0.05–0.31 to -0.004–0.15 in Africa (C), suggesting that BRT models with 33 predictors have 
adequately accounted for spatial autocorrelations in the raw virus data in all three regions. 

Table 3.3 Model validation statistics for analyses for human-infective RNA virus 
discovery in the three regions 

Model % of deviance explained (95% quantiles) ICC (95% quantiles) 

United States 50.5% (44.3%–56.8%) 0.66 (0.60–0.70) 

China 42.0% (32.4%–50.8%) 0.52 (0.41–0.60) 

Africa 42.4% (34.2%–50.0%) 0.51 (0.44–0.62) 

ICC, infraclass correlation coefficient 
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Figure 3.10 Cumulative relative contribution of predictors to human-infective RNA virus 
discovery by group in each model for different region 

The relative contributions of all predictors sum to 100% in each model, and each colour 
represents the cumulative relative contribution of all predictors within each group. 

I mapped human-infective RNA virus discovery probability in 2010–2019 for 

the three regions, based on the fitted BRT models and values of all 33 

predictors in 2015 (Figure B.1–Figure B.3). Outside contemporary risk areas 

where human-infective RNA viruses were previously discovered in the United 

States (Figure 3.1A), I predicted high probabilities of virus discovery across 

southern Michigan, central-Northern Carolina, central Oklahoma, southern 

Nevada, and north-eastern Utah (Figure 3.11A). Outside contemporary risk 

areas where human-infective RNA viruses were previously discovered in 

China (Figure 3.1B), I predicted high probabilities of virus discovery across 
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areas where human-infective RNA viruses were previously discovered in 

Africa (Figure 3.1C), I predicted high probabilities of virus discovery across 

northern Morocco, northern Algeria, northern Libya, south-eastern Sudan, 

central Ethiopia and western Democratic Republic of the Congo (Figure 3.11C). 

Eighty-four percent (37/44) new virus species since 2010 in each region (6/6 

in the United States, 19/19 in China, 12/19 in Africa) were discovered in high-

risk areas (85% percentiles of predicted probability across each region) as 

predicted by my model. Of all the 37 (United States: 6; China: 19; Africa: 12) 

viruses discovered in high-risk areas in 2010-2019, 13 (United States: 2; China: 

7; Africa: 4) viruses were discovered at the potential new hotspots where there 

have not been any virus discoveries before 2010. 

 

Figure 3.11 Predicted probability of human-infective RNA virus discovery in the three 
regions in 2010–2019 

A, United States; B, China; C, Africa. The triangles represented the actual discovery sites from 
2010 to 2019, and the background colour represented the predicted discovery probability. 
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Based on my subgroup analysis (distinguishing viruses firstly discovered in 

regions and those that had been discovered elsewhere in the world), 

discoveries of human-infective RNA viruses firstly discovered from either 

United States or Africa were better predicted by climatic and biodiversity 

variables, while discoveries of viruses that had been discovered from 

elsewhere in the world were better predicted by socio-economic variables 

(Figure 3.12). 

 

Figure 3.12 Cumulative relative contribution of predictors to human-infective RNA 
virus discovery by group in each subgroup model 

Subgroup 1 represents viruses firstly discovered from the region (United States or Africa); 
Subgroup 2 represents viruses firstly discovered elsewhere in the world. The relative 
contributions of all predictors sum to 100% in each model, and each colour represents the 
cumulative relative contribution of all predictors within each group. 
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3.5 Discussion 

To my knowledge, this analysis represented the first investigation of human-

infective RNA virus discovery in three large regions of the world which have 

experienced distinct socio-economic, ecological, and environmental changes 

over the last 100 years. In total, 95 human-infective RNA virus species had 

been found in the United States in 2010–2019; 80 in China; 107 in Africa. The 

discovery maps of human-infective RNA virus in the three regions indicated 

areas with historically high discovery counts: eastern and western United 

States, eastern China, and central and southern Africa. BRT modelling 

suggested that the relative contribution of 33 predictors to human-infective 

RNA virus discovery varied across three regions, though climatic and 

biodiversity variables were consistently less important in all three regions than 

at a global scale. I mapped the probability of human-infective RNA virus 

discovery in 2010–2019 which would continue to be high in historical hotspots 

but, in addition, I identified several new hotspots in central-eastern and 

southwestern United States, eastern and western China, and northern Africa. 

These results offered a tool for public health practitioners and policymakers to 

better understand local patterns of virus discovery and to invest efficiently in 

surveillance systems at the local level. 

In all three regions, GDP and/or GDP growth were identified as important 

predictors of virus discovery, especially in Africa where GDP and GDP growth 

were identified as the leading predictors. This is consistent with my analysis in 

chapter 2 that GDP and GDP growth played a major role in discovering viruses 
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(Zhang et al., 2020). In general, sufficient economic, human and material 

resources, the availability of advanced infrastructure and technology, and 

greater research capabilities in the relative higher-income areas enable the 

virus discovery (Rosenberg et al., 2013). That this effect applied both within 

one continent and within single countries such as the United States and China 

suggested that most virus discoveries were likely passive, i.e. the viruses were 

detected when they arrived in a location with the resources to detect them. 

This is plausible because in all regions in my study, human-transmissible 

viruses accounted for the larger proportion, and my analysis in chapter 2 

suggested richer areas were more likely to first capture transmissible viruses 

(e.g. Influenza virus, Rhinovirus, Rabies lyssavirus, Measles morbillivirus, 

Mumps orthorubulavirus, Rubella virus, and Norwalk virus) capable of 

spreading to multiple areas (Zhang et al., 2020). Temporally, in China the rate 

of discovery increased after economic growth accelerated in the 1980s (Figure 

3.3). I note in publications describing first virus discoveries that most historical 

virus discoveries in Africa received support from the United States and Europe, 

and this may explain why Africa saw an increased number of virus discoveries 

after 1950—30 years earlier than China (Figure 3.3). Notably, in China the 

relative contribution of GDP growth to virus discovery was not as substantial 

as that in Africa. In contrast, university count was found to be associated with 

virus discovery, suggesting virus discovery likely being a significant area of 

research in Chinese universities. My model also suggested socio-economic 

factors contributed less in the United States than other two regions. The 
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possible explanation is that the socio-economic level across the entire United 

States is relatively high and homogenous. 

Predictors other than GDP and university count are likely to be linked to virus 

natural history. In all three regions, the area of urban land and further 

urbanization made great contribution to virus discovery. This reinforced 

previous studies that urbanization was linked to the detection of new human 

pathogens through the denser urban population, increased human-wildlife 

contact rate, spill-over of human infection from enzootic cycle, and the 

contamination of the urban environment with microbial agents (Hassell et al., 

2017; Olival et al., 2017; Weaver, 2013). In the United States, land use 

contributed most to virus discovery in comparison to other regions—urbanized 

land, urbanization of cropland, and growth of urbanized land alone had a 

relative contribution of 47.9%. However, the leading role of urbanization to 

virus discovery in the United States remains unclear. It is likely that land use 

change is driving the emergence of novel viruses, and then the discovery. For 

example, both index cases of Heartland virus in the United States had a history 

of exposure to ticks, and is likely to have spilled over to humans as a 

consequence of human encroachment in the context of increasing 

urbanization (Mansfield et al., 2017; Savage et al., 2013). The emergence of 

hantavirus (Sin Nombre orthohantavirus, Bayou orthohantavirus, and Black 

creek canal orthohantavirus) in the United States is also likely to be associated 

with land use changes, given that the urban landscapes provide suitable 

breeding habitat and resources for their natural reservoir rodents (Hassell et 

al., 2017). 
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Consistent with the findings in my chapter 2, population growth was identified 

as a less prominent predictor (Zhang et al., 2020). In China, population 

growth—though with greater influence than other regions—contributed less 

than urbanized land and three other land types on virus discoveries. This 

reinforced my interpretation in chapter 2 that urbanization brings larger 

changes on human living environment than human population size/growth, 

and therefore may have influenced virus discovery more greatly. 

Climate had less influence on human-infective RNA virus discovery in all three 

regions in comparison to other predictors, in contrast to virus discovery at a 

global scale (Zhang et al., 2020). The underlying reason may be that the 

proportion of vector-borne viruses—whose distribution and abundance is 

strongly associated with the impact of climate on vector populations (Li et al., 

2014)—in all three regions (United States: 23.2%; China: 21.3%; Africa: 27.1%) 

were less than that in the world (41.7%) (Figure 3.2). Vector-borne viruses 

tend to have more restricted global ranges, so are less likely to appear in a 

study of any one region (Zhang et al., 2020). 

In addition, a relative smaller proportion of strictly zoonotic viruses in three 

regions (United States: 30.5%; China: 16.3%; Africa: 33.6%) than that in the 

world (58.7%) (Figure 3.2) made biodiversity contribute less to virus discovery 

in the three regions than in the world (Zhang et al., 2020). With exposure to 

denser mammals played a slightly larger role in virus discovery in Africa than 

in China and the United States (Figure B.1–Figure B.3). 
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My discovery probability maps for 2010–2019 in three regions captured most 

historical hotspots, though several small new areas in central-eastern and 

southwestern United States, eastern and western China, as well as northern 

Africa would also make greater contribution to virus discovery (Figure 3.11). 

My model has a good predictive ability, given 84% (37/44) new virus species 

in 2010-2019 were discovered in high-risk areas as defined—85% percentiles 

of discovery probability within each region. Further, 35% (13/37) of those 

viruses discovered in high-risk areas since 2010 were discovered at the 

potential new hotspots where there had not been any virus discoveries in the 

past. 

My subgroup analyses suggested in both the United States and Africa, 

discoveries of viruses firstly discovered in regions were more likely to be 

associated with climatic and biodiversity variables while discoveries of viruses 

had been discovered elsewhere in the world were more likely to be associated 

with socio-economic variables. This is plausible, again because after a novel 

virus was discovered elsewhere in the world, it is usually areas with a higher 

socio-economic level firstly capture the virus in the local region. 

This study had limitations. First, one common problem for data collected from 

literature review is the time lag between virus discovery and publication, in 

which case the virus data are likely to be matched to covariates in later 

decades. Second, I acknowledge that it is possible I have not identified the 

earliest report for some well-known viruses such as yellow fever virus, measles 

virus, especially in the post-vaccination era. Third, I was unable to identify 
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robust and comprehensive data for all three regions on virus discovery effort, 

although I interpreted GDP and university count as being an indirect measure 

of resources available for this activity.  

The study added to my chapter 2 (Zhang et al., 2020) in several ways. First, I 

firstly constructed data sets of human-infective RNA virus discovery reflecting 

the viral richness in three broad regions of the world. Second, I reduced the 

heterogeneity of the predictors by focusing on regions, including those 

predictors reflecting the research effort. Research effort is less variable within 

restricted regions and therefore has less effect on virus detection. This implies 

my predicted hotspots stand closer to the virus geographic distribution in 

nature. Third, the predicted hotspots derived from regional analysis have a 

higher precision than at a global scale, e.g. specific areas in the United States 

and China were identified as hotspots from regional analysis, rather than the 

whole eastern area from the global analysis. This helps target areas for future 

surveillance. 

In conclusion, a heterogeneous pattern of virus discovery-driver relationships 

was identified across three regions and the globe. Within regions virus 

discovery was driven more by land-use and socio-economic variables; climate 

and biodiversity variables were consistently less important predictors than at a 

global scale. I mapped with good accuracy that in 2010–2019 three regions 

where human-infective RNA viruses had previously been discovered would 

continue to be the discovery hotspots, but in addition, several new areas in 
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each region would make great contribution to virus discovery. Results from the 

study could guide active surveillance for new human viruses in high-risk areas. 
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Chapter 4 Predictors of geographical extent 

and disappearance of human-infective RNA 

viruses 

4.1 Abstract 

Understanding the attributes of viruses after their emergence in humans is 

important for both preventing and controlling the associated outbreaks. 

However, the factors that determine why some viruses are able to establish 

sustained infections in humans after their emergence and even spread across 

the globe, while others are not successful in transmitting and disappear from 

humans, are not fully understood. In this chapter, I collated information for all 

223 human-infective RNA viruses, including their geographical extent and 

persistence in causing human infections from peer-reviewed literature. Next, I 

explored what factors predicted sustained human infections using Bernoulli 

Boosted Regression Tree models. Thirty-seven percent (83) human-infective 

RNA viral species have wide geographic extents (found in three or more 

continents). Viral features that predicted these wide geographic extents 

included transmissibility between humans, a +ssRNA genome, narrow host 

range [i.e. infecting humans only or humans and other non-human primates 

(NHP) only], and having a reservoir host in a NHP. Thirty-six percent (81) 

viruses which at one time were found to infect humans, were then found to 

have disappeared from humans (no record of infection in the literature for the 
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past ten years or more). Viruses were more likely to disappear if they were 

incapable of transmission between humans, have had a localised geographic 

extent, a dsRNA genome, were non-pathogenic and non-fatal, were 

discovered through active discovery programmes rather than passive 

investigation of the aetiology, and were transmitted by vectors and direct 

contact. Results for both geographical extent and virus disappearance did not 

change after factoring out reporting effort. I concluded that multiple 

characteristics determined the geographical extent and disappearance of 

human-infective RNA viruses; however, transmission ecology and viral 

genome were consistently the most important predictors. Host range was 

found to be an important predictor of geographical extent, whereas 

geographical extent, clinical presentation and the discovery process all 

contributed to the probability of a virus disappearing, or no longer caused 

recorded human infections. Understanding the drivers of sustained human 

transmission in viruses can help public health officials make risk assessments 

for new viruses both before and after their emergence. 

4.2 Introduction 

Infections caused by human-infective RNA viruses such as Influenza A virus, 

HIV-1, and Ebola virus, represent a significant burden on both human health 

and the economy (Cox & Subbarao, 2000; Hemelaar et al., 2006; Muyembe-

Tamfum et al., 2012). Understanding the long-term consequences of viruses 

after their emergence in humans is of great importance for preventing and 

controlling associated outbreaks in the future. However, the long-term 
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consequences after a virus emerges in humans can vary substantially across 

different virus species. Within the coronavirus family for example, severe acute 

respiratory syndrome-related coronavirus (SARS-CoV, including the SARS-

CoV-2 that has caused the ongoing pandemic), Middle East respiratory 

syndrome-related coronavirus (MERS-CoV), and the other four human 

coronavirus—229E, OC43, NL63, and HKU1 have widely circulated in 

countries across the world after their emergence (de Wit et al., 2016; 

Gorbalenya et al., 2020; Su et al., 2016). For one less-known coronavirus—

alphacoronavirus 1, however, there was only one report of human infections 

in 2007 from Japan (Terao et al., 2007). 

Early detection of viruses with the potential for a worldwide geographic extent 

after emergence is clearly important for public health. To my knowledge, only 

one quantitative study has found that viruses with a wide host range and 

viruses transmitted to humans by direct contact with wild animals predict 

broader geographic range (C. K. Johnson et al., 2015). Other previous studies, 

mostly theoretical, have suggested some traits that could estimate whether a 

virus can cause large-scale spread or not (Morse et al., 2012; Richard et al., 

2017; Woolhouse et al., 2016). For example, the level of transmissibility 

between humans, determined by the basic reproduction number (R0), is 

commonly used to evaluate the epidemic potential of a novel pathogen 

(Woolhouse et al., 2016). Viruses with R0 > 1 such as measles virus (12.5–18), 

human influenza A virus (1.2–5.2), and Zaire Ebola virus (1.3–3.07) are likely 

to cause infections with a wide geographic extent (Althaus, 2014; Anderson & 

May, 1982; Woolhouse et al., 2016). Recent comparative studies linked the 
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high viral transmissibility in humans to viral traits including viral structure (non-

enveloped viruses), transmission routes (non-vector-borne viruses), narrow 

host range, clinical presentations (low human mortality rate), and viral tissue 

presence (virus isolated from respiratory tract and central nervous system) 

(Geoghegan et al., 2016; C. K. Johnson et al., 2015; Walker et al., 2018; 

Woolhouse et al., 2016). Specifically, these studies supported the evolutionary 

trade-off between virulence (human mortality rate) and transmissibility which 

states/assumes virulence constrains transmission between human 

populations. There were arguments against this, however, e.g. one study 

suggested viruses incapable of transmission did not show higher virulence, 

suggesting virulence is likely unselected when humans are dead-end hosts 

and not contributing to virus spread (Brierley et al., 2019). 

Apart from the geographical extent of human-infective RNA viruses, 

understanding whether they could establish sustained infections in humans or 

not after emergence is also essential. For example, despite having worldwide 

extents, human-infective RNA viruses such as the pestivirus A, foot-and-mouth 

disease virus, and Gareth virus have not been reported to infect humans for 

more than ten years (Berrios, 2007; Giangaspero & Cominardi, 2006; Li et al., 

1992). I have therefore assumed these viruses have disappeared from 

humans and are less likely to bring significant disease burdens. Although some 

viruses presumed to have disappeared (e.g. SARS-CoV), do re-emerge in 

humans (e.g. SARS-CoV-2, the subspecies of SARS-CoV) (Morens & Fauci, 

2020). More than 80% of human-infective RNA viruses have zoonotic origins 

(Woolhouse & Brierley, 2018), and most of them cause single human 
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infections and humans are dead-end host (Parrish et al., 2008). The possible 

reasons for disappearance include the limited contact between humans and 

the zoonotic viruses (e.g. Chapare mammarenavirus, Tai Forest ebolavirus, 

and Menangle pararubulavirus), host barriers (host tissue specificity, viral entry, 

receptor binding, innate immune resistance, and anti-viral drugs), and viral 

evolutional changes (which likely aid unsuccessful adaptation, replication, and 

transmission in humans). One more reason for viral disappearance is that less 

research effort has been put into viruses causing no distinct illness in humans 

(e.g. Cali mammarenavirus, Alphacoronavirus 1) (Buchmeier et al., 1974; 

Delgado et al., 2008; Le Guenno et al., 1995; Parrish et al., 2008; Philbey et 

al., 1998; Terao et al., 2007; Trapido & Sanmartin, 1971). 

The different patterns of RNA virus infection in humans highlight the 

importance of revealing factors that determine why some viruses are able to 

establish worldwide infections in humans and also why some viruses have now 

disappeared from humans. So in this chapter I aimed to evaluate the 

geographical extent and disappearance of all known human-infective RNA 

viruses and determine the corresponding predictors. I hypothesized that 1) 

transmissible viruses and viruses with lower virulence are more likely to 

establish wide geographic extents and less likely to disappear; 2) Non-

enveloped viruses, Non-vector-borne viruses and viruses with narrow host 

range are more likely to establish wide geographic extents and less likely to 

disappear in humans, given they are highly likely to be transmissible and have 

lower virulence. 
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4.3 Materials and Methods 

4.3.1 Data collection 

A full list of human-infective RNA viruses (223 species) was based on an 

updated version of the database that has been published previously 

(Woolhouse & Brierley, 2018; Zhang et al., 2020). All viruses were approved 

by the International Committee on Taxonomy of Viruses (ICTV). Information 

on the geographical extent (determined by the number of continents that 

human infections are found in) and disappearance (determined by the year of 

the last record of human infections, detailed definitions for both outcomes are 

described below) for each virus were collated from peer-reviewed literature 

from scientific databases as of 31 December 2019. The scientific databases 

included PubMed, Web of Science, and Google Scholar. For well-known 

viruses that have been fully studied, their geographical extents were obtained 

from published review articles. For those viruses with less research attention, 

I searched all papers describing infections in humans and recorded the 

geographical extent of all known cases. For viral disappearance I also used 

media reports from ProMED-mail (http://www.promedmail.org/). The detailed 

searching strategy for viral disappearance is shown in Figure 4.1. 

Keywords included: [virus name or virus synonyms or abbreviations] AND 

[human* or person* or case* or patient* or infection* or disease* or outbreak* 

or epidemic*]. The virus synonyms and abbreviations included early names 

from the discovery paper and all subtypes provided by the ICTV 10th report 
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(International Committee on Taxonomy of Viruses, 2018). References of each 

paper were scanned to detect more potential human infections. 

	

Figure 4.1 Searching strategy for viral disappearance 

Information on the last record of human infection was updated as of 31 December 2019. 

Table C.1 summarises the geographical extent as well as the state of 

disappearance for 223 species of human-infective RNA viruses. The median 

number of continents each virus was found in was one or two, depending on 

whether the imported cases and laboratory infections are included (Figure 4.2). 

Therefore, the geographical extent of each virus was classified as either: i) 

restricted extent: the virus was found to infect humans in two or fewer 
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continents; or ii) wide extent: the virus was found to infect humans in three or 

more continents. I also performed a sensitivity analysis by changing the cut-

off to one continent (details below). The definition of viral disappearance was 

that the virus was once found to infect at least one human, but then it 

disappeared, defined as no known cases in humans found in the literature after 

2010 (using both sources of evidence mentioned above). 

 

Figure 4.2 Distribution of the number of continents each virus species was found in 
The blue bars represent the cumulative number of species found in each continent count. The 
numbers of continents each virus species was found in were re-calculated after removing 
imported cases and laboratory infections, and their distributions are shown in red bars. The 
median number of continents is one (if excluding imported cases and laboratory infections, in 
red) or two (if including imported cases and laboratory infections, in blue). 

To determine what factors may drive both geographic extent and 

disappearance of human-infective RNA viruses, I considered 22 biological 

features that reflect key aspects of virus life history and ecology (Brierley et al., 

2019; Geoghegan et al., 2016; Guth et al., 2019; C. K. Johnson et al., 2015; 

Walker et al., 2018; Woolhouse et al., 2016). These factors can be categorised 
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to six groups—taxonomy, structure, transmission, host range, origin, and 

clinical presentation (Table 4.1). Information on index case identification and 

clinical presentation were collected from peer-reviewed literature while all 

other information were extracted from the published data (Woolhouse & 

Brierley, 2018). To evaluate the research effort for each virus species, I also 

searched the Web of Science and recorded the number of publications for 

each species. Date range is 1 January 1901 to 31 December 2019. Keywords 

for virus species were the same as I described above. Sensitivity analyses by 

including the research effort in models for both geographical extent and virus 

disappearance were performed (details below). 

4.3.2 Statistical methods 

In the univariable analysis, chi-square test or Fisher’s exact probability test 

was used to compare variables between groups. In the multivariable analysis, 

I applied Bernoulli Boosted Regression Tree (BRT, see chapter 2.3.4 for 

detailed descriptions of the model) models to each of the two outcomes—(i) 

geographical extent and (ii) viral disappearance, a relative new machine 

learning technique combining boosting and regression trees in a single 

algorithm (Elith et al., 2008). Packages dismo and gbm in R v. 3.6.3 were used 

to fit BRT models. The final parameters including tree complexity, learning rate, 

and bag fraction of the optimal model and the mean number of trees are shown 

in Table 4.2. 
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Table 4.1 List of predictors of human-infective RNA virus geographic extent and 
disappearance 

Group Predictors 

of interest 

Definition and values 

Taxonomy Viral genus 
(2 predictors) 

(i) Genus for each of the 223 viruses (57 genera). 

(ii) For the two genera with the most human-infective RNA 
virus species—‘Genus alphavirus’ and ‘Genus flavivirus’—
I included each as a binary predictor in the model: yes 
(virus species belongs to specified genus) or no (virus 
species belongs to a different genus). 

Viral family (i) Family for each of the 223 viruses (23 families). 

(ii) For the two families with the most human-infective 
RNA virus species—flaviviridae and picornaviridae, I only 
included ‘Family picornaviridae’ as a binary predictor in 
the model: yes (virus species belongs to specified family) 
or no (virus species belongs to a different family), because 
I have included genus flavivirus, which is the main genus 
from family flaviviridae. 

Structure Viral 
envelope 

(i) Does the virus have outer envelope—the structure that 
cover the protective protein capsids of virus? 

(ii) I included ‘Enveloped’ as a binary predictor: yes (virus 
species has an envelope) or no (virus does not have an 
envelope). 

Genome (i) Viral genome for each virus. 

(ii) I included ‘Genome’ as a categorical predictor: a. 
positive-sense single-stranded RNA [(+)ssRNA], b. 
negative-sense single-stranded RNA [(-)ssRNA)], c. single 
stranded RNA-RT (ssRNA-RT), and d. double stranded 
RNA (dsRNA). 

Transmission Transmissibil
ity 

(i) Whether the virus can be transmitted between humans. 

(ii) I include ‘Transmissibility’ as a binary predictor: yes 
(transmissible) or no (non-transmissible/strictly zoonotic). 
Non-transmissible/strictly zoonotic viruses have a 
reproduction number (R0) of 0 (transmissibility level of 2). 
Transmissible viruses have a R0 greater than 0, including 
viruses with transmissibility level of 3 (0<R0≤1) and 4 
(R0>1). 

Transmission 
routes (4 
predictors) 

(i) The route via which the virus is transmitted to humans. 

(ii) For the four transmission routes—‘Vector-borne’, 
‘Inhalation’, ‘Ingestion’, and ‘Direct contact’, I included 
each as a binary predictor: yes (virus species is 
transmitted through specified route) or no (virus species is 
transmitted through a different route). 
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Host range Host range 
type 

(i) The host range for each virus, depending on the type of 
hosts the virus can infect. 

(ii) I included ‘Host range type’ as a categorical predictor: 
a. Broad (humans and at least one other non-primate host 
category), b. Narrow (humans only or humans and other 
primates only), and c. Unknown. 

Host (3 
predictors) 

(i) The reservoir hosts of each virus. 

(ii) For the three reservoir hosts—‘Non-human primates’, 
‘Other mammals’, and ‘Birds’, I included each as a binary 
predictor: yes (virus species has the specified animal as 
the host) or no (virus species do not have the specified 
animal as the host). 

Origin Index case 
identification 

(i) The way the index case(s) was/were detected, 
according to the description from the first report of human 
infection. 

(ii) I included ‘Index case identification’ as a binary 
predictor: surveillance-based (identification through active 
discovery programmes) or non-surveillance-based 
(identification through passive investigation of the 
aetiology). 

Clinical 

presentation 

Pathogenicity (i) Whether the virus can cause diseases or not. 

(ii) I included ‘Pathogenicity’ as a binary predictor: yes 
(pathogenic) or no (not pathogenic). 

Symptoms 
after infection 
(5 predictors) 

(i) The main symptoms after infection. 

(ii) For the five symptoms that viruses can cause—‘Blood 
symptoms’, ‘Viral fever’, ‘Neurologic infection’, 
‘Respiratory infection’, and ‘Digestive infection’, I included 
each as a binary predictor: yes (virus species can cause 
the specified symptom) or no (virus species can not cause 
the symptom). 

Fatality (i) Whether the virus is fatal or not. 

(ii) I included ‘Fatality’ as a binary predictor: yes (fatal) or 
no (not fatal). 

Next, I developed a bootstrapping procedure to generate a robust estimate of 

model performance. First, I randomly extract 1000 bootstrapped samples from 

my 223 records of virus geographical extent/viral disappearance and their 

predictors, with each sample having 223 records (meaning I allow repetition of 

records in each sample). By fitting 1000 replicate BRT models using the 1000 
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bootstrapped samples, the relative contribution plots and partial dependence 

plots with 95% quantiles were obtained. The most influential predictors were 

defined as those whose relative contribution was greater than the mean (i.e. 

100/(total predictors count*100); this study: 100/(22*100)=4.55%) (Shearer et 

al., 2018). Apart from the 22 biological features presented in Table 4.1, the 

geographical extent (wide vs. restricted) was also considered as a predictor of 

viral disappearance. So a relative contribution greater than 100/(23*100)=4.35% 

was regarded as influential predictors of the lack of human viral infection in the 

last 10 years. 

For the geographical extent, I performed two sensitivity analyses by i) using 

two or more continents as wide extent and one continent as restricted extent, 

and ii) using three or more continents as wide extent but excluding the 

continent if in it there were only imported cases or lab infections. Relative 

contribution plots were plotted by using the same BRT modelling strategy as I 

described above. The final parameters for both models are shown in Table 4.2. 

Table 4.2 Model parameters for human-infective RNA virus geographic extent and 
disappearance 

Model Tree 
complexity Learning rate Bag fraction No. of trees 

Geographical extent     

Main model 4 0.010 0.5 1331 

Sensitivity analysis (i) 4 0.010 0.5 1927 

Sensitivity analysis (ii) 4 0.010 0.5 1419 

Sensitivity analysis (iii) 4 0.010 0.5 1132 

Disappearance     

Main model 5 0.008 0.5 1511 

Sensitivity analysis (1) 5 0.008 0.5 1695 
(i) using 2 or more continents as wide geographical extent and 1 continent as restricted geographical extent; (ii) using 
3 or more continents as wide geographical extent but excluding the continent if in it there are only imported cases or 
lab infection; (iii) and (1) including the number of publications per species. 
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To factor out research effort, one further sensitivity analysis was performed for 

both geographical extent and virus disappearance by including the number of 

publications per species in the models. The number of publications per species 

entered the model as a four-level categorical predictor, using the lower quartile, 

median, and upper quartile as the cut-off values. I included the number of 

publications per species in model for viral disappearance—though 

geographical extent can also partly reflect the research effort—given that the 

BRT model can deal with the interaction between predictors (Elith et al., 2008). 

Similarly, relative contribution plots were plotted by using the same BRT 

modelling strategy as I described above. The final parameters for the two 

models are shown in Table 4.2. 

I calculated two different statistics to evaluate the model’s predictive 

performance: i) the cross-validated explained deviance (a measure of the 

goodness-of-fit between the predicted and raw data) of the bootstrapped 

model (Elith et al., 2008), ii) the area under the receiver operating 

characteristic curve (AUC) calculated from 50 rounds of ten-fold cross-

validation (Mandrekar, 2010), following the similar procedure of calculating 

ICC in chapter 2.3.4. The receiver operator curves (ROCs) were drawn and 

the median of AUC was calculated. The AUC ranges from 0 and 1, with an 

AUC of 0.5 suggesting predictive ability no better than random, 0.7 to 0.8 

suggesting acceptable predictive ability, 0.8 to 0.9 suggesting excellent 

predictive ability, and greater than 0.9 suggesting outstanding predictive ability 

(Mandrekar, 2010). 



4. Predictors of the geographical extent and disappearance of human-infective RNA viruses 

 

 

105 

All statistical analyses were performed using the R software (version 3.6.3, R 

Foundation for Statistical Computing, Vienna, Austria). P values <0.05 were 

considered statistically significant. 

4.4 Results 

4.4.1 Geographical extent of human-infective RNA viruses 

A total of 83 viruses (37%) were found to have wide geographical extents, with 

human infections occurring in three or more continents, while the remaining 

140 (63%) were found to be currently restricted to just one or two continents 

(Figure 4.2, Table C.1). The geographical extent of human-infective RNA 

viruses varied between different viral biological features (Figure 4.3). In the 

univariable analysis, I found that human-infective RNA viruses with wide 

geographic extent were more likely to be in non-alphavirus genus, be in 

picornaviridae family, lack an outer envelope, have a +(ss)RNA genome, be 

transmissible between humans, be transmitted through ingestion or direct 

contact but not through vector-born transmission, to have a narrow host range 

(restricted in human or human and NHPs), to not have other mammalian hosts, 

to be detected from symptomatic cases, to be pathogenic, to cause digestive 

or respiratory infections, but not cause viral fever, and finally, to be fatal 

(p<0.05). 
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Figure 4.3 Number of human-infective RNA viruses per group with respect to 
geographical extent 

Proportions were compared by using chi-square test or Fisher’s exact probability test. “***” 
<=0.001, “**” <=0.01, “*” <0.05, NS. Not significant. 
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In the BRT model for geographical extent of viruses, I found that 4 predictors 

had relative contributions greater than the mean (4.55%) based on the 1000 

replicate models (Figure 4.4), including transmissibility (32.6%), genome 

(9.0%), host range type (8.8%), and NHPs host (6.2%). The partial 

dependence plots provide detailed descriptions of these relationships (Figure 

4.5). Human-to-human transmissible viruses were more likely to have a wide 

geographic extent, with human infections found across more than three 

continents in the world compared to non-transmissible viruses. The genome 

type of the virus was also important for predicting virus geographical extent, 

with +(ss)RNA viruses having a higher probability of being widely distributed 

between humans than other virus genome types. Host range was also 

predictive of virus geographical extents, with surprisingly viruses with a narrow 

host range more likely to be associated with a wide geographical extent of 

human infections. Viruses having NHPs as hosts showed a significantly higher 

probability of being widely distributed between humans compared to viruses 

without NHPs hosts. All 22 predictors explained a median of 55.8% (95%CI: 

44.3%–68.3%) of the deviance in the data based on the 1000 bootstrap BRT 

models. Using 50 runs of 10-fold cross-validation, the model had a median 

AUC of 0.94 (95% quantiles: 0.90–0.97) (Figure 4.6 (A)), which represented 

an outstanding predictive performance (Mandrekar, 2010).
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Figure 4.4 Relative contribution of predictors to human-infective RNA virus geographical extent 
The boxplots show the median (black bar) and interquartile range (box) of the relative contribution across 1000 replicate models, with whiskers indicating 
minimum and maximum and black dots indicating outliers. 
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Figure 4.5 Partial dependence plots showing the influence on human-infective RNA 
virus geographical extent 

Partial dependence plots show the effect of an individual predictor over its values on the 

response after factoring out other predictors. The dots represent the median and the whiskers 

represent 95% quantiles based on 1000 replicated models.  
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Figure 4.6 Receiver operating characteristic curves (ROCs) of the 50 rounds of 10-fold 
cross-validation for boosted regression tree models 

A, Geographical extent; B, Disappearance. The blue curve denotes the averaged curve of 

ROC over 50 rounds of ten-fold cross-validation and the grey curves denotes each ROC 

from the 50 rounds of ten-fold cross-validation. Y axis denotes the sensitivity/true positive 

rate, and X axis denotes the 1–specificity/false positive rate. Dashed black line indicates no 

predictive power. 

For the geographical extent, sensitivity analyses by i) using two or more 

continents as wide extent and one continent as restricted extent, and ii) using 

three or more continents as wide extent but excluding the continent if in it there 

were only imported cases or lab infections have revealed several changes of 

relative contribution, but the first three important predictors kept consistent with 

the main model (Figure 4.7). 
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Figure 4.7 Relative contribution of predictors to human-infective RNA virus 
geographical extent with different definitions  

A, using two or more continents as wide distribution and one continent as restricted 

geographical extent; B, using three or more continents as wide geographical extent but 

excluding the continent if in it there were only imported cases or lab infections. The boxplots 

show the median (black bar) and interquartile range (box) of the relative contribution across 

1000 replicate models, with whiskers indicating minimum and maximum and black dots 

indicating outliers. 
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geographical extent (Figure 4.8), and the explained deviance in the data 

increased from a median of 55.8% in the main model to 63.7% based on the 

1000 bootstrap BRT models. After factoring out the effect of research effort, 

the relative contributions of other important predictors were broadly consistent 

with the main model (Figure 4.4). 

 

Figure 4.8 Relative contribution of predictors to human-infective RNA virus 
geographical extent by including the research effort 

The boxplots show the median (black bar) and interquartile range (box) of the relative 

contribution across 1000 replicate models, with whiskers indicating minimum and maximum 

and black dots indicating outliers. 
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Family picorna
Enveloped

Other mammals
Ingestion

Genus flavi
Viral fever
Inhalation

Digestive infecion
Genus alpha

Fatality
Index case identification

Direct contact
Respiratory infection

Blood symptoms
Birds

Pathogenicity
Neurologic infection

Vector−borne
Non−human primates

Genome
Host range type

Number of publications
Transmissibility

0 20 40 60
Relative contribution (%)

Pr
ed

ic
to

r

Group

Taxonomy

Structure

Transmission

Host range

Origin

Clinical presentation

Research effort



4. Predictors of the geographical extent and disappearance of human-infective RNA viruses 

 

 

113 

median was 25 years. The viral family peribunyaviridae had the largest 

proportion (65%) of viruses that disappeared from causing recorded human 

infections, followed by rhabdoviridae (61%), reoviridae (54%), and nairoviridae 

(50%). In the univariable analysis, viral disappearance was found to be 

determined by several key biological features (Figure 4.10), with viruses 

having been found to not infect humans in the last 10 years to be more likely 

to be non-transmissible, transmitted by vectors and not through ingestion, with 

a broad host range (capable of infecting other mammals except NHPs), able 

to infect other mammals, detected through surveillance, non-pathogenic, not 

able to cause digestive, or respiratory infections, non-fatal, and with a 

restricted geographic extent (p<0.05).
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Figure 4.9 Survival years of each human-infective RNA virus species in humans 
The red dots denote the discovery date of each virus in humans, and the blue dots denote the year of the last report from humans. The vertical dash lines 
denote the year of 2010. 
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Figure 4.10 Number of human-infective RNA viruses per group with respect to viral 
disappearance 
Proportions were compared by using chi-square test or Fisher’s exact probability test. “***” 
<=0.001, “**” <=0.01, “*” <0.05, NS. Not significant. 
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In the BRT model for the disappearance of viral infections in humans over the 

last 10 years, I found that 8 predictors had relative contributions greater than 

the mean (4.35%) based on the 1000 replicate models (Figure 4.11), including 

transmissibility (20.9%), geographic extent (12.2%), genome (8.8%), fatality 

(7.4%), pathogenicity (6.0%), index case identification (5.6%), vector-borne 

(5.0%), and direct contact (4.4%). The partial dependence plots shown 

inFigure 4.12  Figure 4.12 provide detailed descriptions of these relationships. 

Non-transmissible viruses were more likely to have disappeared from humans 

than transmissible viruses. Geographical extent was also predictive of virus 

disappearance in my model. Virus with a restricted extent was associated with 

an increased likelihood of disappearance between humans. Genome was 

another factor for virus disappearance, with dsRNA viruses having a higher 

probability of disappearing between humans than other virus genome types. 

Non-fatal and non-pathogenic viruses were associated with a higher likelihood 

of disappearance than fatal and pathogenic viruses. Further, viruses 

discovered through surveillance showed a significantly higher probability of 

disappearance among humans compared to viruses discovered from 

symptomatic cases. Vector-borne viruses and viruses transmitted via direct 

contact were also more likely to have disappeared from humans. All 23 

predictors explained a median of 42.6% (95%CI: 32.7%–55.7%) of deviance 

in the data based on the 1000 bootstrap BRT models. Using 50 runs of 10-fold 

cross-validation, the model had a median AUC of 0.91 (95% quantiles: 0.87–

0.94) (Figure 4.6 (B)), which also represented an outstanding predictive 

performance (Mandrekar, 2010).
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Figure 4.11 Relative contribution of predictors to human-infective RNA virus disappearance 
The boxplots show the median (black bar) and interquartile range (box) of the relative contribution across 1000 replicate models, with whiskers indicating minimum 
and maximum and black dots indicating outliers
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Figure 4.12 Partial dependence plots showing the influence on human-infective RNA 
virus disappearance 
Partial dependence plots show the effect of an individual predictor over its values on the 
response after factoring out other predictors. The dots represent the median and the 
whiskers represent 95% quantiles based on 1000 replicated models.
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Sensitivity analysis by including research effort in the model showed that the 

number of publications per species was the most important predictor of viral 

disappearance (Figure 4.13), and the explained deviance in the data increased 

from a median of 42.6% to 46.5% based on the 1000 bootstrap BRT models. 

After factoring out the effect of research effort, the relative contributions of 

other important predictors were broadly consistent with the main model (Figure 

4.11). 

 
Figure 4.13 Relative contribution of predictors to human-infective RNA virus 
disappearance by including the research effort 
The boxplots show the median (black bar) and interquartile range (box) of the relative 
contribution across 1000 replicate models, with whiskers indicating minimum and maximum 
and black dots indicating outliers. 
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found that 37% of human-infective RNA viruses had wide geographical extent 

(able to infect humans on 3+ continents), and viruses were more likely to have 

a wide geographical extent if they were transmissible, had a genome type of 

+(ss)RNA, had a narrow host range, and had NHPs as the host. For viral 

disappearance, I found that 36% of human-infective RNA viruses have 

disappeared, i.e. no reported human infection for at least the past 10 years, 

and the top eight predictors included transmissibility, extent type, genome, 

fatality, pathogenicity, index case identification, vector-borne, and direct 

contact. Viruses were more likely to disappear from humans if they were non-

transmissible, had a localised extent, had a genome type of dsRNA, were non-

fatal and non-pathogenic, have been discovered through surveillance, were 

vector-borne, and were transmitted by direct contact. I acknowledged that 

some of these predictors are not independent of each other, and I discussed 

here where such correlations might exist. 

Transmissibility was the most prominent factor for geographical extent. This is 

not surprising given that human transmissible viruses are more likely to spread, 

cross geographical borders and be introduced to humans in new areas. 

Transmissibility is one important parameter for calculating R0. R0 is defined as 

the number of secondary cases generated by an index case in a previously 

unexposed population in absence of control measures in disease transmission 

(Woolhouse et al., 2016). We can calculate R0 as the transmission rate 

(determined by the transmissibility of the infectious agent and the contact rates) 

multiplied by the average infectious period. So, theoretically, the larger the 

value of R0, the more secondary cases generated by an index case and so the 
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more likely it is to generate a worldwide epidemic. For example, the R0 of 

SARS-CoV and SARS-CoV-2 in the early phase was 2 to 3 (Lipsitch et al., 

2003; Petersen et al., 2020; Riley et al., 2003), and this led to massive 

transmissions between humans in the world. In contrast, MERS-CoV has a R0 

of 0.69 and therefore it has never caused a global epidemic. 

Transmissibility was also the most important predictor of viral disappearance, 

with non-transmissible viruses having a higher probability to disappear from 

humans. Human infections can still occur in viruses that are not capable of 

human to human transmission (e.g. Tai Forest ebolavirus, Hantaan 

orthohantavirus), due to spill-over events of zoonotic viruses when humans 

living or working in proximity with habitats of infected non-human hosts (Lee 

et al., 1978; Miranda et al., 1991). Of the 81 viruses that were classified as 

disappeared in my data (with most having a localised geographic extent), 51 

have had less than five documented spill-over events since their discovery of 

causing infection in humans (Table C.1), and of note, most of these viruses 

were either not found to cause illness or only to cause mild non-specific 

symptoms. I inferred the disappearance of these non-transmissible is either a 

true disappearance due to low frequency of contacts between humans and 

animal hosts, reduced laboratory infections thanks to better-equipped 

laboratories, well-trained staff and safer procedures, or a false disappearance 

due to underreporting (less research effort), as these uncommon viruses are 

associated with less disease burdens. The observation that vector-borne 

viruses were more likely to disappear from humans was predicted, given that 

78.5% of vector-borne viruses were strictly zoonotic and not capable of 
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documented human to human transmission (Zhang et al., 2020). It has been 

suggested that vector-borne viruses were less likely to be transmissible 

between humans due to the evolutionary trade-offs for infecting both 

invertebrate vectors and vertebrate hosts, the low viral loads in human 

populations, and antagonistic pleiotropy of vector-borne viruses in humans 

(Geoghegan et al., 2016; Walker et al., 2018). 

It was surprising that viruses which have a narrow host range have a higher 

probability of a wide geographical extent in humans than viruses with a broad 

host range, and viruses which also have non-human primate hosts were more 

likely to have wide geographic extents. This can be explained partly by the fact 

that 84% (41/49) of viruses with a narrow host range are transmissible 

between humans, while 70% (119/169) of viruses with a broad host range are 

non-transmissible/strictly zoonotic (Woolhouse & Brierley, 2018). My results 

supported previous theories on host range-transmissibility trade-offs, i.e. 

zoonotic viruses (i.e. viruses broad host range) emerging from hosts with a 

higher host phylogenetic distance from humans was associated with a reduced 

human transmissibility due to viral adaptation trade-offs (Guth et al., 2019; 

Walker et al., 2018). In addition, zoonoses emerging from more distantly 

related hosts have been found to have higher mortality rates in human 

populations and therefore may be less likely to be transmitted to new 

susceptible populations given a reduced number of mobile active human cases 

(Brierley et al., 2019; Guth et al., 2019). The distribution of viruses with a broad 

host range were also likely to be restricted by the distribution of their animal 

hosts. For example, in genus hantavirus, Seoul orthohantavirus is the only 
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hantaviral pathogen having a wide geographical extent while other hantavirus 

including Hantaan orthohantavirus, Dobrava-Belgrade orthohantavirus, and 

Bayou orthohantavirus etc. were restricted to the old world or to the new world, 

mainly constrained by the distribution of their rodent reservoirs (Milholland et 

al., 2018). 

Genome structure was also one of the top predictors of viral geographic 

extents, with (+)ssRNA viruses having a wider extent than other genome types. 

While, few studies have investigated the associations between the virus 

genome and epidemic potential, it has been suggested that double-stranded 

genome (including dsDNA and dsRNA) were more likely to be transmissible 

than single-stranded genome (including ssDNA, (+)ssRNA, and (-)ssRNA), 

though the underlying mechanism is unclear (Walker et al., 2018). In contrast, 

my BRT model suggested dsRNA viruses had the lowest probability of 

infecting humans across a wide geographical extent, though my data found 

that dsRNA viruses were the most likely (57%) to contain human transmissible 

viruses. If excluding the dsRNA viruses, the probability of having a wide 

geographic extent for the remaining three genome types were consistent with 

the proportions of transmissible viruses, i.e. (+)ssRNA > (ss)RNA-RT > 

(-)ssRNA viruses. Of note, most transmissible viruses with a (+)ssRNA 

genome (80%) have a transmission level of 4 (viruses that are capable of 

epidemic spread in humans) compared to only 41% of  viruses with a (-)ssRNA 

genome. It has been hypothesised that (+)ssRNA viruses are more 

transmissible than (-)ssRNA viruses due to a simpler replication process of 
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(+)ssRNA viruses, while (-)ssRNA must be converted to positive-sense RNA 

by an RNA polymerase before translation (Ferrero et al., 2018). 

I also found an association between genome and virus disappearance, with 

viruses with dsRNA genome being more likely to disappear from human 

populations. It is possible that dsDNA viruses have a slower rate of evolution 

than ssRNA viruses and therefore a lower likelihood of adaptation to new hosts 

(Aris-Brosou et al., 2019). In addition, I found that both non-fatal and non-

pathogenic viruses had a higher probability of disappearance from human 

populations. I suggested that underreporting of these types of non-pathogenic 

infections may be driving this result. I also noted that 66% of viruses that can 

cause fatalities were capable of human-to-human transmission, whereas 23% 

of non-fatal viruses were transmissible. However, these results conflicted with 

previous analyses that human transmissibility was negatively associated with 

virus virulence (high fatality rate) (Brierley et al., 2019; Geoghegan et al., 2016). 

The possible reason is that I have included many rare viruses which cause 

asymptomatic or mild symptoms. That whether fatality and pathogenicity are 

related to viral disappearance remains to be validated by further research. 

My analysis revealed that the discovery process that found the first index 

cases, here described as viral origin, was also an important predictor in 

determining whether a virus is likely to disappear from causing recorded 

human infections. Specifically, viruses that were discovered through active 

surveillance, which were also mostly from asymptomatic cases and/or 

sporadic human infections from spill-over events, were more likely to 
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disappear compared to viruses discovered when investigating the aetiology. 

Again, this may be driven by less research effort, and/or true less frequent 

human infection may lead to the disappearance of these viruses (Berrios, 2007; 

Rezza et al., 2017). 

While I have characterised an important set of biological predictors that 

contributed to the geographic extent and probability of disappearance for 

human-infective RNA viruses, this analysis has limitations. First, I have only 

considered viruses at the level of species, but variation for geographical extent 

may occur within individual species as well. For example, genotype I and II of 

Orthohepevirus A are the primary cause of hepatitis E endemic in developing 

regions of Asia, Africa, and South America; zoonotic spill-over of genotype III 

and IV has been found in cases of hepatitis E in developed regions, whereas 

genotype VII was only seen in one case from the Middle East (Dalton et al., 

2008; Lee et al., 2016). Second, I only included virus species recognised by 

ICTV—and as such, the result of the study cannot be extrapolated to those 

that have not been included by ICTV. Third, I only considered biological factors 

in this study as I wanted to identify predictors specific to each virus. However, 

it is clear that socio-economic factors including urbanization (via the by-product 

effects such as overcrowd migrants, lack of  sanitation facilities, alterations of 

the ecological system) and increased international travel (via transportation of 

passengers, vectors, and animals that carrying pathogens) can also aid the 

spread of viruses (Lipkin, 2013; Morse, 1995; Neiderud, 2015). I included 

publications per species to correct for the research effort, but this is unlikely to 

capture the influence of all socio-economic factors. Fourth, the same problem 
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of research effort exists in predictors such as transmission, host range, and 

clinical presentation, given these data were also collected from the peer-

reviewed literature (Woolhouse & Brierley, 2017). For example, host range 

may be categorised incorrectly for some viruses because it is difficult for 

scientists to identify and report all their animal hosts. Fifth, I included index 

case identification as a fixed variable, but it is likely to evolve with time (time-

varying), e.g. virus species discovered in recent decades have been more 

likely detected by active discovery programmes. Therefore, the true effect of 

index case identification on both outcomes is likely to vary over time. 

The strength of the analysis is that the result has important implications for the 

management of emerging viruses at the earliest stages. My models are 

capable of predicting the geographical extent and viral disappearance of 

emerging human-infective RNA viruses by using their biological features. The 

early knowledge on which viruses are likely to have a wide geographical extent 

or to continuously infect human would help public health practitioners make 

control measures according to the risk assessment. 

In conclusion, among human-infective RNA viruses, most have restricted 

geographic ranges (63%) and were still causing detectable human infection in 

the last ten years (64%). Transmission ecology and genome type were 

consistently the most important predictors of both geographical extent and viral 

disappearance. Host range was found to be an important predictor of 

geographical extent, though less important for disappearance. Geographical 

extent, discovery process and clinical presentation all contributed to the 



4. Predictors of the geographical extent and disappearance of human-infective RNA viruses 

 

 

127 

probability of a virus disappearing. My analysis therefore reveals that multiple 

biological features determine geographical extent and disappearance of 

human-infective RNA viruses. This conclusion can be used to inform risk 

assessments for new viruses after their emergence. 
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Chapter 5 Predictors of COVID-19 epidemics 

in countries of the World Health Organisation 

African Region 

Work in this chapter has been published in Nature Medicine. 

5.1 Abstract 

WHO African Region countries have experienced very different COVID-19 

epidemics. This study aimed to identify predictors of the timing of the first 

COVID-19 case and the per capita mortality rate during the first and second 

pandemic wave in the region, and to test for any impact of countermeasures. 

I performed a region-wide, country-based observational study. Data on 

COVID-19 cases and deaths for all 47 countries in the WHO African Region 

were obtained from the WHO COVID-19 Dashboard. A set of predictors 

classified to nine categories were collected and used as explanatory variables. 

I applied Cox proportional hazards regression models, generalized linear 

mixed models, and multinomial logistic regression models as appropriate. 

Predictors of an earlier first case were a more urban population, high 

international connectivity and more land borders, and better COVID-19 test 

capacity. Predictors of a high per capita mortality rate during the first wave 

were a more urban population, higher pre-pandemic international connectivity, 
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and higher prevalence of HIV. The stringency and timing of government 

restrictions on behaviour were not associated with a lower per capita mortality 

rate in the first wave. A more urban population and a higher infectious disease 

resilience score were associated with more stringent restrictions and/or a 

higher per capita mortality rate in the first wave. The predictor set for the 

second wave was similar to the first. Second wave per capita mortality could 

be predicted from that of the first wave. These results were not altered when 

measures of national testing effort were included in the models. I concluded 

that COVID-19 in Africa arrived earlier and caused greater mortality in 

countries with more international travel and a more urban population. Mortality 

was exacerbated by high HIV prevalence; this could be a direct or indirect 

effect, or both. Countries rated as better prepared and having more resilient 

health systems were worst affected by the disease, the imposition of 

restrictions or both, making any benefit of more stringent countermeasures 

difficult to detect. The COVID-19 pandemic highlights unanticipated 

vulnerabilities to infectious disease in Africa that should be taken into account 

in future pandemic preparedness planning. 

5.2 Introduction 

Coronavirus disease 2019 (COVID-19) caused by severe acute respiratory 

syndrome–coronavirus 2 (SARS-CoV-2) presents an urgent threat to both 

global health and the global economy. By early March 2021, more than 119 

million cases worldwide have been reported, with more than 2.6 million deaths 

as of early March 2021 (World Health Organisation, 2021c). In response to the 
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emerging threat posed by this disease, unprecedented public health 

interventions including social distancing, contact tracing, and large-scale 

lockdowns of the population have been implemented (Hsiang et al., 2020). 

Despite this, the burden of the disease has continued to rise, but with 

substantial variation among countries and regions and with countries in many 

regions around the world experiencing multiple waves (World Health 

Organisation, 2021c). As of 14 March 2021, the WHO African Region had 

reported over 2.9 million cases of infection and more than 74,000 deaths 

(World Health Organisation, 2021c). A third wave is currently in progress. 

Gaining an understanding of variation in the progression of the pandemic in 

different countries will aid the response to future pandemics. Current evidence 

from high- and middle-income countries suggests that demographics (e.g. 

proportion of population aged 65 years or older), co-morbidities, healthcare 

resources, and stringency of response are important risk factors for COVID-19 

related infections (Hsiang et al., 2020; Ji et al., 2020; Kandel et al., 2020; 

Zheng et al., 2020). It had been suggested that Africa would be more 

susceptible to SARS-CoV-2, given the higher prevalence of pre-existing 

conditions including tuberculosis, malaria, AIDS, diabetes, undernourishment, 

and other communicable and non-communicable co-morbidities, as well as 

lower accessibility to healthcare (Brauer et al., 2020; Walker et al., 2020). 

Using the data for COVID-19 cases and deaths from WHO COVID-19 

Dashboard, this study aimed to identify predictors of the timing of the first case 

and the per capita mortality rate in the first and second COVID-19 pandemic 
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waves in the WHO African Region, and to evaluate the effectiveness of 

intervention measures on COVID-19 related deaths. 

5.3 Materials and Methods 

5.3.1 Study design and study area 

I performed a region-wide, country-based observational study that included all 

47 Member States of the WHO African Region (Figure 5.1). The WHO African 

Region has a total population of 1,019,922,000, with the median age varying 

from 15.0 in Niger to 34.6 in Mauritius (World Health Organisation, 2020c). 

About 50% of the population in the WHO African Region lack access to 

essential medicines (Kirigia et al., 2009). Globally, 22 out of the 25 countries 

regarded as most vulnerable to infectious diseases are in sub-Saharan Africa 

(Moore et al., 2016). 

I extracted data for daily cases and deaths for each country in the WHO African 

Region and calculated the following three outcomes: timing of the first case 

and per capita mortality rates in the first and second waves. Predictors relating 

to demographics, socioeconomics, travel, healthcare, co-morbidities, 

readiness, and geography were extracted from public data sources. The ratio 

of total COVID-19 mortality to reported COVID-19 mortality was obtained from 

the Institute for Health Metrics and Evaluation (Institute for Health Metrics and 

Evaluation, 2021). The COVID-19 test data quality and the government 

response data were collected by the Tackling Infections to Benefit Africa (TIBA) 

Pandemic Response Unit. COVID-19 testing policy data were taken from the 
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Oxford COVID-19 Government Response Tracker (OxCGRT). Total numbers 

of tests per capita was collected by Africa CDC (Salyer et al., 2021). Statistical 

models were fitted to evaluate the relationships among the three outcomes 

and predictors. I also run a secondary analysis for an outcome combining per 

capita mortality in the first wave and stringency index. 

The start date of the analysis was set as 25 February 2020 when the first case 

was reported from the WHO African Region (in Algeria). I collated values of 

predictor variables as close to this date as possible. 

5.3.2 Outcomes 

My first outcome—the timing of the first case—refers to the day on which the 

first official laboratory-confirmed COVID-19 case/cases was/were reported to 

the WHO (Error! Reference source not found.A), largely based on case 

definitions defined by the WHO (World Health Organisation, 2020e). 

My other outcomes are the total deaths per 100K population (per capita 

mortality rate) during the first and second waves. According to international 

guidelines for certificate and coding of COVID-19 as cause of death (World 

Health Organisation, 2020d), a death due to COVID-19 is defined for 

surveillance purposes as a death resulting from a clinically compatible illness, 

in a probable or confirmed COVID-19 case, unless there is a clear alternative 

cause of death that cannot be related to COVID disease (e.g. trauma). There 

should be no period of complete recovery from COVID-19 between illness and 

death. A death due to COVID-19 may not be attributed to another disease (e.g. 
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cancer) and should be counted independently of preexisting conditions that 

are suspected of triggering a severe course of COVID-19. 

The pandemic curve for daily new deaths for the whole WHO African Region 

was plotted by using 21-day kernel smoothing (Error! Reference source not 

found.B). Kernel smoothing is a common non-parametric method for revealing 

trends in curves. Here, I used Nadaraya–Watson estimator (can be seen as a 

weighted average, and a higher weight was assigned to daily new deaths 

closer to the target date) to fit a local estimate on each target date using daily 

new deaths within a 21-day window (10 days before and after the target date) 

(Hazelton, 2014) and smooth pandemic curves for daily new deaths was 

plotted based on these estimates. I chose the date with the first minimum daily 

new deaths (31 October 2020) as the end of the first wave and the date of the 

second minimum daily new deaths (14 March 2021) as the end of the second 

wave, and I calculated per capita mortality rate in each wave for each country. 

Data on COVID-19 cases and deaths for all 47 Member States in the WHO 

African Region were taken from the WHO COVID-19 Dashboard (World Health 

Organisation, 2021d). The data include daily new cases, cumulative cases, 

daily new deaths and cumulative deaths. 
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Figure 5.1 Flow diagram 
for analysing predicators 
of COVID-19 epidemics in 
the WHO African Region 
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5.3.3 Predictors 

A set of predictors considered likely to affect the timing of the first case and 

the per capita mortality rate were collected and included as explanatory 

variables. The definition, time range, details of missing data, and data sources 

are reported in Table 5.1. Predictors were classified in nine categories: 

demographics, socioeconomics, travel, healthcare, co-morbidities, readiness, 

geography, COVID-19 testing and interventions. Demographic and 

socioeconomic variables may predict both vulnerability to severe disease (e.g. 

by age) and transmission potential (e.g. urban versus rural populations) 

(Hradsky & Komarek, 2021; Lawal, 2021). Healthcare, readiness, and COVID-

19 testing variables may predict the capability to detect and/or treat cases 

(Chaudhry et al., 2020; Okeahalam et al., 2020). Travel and the number of 

shared borders are likely to affect the imported cases from neighbouring 

countries (Chinazzi et al., 2020). Comorbidities are related to vulnerability to 

dying from infection (Hashim et al., 2020). Latitude is related to climate, which 

may affect transmission rates (Tzampoglou & Loukidis, 2020). 

Data on COVID-19 testing were obtained from three sources. Testing effort 

was extracted from a recent report of the COVID-19 pandemic in Africa up to 

the end of December 2020 (Salyer et al., 2021). The predictor variable was 

total number of tests divided by per 100K population. Testing policy index data 

were collected by the OxCGRT, which records government policy on access 

to testing. The ordinal scores are shown in Table 5.1, and I calculated days 

with testing policy index above 2 during the first wave (25/02/2020 to 
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31/10/2020). Testing policy index at the start of the second wave on 1st 

November 2020 was used as a baseline predictor of per capita mortality in the 

second wave. A test data quality index was generated by the TIBA Pandemic 

Response Unit (see D.1 Supplementary Methods), and was placed into four 

categories (no data, basic, satisfactory, and good; Table 5.1). Estimated ratios 

of total COVID-19 mortality to reported COVID-19 mortality were obtained from 

the Institute for Health Metrics and Evaluation (Table 5.1) (Institute for Health 

Metrics and Evaluation, 2021). 

Government response data were collected by the TIBA Pandemic Response 

Unit, and the stringency index representing policies on containment and 

closure was calculated using a method developed by OxCGRT (D.1 

Supplementary Methods) (Hale et al., 2020). Two variables related to the 

stringency index were generated: area under the curve (AUC) of stringency 

index scores and stringency index score when cumulative mortality reached 

0.1 per 100K population (D.1 Supplementary Methods). 

Google mobility data (https://www.google.com/covid19/mobility/) available for 

25 WHO African Region Member States were used to validate the data for the 

stringency index (D.1 Supplementary Methods). 
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Table 5.1 Predictors of interest for COVID-19 epidemics in the WHO African Region 
Category Definition from data source Time range Source 

Demographics 1. Population, total 

Population, total is based on the de facto definition of 
population, which counts all residents regardless of 
legal status or citizenship-except for refugees not 
permanently settled in the country of asylum, who are 
generally considered part of the population of their 
country of origin. The values shown are midyear 
estimates. 

2018, except that 
Eritrea was using 
data of 2011 

The World 
Bank 
https://data.wo
rldbank.org/ind
icator 
 

2. Population density (people per sq. km of land area) 

Midyear population divided by land area in square 
kilometres. Definition of population is as shown above. 
Land area is a country's total area, excluding area 
under inland water bodies, national claims to 
continental shelf, and exclusive economic zones. In 
most cases the definition of inland water bodies 
includes major rivers and lakes. 

2018, except that 
Eritrea was using 
data of 2011. Data 
of South Sudan 
was added 
manually, using 
the above total 
population data 
and land area 
from the 
government 
(http://www.goss-
online.org/about.ht
ml). 

3. Urban population (% of total population) 

People living in urban areas as defined by national 
statistical offices. The data are collected and 
smoothed by United Nations Population Division. 

2018, except that 
Eritrea was using 
data of 2011 

4. Population ages 65 and above (% of total 
population) 

Population ages 65 and above as a percentage of the 
total population. Population is based on the de facto 
definition of population, which counts all residents 
regardless of legal status or citizenship. 

5. Sex ratio (Male/Female) 

Ratio of male population count to female population 
count 

Socioeconomic 

 

1. GDP per capita (current US$) 

Gross domestic product divided by midyear 
population. GDP is the sum of gross value added by 
all resident producers in the economy plus any product 
taxes and minus any subsidies not included in the 
value of the products. It is calculated without making 
deductions for depreciation of fabricated assets or for 
depletion and degradation of natural resources. Data 
are in current U.S. dollars. 

2018, except that 
Eritrea was using 
data of 2011 

The World 
Bank 
https://data.wo
rldbank.org/ind
icator 

2. Human development index 

Human development index is a summary measure of 
average achievement in key dimensions of human 
development: a long and healthy life, being 
knowledgeable and have a decent standard of living. 

2018 United Nations 
http://hdr.undp
.org/en/data 

Travel 1. Number of international airports 

Total number of international airports within each 
country, extracted from a repository of air traffic flow. 

2019 The World 
Bank 
https://datacat
alog.worldban
k.org/dataset/g
lobal-airports 

2. Volume of international air travel 

Total seats from the most recent year (2019) for all 
airports with international air travel within each 
country. 
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Healthcare 1. Current health expenditure (% of GDP) 

Level of current health expenditure expressed as a 
percentage of GDP.  Estimates of current health 
expenditures include healthcare goods and services 
consumed during each year. This indicator does not 
include capital health expenditures such as buildings, 
machinery, IT and stocks of vaccines for emergency or 
outbreaks. 

2017 The World 
Bank 
https://data.wo
rldbank.org/ind
icator 

2. Infectious disease resilience index 

A composite index that helps identify countries that are 
potentially most vulnerable to poorly controlled 
infectious disease outbreaks because of a confluence 
of factors ranging across multiple domains, including 
political, economic, public health, medical, 
demographic, and disease dynamics. 0 indicating the 
country most vulnerable to infectious disease 
outbreaks and 1 indicating the most resilient country. 

Data published in 
2016 

Rand 
Corporation 
https://www.ra
nd.org/pubs/re
search_report
s/RR1605.html 

 

Co-morbidities 1. DALY rates per 100,000 individuals from 
communicable, neonatal, maternal & nutritional 
diseases 

Age-standardized DALY (Disability-Adjusted Life Year) 
rates per 100,000 individuals from communicable, 
neonatal, maternal & nutritional diseases. DALYs are 
used to measure total burden of disease - both from 
years of life lost and years lived with a disability. One 
DALY equals one lost year of healthy life. 

2017 Our world in 
data 
https://ourworl
dindata.org/bu
rden-of-
disease 

 

2. DALY rates per 100,000 individuals from non-
communicable diseases 

Age-standardized DALY rates per 100,000 individuals 
from non-communicable diseases (NCDs). DALYs are 
used to measure total burden of disease - both from 
years of life lost and years lived with a disability. One 
DALY equals one lost year of healthy life. 

2017 

3. Prevalence of HIV, total (% of population ages 15-
49) 

Prevalence of HIV refers to the percentage of people 
ages 15-49 who are infected with HIV. 

2018, two 
countries 
(Seychelles, São 
Tomé and 
Príncipe) were 
missing. 

The World 
Bank 

https://data.wo
rldbank.org/ind
icator 

4. Diabetes prevalence (% of population ages 20 to 
79) 

Diabetes prevalence refers to the percentage of 
people ages 20-79 who have type 1 or type 2 
diabetes. 

2019 

Readiness 1. COVID-19 test capacity 

The ability to test for potential COVID-19 cases. There 
is no report case of COVID-19 in the WHO African 
Region when the data was released. 

Based on 
newsletter 
released on 25 
Feb. 2020 

WHO Region 
office for 
Africa 
https://www.afr
o.who.int/healt
h-
topics/coronav
irus-covid-19 

 

2. COVID-19 readiness status 

Levels of readiness are assessed on the basis of 
information from an extensive survey that is given to 
WHO country offices in 47 countries in Africa. The 
survey questions are broadly grouped under nine 
response pillars: logistics; coordination; risk 
communication and community engagement; 
laboratory capacity; Points of Entry (PoE); 
surveillance; infection prevention and control; Rapid 
Response Teams (RRT); and case management. 

Readiness status have been classified into three 
levels: limited, moderate and adequate. 

Based on 
newsletter 
released on 13 
Feb. 2020; Three 
countries (Cape 
Verde, Mauritius, 
Seychelles) were 
missing. 
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Geography 1. Number of borders 

Number of countries with shared boundary. 

2020 Data and 
Maps for 
ArcGIS 
(formerly Esri 
Data & Maps, 
https://www.ar
cgis.com/hom
e/group.html?i
d=24838c2d9
5e14dd18c25e
9bad55a7f82#
overview) 

2. Latitude 

The absolute degrees from equator. 

COVID-19 
testing 

1. Days with testing policy index >= 2 

2. Testing policy index on 1st November 2020 

The Oxford COVID-19 Government Response Tracker 
(OxCGRT) systematically collects publicly available 
information on several different indicators of response 
that governments have taken to respond to the 
COVID-19 pandemic, including school closures, travel 
restrictions etc. One of the indicators is testing policy, 
which record government policy on who has access to 
testing. The ordinal scores are shown below. The data 
is daily- based data and I calculated days with testing 
policy index above 2 between 25/02/2020 and 
31/10/2020 as a predictor of per capita mortality in the 
first wave. Testing policy index at the start of the 
second wave on 1st November 2020 was also 
collected as a baseline predictor of per capita mortality 
in the second wave. 

0 – No testing policy 

1 – Only those who both (a) have symptoms AND (b) 
meet specific criteria (e.g. key workers, admitted to 
hospital, came into contact with a known case, 
returned from overseas) 

2 – testing of anyone showing COVID-19 symptoms 

3 – open public testing (eg “drive through” testing 
available to asymptomatic people) 

No data 

2020 OxCGRT 
https://www.bs
g.ox.ac.uk/res
earch/researc
h-
projects/coron
avirus-
government-
response-
tracker 

3. Test data quality 

The TIBA Pandemic Response Unit has created a new 
data set recording COVID-19 testing data as of 31 
October 2020 for WHO African Region, and qualified 
the data quality into four categories. 

No data – viz. no data from official sources 

Basic data – data that is published irregularly, or that 
does not distinguish between people tested and tests 
conducted 

Satisfactory data – data that has none of the 
shortcomings of “basic data” 

Good data – data that goes beyond daily numbers of 
tests or people tested. It may provide information on 
the positivity rate of tests, and on which tests were 
routine surveillance or linked to contact tracing for 
example. It may distinguish in which laboratory tests 
have been conducted, or provide additional 
information on the gender or age or regional origin of 
people tested. 

2020 GitLab 

https://git.ecdf.
ed.ac.uk/epigr
oup/covid-
19/tiba_testing
_data/blob/ma
ster/TIBA_PR
U_Testing_Da
ta.xlsx 
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4. Total number of tests per 100K population as of 31 
Dec. 2020 

Africa CDC collected data on total number of tests per 
capita for each African country 
(https://africacdc.org/covid-19/). I obtained data as of 
31 December 2020 from one paper published on 
Lancet on 24 March 2021. For nine countries (Algeria, 
Benin, Comoros, Eritrea, Liberia, Mauritius, Sao Tome 
and Principe, Seychelles, and Sierra Leone), the 
testing data were incomplete; For United Republic of 
Tanzania, testing information was not reported for 
more than 2 weeks. 

2020 Lancet 
https://www.th
elancet.com/jo
urnals/lancet/a
rticle/PIIS0140
-
6736(21)0063
2-2/fulltext 

 

Interventions 1. Area under the curve (AUC) of stringency index 

2. Stringency index when cumulative deaths reached 
0.1 per 10K population. 

Stringency index represents policies on containment 
and closure, calculated from the data set for 
government mitigation responses to COVID-19 for 
WHO African Region, held by the TIBA Pandemic 
Response Unit. Stringency index is the average 
normalised strictness values of 12 subcategories of 
measures, excluding the governance and socio-
economic measures and surveillance and testing from 
public health measures. 

2020 GitLab 
https://git.ecdf.
ed.ac.uk/epigr
oup/covid-
19/tiba_pru_m
easures/blob/
master/TIBA_
PRU_measure
s.xlsx 

 

For some variables I can’t get the latest data for all countries, i.e. the date for some variables may be not consistent, 
but I set a criterion that the date should be after 2010, otherwise the value was set as missing. 

5.3.4 Statistical Methods 

All 47 Member States were included in the model for the timing of the first case, 

but the number of Member States included in the model for per capita mortality 

in two waves depended on the completeness of the data. The epidemic curves 

for both daily cases and deaths in each country within the WHO African Region 

were plotted to evaluate the completeness of the data. The government of 

United Republic of Tanzania stopped reporting COVID-19 cases/deaths since 

8 May and, therefore, was excluded (World Health Organisation, 2021d). 

For predictors, the most recent available data were used—and no earlier than 

2010. If one predictor has missing values, one column of binary indicator was 

added showing which country has missing data and which has not, and both 
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the raw data and the indicator were included in the model. All predictors used 

had data available for at least 90% of countries. 

Spearman’s rank correlation was used to test for a correlation between 

predictors. Predictors with a correlation coefficient greater than 0.6 were not 

included in the same multivariable model. 

Cox proportional hazards regression models were used to determine hazard 

ratios (HRs) and 95% confidence intervals (CIs) for individual predictors of 

timing of the first case. A univariable model was fitted first. Only predictors 

quantified on or before the start date were included in this analysis. COVID-19 

test capacity, COVID-19 readiness status, and the number of borders entered 

the model as binary variables where ‘no’, ‘limited and moderate’, and ‘no 

border’ were set as the reference levels, respectively. For COVID-19 readiness 

status, I combined ‘’limited and ‘moderate’ into one single level—‘limited and 

moderate’, because few countries were at the ‘limited’ level (2 countries) 

(Figure D.1Q). Three countries (Cape Verde, Mauritius, Seychelles) with 

unknown COVID-19 readiness status were also included in the ‘limited and 

moderate’ level. Other variables entered the model as continuous variables, 

and all continuous variables were standardised before entering the model, by 

subtracting the mean and dividing by the standardized deviation. Variables 

with P values less than 0.2 were considered for inclusion in a multivariable 

model. If multiple variables with P values less than 0.2 were highly correlated 

(correlation coefficient greater than 0.6), only one variable was selected each 

time to enter the multivariable model. The multivariable model with the lowest 
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corrected Akaike information criterion (AICc) was taken as the best model 

(Emiliano et al., 2014), but models with +2 AICc score were also retained.  

I used a generalized linear mixed model (GLMM) with a Poisson error 

distribution to identify predictors of per capita mortality rate in the first wave. I 

used the reported deaths times the ratio of total COVID-19 mortality to reported 

COVID-19 mortality (Figure D.1T) as the outcome, population size as an offset 

and country as a random effect. The risk ratios (RRs) and 95% CIs were 

calculated. Five countries (the United Republic of Tanzania having incomplete 

data, Burundi, Eritrea, and Seychelles being clear outliers and Seychelles and 

São Tomé and Príncipe having missing data for HIV prevalence) were 

excluded (also for the multinomial logistic model below for outcome with 

respect to per capita mortality in the first wave and stringency. Days with 

testing policy index >=2 entered the model as a binary variable (using median 

as the cut-off) where ‘below median’ was set as the reference level. Three 

countries (Guinea Bissau, Equatorial Guinea, and Comoros) with missing days 

with testing policy index were included in the ‘below median’ level. I treated 

test data quality as binary, combining no data and basic data to the lower level 

(reference level), and satisfactory data and good data to the higher level. 

Univariable models and the best multivariable model were fitted using the 

same approach as for the timing of the first case. I then added the two 

stringency scores (AUC of stringency index in Figure D.1Y and stringency 

index when cumulative deaths reached 0.1 per 100,000 population in Figure 

D.1Z) to the best multivariable model for per capita mortality in the first wave 

and checked for significantly improved model fit (lower AICc). I first estimated 
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the correlations between the two stringency scores and the set of selected 

predictors in the best multivariable model, using the Spearman rank correlation 

test. Then, I took the best multivariable model and re-ran it by adding each 

stringency score. Again, only stringency scores with correlation coefficients 

less than 0.6 with the set of selected predictors were included in the 

multivariable model. I repeated this exercise for the three testing variables, i.e. 

adding days with testing policy index >= 2 (Figure D.1U), test data quality 

(Figure D.1W), and tests per capita (Figure D.1X) to the best multivariable 

model for per capita mortality in the first wave and test if the result kept 

consistent after adjusting for COVID-19 testing. 

I carried out a secondary analysis using the original set of predictors of COVID-

19 mortality in the first wave to predict an outcome combining per capita 

mortality in the first wave and stringency index (Table 5.1). In this analysis, 

countries were placed into four groups based on the medians of total per capita 

mortality in the first wave and of the AUC of stringency index (high 

stringency/high mortality, high stringency/low mortality, low stringency/high 

mortality, and low stringency/low mortality). Multinomial logistic regression was 

used to estimate the relationship between these outcomes and the set of 

predictors, and the odds ratios (ORs) and 95% CIs were calculated. 

Univariable models and the best multivariable model were fitted using the 

same approach as for the first wave mortality rate. Low stringency/low mortality 

was set as the reference level. COVID-19 readiness status and number of 

borders were excluded from the model because no country in the low/low level 
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had adequate COVID-19 readiness status, and there was no island nation in 

the high/high level. 

For the second wave mortality rate analysis, I fitted only the univariable model 

using the same approach as for first wave mortality rate. I dropped predictors 

related to travel and readiness, given that these pre-pandemic predictors 

cannot represent the baseline level at the start of the second wave. I added 

per capita mortality in the first wave (Error! Reference source not found.C) 

and testing policy index on 1 November 2020 (Figure D.1V) as two new 

predictors. Testing policy index on 1 November 2020 entered the model as a 

binary predictor where ‘below 2’ was set as the reference level. AUC of 

stringency in the first wave (Figure D.1Y), test data quality in the first wave 

(Figure D.1 W), and tests per capita as of 31 Dec. 2020 (Figure D.1X) were 

considered as predictors of second wave mortality rate, respectively.  

R version 3.6.3 (R Foundation for Statistical Computing, Vienna, Austria, 2020) 

was used in all statistical analyses. R packages used for model fitting included 

survival, lme4, nnet and mgcv. A two-sided P value <0.05 was regarded as 

statistically significant. The raw African shapefile used in the study was 

obtained from Data and Maps for ArcGIS (formerly Esri Data & Maps, 

https://www.arcgis.com/home/group.html?id=24838c2d95e14dd18c25e9bad

55a7f82#overview). 
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5.4 Results 

On 25 February 2020, Algeria was the first country in the WHO African Region 

to report COVID-19 cases (Error! Reference source not found.). Thirty-one out 

of 47 countries reported their first cases in the 2 weeks from 12 March to 26 

March 2020. Lesotho was the last of the 47 countries to report its first case, on 

14 May 2020. There was no apparent relationship between the timing of the 

first COVID-19 case and the first death (Error! Reference source not 

found.A). 

The 47 Member States reported a total of 29,635 COVID-19 deaths in the first 

wave and 44,850 deaths in the second wave. However, Tanzania discontinued 

reporting of COVID-19-related deaths from 8 May 2020, and Burundi, Eritrea 

and Seychelles were outliers (0.009, 0 and 0 per 100,000 population first wave 

mortality rates, respectively). São Tomé and Príncipe, as well as Seychelles, 

had missing data on the prevalence of HIV. These five countries were, 

therefore, excluded from the mortality rate analyses, giving a sample size of 

42. Daily new deaths in the whole WHO African Region peaked on 5 August 

2020 in the first wave and on 18 January 2021 in the second wave (Error! 

Reference source not found.B), lagging 16 and 7 d behind the peak of daily 

new cases in the first and second waves, respectively. The WHO African 

Region as a whole experienced a higher second wave peak than the first wave: 

323 deaths (on 5 August 2020), and 675 deaths (on 18 January 2021), 

respectively. In the first wave, the highest mortality per 100,000 population was 

reported from South Africa (33.3), followed by Cape Verde (17.5) and Eswatini 
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(8.6 (Error! Reference source not found.C). In the second wave, the highest 

mortality per 100,000 population was also reported from South Africa (55.4), 

followed by Eswatini (39.8) and Botswana (17.7). Twenty countries had higher 

or similar mortality rates in the second wave than in the first wave, whereas 23 

countries had lower mortality rates in the second wave than in the first wave 

(Figure 5.3). 

I included 47 countries and 15 predictors (Figure D.1A-K, P-S) in the Cox 

regression model for timing of the first case. Spearman’s correlation identified 

five pairs of predictors with correlation coefficients greater than 0.6 (Figure 5.4). 

The univariable Cox regression model identified total population size, number 

of international airports, volume of international air travel, COVID-19 test 

capacity, and COVID-19 readiness status as risk factors for earlier detection 

of the first case, and current health expenditure (% of GDP) as protective factor 

(Figure 5.5, Table D.1). In the multivariable model, the percentage of urban 

population (hazard ratio (HR) = 1.40, 95% confidence interval (CI) 1.01–1.95), 

number of international airports (HR = 1.48, 95% CI 1.02–2.14), volume of 

international air travel (HR = 1.52, 95% CI 1.10–2.11), COVID-19 test capacity 

(HR = 3.86, 95% CI 1.83–8.15) and number of borders (HR = 2.87, 95% CI 

1.12–7.32) were identified as risk factors for earlier detection of the first case 

(Figure 5.5, Table D.1). 
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Figure 5.2 COVID-19 
pandemic in the 
WHO African Region 
A, Timeline of the first 
case and first death; 
B, Pandemic curve for 
daily new deaths; C, 
Map of per capita 
mortality rates in the 
first wave and D, in 
the second wave.

B Pandemic curve for daily new deaths C Per 100K population mortality rate in the 
first wave

A Timing of the first case and the first death in each Member State of the WHO African Region

D Per 100K population mortality rate in the
second wave
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Figure 5.3 Scatter plot of per capita mortality rates in the first and second COVID-19 
waves 
Axes on log10 scale with points falling on the axes denoting zero deaths. The dashed line 
indicates identical levels of mortality rates in two waves. Tanzania is not shown due to 
incomplete data. DRC, Democratic Republic of the Congo. 

I included 42 countries and 18 predictors (Figure D.1B-S) in the GLMM models 

for per capita mortality in the first wave. In the univariable analyses, the 

percentage of urban population, GDP per capita, human development index, 

volume of international air travel, infectious disease resilience index, 

prevalence of HIV, and latitude were risk factors (Figure 5.6, Table D.2). The 

correlation between the time to first case and per capita mortality was not 
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significant (p=0.22). In the multivariable GLMM model, the percentage of urban 

population (risk ratio (RR) = 1.61, 95% CI 1.25–2.06), volume of international 

air travel (RR = 1.31, 95% CI 1.04–1.66) and prevalence of HIV (RR = 1.40, 

95% CI 1.10–1.78) were risk factors for mortality rate in the first wave (Figure 

5.6, Table D.3). Percentage of urban population was included in all models 

within +2-corrected Akaike information criterion (AICc) scores (Methods); 

volume of international air travel and HIV prevalence were included in most 

but not all.
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Figure 5.4 Correlation matrix 
for predictors in the first wave 
of COVID-19 

Positive correlations are 
displayed in blue and negative 
correlations in red colour. Colour 
intensity is proportional to the 
correlation coefficients.
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Figure 5.5 Hazard ratios and 95% confidence intervals for predictors of timing of the first COVID-19 case in univariable and multivariable cox 
regression model 

Error bars are shown. Statistically significant risk factors are in red; protective factors are in blue.

             

Demographics 

Socioeconomic

Travel       

Health care  

Readiness    

Geography    

Category
                                                    

Population, total                                   

Population density (people per sq. km of land area) 

Urban population (% of total population)            

Population ages 65 and above (% of total population)

Sex ratio (Male/Female)                             

GDP per capita (current US$)                        

Human development index                             

Number of international airports                    

Volume of international air travel                  

Current health expenditure (% of GDP)               

Infectious disease resilience index                 

COVID−19 test capacity, yes                         
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Latitude                                            
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Figure 5.6 Risk ratios and 95% confidence intervals for predictors of per capita COVID-19 mortality in the first wave in univariable and 
multivariable Poisson generalized linear mixed model 

Error bars are shown. Statistically significant risk factors are in red.
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Current health expenditure (% of GDP)                                                           
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None of the predictors in the best multivariable model was correlated with the 

any of the COVID-19 testing variables (correlation coefficients < 0.6) (Figure 

5.7). I then re-ran the best multivariable GLMM models with each additional 

testing variable (Figure D.1U, Figure D.1W-X). No test variable was associated 

with the per capita mortality rate and reduced the AICc, and there were no 

changes in the RRs estimated by the best multivariable model (Figure 5.8, 

Table D.3). 

 

Figure 5.7 Correlation matrix for significant predictors in multivariable model for per 
capita COVID-19 mortality in the first wave and three test variables 
Positive correlations are displayed in blue and negative correlations in red colour. Colour 
intensity is proportional to the correlation coefficients.
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Figure 5.8 Risk ratios and 95% confidence intervals for three test variables for per capita COVID-19 mortality in the first wave in multivariable 
Poisson generalized linear mixed model 

Error bars are shown. Statistically significant risk factors are in red.
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There was a good consistency between the stringency index and percent 

change of residential mobility as indicated by the Google mobility data. After 

controlling for temporal and random effects, the stringency index was non-

linearly associated with the residential mobility (P<0.0001), with an effective 

degree of freedom of 8.66. The R2 of the model is 0.77 and the explained 

deviance is 77.5% (see Supplementary Methods). 

None of the predictors in the best multivariable model was correlated with the 

two stringency scores (correlation coefficients < 0.6) (Figure 5.9). Again, I then 

re-ran the best multivariable GLMMs, once with each stringency score (Figure 

D.1Y, Z). No stringency score was associated with the per capita mortality rate, 

and none reduced the AICc (Figure 5.10, Table D.3). I explored other 

thresholds of cumulative per capita mortality all produced consistent results. 

Figure 5.9 
Correlation 
matrix for 
significant 
predictors in 
multivariable 
model for per 
capita COVID-
19 mortality in 
the first wave 
and two 
stringency 
indices 
Positive 
correlations are 
displayed in blue 
and negative 
correlations in 
red colour. 
Colour intensity 
is proportional to 
the correlation 
coefficients.
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Figure 5.10 Risk ratios and 95% confidence intervals for two stringency indices for per capita COVID-19 mortality in the first wave in 
multivariable Poisson generalized linear mixed model 

Error bars are shown. Statistically significant risk factors are in red. 
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There were 11, 10, 10, and 11 countries in the categories of high (AUC of 

stringency index)/high (per capita mortality), high/low, low/high, and low/low, 

respectively (Figure 5.11A). In the univariable multinomial logistic model, the 

percentage of urban population, infectious disease resilience index, and 

human development index were risk factors for one or more categories relative 

to low/low (Figure 5.12A, Table D.4). In the multivariable multinomial logistic 

model, the percentage of urban population and infectious disease resilience 

index were risk factors for high/high, low/high and/or high/low relative to 

low/low (Figure 5.12B, Table D.5). As above, I also added the three COVID-

19 testing predictors into the best multivariable multinomial logistic model and 

the results remained consistent (Table D.5). 

 

Figure 5.11 Scatter plot of outcome with respect to AUC of stringency index and per 
capita COVID-19 mortality rate in the first wave 
Vertical axis has log10 scale and points falling on the horizontal axis denotes zero deaths. 
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Figure 5.12 Odds ratios 
and 95% confidence 
intervals for predictors 
of outcome with respect 
to AUC of stringency 
index and COVID-19 
mortality rate in the first 
wave in the multinomial 
logistic regression 
model 
A, Univariable; B, 
Multivariable. Covid-19 
readiness status was 
excluded from the model 
because there is no 
country with adequate 
Covid-19 readiness status 
in the reference low/low 
level and putting it in the 
model will generate super 
wide 95%Cis. Error bars 
are shown. Statistically 
significant risk factors are 
in red; protective factors 
are in blue.
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I included 42 countries and 19 predictors (Figure D.1B-G, Figure D.1J-O, R, S, 

V-Y, and Error! Reference source not found.C) in the univariable GLMM 

model for per capita mortality in the second wave. Consistent with the results 

for the univariable analysis of the first wave, human development index, 

infectious disease resilience index, prevalence of HIV, and latitude were risk 

factors for per capita mortality in the second wave (Figure 5.13, Table D.6). 

Per capita mortality rate in the first wave was also a risk factor. DALYs per 

100,000 individuals from communicable, neonatal, maternal & nutritional 

diseases was identified as protective factors. 

5.5 Discussion 

In this chapter, I have identified statistical predictors of the timing of the first 

case and the per capita mortality rates during the first and second COVID-19 

pandemic waves for countries in the WHO African Region. The percentage of 

urban population, number of international airports, volume of pre-pandemic 

international air travel, COVID-19 test capacity and number of borders were 

predictors of the earlier detection of the first case. The percentage of urban 

population, volume of pre-pandemic international air travel and prevalence of 

HIV were risk factors for per capita mortality rate in the first pandemic wave. 

Stringency and timing of government restrictions were not associated with the 

mortality rate, but countries with higher proportions of urban population and 

higher infectious disease resilience scores were at increased risk of an 

adverse outcome, defined as either high AUC of stringency index and/or high 

per capita mortality. Predictors of per capita mortality rates in the two waves 
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were broadly consistent, and per capita mortality rate in the first wave was 

predictive of per capita mortality rate in the second wave. 

The association between laboratory capacity to test for COVID-19 cases 

(evaluated before the detection of COVID-19 in the WHO African Region) and 

earlier detection of first COVID-19 cases was expected. This result highlights 

the importance and urgency of ensuring adequate preparedness, especially in 

the earliest stages of a pandemic, noting that COVID-19 was first detected in 

Africa over 7 weeks after it was first detected in China (Zhu et al., 2020). 

We found that countries with more international airports and a greater volume 

of pre-pandemic international air travel detected their first COVID-19 cases 

earlier, and island nations detected their first COVID-19 cases later. Flight 

connectivity to China was found to be a risk factor for earlier detection of 

COVID-19, irrespective of their preparedness status as measured by the 

Global Health Security and Joint External Evaluation scores (Haider et al., 

2020), but genome sequencing data suggest that early cases in Africa were 

mainly imported from Europe and not China (Lu et al., 2021; Ngoi et al., 2021). 

Pre-pandemic volume of international air travel also predicts per capita 

mortality during the first wave. I interpret this as indicating that wider seeding 

of an epidemic before travel restrictions were imposed (as they were in all 

countries in my study) resulted in a larger epidemic. 
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Figure 5.13 Risk ratios and 95% confidence intervals for predictors of per capita COVID-19 mortality in the first wave and second wave in 
univariable Poisson generalized linear mixed model 

Error bars are shown. Statistically significant risk factors are in red; protective factors are in blue. NA, not applicable. ND, not done.
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A more urban population predicts both earlier detection of COVID-19 and a 

higher first wave mortality rate. Urban environments are recognised as risk 

factors for the transmission of respiratory pathogens in general (Norwegian 

Institute of Public Health, 2020). Other studies found an association between 

a more urban population and the number of COVID-19 cases (Li et al., 2020) 

and that countries with higher socio-economic development Belgium, United 

Kingdom, and Italy, have higher COVID-19 mortality rates (Chaudhry et al., 

2020; Hashim et al., 2020). Countries with a more urban population and 

greater socio-economic development might have lower COVID-19 case fatality 

rates (CFRs) (Asfahan et al., 2020; Li et al., 2020). However, my study focused 

on per capita mortality as CFR is heavily influenced by COVID-19 testing 

capability, which is highly heterogeneous across countries (Lawal, 2021; Rice 

et al., 2021; Salyer et al., 2021). 

I also found that a higher prevalence of HIV was associated with a higher 

mortality rate in the first pandemic wave. HIV has been associated with severe 

COVID-19 during the pandemic; a large population-based study in South 

Africa found that HIV doubled (HR=2.14) the risk of COVID-19 mortality (Boulle 

et al., 2020). A meta-analysis of 22 studies worldwide also found that HIV-

positive status was associated with an increased risk of COVID-19 mortality 

(Ssentongo et al., 2021). The underlying reasons might include a high 

prevalence of comorbidities in patients with HIV and severe COVID-19 and 

persistent immune suppression in severe COVID-19 (Boulle et al., 2020). In 

my study, statistical models replacing HIV with other common comorbidities—

tuberculosis (which is strongly correlated with HIV), chronic obstructive 
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pulmonary disease, hypertensive heart disease and obesity—fitted the data 

less well, although it is possible that HIV status acts as a marker for a basket 

of these and other comorbidities. Alternatively, any link could be wholly or 

partially indirect if HIV prevalence is correlated with behavioural, lifestyle or 

socioeconomic variables not included in my analysis. 

I found that stringency and timing of government restrictions were not 

associated with the mortality rate in the first pandemic wave. Some studies 

have found that measures including internal ‘lockdown’ and rapid border 

closures are not associated with COVID-19 mortality (Chaudhry et al., 2020; 

Leffler et al., 2020), whereas others found that rapid implementation of 

restrictions reduced COVID-19 mortality (Fountoulakis et al., 2020). There is a 

complex cause-and-effect relationship between restrictions and mortality rate, 

and my results should not be interpreted as demonstrating that restrictions are 

ineffective, only that any effect is difficult to detect by a retrospective statistical 

analysis (Salyer et al., 2021; Woolhouse, 2011). This is expected if countries 

that imposed more stringent restrictions more quickly did so in response to the 

observed or anticipated severity of their epidemic, and if differences in 

stringency, at best, only partially mitigated the outcome. 

As the response to the pandemic is likely to be damaging in its own right (for 

example, through negative effects on human well-being, the economy, 

education and work), an alternative approach is to consider stringency as an 

outcome variable. The preferred outcome is a low per capita mortality rate and 

fewer restrictions as measured by the stringency index. Taking this approach, 
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I found that countries were more likely to achieve a good outcome if they had 

a less urban population and low infectious disease resilience. Infectious 

disease resilience is a composite index that considers multiple factors ranging 

across multiple domains, including political, economic, public health, medical, 

demographic and disease dynamics (Table 5.1). It is positively correlated to 

GDP per capita, the human development index, volume of international travel, 

and prevalence of HIV, and negatively correlated to DALY rates from both 

communicable diseases and non-communicable diseases (Figure 5.4). This 

result contradicts speculation that poor countries with a low resilience would 

be most affected by COVID-19 [see also ref. (Haider et al., 2020)]. In Africa, 

more urbanized countries and those considered more resilient to infectious 

diseases suffered more from both the direct and indirect impacts of the 

pandemic. However, this was also true in the United States, which had one of 

the highest Joint External Evaluation scores (JEE, one score evaluating 

national capacity to prevent, detect and respond to public health) and 

preparedness ranking (pre COVID) globally (Stowell & Garfield, 2021). 

Similar results for the first and second waves suggest that there were no major 

shifts in the epidemiology of COVID-19 over the study period, implying no 

systematic differences in vulnerabilities to the two waves. There was no 

relationship between stringency of measures taken during the first wave and 

the severity of the second wave. This indicates that, regardless of the 

stringency and effectiveness of the government response, intrinsic differences 

among countries have a substantial effect on the course of national epidemics. 
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This study has some limitations. It is an observational study of country-level 

data and cannot demonstrate a direct, causal link between predictors and 

outcome. Effects due to unmeasured confounders may influence the results 

and interpretation. Statistical power is limited by sample size, so the final 

multivariable models include only those predictors with the strongest effects; 

others might have effect sizes too small to be retained in the models. Given 

the enormous number of combinations of predictors that could be considered, 

it is possible that the best fitting models were not identified. Data quality has 

been raised as an issue (Rice et al., 2021). Some, possibly substantial, under-

ascertainment of COVID-19 deaths is likely in Africa, as elsewhere (Institute 

for Health Metrics and Evaluation, 2021), and could affect my findings if the 

degree of under-ascertainment was correlated with predictors included in my 

analysis. I directly addressed this issue by including in my analyses 

independent estimates of under-reporting of COVID-19 deaths generated by 

the Institute for Health Metrics and Evaluation (Institute for Health Metrics and 

Evaluation, 2021). These estimates range up to approximately 75% of COVID-

19 deaths unreported (in Burkina Faso, Nigeria, and the Democratic Republic 

of the Congo). The WHO definition of a COVID-19 death does not require a 

positive test result, but it is possible that ascertainment is influenced by testing 

capacity. However, my main results are robust to inclusion of indicators of 

testing effort in my statistical models, although I note that test volume data 

were not collected over exactly the same time period. 

The stringency variable is a composite index of government policies, reflecting 

that many countries implemented measures as a package. Not all policies are 
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expected to have equal impact, and a wide range of combinations of measures 

was implemented across the region. I validated the stringency index by 

comparison with Google mobility data. I found a strong association, indicating 

that the index is related to real-world behaviour by at least a subset of the 

population. However, the association weakened over time, as has been 

reported elsewhere (Nouvellet et al., 2021). 

My study had several strengths. I considered countries from a single WHO 

region; these should be more comparable both in terms of data on predictors 

and COVID-19 epidemiology. I restricted my analysis to outcome variables 

judged to be most reliably estimated—date of first case and mortality—while 

correcting for under-reporting/under-ascertainment. The evident plausibility of 

the results of my date of first case analysis improves confidence that the 

predictor and outcome data are fitted for purpose. 

In conclusion, I have identified risk factors associated with poor direct and 

indirect outcomes of the first two waves of the COVID-19 pandemic in the 

WHO African Region countries. My key finding is that countries that were 

assumed to be better prepared and better equipped to respond to the 

pandemic were also the most vulnerable to it. These data should be taken into 

account in future pandemic preparedness planning for WHO African Region 

countries. 
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Chapter 6 Concluding remarks 

6.1 Summary of findings 

In this thesis, I have identified predictors of three attributes of human-infective 

RNA viruses after emergence: discovery, geographical extent and 

disappearance. Predictions of hotspots for discovering novel human-infective 

RNA viruses, the geographical extent the viruses can reach, and the ability to 

establish sustained infections in humans before or at the initial emergence 

stage are crucial for controlling the infections they cause. Predictors of post-

emergence attributes for one single human-infective RNA virus—SARS-CoV-

2 in the WHO African Region were also explored. The main findings are 

summarised as follows. 

1. Globally, GDP growth, GDP, and urbanization were identified as the top 

predictors of virus discovery. The predicted discovery hotspots included both 

historical hotspots (i.e. eastern North America, Europe, central Africa, eastern 

Australia, and north-eastern South America), and new hotspots (i.e. East and 

Southeast Asia, India, and Central America). Stratified analyses based on 

transmission mode and transmissibility in humans suggested discovery of 

vector-borne viruses and strictly zoonotic viruses was more correlated with 

climatic variables and biodiversity, whereas discovery of non-vector-borne 

viruses and human-transmissible viruses was strongly correlated with GDP 

and urbanization. 
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2. The numbers of human virus species discovered in the United States, China, 

and Africa up to 2019 were 95, 80 and 107 respectively, with China lagging 

behind the other two regions. Most virus discovery firsts have been in eastern 

United States, eastern China, and central and southern Africa. GDP and land 

use continued to be the top predictors of RNA virus discovery in three different 

regions—United States, China, and Africa, but climate and biodiversity 

variables were consistently less important predictors than at a global scale. A 

map of virus discovery probability in 2010–2019 indicated several new 

hotspots in central-eastern and southwestern United States, eastern and 

western China, and northern Africa. 

3. Thirty-seven percent (83/223) human-infective RNA virus species have wide 

geographic distributions extending over three or more continents. Viral 

features that predicted these wide extents included transmissibility between 

humans, a +ssRNA genome, narrow host range [i.e. infecting only humans or 

non-human primates (NHPs)], and a reservoir host in NHPs. For 36% (81/223) 

viruses, there were no recorded human cases in the past ten years or more. 

Viruses were more likely to disappear if they were incapable of transmission 

between humans, had a localised distribution, had a dsRNA genome, were 

non-pathogenic and non-fatal, were discovered through active discovery 

programmes rather than passive investigation of the aetiology, and were 

transmitted by vectors and direct contact. 

4. The first countries within the WHO African region to record a case of COVID-

19 were more likely to have a high proportion of urban population, high volume 
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of international air travel and more land borders, and better COVID-19 test 

capacity. Predictors of a high per capita mortality rate during the first wave 

were a higher proportion of urban population, higher volume of pre-pandemic 

international air travel and higher prevalence of HIV. The stringency and timing 

of government restrictions on behaviour were not associated with a lower per 

capita mortality rate in the first wave. A higher proportion of urban population 

and a higher infectious disease resilience score were associated with more 

stringent restrictions and/or a higher per capita mortality rate in the first wave. 

The predictor set for the second wave was similar, and mortality per capita in 

the first wave predicted that in the second wave. These results were not altered 

when measures of national testing effort were included in the models.  

6.2 Public health significance 

The findings in this thesis confirmed that the process of virus discovery is 

related to a series of socio-economic, land use, climate, and biodiversity 

variables. The new hotspots identified in the thesis for human virus discovery 

including East and Southeast Asia, India, and Central America are mostly 

located in developing areas which are generally resource-poor. Attention 

needs to be directed toward establishing or improving early warning systems 

for novel viruses in these regions. Discovery process could directly rely on 

advanced diagnostic technology and the effort to discover novel viruses, or 

indirectly be accelerated by rapidly locating regions where novel viruses have 

emerged. Therefore, in addition to the improvement of testing capacity of novel 

viruses, more intensive monitoring should also focus on the human-animal 
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interface with a high probability of spill-over, especially in discovery hotspots 

identified in this thesis where there is a high biodiversity, high temperatures, 

and a greater level of urbanization. 

I also confirmed that the predictors of virus discovery vary between different 

virus types. Discovery of non-vector-borne viruses and human-transmissible 

viruses was more strongly correlated with GDP and urbanization than 

discovery of vector-borne viruses and strictly zoonotic viruses. Predictions 

showed that transmissible viruses (as opposed to strictly zoonotic viruses) are 

more likely to be discovered in North America, East Asia, and India, and non-

vector-borne viruses (as opposed to vector-borne viruses) are predicted to be 

more likely to be discovered in North America, Europe, and East Asia. In 

combination with the findings in chapter 4 that transmissible viruses and/or 

non-vector-borne viruses are more likely to establish sustained infections in 

humans with wide geographical extents, North America, Europe and 

particularly East Asia and India, should be regarded as the priority areas for 

viral surveillance. 

The discovery of human-infective RNA viruses in China lagged behind the 

United States and Africa, although after 1975 the discovery has increased at 

a similar rate as the other two regions. In addition to the global hotspots for 

virus discovery, eastern China and southern Africa were identified as the 

regional hotspots, and extra surveillance of novel viruses is needed in these 

regions, especially given the recent discovery of SARS-CoV-2 in Wuhan of 

China. 
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Viral features predicting the geographical extents and disappearance of 

emerging RNA viruses were identified. If the novel virus is transmissible, non-

vector-borne, has a (+)ssRNA genome, and a narrow host range (i.e. infecting 

only humans or NHPs) then there is cause for concern (though viruses from 

distantly related animals are also harmful). At the earliest emergence of a 

novel virus, the models can be used to predict its geographical extents and 

probability of disappearance. The key is to collect as many viral features for 

the novel virus to use as predictors in the model. The problem is many features 

including the host range, transmission mode, and taxonomy are mostly 

unknown at the early stage of emergence. However, the recent advancement 

of sequencing technology has made this possible. For example, the genome 

of SARS-CoV-2 and its transmission modes were identified within several 

weeks after the initial outbreak (Lu et al., 2020). 

The proportion of urban population, volume of international air travel, COVID-

19 test capacity and number of borders were predictors of the earlier detection 

of the first COVID-19 case. This result highlights the importance of ensuring 

adequate preparedness in the earliest stages of a pandemic, including 

strengthening laboratory capacity for diagnosing and managing cases, 

screening of incoming passengers at entry points and/or closing borders, and 

enhancing surveillance measures in urban areas. In addition to the proportion 

of urban population and volume of international air travel, mortality due to 

COVID-19 was also exacerbated by high HIV prevalence. More attention 

should be paid to SARS-CoV-2 co-infections with HIV, particularly in African 

countries with a higher prevalence of HIV. Negative impacts of COVID-19 (high 
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mortality and/or high stringency) were greatest in countries with a high 

proportion of urban populations and a higher infectious disease resilience 

score, contradicting speculation that poor countries with a low resilience would 

be more affected by COVID-19. This suggests an urgency to understand what 

has constituted the current ‘vulnerability’ to infectious disease in Africa (Moore 

et al., 2016). Different infectious diseases vary massively in terms of the impact 

on population health and economy. I suggest generating several vulnerability 

indices by classifying infectious diseases into different groups, using attributes 

of pathogens including transmission routes, sources of infections, 

transmission level. COVID-19 and AIDS that have no known animals as the 

active source of infections have a higher morbidity/mortality in developed 

African countries (Ritchie et al., 2020; Roser & Ritchie, 2018), and contradicts 

the current ‘vulnerability’ map (Moore et al., 2016). In contrast, Ebola virus 

disease that are transmitted to people from fruit bats before spreading between 

humans via direct contact have a high morbidity in less developed regions 

(World Health Organisation, 2021a). Vector-borne viruses such yellow fever 

and Zika virus infect humans in central Africa where there is a proper climatic 

condition for their vectors (Noorbakhsh et al., 2019; Shearer et al., 2018), 

regardless of the socio-economic level. 

6.3 Future study directions 

Throughout the thesis, I considered viruses at the species level and did not 

take into account the variation between subspecies for discovery, 

geographical extent or disappearance. Manifestations after emergence can be 
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different between subspecies. One good example is the influenza A virus. 

Worldwide there are approximately 14 human-infective Influenza A subtypes. 

They were firstly discovered in the UK [H1N1 in 1933 (Smith et al., 1933)], 

Singapore [H2N2 in 1957 during the Asia flu pandemic (Assaad et al., 1980) ], 

United States [H7N7 in 1967 (DeLay et al., 1967; Lang et al., 1981) and H7N2 

in 2002 (CDC, 2004)], China [three from Hong Kong including H3N2 in 1968 

during the Hong Kong flu pandemic (Coleman et al., 1968), H5N1 in 1997 (de 

Jong et al., 1997), and H9N2 in 1999 (Peiris et al., 1999); three from mainland 

China including H1N2 in 1992 (Guo et al., 1992), H7N9 (Gao et al., 2013), and 

H10N8 (To et al., 2014) in 2013; H6N1 from Taiwan in 2013 (Yuan et al., 2013)], 

Canada ([H7N3 in 2004 (Tweed et al., 2004)], Egypt [H10N7 in 2004 (Pan 

American Health Organisation, 2004)], and Japan [H5N2 in 2005 (Ogata et al., 

2008)]. Of these, only H1N1, H2N2 and H3N2 have led to major pandemics of 

influenza in humans since 1918 (WHO Regional Office for South-East Asia, 

2009), whereas human infections of some viruses such as H10N7 and H9N2 

have been reported in restricted areas [Egypt and Australia for H10N7 (Arzey 

et al., 2012); Egypt, China, and Bangladesh for H9N2 (Hagag et al., 2019)]. 

Another example is the two SARS coronaviruses—SARS-CoV and SARS-

CoV-2—I mentioned several times in the thesis. SARS-CoV was eventually 

eradicated from humans as of January 2004 by measures of infection control, 

whereas SARS-CoV-2 has caused the ongoing pandemic with sustained 

human-to-human infection after emergence in 2019 and does not show any 

signs of disappearing as of mid-2021 (Petersen et al., 2020). Therefore, to fill 

the gap additional efforts are needed to widen the database to include 
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subspecies. Updated analysis with the new database with subspecies will help 

fully understand the impact of human-infective RNA viruses on population 

health. 

The study in this thesis is retrospective, and in chapter 2 to chapter 5 I did not 

have complete data for some predictors of each outcome of interest. In chapter 

2 and 3, I was able to match RNA virus discovery data with historical climatic 

variables, population, GDP, and land use data by time, but not with biodiversity, 

because only static data on biodiversity is available. In chapter 4, a few 

potential predictors such as the general viral load in patients and the 

availability of effective vaccination are likely related to geographical extent and 

disappearance of viruses. In chapter 5, stringency index and tests per capita 

are two important predictors of COVID-19 mortality. Data on both predictors 

were collected manually from multiple online resources. However, the data 

provided from the various sources was not always consistent. For example, 

COVID-19 testing referred in some instances to the number of tests performed 

while in other instances it referred to the number of individuals tested. 

Therefore, future effort to fill these data gaps is crucial. 

Another important gap is a universal method to calculate the ascertainment 

bias for novel pathogens. Ascertainment bias reflects the effort researchers 

are making to detect new viruses, which can play a major role in discovering a 

new virus. The spatial distribution of any hotspots will be strongly affected by 

the reporting effort, with the larger numbers of viruses identified in developed 

areas with more funding schemes and research projects, as well as locations 
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where there is more intensive surveillance. Within my model I used GDP and 

the number of universities as proxies for discovery effort, however, a more 

accurate index considering research funding (for example) on emerging 

viruses could be considered. I reviewed and tested previous strategies 

researchers have used to adjust for ascertainment bias, including frequency 

of the country listed as the address for authors in scientific papers, and 

frequency of publications for each pathogen from scientific databases, but the 

results were not encouraging. For example, Jones et al (Jones et al., 2008) 

explained the reporting effort by calculating the number of papers published 

by each country (denoted by the address for every author) in the Journal of 

Infectious Diseases (JID) since 1973. I tested the efficacy of the method by 

plotting the relationship between published human-infective RNA virus count 

and total number of papers from journals which published all human-infective 

RNA viruses in Web of Science (as of 21 Feb 2018). Both the total number of 

papers (Figure 6.1A) and total number of papers on viruses (Figure 6.1B) are 

of little relevance to the published human virus count in my database, though 

the number of papers has a positive relationship with the number of papers on 

viruses (Figure 6.1C). I also noted that papers in JID (highlighted in blue in 

Figure 6.1) may not be able to fully explain the reporting efforts for newly 

discovered viruses. Olival et al (Olival et al., 2017) improved the method of 

Jones et al (Jones et al., 2008) by searching the number of publications for 

each of 586 virus species they have studied using a keyword search by virus 

name in PubMed and Web of Science. I found the results using this method 

were similar to that of Jones et al (Jones et al., 2008). Allen et al (Allen et al., 
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2017) derived a different index for reporting bias, based on the spatial 

distribution of place names in peer-reviewed biomedical literature. The 

disadvantage of this method is it may not represent the reporting effort, 

because many place names are not related to zoonotic viruses. Other papers 

have also used occurrence records for a similar class of observations as a 

surrogate for background sampling effort (Phillips et al., 2009). For example, 

in my case, I may model the distribution of RNA viruses by utilizing occurrence 

records of DNA viruses. However, this strategy is not applicable as I was 

unable to get access to a database on DNA viruses. In future research, more 

reliable data and methods can be explored and compared. 

 

Figure 6.1 Relationship between published human-infective RNA virus count and total 
number of papers from the journals which published all human-infective RNA viruses 
in Web of Science 
A, total number of papers vs. published human virus count; B, total number of papers on 
viruses vs. published human virus count; C, total number of papers vs. total number of papers 
on viruses; D, Percent of papers on viruses in each journal. J Infect Dis (JID) is highlighted in 
blue. 
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In chapter 2, I have explored predictors of discovering viruses with different 

transmissibility and mode of transmission. Future work could focus on other 

important characteristics, such as clinical presentation, mortality, and host 

types. Understanding variation of predictors and hotspots for viruses with 

different characteristics will not only help guide allocation of resources, but also 

may reveal some unknown mechanisms for virus emergence or discovery. For 

example, if viruses with high virulence tend to be discovered in a specific area, 

investigations might reveal certain animal hosts in this area that harbour 

viruses with high virulence. 

In chapter 4, I have only investigated the relationships between viral features 

and two attributes of human-infective RNA viruses after emergence. However, 

attributes of the same viruses in their non-human hosts are also important, 

given these consequences are shaped by viruses’ interactions with their hosts. 

In chapter 4, I found that viruses with a narrow host ranges (i.e. infecting only 

humans or NHPs) and with a reservoir host in NHPs are more likely to have a 

wide extent and less likely to disappear, though previous studies suggested 

NHPS play a peripheral role in the epidemics of human viruses with 

transmission level 4 (Woolhouse et al., 2016). However, it is worthwhile to 

investigate which NHP species likely harbour a higher proportion of viruses 

capable of establish sustained infection in humans with/without wide 

geographical extent. 
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6.4. Insights for future research and surveillance on emerging 

viruses 

The hotspot modelling reported in this thesis informs surveillance strategies 

for the next virus with an epidemic potential. Because zoonotic viruses are 

responsible for most historical endemics and epidemic diseases, an ambitious 

aim is to construct a comprehensive data set of unknown viruses with epidemic 

potential. The subjects of surveillance include the specific animals likely 

harbour high-risk viruses, humans having a high contacting rate with animals, 

and the animal-human interfaces. In fact, several projects have started working 

on the unknown zoonotic viruses, such as the Global Virome project (GVP), 

the PREDICT project, and the Vietnam Initiative on Zoonotic Infections 

(VIZIONS) (Carroll et al., 2018; Morse et al., 2012; Rabaa et al., 2015). For 

example, the VIZIONS project focused on identifying diseases of unknown 

origin and associated pathogens by using both hospital-based surveillance 

data and samples from high-risk cohorts (zoonotic infection) in Vietnam 

(Rabaa et al., 2015). More projects like this should be done in other hotspots 

in Southern and South-eastern Asia, Africa, and Central and Southern America. 

Given the prior knowledge on which groups of viruses pose the great risk and 

where there is the highest risk of spill-over, as well as the advancement of the 

genome-sequencing techniques (Morse et al., 2012; Olival et al., 2017; Parrish 

et al., 2008), a nearly full list of zoonotic viruses can be gradually made. 

To obtain a clearer picture of zoonotic viruses, scientists also need to try to 

find more advanced technology to reveal features that facilitate the spill-over 
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and spread. After years of research to trace the potential animal host of SARS-

CoV-1, we know more about coronaviruses in animals, but we were still not 

prepared for the COVID-19 (Cui et al., 2019; Morens & Fauci, 2020). Changing 

our behaviour to avoid spill-over is indeed important but understanding what 

traits of viruses and animals enable the spill-over and spread would get us 

better prevent the future pandemics. My analyses of geographical extent and 

viral disappearance can be used for risk assessment at the earliest stage of 

discovery, but the information necessary for prediction of them is often not 

available. Viral genomic data might be a good alternative in future studies. 

6.5 Conclusions 

The results of the studies described in this thesis showed that there are 

variations in predictors of discovery both between different virus types and 

geographical regions, and identified high-risk regions for virus discovery 

beyond their historical extent. The studies also provided proof-of-principle for 

the prediction of attributes such as mortality, geographical extent, and 

disappearance for new human-infective RNA viruses. These results help 

identify priority regions for investment in surveillance systems for new human 

viruses, and to make risk assessments once they have emerged. 
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Appendix A Supplementary material for 
chapter 2: Predictors of global discovery of 
human-infective RNA viruses 

A.1 Supplementary Figures 

 
Figure A.1 Global distribution maps of 32 predictors in 2015 
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Figure A.1 (continued 1) 
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Figure A.1 (continued 2) 
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Figure A.2 Historical predicted probability of human-infective RNA virus discovery in the globe by decade (except the first period with four 
years) 
The triangles represented the actual discovery sites in each decade, and the background colour represented the predicted discovery probability. 
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Figure A.2 (continued 1) 
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Figure A.2 (continued 2)
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A.2 Supplementary Tables 

Table A.1 Summary of the global human-infective RNA virus discovery database 

Species Genus Family Year 
Geographical information Transmission 

level 
Vector-
borne Origin Lat Long Type Level Location 

of patient 
Argentinian 

mammarenavirus 1 
mammarenavirus arena 1958 

Junín, Buenos Aires Province, 
Argentina 

-34.59 -60.95 city - Y 
Transmissible 
in humans 

N 

Brazilian 

mammarenavirus 2 
mammarenavirus arena 1994 

Jardim Sabiá Distrcit, São 
Paulo city, Brazil 

-23.55 -46.63 district - Y 
Transmissible 
in humans 

N 

Cali mammarenavirus 3 mammarenavirus arena 1971 
Guatapé, Antioquia 
Department, Colombia 

6.23 -75.16 municipality 3 Y 
Strictly 
zoonotic 

N 

Chapare 

mammarenavirus 4 
mammarenavirus arena 2008 

Samuzabeti town, Chapare 
Province, Bolivia 

-17.41 -66.17 town - Y 
Strictly 
zoonotic 

N 

Guanarito 

mammarenavirus 5 
mammarenavirus arena 1991 

Guanarito, Portuguesa State, 
Venezuela 

8.51 -69.00 city 3 Y 
Transmissible 
in humans 

N 

Lassa mammarenavirus 
6 

mammarenavirus arena 1970 Lassa, Borno State, Nigeria 10.69 13.27 town - Y 
Transmissible 
in humans 

N 

Lujo mammarenavirus 7 mammarenavirus arena 2009 
Lusaka city, Lusaka District, 
Zambia 

-15.39 28.32 city 3 Y 
Transmissible 
in humans 

N 

Lymphocytic 

choriomeningitis 

mammarenavirus 8 

mammarenavirus arena 1934 
St. Louis county, Missouri, 
USA 

38.73 -90.38 county 3 Y 
Transmissible 
in humans† 

N 

Machupo 

mammarenavirus 9 
mammarenavirus arena 1964 Beni Department, Bolivia -14.38 -65.1 department 2 Y 

Transmissible 
in humans 

N 

Mobala 

mammarenavirus 10 
mammarenavirus arena 1985 

Bouboui & Gomoka village, 
Boali town, Central Africa 

4.89 18.14 village - Y 
Strictly 
zoonotic 

N 

Whitewater Arroyo 

mammarenavirus 11 
mammarenavirus arena 2000 

Alameda County, California, 
USA 

37.6 
-
121.72 

county 3 Y 
Strictly 
zoonotic 

N 

Mamastrovirus 1 12 mamastrovirus astro 1975 London, UK 51.51 -0.13 city 3 N 
Transmissible 
in humans 

N 

Mamastrovirus 6 13 mamastrovirus astro 2008 Melbourne, Victoria, Australia -37.81 144.96 city - Y 
Transmissible 
in humans 

N 
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Mamastrovirus 8 14 mamastrovirus astro 2009 St. Louis city, USA 38.63 -90.2 city - Y 
Transmissible 
in humans 

N 

Mamastrovirus 9 15 mamastrovirus astro 2009 
Accomack and Northampton 
Counties, Virginia, USA 

37.71 -75.81 county 3 Y 
Transmissible 
in humans 

N 

Mammalian 1 

orthobornavirus 16 
orthobornavirus borna 1985 

Gießen, Gießen District, 
Hesse State, Germany 

50.58 8.68 town - Y 
Strictly 
zoonotic 

N 

Mammalian 2 

orthobornavirus 17 
orthobornavirus borna 2015 

Saxony-Anhalt State, 
Germany 

51.95 11.69 state 2 Y 
Strictly 
zoonotic 

N 

Norwalk virus 18  norovirus calici 1972 Norwalk, Ohio, USA 41.24 -82.62 city - Y 
Transmissible 
in humans 

N 

Sapporo virus 19 sapovirus calici 1980 
Sapporo, Hokkaido Prefecture, 
Japan 

43.06 141.35 city 3 Y 
Transmissible 
in humans 

N 

Vesicular exanthema of 

swine virus 20 
vesivirus calici 1998 Corvallis, Oregon, USA 44.56 

-
123.26 

city - N 
Strictly 
zoonotic 

N 

Alphacoronavirus 1 21 alphacoronavirus corona 2007 
Chiba City, Chiba Prefecture, 
Japan  

35.61 140.11 city 3 Y 
Strictly 
zoonotic 

N 

Human coronavirus 

229E 22 
alphacoronavirus corona 1966 Chicago, USA 41.88 -87.63 city - Y 

Transmissible 
in humans 

N 

Human coronavirus 

NL63 23 
alphacoronavirus corona 2004 Rotterdam, Netherlands 51.92 4.48 city 3 Y 

Transmissible 
in humans 

N 

Betacoronavirus 1 24 betacoronavirus corona 1967 
Bethesda, Montgomery 
County, Maryland, USA 

38.98 -77.09 CDP - Y 
Transmissible 
in humans 

N 

Human coronavirus 

HKU1 25 
betacoronavirus corona 2005 Hong Kong, China 22.4 114.11 city 2 Y 

Transmissible 
in humans 

N 

Middle East respiratory 

syndrome-related 

coronavirus 26 

betacoronavirus corona 2012 
Jeddah, Makkah region, Saudi 
Arabia 

21.29 39.24 city - Y 
Transmissible 
in humans 

N 

Severe acute respiratory 

syndrome-related 

coronavirus 27 

betacoronavirus corona 2003 Hong Kong, China 22.4 114.11 city 2 Y 
Transmissible 
in humans 

N 

Human torovirus 28 torovirus corona 1984 Birmingham, UK 52.49 -1.89 city - Y 
Transmissible 
in humans 

N 

Bundibugyo ebolavirus 
29 

ebolavirus filo 2008 
Bundibugyo & Kikyo town, 
Bwamba county, Uganda 

0.71 30.06 town - Y 
Transmissible 
in humans 

N 

Reston ebolavirus 30 ebolavirus filo 1991 Manila, Philippines 14.6 120.98 city 3 Y 
Strictly 
zoonotic 

N 
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Sudan ebolavirus 31 ebolavirus filo 1977 
Maridi Town, Maridi County, 
South Sudan  

4.91 29.45 town - Y 
Transmissible 
in humans 

N 

Tai Forest ebolavirus 32 ebolavirus filo 1995 
Abidjan, Abidjan department, 
Côte d'Ivoire 

5.36 -4.01 city - Y 
Strictly 
zoonotic 

N 

Zaire ebolavirus 33 ebolavirus filo 1977 Yambuku village, DRC 2.83 22.22 village - Y 
Transmissible 
in humans 

N 

Marburg Marburgvirus 34 marburgvirus filo 1968 Marburg, Germany 50.8 8.77 town - Y 
Transmissible 
in humans 

N 

Aroa virus 35 flavivirus flavi 1971 
La Arenosa village, Panama 
City, Panama 

9.04 -79.95 village - Y 
Strictly 
zoonotic 

Y 

Bagaza virus 36 flavivirus flavi 2009 Kerala state, India 10.85 76.27 state 2 Y 
Strictly 
zoonotic 

Y 

Banzi virus 37 flavivirus flavi 1959 
Maponde's Kraal (Usutu river), 
South Africa 

-26.52 31.67 village - Y 
Strictly 
zoonotic 

Y 

Cacipacore virus 38 flavivirus flavi 2011 
Theobroma city, State of 
Rondônia, Brazil 

-10.16 -62.36 city 3 Y 
Strictly 
zoonotic 

Y 

Dengue virus 39 flavivirus flavi 1907 

Fort William McKinley, 
Philippines (now Fort 
Bonifacio, located in Taguig 
City, Metro Manila, 
Philippines)  

14.56 121.07 area - Y 
Transmissible 
in humans 

Y 

Edge Hill virus 40 flavivirus flavi 1985 New South Wales, Australia -31.25 146.92 state 2 Y 
Strictly 
zoonotic 

Y 

Gadgets Gully virus 41 flavivirus flavi 1991 
Heron Island, Great Barrier 
reef, Australia 

-23.44 151.91 area - Y 
Strictly 
zoonotic 

Y 

Ilheus virus 42 flavivirus flavi 1947 
Ilheus city, State of Bahia, 
Brazil 

-14.79 -39.05 city 3 Y 
Strictly 
zoonotic 

Y 

Japanese encephalitis 

virus 43 
flavivirus flavi 1935 

Okayama, Okayama 
Prefecture, Japan 

34.66 133.92 city 3 Y 
Transmissible 
in humans† 

Y 

Kokobera virus 40 flavivirus flavi 1964 
Mitchell River, Australia; 
Lockhart River, Australia 
(Cape York Peninsula) 

-16.17 142.84 area - Y 
Strictly 
zoonotic 

Y 

Kyasanur forest disease 

virus 44  
flavivirus flavi 1957 

Shimoga District, State of 
Karnataka, India 

13.93 75.57 district 3 Y 
Strictly 
zoonotic 

Y 

Langat virus 45 flavivirus flavi 1956 Kuala Lumpur, Malaysia 3.14 101.69 city 2 Y 
Strictly 
zoonotic 

Y 
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Louping ill virus 46 flavivirus flavi 1934 
New York, New York State, 
USA 

40.71 -74.01 city - Y 
Strictly 
zoonotic 

Y 

Murray Valley 

encephalitis virus 47  
flavivirus flavi 1952 

Murray Valley, 
Northern Victoria, Australia 

-36.9 142.96 area - Y 
Strictly 
zoonotic 

Y 

Ntaya virus 48 flavivirus flavi 1952 Bwamba county, Uganda 0.75 30.02 county 3 Y 
Strictly 
zoonotic 

Y 

Omsk hemorrhagic fever 

virus 49  
flavivirus flavi 1948 Omsk Oblast, Russia 54.99 73.32 

federal 
subject 

2 Y 
Strictly 
zoonotic 

Y 

Powassan virus 50 flavivirus flavi 1959 Powassan, Ontario, Canada 46.08 -79.37 municipality - Y 
Strictly 
zoonotic 

Y 

Rio Bravo virus 51 flavivirus flavi 1962 Dallas city, Texas, USA 32.78 -96.8 city - Y 
Strictly 
zoonotic 

N 

Saint Louis encephalitis 

virus 52 
flavivirus flavi 1933 St. Louis City, USA 38.63 -90.2 city - Y 

Strictly 
zoonotic 

Y 

Tembusu virus 53 flavivirus flavi 1975 
Kampong Tijirak village, 
Kuching Town, Malaysia 

1.55 110.36 village - Y 
Strictly 
zoonotic 

Y 

Tick-borne encephalitis 

virus 54  
flavivirus flavi 1938 Khabarovsk Krai, Russia  48.52 135.1 

federal 
subject 

2 Y 
Transmissible 
in humans † 

Y 

Uganda S virus 55 flavivirus flavi 1952 
Bwamba county, Bundibugyo 
District, Uganda 

0.75 30.02 county 3 Y 
Strictly 
zoonotic 

Y 

Usutu virus 56 flavivirus flavi 2009 Emilia Romagna region, Italy 44.6 11.22 region 2 Y 
Strictly 
zoonotic 

Y 

Wesselsbron virus 57 flavivirus flavi 1957 
Lake Simbu region, KwaZulu-
Natal Province, South Africa 

-27.36 32.32 area - Y 
Strictly 
zoonotic 

Y 

West Nile virus 58  flavivirus flavi 1940 
Omogo, West Nile district, 
Uganda 

0.42 33.21 village - Y 
Transmissible 
in humans† 

Y 

Yellow fever virus 59 flavivirus flavi 1901 Quemados town, Cuba 22.79 -80.25 town - N* 
Transmissible 
in humans 

Y 

Zika virus 60 flavivirus flavi 1952 Zika forest, Uganda 0.12 32.53 area - Y 
Transmissible 
in humans 

Y 

Hepacivirus C 61 hepacivirus flavi 1989 Emeryville, California, USA 37.83 
-
122.29 

city - N 
Transmissible 
in humans 

N 

Pegivirus C 62 pegivirus flavi 1995 
Yokohama, Kanagawa 
Prefecture, Japan 

35.69 139.69 city 3 Y 
Transmissible 
in humans 

N 

Pegivirus H 63 pegivirus flavi 2015 
New York, New York State, 
USA 

40.71 -74.01 city - Y 
Transmissible 
in humans 

N 
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Pestivirus A 64 pestivirus flavi 1988 
Milan, Province of Milan, 
Lombardy region, Italy 

45.46 9.19 city - Y 
Strictly 
zoonotic 

N 

Andes orthohantavirus 65 orthohantavirus hanta 1996 
El Bolsón, Río Negro 
Province, Argentina 

-41.96 -71.54 town - Y 
Transmissible 
in humans 

N 

Bayou orthohantavirus 66 orthohantavirus hanta 1995 Louisiana state, USA 30.98 -91.96 state 2 Y 
Strictly 
zoonotic 

N 

Black creek canal 

orthohantavirus 67 
orthohantavirus hanta 1995 

Miami-Dade County, Florida, 
USA 

25.76 -80.33 county 3 Y 
Strictly 
zoonotic 

N 

Choclo orthohantavirus 
68 

orthohantavirus hanta 2000 
Las Tablas Town, Las Tablas 
District, Panama 

7.77 -80.27 town - Y 
Strictly 
zoonotic 

N 

Dobrava-Belgrade 

orthohantavirus 69  
orthohantavirus hanta 1992 

Belgrade, Yugoslavia (now 
Belgrade, Serbia) 

44.79 20.45 city 2 Y 
Strictly 
zoonotic 

N 

Hantaan orthohantavirus 
70  

orthohantavirus hanta 1978 Seoul, Korea 37.57 126.98 city 2 Y 
Strictly 
zoonotic 

N 

Laguna Negra 

orthohantavirus 71 
orthohantavirus hanta 1997 Chaco region, Paraguay -20.09 -59.47 region 2 Y 

Strictly 
zoonotic 

N 

Puumala 

orthohantavirus 72  
orthohantavirus hanta 1980 

Helsinki, Uusimaa region, 
Finland 

60.17 24.94 city - Y 
Strictly 
zoonotic 

N 

Sangassou 

orthohantavirus 73 
orthohantavirus hanta 2010 

Sangassou village, Macenta 
district, Forest Guinea 

8.24 -9.32 village - Y 
Strictly 
zoonotic 

N 

Seoul orthohantavirus 74   orthohantavirus hanta 1982 Jiangsu, China 33.14 119.79 province 2 Y 
Strictly 
zoonotic 

N 

Sin Nombre 

orthohantavirus 75 
orthohantavirus hanta 1993 New Mexico, USA 34.52 

-
105.87 

state 2 Y 
Strictly 
zoonotic 

N 

Thailand orthohantavirus 
76 

orthohantavirus hanta 2006 Surin province, Thailand 14.88 103.49 province 2 Y 
Strictly 
zoonotic 

N 

Thottapalayam 

orthohantavirus 77 
orthohantavirus hanta 2007 Nong khai Province, Thailand 17.88 102.74 province 2 Y 

Strictly 
zoonotic 

N 

Tula orthohantavirus 78 orthohantavirus hanta 1996 Moravia, Czech Republic 49.2 16.61 region 2 Y 
Strictly 
zoonotic 

N 

Orthohepevirus A 79 orthohepevirus hepe 1983 
Moscow Oblast, Russia (now 
Moscow city) 

55.34 38.29 
federal 
subject 

2 N 
Transmissible 
in humans 

N 

Orthohepevirus C 80 orthohepevirus hepe 2018 Hong Kong, China 22.4 114.11 city 2 Y 
Strictly 
zoonotic 

N 

Crimean-Congo 

haemorrhagic fever 

orthonairovirus 81  
orthonairovirus nairo 1967 

Kisangani, Tshopo province, 
DRC 

0.53 25.19 city - Y 
Transmissible 
in humans 

N 
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Dugbe orthonairovirus 82  orthonairovirus nairo 1969 Ibadan, Nigeria 7.35 3.88 city - Y 
Strictly 
zoonotic 

Y 

Nairobi sheep disease 

orthonairovirus 83 
orthonairovirus nairo 1969 

Vellore, Vellore District, Tamil 
Nadu state, India 

12.92 79.13 city - Y 
Strictly 
zoonotic 

Y 

Thiafora orthonairovirus 
84 

orthonairovirus nairo 1989 
Saulges village, Western 
France 

47.98 -0.41 village - Y 
Strictly 
zoonotic 

Y 

Influenza A virus 85 
Alphainfluenzaviru

s 

orthomy

xo 
1933 Mill hill, London, UK 51.62 -0.22 city - N 

Transmissible 
in humans 

N 

Influenza B virus 86 Betainfluenzavirus 
orthomy

xo 
1940 

Irvington village, Greenburgh 
town, New York, USA 

41.03 -73.87 village - Y 
Transmissible 
in humans 

N 

Influenza C virus 87   
Gammainfluenzavi

rus 

orthomy

xo 
1950 

Ann Arbor city, Michigan state, 
USA 

42.28 -83.74 city - Y 
Transmissible 
in humans 

N 

Dhori thogotovirus 88 thogotovirus 
orthomy

xo 
1985 

Évora District, Beja District 
and Portalegre District, 
Portugal 

39.4 -8.22 district 2 Y 
Strictly 
zoonotic 

Y 

Thogoto thogotovirus 82 thogotovirus 
orthomy

xo 
1969 Ibadan, Nigeria 7.35 3.88 city - Y 

Strictly 
zoonotic 

Y 

Avian avulavirus 1 89  avulavirus 
paramyx

o 
1943 Washington, D. C., USA 38.91 -77.04 city - Y 

Strictly 
zoonotic 

N 

Hendra henipavirus 90 henipavirus 
paramyx

o 
1995 

Hendra, Brisbane, 
Queensland, Australia 

-27.42 153.07 suburb - Y 
Strictly 
zoonotic 

N 

Nipah henipavirus 91 henipavirus 
paramyx

o 
1999 Singapore 1.36 103.87 country 1 Y 

Transmissible 
in humans 

N 

Canine morbillivirus 92 morbillivirus 
paramyx

o 
1955 Buffalo, New York, USA 42.89 -78.88 city - Y 

Strictly 
zoonotic 

N 

Measles morbillivirus 93 morbillivirus 
paramyx

o 
1911 Washington, D. C., USA 38.91 -77.04 city - N 

Transmissible 
in humans 

N 

Human respirovirus 1 94  respirovirus 
paramyx

o 
1958 Washington, D. C., USA 38.91 -77.04 city - Y 

Transmissible 
in humans 

N 

Human respirovirus 3 94 respirovirus 
paramyx

o 
1958 Washington, D. C., USA 38.91 -77.04 city - Y 

Transmissible 
in humans 

N 

Achimota rubulavirus 2 
95 

rubulavirus 
paramyx

o 
2013 Volta, Ghana 6.05 0.37 region 2 Y 

Strictly 
zoonotic 

N 

Human rubulavirus 2 96 rubulavirus 
paramyx

o 
1956 Cincinnati, Ohio, USA 39.1 -84.51 city - N 

Transmissible 
in humans 

N 

Human rubulavirus 4 97 rubulavirus 
paramyx

o 
1960 

Bethesda, Montgomery 
County, Maryland, USA 

38.98 -77.09 CDP - N 
Transmissible 
in humans 

N 
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Mammalian rubulavirus 

5 98 
rubulavirus 

paramyx

o 
1959 

Stanford, Santa Clara County, 
California, USA 

37.42 
-
122.17 

CDP - N 
Strictly 
zoonotic 

N 

Menangle rubulavirus 99 rubulavirus 
paramyx

o 
1998 New South Wales, Australia -31.25 146.92 state 2 Y 

Strictly 
zoonotic 

N 

Mumps rubulavirus 100  rubulavirus 
paramyx

o 
1934 Nashville, Tennessee, USA 36.16 -86.78 city - Y 

Transmissible 
in humans 

N 

Simian rubulavirus 101 rubulavirus 
paramyx

o 
1968 

Gosen-shi city, Niigata-ken 
Prefecture, Japan 

37.74 139.18 city 3 Y 
Strictly 
zoonotic 

N 

Sosuga rubulavirus 102 rubulavirus 
paramyx

o 
2014 

Area between South Sudan 
and Uganda 

3.76 32.82 area - Y 
Strictly 
zoonotic 

N 

Tioman rubulavirus 103 rubulavirus 
paramyx

o 
2007 

Tioman Island, Rompin 
District, Pahang, Malaysia 

2.79 104.17 island - Y 
Strictly 
zoonotic 

N 

Bunyamwera 

orthobunyavirus 104 
orthobunyavirus 

peribuny

a 
1946 

Bwamba county, Bundibugyo 
District, Uganda 

0.75 30.02 county 3 Y 
Strictly 
zoonotic 

Y 

Bwamba 

orthobunyavirus 105 
orthobunyavirus 

peribuny

a 
1941 

Bwamba county, Bundibugyo 
District, Uganda 

0.75 30.02 county 3 Y 
Transmissible 
in humans 

Y 

California encephalitis 

orthobunyavirus 106 
orthobunyavirus 

peribuny

a 
1952 Kern county, California, USA 35.49 

-
118.86 

county 3 Y 
Strictly 
zoonotic 

Y 

Caraparu 

orthobunyavirus  107 
orthobunyavirus 

peribuny

a 
1961 Belém, State of Pará, Brazil -1.39 -48.42 city 3 Y 

Strictly 
zoonotic 

Y 

Catu orthobunyavirus 107 orthobunyavirus 
peribuny

a 
1961 Belém, State of Pará, Brazil -1.39 -48.42 city 3 Y 

Strictly 
zoonotic 

Y 

Guama orthobunyavirus 
107 

orthobunyavirus 
peribuny

a 
1961 Belém, State of Pará, Brazil -1.39 -48.42 city 3 Y 

Strictly 
zoonotic 

Y 

Guaroa orthobunyavirus 
108 

orthobunyavirus 
peribuny

a 
1959 

Guaroa, Meta Department, 
Colombia 

3.71 -73.24 municipality 3 Y 
Strictly 
zoonotic 

Y 

Kairi orthobunyavirus 109 orthobunyavirus 
peribuny

a 
1967 Brokopondo District, Suriname 4.77 -55.05 district 2 Y 

Strictly 
zoonotic 

Y 

Madrid orthobunyavirus 
110 

orthobunyavirus 
peribuny

a 
1964 

Almirante Town, Changuinola 
District, Panama 

9.3 -82.42 town - Y 
Strictly 
zoonotic 

Y 

Marituba 

orthobunyavirus 107 
orthobunyavirus 

peribuny

a 
1961 Belém, State of Pará, Brazil -1.39 -48.42 city 3 Y 

Strictly 
zoonotic 

Y 

Nyando orthobunyavirus 
111 

orthobunyavirus 
peribuny

a 
1965 

Kano Plains, near Kisumu, 
Kisumu County, Kenya 

-0.12 34.97 village - Y 
Strictly 
zoonotic 

Y 

Oriboca orthobunyavirus 
107 

orthobunyavirus 
peribuny

a 
1961 Belém, State of Pará, Brazil -1.39 -48.42 city 3 Y 

Strictly 
zoonotic 

Y 
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Oropouche 

orthobunyavirus 112 
orthobunyavirus 

peribuny

a 
1961 

Oropouche, Trinidad and 
Tobago 

10.22 -61.52 island - Y 
Transmissible 
in humans 

Y 

Patois orthobunyavirus 
113 

orthobunyavirus 
peribuny

a 
1972 

Sontecomapan, Catemaco 
Municipality, Mexico 

18.45 -95.1 village&city - Y 
Strictly 
zoonotic 

Y 

Shuni orthobunyavirus 
114 

orthobunyavirus 
peribuny

a 
1975 Ibadan, Nigeria 7.38 3.95 city - Y 

Strictly 
zoonotic 

Y 

Tacaiuma 

orthobunyavirus 109  
orthobunyavirus 

peribuny

a 
1967 Brokopondo District, Suriname 4.77 -55.05 district 2 Y 

Strictly 
zoonotic 

Y 

Wyeomyia 

orthobunyavirus 115 
orthobunyavirus 

peribuny

a 
1965 Darién Province, Panama 7.87 -77.84 province 2 Y 

Strictly 
zoonotic 

Y 

Candiru phlebovirus 116 phlebovirus phenu 1983 
Alenquer city, state of Pará, 
Brazil 

-1.94 -54.73 city 3 Y 
Strictly 
zoonotic 

Y 

Punta Toro phlebovirus 
117 

phlebovirus phenu 1970 Jungle area of Panama 9.5 -79.4 area - N* 
Strictly 
zoonotic 

Y 

Rift Valley fever 

phlebovirus 118 
phlebovirus phenu 1931 

Rift Valley, Rift Valley 
Province, Kenya 

-0.28 36.07 province 2 Y 
Transmissible 
in humans† 

Y 

Sandfly fever Naples 

phlebovirus 119  
phlebovirus phenu 1944 Sicily (region level), Italy 37.6 14.02 region 2 Y 

Strictly 
zoonotic 

Y 

SFTS phlebovirus 120 phlebovirus phenu 2011 Huaiyangshan, China 31.37 115.39 
natural 
region 

- Y 
Transmissible 
in humans 

Y 

Uukuniemi phlebovirus 
121 

phlebovirus phenu 1970 Nitra region, Central Slovakia 47.87 18.19 region 2 Y 
Strictly 
zoonotic 

Y 

Human picobirnavirus 122 picobirnavirus 
picobirn

a 
1988 

Rio de Janerio city, State of 
Rio de Janerio, Brazil 

-22.91 -43.17 city 3 Y 
Transmissible 
in humans 

N 

Equine rhinitis A virus 123 aphthovirus picorna 1962 Beckenham, Kent, UK 51.41 -0.03 village - Y 
Strictly 
zoonotic 

N 

Foot-and-mouth disease 

virus 124 
aphthovirus picorna 1965 

Lübeck, Schleswig-Holstein 
State, Germany 

53.87 10.69 city 3 Y 
Strictly 
zoonotic 

N 

Cardiovirus A 125 cardiovirus picorna 1947 Manila, Philippines 14.6 120.98 city 3 Y 
Strictly 
zoonotic 

N 

Cardiovirus B 126 cardiovirus picorna 1963 
Town of Vilyuysk, Sakha 
Republic, Russsia 

63.75 121.62 river - Y 
Transmissible 
in humans 

N 

Cosavirus A 127 cosavirus picorna 2008 Mutiple locations in Pakistan 30.38 69.35 
mutiple 
locations# 

- Y 
Transmissible 
in humans 

N 

Cosavirus B 127 cosavirus picorna 2008 Mutiple locations in Pakistan 30.38 69.35 
mutiple 
locations# 

- Y 
Transmissible 
in humans 

N 
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Cosavirus D 127 cosavirus picorna 2008 Mutiple locations in Pakistan 30.38 69.35 
mutiple 
locations# 

- Y 
Transmissible 
in humans 

N 

Cosavirus E 128 cosavirus picorna 2008 Melbourne, Victoria, Australia -37.81 144.96 city - Y 
Transmissible 
in humans 

N 

Cosavirus F 129 cosavirus picorna 2012 Islamabad, Pakistan 33.68 73.05 city - Y 
Transmissible 
in humans 

N 

Enterovirus A 130 enterovirus picorna 1949 New York State, USA 43.3 -74.22 state 2 Y 
Transmissible 
in humans 

N 

Enterovirus B 130 enterovirus picorna 1949 Wilmington, Delaware, USA 39.74 -75.54 city - Y 
Transmissible 
in humans 

N 

Enterovirus C 131 enterovirus picorna 1909 
New York, New York State, 
USA 

40.71 -74.01 city - Y 
Transmissible 
in humans 

N 

Enterovirus D 132 enterovirus picorna 1967 Berkeley, California, USA 37.87 
-
122.27 

city - N 
Transmissible 
in humans 

N 

Enterovirus E 133 enterovirus picorna 1961 Denver, Colorado, USA 39.74 
-
104.99 

city - Y 
Strictly 
zoonotic 

N 

Enterovirus H 134 enterovirus picorna 1965 Korea 37.66 127.98 country 1 Y 
Strictly 
zoonotic 

N 

Rhinovirus A 135 enterovirus picorna 1953 Salisbury, UK 51.07 -1.79 city 3 N* 
Transmissible 
in humans 

N 

Rhinovirus B 136 enterovirus picorna 1960 Salisbury, UK 51.07 -1.79 city - N 
Transmissible 
in humans 

N 

Rhinovirus C 137 enterovirus picorna 2006 
New York, New York State, 
USA 

40.71 -74.01 city - Y 
Transmissible 
in humans 

N 

Erbovirus A 138 erbovirus picorna 2005 Styria, Austria 47.36 14.47 state 2 Y 
Strictly 
zoonotic 

N 

Hepatovirus A 139 hepatovirus picorna 1973 
Bethesda, Montgomery 
County, Maryland, USA 

38.98 -77.09 CDP - N 
Transmissible 
in humans 

N 

Aichivirus A 140 kobuvirus picorna 1991 Aichi Prefecture, Japan 35.18 136.91 prefecture 2 Y 
Transmissible 
in humans 

N 

Parechovirus A 141 parechovirus picorna 1958 Cincinnati, Ohio, USA 39.1 -84.51 city - Y 
Transmissible 
in humans 

N 

Parechovirus B 142 parechovirus picorna 2003 Stockholm, Sweden 59.33 18.07 city 3 Y 
Strictly 
zoonotic 

N 

Salivirus A 143 salivirus picorna 2009 Northern California, USA 38.84 -120.9 state 2 Y 
Transmissible 
in humans 

N 
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Avian metapneumovirus 
144 

metapneumovirus pneumo 2011 Memphis, Tennessee, USA 35.15 -90.05 city - Y 
Strictly 
zoonotic 

N 

Human 

metapneumovirus 145 
metapneumovirus pneumo 2001 Rotterdam, Netherlands 51.92 4.48 city 3 Y 

Transmissible 
in humans 

N 

Human 

orthopneumovirus 146 
orthopneumovirus pneumo 1957 Baltimore, Maryland, USA 39.29 -76.61 city - N 

Transmissible 
in humans 

N 

Colorado tick fever virus 
147  

coltivirus reo 1946 Denver, Colorado, USA 39.74 
-
104.99 

city - N 
Transmissible 
in humans† 

Y 

Eyach virus 148 coltivirus reo 1980 Prague, Czech Republic 50.08 14.44 city 2 Y 
Strictly 
zoonotic 

Y 

Corriparta virus 149 orbivirus reo 1967 
Aurukun, North Queensland, 
Australia 

-13.36 141.73 town - Y 
Strictly 
zoonotic 

Y 

Great Island virus 150 orbivirus reo 1963 
Kemerovo District, Kemerovo 
Oblast, Russia 

55.35 86.06 district 3 Y 
Strictly 
zoonotic 

Y 

Lebombo virus 114 orbivirus reo 1975 lbadan, Nigeria 7.38 3.95 city - Y 
Strictly 
zoonotic 

Y 

Orungo virus 114 orbivirus reo 1976 Ibadan, Nigeria 7.38 3.95 city - Y 
Strictly 
zoonotic 

Y 

Mammalian 

orthoreovirus 151 
orthoreovirus reo 1954 Cincinnati, Ohio, USA 39.1 -84.51 city - Y 

Transmissible 
in humans 

N 

Nelson Bay 

orthoreovirus 152 
orthoreovirus reo 2007 Melaka state, Malaysia 2.19 102.25 state 2 Y 

Transmissible 
in humans 

N 

Rotavirus A 153 rotavirus reo 1973 
Parkville, Melbourne, Victoria, 
Australia 

-37.81 144.96 village - Y 
Transmissible 
in humans 

N 

Rotavirus B 154 rotavirus reo 1984 Jinzhou, China 41.1 121.13 city 3 Y 
Transmissible 
in humans 

N 

Rotavirus C 155 rotavirus reo 1986 London, United Kingdom  51.51 -0.13 city 3 Y 
Transmissible 
in humans 

N 

Rotavirus H 156 rotavirus reo 1987 
Huaihua city, Hunan Province, 
China 

27.55 109.96 city 3 Y 
Transmissible 
in humans 

N 

Banna virus 157 seadornavirus reo 1990 
Xishuangbanna, Yunnan 
Province, China 

22.01 100.8 city 3 Y 
Strictly 
zoonotic 

Y 

Primate T-lymphotropic 

virus 1 158 
deltaretrovirus retro 1980 

Bethesda, Montgomery 
County, Maryland, USA 

38.98 -77.09 CDP - Y 
Transmissible 
in humans 

N 

Primate T-lymphotropic 

virus 2 159  
deltaretrovirus retro 1982 Seattle, Washington, USA 47.61 

-
122.33 

city - Y 
Transmissible 
in humans 

N 
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Primate T-lymphotropic 

virus 3 160 
deltaretrovirus retro 2005 

Remote settlement in the 
Océan department, South 
Province, Cameroon 

2.5 10.5 area# - Y 
Strictly 
zoonotic 

N 

Human 

immunodeficiency virus 

1 161 

lentivirus retro 1983 Paris, France 48.86 2.35 city 3 N 
Transmissible 
in humans 

N 

Human 

immunodeficiency virus 

2 162 

lentivirus retro 1986 
Dakar city, Dakar region, 
Senegal 

14.72 -17.47 city - Y 
Transmissible 
in humans 

N 

Simian 

immunodeficiency virus 
163 

lentivirus retro 1992 Atlanta, Georgia, USA 33.75 -84.39 city - N 
Strictly 
zoonotic 

N 

Central chimpanzee 

simian foamy virus 164 
simiispumavirus retro 2012 

Near Dja Nature Reserves, 
Southern Cameroon 

4.5 13.5 
approximate 
location# 

- Y 
Strictly 
zoonotic 

N 

Eastern chimpanzee 

simian foamy virus 165 
simiispumavirus retro 1971 Kenya -0.02 37.91 country 1 Y 

Strictly 
zoonotic 

N 

Grivet simian foamy 

virus 166 
simiispumavirus retro 1997 

Freiburg, Baden-Württemberg, 
Germany 

48.00 7.84 city 3 N 
Strictly 
zoonotic 

N 

Guenon simian foamy 

virus 164 
simiispumavirus retro 2012 

Near lolodrof, Southern 
Cameroon 

3.23 10.73 
approximate 
location# 

- Y 
Strictly 
zoonotic 

N 

Taiwanese macaque 

simian foamy virus 167 
simiispumavirus retro 2002 Ottawa, Canada 45.42 -75.7 city 3 Y 

Strictly 
zoonotic 

N 

Australian bat lyssavirus 
168 

lyssavirus rhabdo 1998 
Brisbane, Queensland, 
Australia 

-27.47 153.03 city - Y 
Strictly 
zoonotic 

N 

Duvenhage lyssavirus 
169 

lyssavirus rhabdo 1971 
Pretoria, Tshwane City, 
Gauteng province, South 
Africa 

-25.75 28.23 city - Y 
Strictly 
zoonotic 

N 

European bat 1 

lyssavirus 170 
lyssavirus rhabdo 1989 

Belgorod, Belgorod Oblast, 
Russia 

50.6 36.6 City 3 Y 
Strictly 
zoonotic 

N 

European bat 2 

lyssavirus 171 
lyssavirus rhabdo 1986 

Helsinki, Uusimaa region, 
Finland 

60.17 24.94 city - Y 
Strictly 
zoonotic 

N 

Irkut lyssavirus 172 lyssavirus rhabdo 2013 
Tonghua county, Tonghua 
City, Jilin Province, China 

41.68 125.76 county - Y 
Strictly 
zoonotic 

N 

Mokola lyssavirus 173 lyssavirus rhabdo 1972 Ibadan, Nigeria 7.38 3.95 city - Y 
Strictly 
zoonotic 

N 

Rabies lyssavirus 174 lyssavirus rhabdo 1903 
Pavia, province of Pavia, 
region of Lombardy, Italy 

45.18 9.16 city - N 
Transmissible 
in humans† 

N 
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Bas-Congo tibrovirus 175 tibrovirus rhabdo 2012 
Mangala village, Boma Bungu 
Health Zone, DRC 

-4.04 21.76 village - Y 
Transmissible 
in humans 

Y 

Ekpoma 1 tibrovirus 176  tibrovirus rhabdo 2015 Irrua, Edo State, Nigeria 6.74 6.22 village - Y 
Strictly 
zoonotic 

N 

Ekpoma 2 tibrovirus 176 tibrovirus rhabdo 2015 Irrua, Edo State, Nigeria 6.74 6.22 village - Y 
Strictly 
zoonotic 

N 

Alagoas vesiculovirus  
177 

vesiculovirus rhabdo 1967 State of Alagoas, Brazil -9.57 -36.78 state 2 Y 
Strictly 
zoonotic 

Y 

Chandipura 

vesiculovirus 178 
vesiculovirus rhabdo 1967 

Nagpur city, Nagpur district, 
Maharashtra state, India 

21.15 79.09 city - Y 
Strictly 
zoonotic 

Y 

Cocal vesiculovirus 179 vesiculovirus rhabdo 1964 
Nariva swamp, Trinidad and 
Tobago 

10.43 -61.06 island - Y 
Strictly 
zoonotic 

Y 

Indiana vesiculovirus 180 vesiculovirus rhabdo 1958 
Beltsville, Prince George's 
County, Maryland, USA 

39.05 -76.9 CDP - Y 
Strictly 
zoonotic 

Y 

Isfahan vesiculovirus 181 vesiculovirus rhabdo 1977 
Dormian village, Isfahan 
Province, Iran 

33.28 52.36 village - Y 
Strictly 
zoonotic 

Y 

Maraba vesiculovirus 182 vesiculovirus rhabdo 1984 
Serra Norte area, State of 
Pará, Brazil 

-6.04 -50.18 area - Y 
Strictly 
zoonotic 

Y 

New Jersey 

vesiculovirus 183 
vesiculovirus rhabdo 1950 Madison, Wisconsin, USA 43.07 -89.4 city - Y 

Strictly 
zoonotic 

Y 

Piry vesiculovirus 184 vesiculovirus rhabdo 1974 
Marabá city, State of Pará, 
Brazil 

-5.38 -49.13 city 3 Y 
Strictly 
zoonotic 

Y 

Barmah Forest virus 185 alphavirus toga 1986 
South coast of New South 
Wales, Australia 

-36.68 149.66 state 2 Y 
Transmissible 
in humans 

Y 

Chikungunya virus 186 alphavirus toga 1956 Newala district, Tanzania -10.64 39.24 district 3 Y 
Transmissible 
in humans 

Y 

Eastern equine 

encephalitis virus 187  
alphavirus toga 1938 

Southwestern Massachusetts, 
USA 

42.20 -71.10 state 2 Y 
Strictly 
zoonotic 

Y 

Everglades virus 188 alphavirus toga 1970 Homestead, Florida, USA 25.47 -80.48 city - Y 
Strictly 
zoonotic 

Y 

Getah virus 189 alphavirus toga 1966 
Brisbane, Queensland, 
Australia 

-27.47 
153.02
5 

city - Y 
Strictly 
zoonotic 

Y 

Highlands J virus 190 alphavirus toga 2000 Florida, USA 27.66 -81.52 state 2 Y 
Strictly 
zoonotic 

Y 

Madariaga virus 191 alphavirus toga 1972 Port of Spain, Trinidad 10.67 -61.52 city 2 Y 
Strictly 
zoonotic 

Y 
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Mayaro virus 192 alphavirus toga 1957 
Mayaro County, Trinidad and 
Tobago 

10.28 -61.03 county - Y 
Strictly 
zoonotic 

Y 

Mosso das Pedras virus 
193 

alphavirus toga 2013 Chaco province, Argentina -27.43 -59.02 state 2 Y 
Strictly 
zoonotic 

Y 

Mucambo virus 194 alphavirus toga 1965 Mexico city, Mexico 19.43 -99.13 city 2 Y 
Strictly 
zoonotic 

Y 

Ndumu virus 195 alphavirus toga 1961 
Ndumu, KwaZulu-Natal 
Province, South Africa 

-26.93 32.26 town/city - Y 
Strictly 
zoonotic 

Y 

Onyong-nyong virus 196 alphavirus toga 1961 
Entebbe, Wakiso District, 
Uganda 

0.05 32.46 city 3 Y 
Transmissible 
in humans 

Y 

Pixuna virus 197 alphavirus toga 1991 Belém, State of Pará, Brazil -1.39 -48.42 city 3 Y 
Strictly 
zoonotic 

Y 

Rio Negro virus 198 alphavirus toga 1993 
General Belgrano Island, 
Formosa, Argentina 

-26.19 -58.18 island - Y 
Strictly 
zoonotic 

Y 

Ross River virus 199 alphavirus toga 1972 
Edward River, New South 
Wales, Australia 

-35.4 144.25 river - Y 
Transmissible 
in humans 

Y 

Semliki Forest virus 200 alphavirus toga 1979 
Gießen, Gießen District, 
Hesse State, Germany 

50.58 8.68 town - Y 
Transmissible 
in humans 

Y 

Sindbis virus 201 alphavirus toga 1955 
Cairo city, Cairo Governorate, 
Egypt 

30.04 31.24 city - Y 
Strictly 
zoonotic 

Y 

Tonate virus 202 alphavirus toga 1976 
French Guyana, now French 
Guiana 

3.93 -53.13 Region 2 Y 
Strictly 
zoonotic 

Y 

Una virus 203 alphavirus toga 1963 Belém, State of Pará, Brazil -1.39 -48.42 city 3 Y 
Strictly 
zoonotic 

Y 

Venezuelan equine 

encephalitis virus 204 
alphavirus toga 1943 

New York, New York State, 
USA 

40.71 -74.01 city - Y 
Transmissible 
in humans 

Y 

Western equine 

encephalitis virus 187 
alphavirus toga 1938 Fresno, California, USA 36.75 

-
119.77 

city - Y 
Transmissible 
in humans† 

Y 

Whataroa virus 205 alphavirus toga 1964 
Greymouth town, Grey District, 
New Zealand 

-42.45 171.21 town - Y 
Strictly 
zoonotic 

Y 

Rubella virus 206 rubivirus toga 1942 Washington, D. C., USA 38.91 -77.04 city - Y 
Transmissible 
in humans 

N 

Hepatitis delta virus 207 deltavirus 
Unassig

ned 
1977 Turin, Piedmont region, Italy 45.07 7.69 city - N 

Transmissible 
in humans 

N 

DRC, Democratic Republic of the Congo; CDP, census-designated place; # locations inferred from maps given in the discovery papers; * location of the research field; lat and lon are the latitude 

and longitude of the centroid of the discovery location;	† transmitted only via iatrogenic or maternal routes 
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Appendix B Supplementary material for 
chapter 3: Predictors of human-infective RNA 
virus discovery in the United States, China, and 
Africa 

B.1 Supplementary Figures 

 

Figure B.1 Distribution maps of 32 predictors in 2015 in the United States 



Appendix B 

 

 

 

215 

 

 

Figure B.1 Continued 
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Figure B.2 Distribution maps of 32 predictors in 2015 in China 
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Figure B.2 Continued  
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Figure B.3 Distribution maps of 32 predictors in 2015 in Africa 
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Figure B.3 Continued 
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B.2 Supplementary Tables 

Table B.1 Summary of the human-infective RNA virus discovery database in the United States, Africa and China 

Species 
Original 
discovery 
year 

United States China Africa 

Reported? Discovery 
year location Lat Lon Reported? Discovery 

year location Lat Lon Reported? Discovery 
year location Lat Lon 

Argentinian 
mammarenavirus 1958 No     No     No     

Brazilian 
mammarenavirus 1994 Yes 208 1995 New Haven, 

Connecticut 41.31 -72.93 No     No     

Cali 
mammarenavirus 1971 Yes 3 1974 Houston, Texas 29.76 -95.37 No     No     

Chapare 
mammarenavirus 

2008 No     No     No     

Guanarito 
mammarenavirus 1991 No     No     No     

Lassa 
mammarenavirus 1970 Yes 6 1970 

New Haven, 
Connecticut 41.31 -72.93 No     Yes 6 1970 

Lassa, Borno State, 
Nigeria 10.69 13.27 

Lujo 
mammarenavirus 2009 No     No     Yes 7 2009 Lusaka, Zambia -15.39 28.32 

Lymphocytic 
choriomeningitis 
mammarenavirus 

1934 Yes 8 1934 
St. Louis 
county, Missouri 38.61 -90.41 No     No     

Machupo 
mammarenavirus 1964 No     No     No     

Mobala 
mammarenavirus 1985 No     No     Yes 10 1985 

Bouboui and 
Gomoka village, 
Boali town, Central 
African Republic 

4.89 18.14 

Whitewater Arroyo 
mammarenavirus 2000 Yes 11 2000 

Alameda 
County, 
California 

37.60 -
121.72 No     No     

Mamastrovirus 1 1975 Yes 209 1981 Martin County, 
California 

40.22 -
123.10 

Yes 210 1981 Guangzhou, 
Guangdong 

23.13 113.26 Yes 211 1981 Lebowa, South 
Africa 

-23.5 29.5 

Mamastrovirus 6 2008 Yes 212 2009 
St. Louis, 
Missouri 38.63 -90.20 Yes 213 2010 Hong Kong 22.40 114.11 Yes 214 2009 

Maiduguri, Borno 
State, Nigeria 11.83 13.15 
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Mamastrovirus 8 2009 Yes 14 2009 St. Louis, 
Missouri 

38.63 -90.20 Yes 215 2013 

Nanjing, 
Jiangsu and 
Lanzhou, 
Gansu 

31.95 118.78 Yes 214 2009 Maiduguri, Borno 
State, Nigeria 

11.83 13.15 

Mamastrovirus 9 2009 Yes 15 2009 

Accomack and 
Northampton 
Counties, 
Virginia 

37.71 -75.81 Yes 216 2019 
Jinan, 
Shandong 36.68 117.11 Yes 214 2009 

Maiduguri, Borno 
State, Nigeria 11.83 13.15 

Mammalian 1 
orthobornavirus 1985 Yes 16 1985 

Philadelphia, 
Pennsylvania 39.95 -75.17 Yes 217 1999 Taiwan 23.70 120.96 Yes 218 1992 

Rural area of East 
Africa -1.28 34.53 

Mammalian 2 
orthobornavirus 2015 No     No     No     

Norwalk virus 1972 Yes 18 1972 Norwalk, Ohio 41.24 -82.62 Yes 219 1995 Henan 33.88 113.48 Yes 220 1993 
Pretoria, Gauteng 
province, South 
Africa 

-25.75 28.23 

Sapporo virus 1980 Yes 221 1988 Houston, Texas 29.76 -95.37 Yes 221 1988 Shanghai 31.23 121.47 Yes 222 1997 
Pretoria, Gauteng 
province, South 
Africa 

-25.75 28.23 

Vesicular 
exanthema of swine 
virus 

1998 Yes 20 1998 Corvallis, 
Oregon 44.56 -

123.26 No     No     

Alphacoronavirus 1 2007 No     No     No     

Human coronavirus 
229E 1966 Yes 22 1966 Chicago, Illinois 41.88 -87.63 Yes 223 1975 Kunming, 

Yunnan 25.07 102.68 Yes 224 1998 Kumasi, Ghana 6.70 -1.62 

Human coronavirus 
NL63 2004 Yes 225 2005 

New Haven, 
Connecticut 41.31 -72.93 Yes 226 2005 Hong Kong 22.40 114.11 Yes 227 2008 

Cape 
Town, Western 
Cape Province, 
South Africa 

-33.90 18.57 

Betacoronavirus 1 1967 Yes 24 1967 Bethesda, 
Maryland 38.98 -77.09 Yes 226 2005 Hong Kong 22.40 114.11 Yes 228 2011 

Pretoria, Gauteng 
province, South 
Africa 

-25.75 28.23 

Human coronavirus 
HKU1 2005 Yes 229 2006 

New Haven, 
Connecticut 41.31 -72.92 Yes 25 2005 Hong Kong 22.40 114.11 Yes 228 2011 

Pretoria, Gauteng 
province, South 
Africa 

-25.75 28.23 

Middle East 
respiratory 
syndrome-related 
coronavirus 

2012 Yes* 230 2014 
Lake county, 
Indiana 41.45 -87.37 Yes* 231 2015 

Huizhou, 
Guangdong 23.09 114.40 Yes* 232 2014 Monastir, Tunisia 35.79 10.82 

Severe acute 
respiratory 
syndrome-related 
coronavirus 

2003 Yes* 233 2003 Atlanta, Georgia 33.75 -84.39 Yes 27 2003 Hong Kong 22.40 114.11 Yes 234 2004 
Pretoria, Gauteng 
province, South 
Africa 

-25.75 28.23 
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Human torovirus 
(been abolished) 1984 No     No     No     

Bundibugyo 
ebolavirus 2008 No     No     Yes 227 2008 

Bundibugyo and 
Kikyo town, 
Bundibugyo District, 
Western Uganda 

0.71 30.06 

Reston ebolavirus 1991 Yes 30 1991 Reston, Fairfax 
County, Virginia 

38.96 -77.35 No     No     

Sudan ebolavirus 1977 No     No     Yes 31 1977 Maridi, South Sudan 4.91 29.45 

Tai Forest 
ebolavirus 1995 No     No     Yes 32 1995 Abidjan, Cote-

d’lvoire 5.36 -4.01 

Zaire ebolavirus 1977 No     No     Yes 33 1977 
Yambuku village, 
Democratic Republic 
of the Congo 

2.83 22.22 

Marburg 
marburgvirus 1968 Yes* 235 2009 Denver county, 

Colorado 39.55 -
105.78 No     Yes 236 1975 Johannesburg, 

South Africa -26.20 27.90 

Aroa virus 1971 No     No     No     

Bagaza virus 2009 No     No     No     

Banzi virus 1959 No     No     Yes 37 1959 
Maponde's 
Kraal(Usutu river), 
South Africa 

-26.52 31.67 

Cacipacore virus 2011 No     No     No     

Dengue virus 1907 Yes 237 1914 Savannah, 
Georgia 

32.02 -81.12 Yes 238 1967 Southwest 
Taiwan 

23.06 120.59 Yes 239 1927 
Durban, KwaZulu-
Natal Province, 
South Africa 

-29.86 31.02 

Edge Hill virus 1985 No     No     No     

Gadgets Gully virus 1991 No     No     No     

Ilheus virus 1947 No     No     No     

Japanese 
encephalitis virus 1933 Yes* 240 1953 

Waltham, 
Massachusetts 42.38 -71.24 Yes 241 1941 Beijing 40.01 116.41 Yes 242 2017 Cunene, Angola -16.28 15.28 

Kokobera virus 1964 No     No     No     

Kyasanur forest 
disease virus 1957 No     Yes 243 2009 

Hengduansha
n Mountain, 
Yunnan 

27.50 99.00 Yes 244 2014 
Djibouti, Republic of 
Djibouti 11.57 43.15 

Langat virus 1956 No     No     No     

Louping ill virus 1934 Yes 46 1934 New York 40.71 -74.01 No     No     
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Murray Valley 
encephalitis virus 1952 No     No     No     

Ntaya virus 1952 No     No     Yes 48 1952 Bwamba county, 
Uganda 0.75 30.02 

Omsk hemorrhagic 
fever virus 

1948 No     No     No     

Powassan virus 1959 Yes 245 1973 
Middlesex 
County, New 
Jersey 

40.54 -74.37 No     No     

Rio Bravo virus 1962 Yes 51 1962 Dallas city, 
Texas 

32.78 -96.80 No     No     

Saint Louis 
encephalitis virus 

1933 Yes 52 1933 St. Louis City, 
Missouri 

38.63 -90.20 No     No     

Tembusu virus 1975 No     Yes 246 2013 Shandong 36.40 118.77 No     

Tick-borne 
encephalitis virus 1938 Yes* 247 1979 Cleveland, Ohio 41.51 -81.69 Yes 248 1956 

Bali village, 
Wuchang, 
Heilongjiang 

44.91 127.16 No     

Uganda S virus 1952 No     No     Yes 55 1952 Bwamba county, 
Uganda 0.75 30.02 

Usutu virus 2009 No     No     No     

Wesselsbron virus 1957 No     No     Yes 57 1957 

Lake Simbu region, 
Maputaland, 
KwaZulu-Natal, 
South Africa 

-27.36 32.32 

West Nile virus 1940 Yes 249 2001 New York 40.71 -74.01 Yes 250 2013 
Jiashi 
County, 
Xinjiang 

39.58 77.18 Yes 58 1940 
Omogo, West Nile 
district, Uganda 0.42 33.21 

Yellow fever virus 1901 Yes 251 1904 Laredo, Texas 27.51 -99.51 Yes* 252 2016 Beijing 40.01 116.41 Yes 253 1928 Larteh, Ghana 5.94 -0.07 

Zika virus 1952 Yes* 254 2011 Northern 
Colorado 39.55 -

105.78 Yes* 255 2016 
Gan County, 
Ganzhou city, 
Jiangxi 

25.86 115.02 Yes 60 1952 Zika, Uganda 0.12 32.53 

Hepacivirus C 1989 Yes 61 1989 
Emeryville, 
California 37.83 

-
122.29 Yes 256 1990 

Qidong 
county, 
Jiangsu 

31.88 121.72 Yes 257 1990 
Johannesburg, 
South Africa -26.20 27.90 

Pegivirus C 1995 Yes 258 1995 

Chapel Hill, 
North Carolina; 
Rochester, 
Minnesota; 
Dallas, Texas 

35.91 -79.06 Yes 259 1996 Beijing 40.01 116.41 Yes 258 1995 Cairo, Egypt 30.04 31.24 

Pegivirus H 2015 Yes 63 2015 New York city, 
New York 40.71 -74.01 Yes 260 2018 Guangzhou, 

Guangdong 23.13 113.26 Yes 261 2019 Ebolowa, Cameroon 2.92 11.15 
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Pestivirus A 1988 Yes 262 1989 
Whiteriver, 
Arizona 33.83 

-
109.97 No     Yes 64 1988 Zambia -13.13 27.85 

Andes 
orthohantavirus 1996 No     No     No     

Bayou 
orthohantavirus 

1995 Yes 66 1995 Louisiana  30.98 -91.96 No     No     

Black creek canal 
orthohantavirus 

1995 Yes 67 1995 Miami-Dade 
County, Florida 

25.76 -80.34 No     No     

Choclo 
orthohantavirus 2000 No     No     No     

Dobrava-Belgrade 
orthohantavirus 1992 No     No      No     

Hantaan 
orthohantavirus 1978 No     Yes 263 1980 Zhejiang 29.14 119.79 No     

Laguna Negra 
orthohantavirus 

1997 No     No     No     

Puumala 
orthohantavirus 1980 No     No     No     

Sangassou 
orthohantavirus 2010 No     No     Yes 73 2010 

Sangassou village, 
Macenta district, 
Forest Guinea 

8.24 -9.32 

Seoul 
orthohantavirus 1982 Yes 264 1987 Mississippi 32.57 -89.88 Yes 74 1982 Jiangsu 33.14 119.79 Yes 265 1986 Jos, Nigeria 9.90 8.86 

Sin Nombre 
orthohantavirus 1993 Yes 75 1993 New Mexico 34.52 -

105.87 No     No     

Thailand 
orthohantavirus 2006 No     No     No     

Thottopalayam 
thottimvirus 

2007 No     No     No     

Tula orthohantavirus 1996 No     No     No     

Orthohepevirus A 1983 Yes* 266 1987 
Los Angeles 
County, 
California 

34.05 -
118.24 

Yes 267 1989 
Kashi county, 
Kashi city, 
Xinjiang 

39.46 75.99 Yes 268 1985 Medea town, Algeria 36.26 2.75 

Orthohepevirus C 2018 No     Yes 80 2018 Hong Kong 22.40 114.11 No     

Crimean-Congo 
haemorrhagic fever 
orthonairovirus 

1967 No     Yes 269 1985 
Bachu, 
southern 
Xinjiang 

39.79 78.55 Yes 81 1967 

Kisangani, Tshopo 
province, 
Democratic Republic 
of the Congo 

0.53 25.19 

Dugbe 
orthonairovirus 1969 No     No     Yes 82 1969 Ibadan, Nigeria 7.35 3.88 
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Nairobi sheep 
disease 
orthonairovirus 

1969 No     No     Yes 270 1991 
Mombasa; Malindi; 
and Kilifi, Coast 
Province, Kenya 

-3.34 39.57 

Thiafora 
orthonairovirus 1989 No     No     No     

Influenza A virus 1933 Yes 271 1935 Philadelphi, 
Pennsylvania 

39.95 -75.17 Yes 272 1950 Beijing 40.01 116.41 Yes 273 1951 

Johannesburg, 
South Africa and 
Cape Town, South 
Africa 

-26.20 27.90 

Influenza B virus 1940 Yes 86 1940 

Irvington village, 
Greenburgh 
town, 
Westchester 
County, New 
York 

41.03 -73.87 Yes 274 1957 Beijing 40.01 116.41 Yes 275 1970 Arusha, Arusha 
Region, Tanzania 

-3.37 36.69 

Influenza C virus 1950 Yes 87 1950 
Ann Arbor city, 
Michigan  42.28 -83.74 Yes 276 1957 Beijing 40.01 116.41 Yes 277 1968 

Johannesburg, 
South Africa -26.20 27.90 

Dhori thogotovirus 1985 No     No     No     

Thogoto 
thogotovirus 

1969 No     No     Yes 82 1969 Ibadan, Nigeria 7.35 3.88 

Avian 
orthoavulavirus 1 1943 Yes 89 1943 

Washington, D. 
C. 38.91 -77.04 No     No     

Hendra henipavirus 1995 No     No     No     

Nipah henipavirus 1999 No     No     No     

Canine morbillivirus 1955 Yes 92 1955 Buffalo, New 
York 42.89 -78.88 No     No     

Measles 
morbillivirus 

1911 Yes 93 1911 Washington, D. 
C. 

38.91 -77.04 Yes 278 1958 Beijing 40.01 116.41 Yes 279 1963 Dakar, Senegal 14.72 -17.47 

Human respirovirus 
1 1958 Yes 94 1958 Washington, D. 

C. 38.91 -77.04 Yes 280 1964 Zhejiang 29.14 119.79 Yes 281 1963 

Cape 
Town, Western 
Cape Province, 
South Africa 

-33.90 18.57 

Human respirovirus 
3 

1958 Yes 94 1958 Washington, D. 
C. 

38.91 -77.04 Yes 282 1987 Guangzhou, 
Guangdong 

23.13 113.26 Yes 281 1963 

Cape 
Town, Western 
Cape Province, 
South Africa 

-33.90 18.57 

Achimota 
pararubulavirus 2 

2013 No     No     Yes 95 2013 Volta, Ghana 6.05 0.37 

Human 
orthorubulavirus 2 

1956 Yes 96 1956 Cincinnati, Ohio 39.10 -84.51 Yes 283 1975 Nanjing, 
Jiangsu 

31.95 118.78 Yes 284 1967 Accra, Ghana 5.60 -0.19 
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Human 
orthorubulavirus 4 1960 Yes 97 1960 Bethesda, 

Maryland 38.98 -77.09 Yes 285 2005 Hong Kong 22.40 114.11 Yes 286 2010 
Ndiop village, Sine 
Saloum region, 
Senegal 

15.18 -16.74 

Mammalian 
orthorubulavirus 5 1959 Yes 98 1959 

Stanford, 
California 37.42 

-
122.17 No     No     

Menangle 
pararubulavirus 1998 No     No     No     

Mumps 
orthorubulavirus 1934 Yes 100 1934 Nashville, 

Tennessee 36.16 -86.78 Yes 287 1958 Beijing 40.01 116.41 Yes 288 1955 Johannesburg, 
South Africa -26.20 27.90 

Simian 
orthorubulavirus 

1968 No     No     No     

Sosuga 
pararubulavirus 

2014 No     No     Yes 102 2014 ˉ 3.76 32.82 

Tioman 
pararubulavirus 2007 No     No     No     

Bunyamwera 
orthobunyavirus 1946 Yes 289 1964 Southern 

Florida 26.92 -81.21 No     Yes 104 1946 Bwamba County, 
Uganda 0.75 30.02 

Bwamba 
orthobunyavirus 

1941 No     No     Yes 105 1941 
Bwamba county, 
Western Province of 
Uganda 

0.75 30.02 

California 
encephalitis 
orthobunyavirus 

1952 Yes 106 1952 Kern county, 
California 

35.49 -
118.86 

Yes 290 1984 Longhua, 
Shanghai 

31.22 121.43 Yes 291 1961 Uganda 1.37 32.29 

Caraparu 
orthobunyavirus 1961 No     No     No     

Catu 
orthobunyavirus 1961 No     No     No     

Guama 
orthobunyavirus 1961 No     No     No     

Guaroa 
orthobunyavirus 

1959 No     No     No     

Kairi 
orthobunyavirus 1967 No     No     No     

Madrid 
orthobunyavirus 1964 No     No     No     

Marituba 
orthobunyavirus 1961 No     No     No     

Nyando 
orthobunyavirus 

1965 No     No     Yes 111 1965 Kisumu, Kenya -0.09 34.77 

Oriboca 
orthobunyavirus 1961 No     No     No     

Oropouche 
orthobunyavirus 1961 No     No     No     
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Patois 
orthobunyavirus 1972 No     No     No     

Shuni 
orthobunyavirus 1975 No     No     Yes 114 1975 Ibadan, Nigeria 7.38 3.95 

Tacaiuma 
orthobunyavirus 

1967 No     No     No     

Wyeomyia 
orthobunyavirus 

1965 No     No     No     

Candiru phlebovirus 1983 No     No     No     

Punta Toro 
phlebovirus 

1970 No     No     No     

Rift Valley fever 
phlebovirus 

1931 No     Yes* 292 2016 Beijing 40.01 116.41 Yes 118 1931 Rift Valley of Kenya 
Colony 

-0.28 36.07 

Sandfly fever Naples 
phlebovirus 1944 No     No     Yes 293 1951 Cairo, Egypt 30.04 31.24 

Heartland 
banyangvirus  2012 Yes 294 2012 

Andrew and 
Nodaway 
Counties, 
Missouri 

39.82 -94.59 No     No     

Huaiyangshan 
banyangvirus 

2011 No     Yes 120 2011 Huaiyangsha
n 

31.37 115.39 No     

Uukuniemi 
phlebovirus 1970 No     No     No     

Human 
picobirnavirus 1988 Yes 295 1993 Atlanta, Georgia 33.75 -84.39 Yes 296 2000 

Lulong 
County, 
Hebei 

39.94 116.94 No     

Equine rhinitis A 
virus 1962 No     No     No     

Foot-and-mouth 
disease virus 1965 No     Yes 297 1999 Guangzhou 23.13 113.26 Yes 298 2002 

Alexandria 
Governorate, Egypt 30.74 29.74 

Cardiovirus A 1947 Yes 299 1961 New Orleans, 
Louisiana 29.95 -90.07 Yes 300 2015 Changchun, 

Jilin 43.87 125.34 Yes 301 1948 Entebbe, Uganda 0.05 32.46 

Cardiovirus B 1963 Yes 302 2007 San Diego, 
California 32.72 -

117.16 Yes 303 2009 Lanzhou, 
Gansu 36.06 103.79 Yes 304 2009 Cameroon 5.03 12.40 

Cosavirus A 2008 No     Yes 305 2010 Shanghai 31.23 121.47 Yes 129 2012 Maiduguri, Borno 
State, Nigeria 

11.83 13.15 

Cosavirus B 2008 No     Yes 306 2016 
Zhenjiang, 
Jiangsu 32.19 119.43 No     

Cosavirus D 2008 No     No     Yes 129 2012 Maiduguri, Borno 
State, Nigeria 11.83 13.15 

Cosavirus E 2008 No     No     Yes 129 2012 Maiduguri, Borno 
State, Nigeria 11.83 13.15 
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Cosavirus F 2012 No     No     No     

Enterovirus A 1949 Yes 130 1949 New York  43.30 -74.22 Yes 307 1985 Tianjin 39.34 117.36 Yes 288 1955 Johannesburg, 
South Africa 

-26.20 27.90 

Enterovirus B 1949 Yes 130 1949 Wilmington 39.74 -75.54 Yes 308 1960 Fuzhou, 
Fujian 26.07 119.30 Yes 309 1953 

Middelburg, 
Transvaal, South 
Africa 

-25.77 29.46 

Enterovirus C 1909 Yes 131 1909 New York city, 
New York  

40.71 -74.01 Yes 1941 Bejing 39.90 116.41 Yes 310 1933 Monrovia, Liberia 6.29 -10.76 

Enterovirus D 1967 Yes 132 1967 
Berkeley, 
California 37.87 

-
122.27 Yes 311 1979 Shanghai 31.23 121.47 Yes 312 1973 Morocco 31.79 -7.09 

Enterovirus E 1961 Yes 133 1961 Denver, 
Colorado 39.74 -

104.99 No     No     

Enterovirus H 1965 No     No     No     

Rhinovirus A 1953 Yes 313 1956 Baltimore, 
Maryland 39.29 -76.61 Yes 314 1975 Guangzhou, 

Guangdong 23.13 113.26 Yes 315 1963 

Cape 
Town, Western 
Cape Province, 
South Africa 

-33.90 18.57 

Rhinovirus B 1960 Yes 316 1961 Chicago, Illinois 41.88 -87.63 Yes 317 2008 Beijing 40.01 116.41 Yes 318 2008 
Pretoria, Gauteng 
province, South 
Africa 

-25.75 28.23 

Rhinovirus C 2006 Yes 319 2006 New York city, 
New York  40.71 -74.01 Yes 137 2007 Hong Kong 22.40 114.11 Yes 318 2008 

Pretoria, Gauteng 
province, South 
Africa 

-25.75 28.23 

Erbovirus A 2005 No     No     No     

Hepatovirus A 1973 Yes 139 1973 Bethesda, 
Maryland 38.98 -77.09 Yes 320 1978 Shanghai 31.23 121.47 Yes 321 1977 Dakar, Senegal 14.72 -17.47 

Aichivirus A 1991 Yes 322 2013 Cincinnati, Ohio 39.10 -84.51 Yes 323 2009 Shanghai 31.23 121.47 Yes 324 2008 Monastir, Tunisia 35.77 10.82 

Parechovirus A 1958 Yes 141 1958 Cincinnati, Ohio 39.10 -84.51 Yes 325 2009 Shanghai 31.23 121.47 Yes 129 2012 Ouagadougou, 
Burkina Faso 12.24 -1.56 

Parechovirus B 2003 No     No     No     

Salivirus A 2009 Yes 143 2009 Northern 
California 38.84 -

120.90 Yes 326 2010 Shanghai 31.23 121.47 Yes 327 2009 Maiduguri, Borno 
State, Nigeria 11.83 13.15 

Avian 
metapneumovirus 2011 Yes 144 2011 Memphis, 

Tennessee 35.15 -90.05 No     No     

Human 
metapneumovirus 

2001 Yes 328 2003 Rochester, New 
York 

43.16 -77.61 Yes 329 2003 Hong Kong 22.40 114.11 Yes 330 2003 Johannesburg, 
South Africa 

-26.20 27.90 

Human 
orthopneumovirus 1957 Yes 146 1957 Baltimore, 

Maryland 39.29 -76.61 Yes 331 1975 Kunming, 
Yunnan 25.07 102.68 Yes 332 1965 

Cape 
Town, Western 
Cape Province, 
South Africa 

-33.90 18.57 
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Colorado tick fever 
virus 1946 Yes 147 1946 

Denver, 
Colorado 39.74 

-
104.99 Yes 333 1996 

Nanjing, 
Jiangsu 31.95 118.78 No     

Eyach virus 1980 No     No     No     

Corriparta virus 1967 No     No     No     

Great Island virus 1963 No     No     No     

Lebombo virus 1975 No     No     Yes 114 1975 lbadan, Nigeria 7.38 3.95 

Orungo virus 1976 No     No     Yes 334 1976 Ibadan, Nigeria 7.38 3.95 

Mammalian 
orthoreovirus 1954 Yes 151 1954 Cincinnati, Ohio 39.10 -84.51 Yes 335 1995 Xuzhou, 

Jiangsu 34.26 117.19 Yes336 1963 Johannesburg, 
South Africa -26.20 27.90 

Nelson Bay 
orthoreovirus 2007 No     Yes* 337 2009 Hong Kong 22.40 114.11 No     

Rotavirus A 1973 Yes 338 1976 Washington, D. 
C. 

38.90 -77.04 Yes 339 1979 Beijing 40.01 116.41 Yes 334 1976 Johannesburg, 
South Africa 

-26.20 27.90 

Rotavirus B 1984 Yes 340 1985 
Baltimore, 
Maryland 39.29 -76.61 Yes 154 1984 

Jinzhou, 
Liaoning 41.10 121.13 Yes 341 1987 Kenya -0.02 37.91 

Rotavirus C 1986 Yes 342 1995 Providence, 
Rhode Island 41.82 -71.41 Yes 343 1999 Beijing 40.01 116.41 Yes 344 1999 

Pretoria, Gauteng 
province, South 
Africa 

-25.75 28.23 

Rotavirus H 1987 No     Yes 345 1987 
Huaihua, 
Hunan 
Province 

27.55 109.96 No     

Banna virus 1990 No     Yes 157 1990 
Xishuangban
na, Yunnan 
Province 

21.90 100.80 No     

Primate T-
lymphotropic virus 1 1980 Yes 158 1980 Bethesda, 

Maryland 38.98 -77.09 Yes 154 1984 Shenyang, 
Liaoing 41.80 123.38 Yes 346 1984 Ibadan, Nigeria 7.38 3.95 

Primate T-
lymphotropic virus 2 

1982 Yes 159 1982 Seattle, 
Washington 

47.61 -
122.33 

Yes 347 2013 Henan and 
Hubei 

32.21 112.96 Yes 348 1991 Franceville, Gabon -1.63 13.60 

Primate T-
lymphotropic virus 3 2005 No     No     Yes 160 2005 

Océan department,  
South Province,  
Cameroon 

2.50 10.50 

Human 
immunodeficiency 
virus 1 

1983 Yes 349 1984 Washington, D. 
C. 38.90 -77.04 Yes 350 1986 Hong Kong 22.40 114.11 Yes 351 1984 

Kisangani, Tshopo 
province, 
Democratic Republic 
of the Congo 

0.53 25.19 

Human 
immunodeficiency 
virus 2 

1986 Yes* 352 1988 New Jersey 40.06 -74.41 Yes* 353 2000 Fuzhou, 
Fujian 26.07 119.30 Yes 162 1986 Dakar, Senegal 14.72 -17.47 
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Simian 
immunodeficiency 
virus 

1992 Yes 163 1992 Atlanta, Georgia 33.75 -84.39 No     Yes 160 2005 Cameroon 7.37 12.35 

Central chimpanzee 
simian foamy virus 2012 No     No     Yes 164 2012 

Near Dja Nature 
Reserves, Southern 
Cameroon 

4.50 13.50 

Eastern chimpanzee 
simian foamy virus 

1971 No     No     Yes 165 1971 Kenya -0.02 37.91 

Grivet simian foamy 
virus 1997 No     No     No     

Guenon simian 
foamy virus 2012 No     No     Yes 164 2012 Near lolodrof, 

Southern Cameroon 3.23 10.73 

Taiwanese macaque 
simian foamy virus 2002 No     Yes 354 2012 Yunnan 25.18 101.86 No     

Australian bat 
lyssavirus 

1998 No     No     No     

Duvenhage 
lyssavirus 1971 No     No     Yes 169 1971 

Pretoria, Gauteng 
province, South 
Africa 

-25.75 28.23 

European bat 
Yeslyssavirus 

1989 No     No     No     

European bat 2 
lyssavirus 1986 No     No     No     

Irkut lyssavirus 2013 No     Yes 172 2013 
Tonghua 
county, Jilin 41.68 125.76 No     

Mokola lyssavirus 1972 No     No     Yes 173 1972 Ibadan, Nigeria 7.38 3.95 

Rabies lyssavirus 1903 Yes 355 1910 Southern 
California 34.57 -

116.76 Yes 356 1981 Beijing 40.01 116.41 Yes 357 1933 
Carolina, 
Mpumalanga, South 
Africa 

-26.07 30.12 

Bas-Congo 
tibrovirus 2012 No     No     Yes 175 2012 

Mangala village, 
Boma Bungu Health 
Zone, Democratic 
Republic of Congo 
(DRC) 

-4.04 21.76 

Ekpoma 
Yestibrovirus 

2015 No     No     Yes 176 2015 Irrua, Edo State, 
Nigeria 

6.74 6.22 

Ekpoma 2 tibrovirus 2015 No     No     Yes 176 2015 Irrua, Edo State, 
Nigeria 

6.74 6.22 

Alagoas 
vesiculovirus 1967 No     No     No     

Chandipura 
vesiculovirus 1967 No     No     No     
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Cocal vesiculovirus 1964 No     No     No     

Indiana 
vesiculovirus 1958 Yes 180 1958 

Beltsville, 
Prince George's 
County, 
Maryland 

39.05 -76.90 No     No     

Isfahan 
vesiculovirus 1977 No     No     No     

Maraba 
vesiculovirus 1984 No     No     No     

New Jersey 
vesiculovirus 1950 Yes 183 1950 Madison, 

Wisconsin 43.07 -89.40 No     No     

Piry vesiculovirus 1974 No     No     No     

Barmah Forest virus 1986 No     No     No     

Chikungunya virus 1956 Yes* 358 2006 Minnesota 46.44 -93.36 Yes 238 1967 
Southwest 
Taiwan 23.06 120.59 Yes 186 1956 

Newala district, 
Tanzania -10.64 39.24 

Eastern equine 
encephalitis virus 1938 Yes 187 1938 Southwestern 

Massachusetts 42.19 -73.09 No      No     

Everglades virus 1970 Yes 188 1970 Homestead, 
Florida 25.47 -80.48 No     No     

Getah virus 1966 No     Yes 359 1992 
Baoting 
County, 
Hainan 

18.98 109.83 No     

Highlands J virus 2000 Yes 190 2000 Florida 27.66 -81.52 No     No     

Madariaga virus 1972 No     No     No     

Mayaro virus 1957 Yes* 360 1999 Ohio 40.42 -82.91 No     No     

Mosso das Pedras 
virus 2013 No     No     No     

Mucambo virus 1965 No     No     No     

Ndumu virus 1961 No     No     Yes 195 1961 
Ndumu, Maputaland, 
KwaZulu-Natal, 
South Africa 

-26.93 32.26 

Onyong-nyong virus 1961 No     No     Yes 196 1961 Entebbe, Uganda 0.05 32.46 

Pixuna virus 1991 No     No     No     

Rio Negro virus 1993 No     No     No     

Ross River virus 1972 No     Yes 361 1999 Hainan 19.16 109.94 No     
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Semliki Forest virus 1979 No     No     Yes 362 1990 
Bangui, 
Central Africa 4.36 18.58 

Sindbis virus 1955 No     No      Yes 201 1955 Cairo, Egypt 30.04 31.24 

Tonate virus 1976 No     No     No     

Una virus 1963 No     No     No     

Venezuelan equine 
encephalitis virus 1943 Yes 204 1943 New York 40.71 -74.01 No     No     

Western equine 
encephalitis virus 1938 Yes 187 1938 Fresno, 

California 36.75 -
119.77 No      No     

Whataroa virus 1964 No     No     No     

Rubella virus 1942 Yes 206 1942 Washington, D. 
C. 

38.91 -77.04 Yes 363 1979 Hangzhou, 
Zhejiang 

29.87 119.33 Yes 364 1963 

Cape 
Town, Western 
Cape Province, 
South Africa 

-33.90 18.57 

Hepatitis delta virus 1977 Yes 365 1979 New Jersey 40.06 -74.41 Yes 366 1980 Taipei, 
Taiwan 24.96 121.51 Yes 367 1984 Harare, Zimbabwe -17.83 31.03 
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Appendix C Supplementary material for chapter 4: Predictors of geographical 
extent and disappearance of human-infective RNA viruses 

C.1 Supplementary Tables 

Table C.1 Geographical extent and the state of disappearance for each human-infective RNA virus species 

Species Geographical distribution Geographical 
extent 

Last record 
from ProMED-
mail  

Last report 
from scientific 
database 

Last record 
(combine two 
sources) 

Disappeared 

Argentinian 
mammarenavirus 

Argentina, South America 368 restricted 2016 - 2016 No 

Brazilian 
mammarenavirus 

Brazil, South America (one natural infection and one lab infection) and 
USA, North America (one lab infection) 208 

restricted - 1995 208 1995 Yes 

Cali mammarenavirus USA, North America (lab infection) 3 restricted† - 1974 3 1974 Yes 

Chapare 
mammarenavirus 

Bolivia, South America 4 restricted† 2008 2008 4 2008 Yes 

Guanarito 
mammarenavirus 

Central Venezuela, South America 369 restricted 2017 - 2017 No 

Lassa mammarenavirus 

West African countries, especially Sierra Leone, the Republic of 
Guinea, Nigeria, and Liberia; And imported cases in North America 
(USA), Europe (UK, Sweden, Germany, and Netherlands), and Africa 
(South Africa) 370 

wide 2019 - 2019 No 

Lujo mammarenavirus Zambia and South Africa, Africa 7 restricted 2009 2009 7 2009 Yes 

Lymphocytic 
choriomeningitis 
mammarenavirus 

Europe (especially island of Vir in Croatia), North America, South 
America, and Australia 371 

wide 2016 2019 372 2019 No 

Machupo 
mammarenavirus 

Beni Department, Bolivia, South America 373 restricted 2013 - 2013 No 

Mobala mammarenavirus Central African Republic, Africa 10 restricted† - 1985 10 1985 Yes 
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Whitewater Arroyo 
mammarenavirus 

Western USA, North America 374 restricted - 2011 374 2011 No? 

Mamastrovirus 1 Worldwide (all continents except Antarctica) 375 wide 2013 2019 376 2019 No 

Mamastrovirus 6 Worldwide (all continents except Antarctica) 375 wide 2013 2019 216 2019 No 

Mamastrovirus 8 
Asia (India, Pakistan, , Japan, China);  North America (USA); and 
Africa (Nigeria, Egypt) 375 

wide 2013 2019 216 2019 No 

Mamastrovirus 9 
North America (USA); Europe (UK, Netherlands); Africa (Nigeria); Asia 
(Pakistan, Nepal, China) 375 

wide 2013 2019 216 2019 No 

Mammalian 1 
orthobornavirus 

Worldwide (all continents except Antarctica) 377 wide 2018 - 2018 No 

Mammalian 2 
orthobornavirus 

Germany, Europe 378 restricted - 2019 378 2019 No 

Norwalk virus  Worldwide (all continents except Antarctica) 379 wide 2019 - 2019 No 

Sapporo virus Worldwide (all continents except Antarctica) 380 wide 2013 2019 381 2019 No 

Vesicular exanthema of 
swine virus 

Northwestern USA, North America 382 restricted† - 2006 382 2006 Yes 

Alphacoronavirus 1 Japan, Asia 21 restricted† - 2007 21 2007 Yes 

Human coronavirus 229E  Worldwide (all continents except Antarctica) 383 wide - 2019 384 2019 No 

Human coronavirus NL63 Worldwide (all continents except Antarctica) 383 wide 2005 2019 384 2019 No 

Betacoronavirus 1 Worldwide (all continents except Antarctica) 383 wide 2017 2019 384 2019 No 

Human coronavirus HKU1 Worldwide (all continents except Antarctica) 383 wide - 2019 384 2019 No 

Middle East respiratory 
syndrome-related 
coronavirus 

Over 21 countries in Asia, North America, Europe, and Africa 385 wide 2019 - 2019 No 

Severe acute respiratory 
syndrome-related 
coronavirus 

Worldwide (all continents except Antarctica) 386 wide 2019 - 2019 Yes 

Bundibugyo ebolavirus Uganda and Congo, Africa 387 restricted 2012 2012 388 2012 No 

Reston ebolavirus  
Virginia, USA, North America (imported cases) and Manila, Philippines, 
Asia (natural infection) 30 

restricted 2009 2009 389 2009 Yes 

Sudan ebolavirus  Sudan and Uganda, Africa 390 restricted - 2012 391 2012 No 

Tai Forest ebolavirus Cote d’lvoire, Africa 32 restricted† - 1995 32 1995 Yes 
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Zaire ebolavirus 
Africa (Democratic Republic of the Congo, Gabon, and the Republic of 
the Congo and West Africa etc.) 390 

restricted - 2018 392 2018 No 

Marburg marburgvirus 
Africa (DRC, Angola, Uganda); And imported cases in other African 
countries (South Africa, Kenya), Europe (Germany, Yugoslavia, 
Russia, Netherlands), and USA, North America 393 

wide 2018 - 2018 No 

Aroa virus Panamá and Colombia, South America 394 restricted† - 1973 394 1973 Yes 

Bagaza virus India, Asia 36 restricted† - 2009 36 2009 Yes 

Banzi virus  Africa 395 restricted - 1965 396 1965 Yes 

Cacipacore virus Brazil, South America 38 restricted - 2011 38 2011 No? 

Dengue virus  Worldwide (all continents except Antarctica) 386 wide 2019 - 2019 No 

Edge Hill virus New South Wales, Australia 397 restricted† - 1993 398 1993 Yes 

Gadgets Gully virus Australia 41 restricted† - 1991 41 1991 Yes 

Ilheus virus  
Central and South America (Brazil, Bolivia, Trinidad, West Indies, 
Panamá, Colombia, Oaxaca, Mexico, French Guyana, Ecuador) 399 

restricted - 2012 399 2012 No 

Japanese encephalitis 
virus  

Asia, Australia, and Angola, Africa; And imported cases in North 
Ameirca (USA), and Europe (UK, Belgium) 400 

wide 2019 - 2019 No 

Kokobera virus  Australia and Papua New Guinea 401 restricted† - 1993 402 1993 Yes 

Kyasanur forest disease 
virus  

Asia (India, China, Saudi Arabia), Africa (Djibouti); And imported cases 
in Europe (Italy) 403 

wide - 2019 404 2019 No 

Langat virus Malaysia and India, Asia 405 restricted† - 2002 406 2002 Yes 

Louping ill virus  
British Isles, Europe; And lab infections in North America (USA), 
Europe (Germany, UK), and Asia (Philippines) 407 

wide - 1991 408 1991 Yes 

Murray Valley 
encephalitis virus  

Australia and Papua New Guinea; And imported cases in Europe 
(Germany), and North America (Canada) 409 

wide 2018 - 2018 No 

Ntaya virus 
Africa (Uganda, Cameroon, DRC, Kenya, Nigeria and Zambia etc.), 
Asia (India, Singapore and Borneo); And imported cases in Europe 
(UK) 410 

wide - 1978 411 1978 Yes 

Omsk hemorrhagic fever 
virus  

Western Siberia, Russia, Europe 412 restricted - 2007? 412 2007 Yes 

Powassan virus  
North America (the Great Lakes and Northeast regions of USA and 
eastern Canada) and in the Russian Far East, Asia 413 

restricted 2018 - 2018 No 

Rio Bravo virus  
USA, North America and serological evidence of human infection in 
Trinidad, South America 414 

restricted† - 1978 415 1978 Yes 
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Saint Louis encephalitis 
virus 

North America (USA, Canada, Mexico) and South America (Argentina) 
416 

restricted 2018 - 2018 No 

Tembusu virus Malaysia and China, Asia 246 restricted - 2013 246 2013 No 

Tick-borne encephalitis 
virus  

Europe and Northern Asia; And imported cases in North America (USA 
and Canada) 417 

wide 2019 - 2019 No 

Uganda S virus Uganda and Nigeria, Africa 55 restricted - 1999 418 1999 Yes 

Usutu virus 
Africa (Senegal and Burkina Faso) and Europe (Italy, Germany, 
France, Croatia, Austria) 419 

restricted 2019 2019 420 2019 No 

Wesselsbron virus  Africa 421 restricted - 2017 422 2017 No 

West Nile virus  Worldwide (all continents except Antarctica) 423 wide 2019 - 2019 No 

Yellow fever virus  
South America, Africa; North America, and Europe; And imported case 
in Asia 424 

wide 2019 - 2019 No 

Zika virus  Worldwide (all continents except Antarctica) 425 wide 2019 - 2019 No 

Hepacivirus C Worldwide (all continents except Antarctica) 426 wide 2013 2019 427 2019 No 

Pegivirus C Worldwide (all continents except Antarctica) 428 wide 2015 2019 429 2019 No 

Pegivirus H 
North America (USA), Asia (China, Iran, Vietnam), Europe (UK, 
Germany), Africa (Cameroon), and Australia 261 

wide 2018 2019 430 2019 No 

Pestivirus A 
Europe, Africa, North America, South America, and Oceania (New 
Zealand) 431 

wide - 2006 432 2006 Yes 

Andes orthohantavirus South America (Chile and Argentina, Brazil) 433 restricted 2019 2019 434 2019 No 

Bayou orthohantavirus  Texas and Louisiana, USA, North America 435 restricted - 2007 77 2007 Yes 

Black creek canal 
orthohantavirus  

Florida, USA, North America 435 restricted† - 1995 67 1995 Yes 

Choclo orthohantavirus Panama, North America 436 restricted 2019 - 2019 No 

Dobrava-Belgrade 
orthohantavirus  

Eastern Europe (Balkans) 437 restricted 2017 2018 438 2018 No 

Hantaan orthohantavirus  Eastern Asia (China, South Korea, Far East part of Russia) 439 restricted - 2019 440 2019 No 

Laguna Negra 
orthohantavirus 

South America (Western Paraguay, Bolivia, Argentina, Brazil) 441 restricted - 2019 434 2019 No 

Puumala orthohantavirus  
Europe (Austria, Finland, Germany, Belgium, France, Hungary, Norway 
and Sweden etc.) and Asia (Japan and Korea) 441 439 

restricted 2018? 2019 442 2019 No 

Sangassou 
orthohantavirus 

Africa (Guinea and the South Africa) 443 restricted - 2016 444 2016 No 
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Seoul orthohantavirus  
Asia, Europe (UK, France, Belgium, and Sweden), and North America 
(USA) 441 

wide - 2019 445 2019 No 

Sin Nombre 
orthohantavirus  

North America (USA, Canada, Mexico) 441 restricted 2019 2019 446 2019 No 

Thailand orthohantavirus Asia (Thailand, Sri Lanka) 447 restricted - 2019 447 2019 No 

Thottopalayam 
thottimvirus 

Thailand 77 restricted† - 2007 77 2007 Yes 

Tula orthohantavirus Europe (Czech Republic, Switzerland, Germany, France) 441 restricted - 2015 448 2015 No 

Orthohepevirus A Worldwide (all continents except Antarctica) 449 wide 2019 2019 450 2019 No 

Orthohepevirus C Asia (Hong Kong, China) and North America (Canada) 451 restricted 2019 2019 451 2019 No 

Crimean-Congo 
haemorrhagic fever 
orthonairovirus  

Asia, Eastern Europe, and Africa 452 wide 2019 - 2019 No 

Dugbe orthonairovirus  Africa 453 restricted - 1996 453 1996 Yes 

Nairobi sheep disease 
orthonairovirus 

West Africa and Asia (India) 454 restricted 1998 - 1998 No 

Thiafora orthonairovirus Europe (France, Germany, Netherlands and Czech Republic) 455 restricted - 2000 456 2000 Yes 

Influenza A virus Worldwide (all continents except Antarctica) 457 wide - 2019 458 2019 No 

Influenza B virus  Worldwide (all continents except Antarctica) 459 wide - 2019 458 2019 No 

Influenza C virus   Worldwide (all continents except Antarctica) 460 wide - 2019 461 2019 No 

Dhori thogotovirus Europe (Portugal, Russia) and Asia (India) 462 restricted - 1987 463 1987 Yes 

Thogoto thogotovirus Europe (Portugal) and Africa 462 restricted - 1985 88 1985 Yes 

Avian orthoavulavirus 1 
Australia, North America (USA, Canada), Asia (Palestine, Israel, 
Pakistan), and Europe (Germany, France, and Italy) 464 

wide - 2013 465 2013 No 

Hendra henipavirus  Australia 466 restricted 2009 - 2009 Yes 

Nipah henipavirus  Asia (Malaysia, Singapore, Bangladesh and India) 466 restricted 2011 2019 467 2019 No 

Canine morbillivirus North America (USA), Europe (UK) 468 restricted - 2015 469 2015 No 

Measles morbillivirus  Worldwide (all continents except Antarctica) 470 wide 2019 - 2019 No 

Human respirovirus 1  Worldwide (all continents except Antarctica) 471 wide - 2019 472 2019 No 

Human respirovirus 3  Worldwide (all continents except Antarctica) 471 wide 2009 2019 472 2019 No 
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Achimota pararubulavirus 
2 

Ghana, Africa 95 restricted - 2013 95 2013 No 

Human orthorubulavirus 2 Worldwide (all continents except Antarctica) 473 wide - 2019 472 2019 No 

Human orthorubulavirus 4 Worldwide (all continents except Antarctica) 473 wide - 2019 472 2019 No 

Mammalian 
orthorubulavirus 5 

North America (USA), Europe (UK) 474 restricted - 1989 475 1989 Yes 

Menangle pararubulavirus Australia 476 restricted† 1999 1998 99 1998 Yes 

Mumps orthorubulavirus Worldwide (all continents except Antarctica) 477 wide 2009 2019 478 2019 No 

Simian orthorubulavirus Japan 479 restricted† - 1990 479 1990 Yes 

Sosuga pararubulavirus Sudan and Uganda, Africa 102 restricted - 2014 102 2014 No 

Tioman pararubulavirus Malaysia 480 restricted† - 2007 103 2007 Yes 

Bunyamwera 
orthobunyavirus  

Africa, North America and South America 481 wide - 2017 482 2017 No 

Bwamba orthobunyavirus  Africa (Mozambique, Tanzania and Uganda) 483 restricted - 2002 483 2002 Yes 

California encephalitis 
orthobunyavirus  

Worldwide (all continents except Antarctica) 484 wide - 2018 485 2018 No 

Caraparu orthobunyavirus  South America (Brazil, Peru) and North America (Panama) 486 restricted - 2015 487 2015 No 

Catu orthobunyavirus South America (Brazil, Trinidad) 107 restricted† - 1974 488 1974 Yes 

Guama orthobunyavirus Brazil, South America 107 restricted† - 1961 107 1961 Yes 

Guaroa orthobunyavirus  North America and South America 489 restricted - 2015 490 2015 No 

Kairi orthobunyavirus South America (Surinam, Argentina) 491 restricted† - 2009 492 2009 Yes 

Madrid orthobunyavirus Panama, North America 110 restricted† - 1964 110 1964 Yes 

Marituba orthobunyavirus Brazil, South America 107 restricted† - 1961 107 1961 Yes 

Nyando orthobunyavirus Africa (Kenya, Senegal) 493 restricted† - 1972 494 1972 Yes 

Oriboca orthobunyavirus  Brazil, South America 107 restricted† - 1961 107 1961 Yes 

Oropouche 
orthobunyavirus  

South America (Brazil, Peru, and Trinidad and Tobago), and North 
America (Panama) 495 

restricted 2017 - 2017 No 

Patois orthobunyavirus Mexico, North America 113 restricted† - 1972 113  1972 Yes 

Shuni orthobunyavirus Africa (Nigeria and South Africa) 496 restricted - 2014 497 2014 No 
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Tacaiuma 
orthobunyavirus  

South America (Amazon region, Central Brazil and Northern Argentina) 
498 

restricted - 1990 499 1990 Yes 

Wyeomyia 
orthobunyavirus  

South America 500 restricted - 1975 501 1975 Yes 

Candiru phlebovirus South America (Brazil and Peru) 502 restricted - 2004 * 502 2004 Yes 

Punta Toro phlebovirus  Panama, North America 503 restricted - 1981 504 1981 Yes 

Rift Valley fever 
phlebovirus  

Africa and Asia (the Arabian Peninsula); And imported cases in France 
505 

wide 2019 - 2019 No 

Sandfly fever Naples 
phlebovirus  

Europe, Asia and Africa 506 wide 2012 2018 507 2018 No 

Heartland banyangvirus USA, North America 508 restricted  2019 509  No 

Huaiyangshan 
banyangvirus 

Asia (China, South Korea, North Korea, Japan) 510 restricted 2014 2018 511 2018 No 

Uukuniemi phlebovirus Europe (Central Europe and Norway) 512 restricted - 1977 512 1977 Yes 

Human picobirnavirus  Asia, Europe, Austrialia, North America and South America 513 wide - 2016 514 2016 No 

Equine rhinitis A virus  Europe (UK, Austria) 138 restricted† - 2005 138 2005 Yes 

Foot-and-mouth disease 
virus  

Europe, Africa, South America, Asia 515 wide - 2007 516 2007 Yes 

Cardiovirus A Worldwide (all continents except Antarctica) 517 wide - 2015 300 2015 No 

Cardiovirus B Worldwide (all continents except Antarctica) 518 wide 2008 2018 519 2018 No 

Cosavirus A 
Asia (Pakistan, Afghanistan, China, Nepal, Thailand, Japan, India), 
Africa (Nigeria, Tunisia, Ethiopia), South America (Bolivia, Venezuela, 
Brazil), and Europe (Scotland) 520 

wide - 2019 521 2019 No 

Cosavirus B 
Asia (Pakistan, China, India), South America (Bolivia), and Africa 
(Tunisia) 522 

wide - 2016 306 2016 No 

Cosavirus D 
Asia (Pakistan, Nepal, Thailand, India), Africa (Nigeria, Tunisia), and 
South America (Bolivia, Brazil, Venezuela) 523 

wide - 2017 523 2017 No 

Cosavirus E 
Australia, South America (Bolivia, Venezuela, Brazil), Africa (Nigeria), 
and Europe (Italy) 524 

wide - 2018 525 2018 No 

Cosavirus F Pakistan 129 restricted - 2012 129 2012 No 

Enterovirus A Worldwide (all continents except Antarctica) 526 wide - 2019 527 2019 No 

Enterovirus B Worldwide (all continents except Antarctica) 528 wide - 2019 529 2019 No 

Enterovirus C Worldwide (all continents except Antarctica) 530 wide - 2019 531 2019 No 
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Enterovirus D Worldwide (all continents except Antarctica) 532 wide - 2019 533 2019 No 

Enterovirus E North America (USA), Europe/Asia (Turkey) 534 restricted - 2008 534 2008 Yes 

Enterovirus H Asia (Korea, Vietnam) 535 restricted† - 2000 535 2000 Yes 

Rhinovirus A Worldwide (all continents except Antarctica) 318 wide 2016 2019 536 2019 No 

Rhinovirus B Worldwide (all continents except Antarctica) 318 wide 2016 2019 536 2019 No 

Rhinovirus C Worldwide (all continents except Antarctica) 318 wide 2016 2019 536 2019 No 

Erbovirus A Europe (Austria) 138 restricted† - 2005 138 2005 Yes 

Hepatovirus A Worldwide (all continents except Antarctica) 537 wide 2019 2019 538 2019 No 

Aichivirus A Worldwide (all continents except Antarctica) 539 wide 2011 2019 540 2019 No 

Parechovirus A Worldwide (all continents except Antarctica) 541 wide 2016 2019 541 2019 No 

Parechovirus B Europe (Sweden, Finland) 542 restricted 2016 2019 543 2019 No 

Salivirus A Worldwide (all continents except Antarctica) 544 wide - 2019 521 2019 No 

Avian metapneumovirus USA, North America 144  restricted - 2011 144  2011 No 

Human metapneumovirus Worldwide (all continents except Antarctica) 330 wide 2017 2019 545 2019 No 

Human orthopneumovirus  Worldwide (all continents except Antarctica) 546 wide 2017 2019 547 2019 No 

Colorado tick fever virus  North America (USA and Canada) and Asia (China) 548 restricted 2018 2019 549 2019 No 

Eyach virus Europe (Czech Republic, France, Germany etc.) 550  restricted† - 1984 551 1984 Yes 

Corriparta virus Queensland, Australia 552 restricted - 1990 553 1990 Yes 

Great Island virus  
Europe (Former Czechoslovakia, Kemerovo region of Russia, Slovakia) 
554 

restricted - 1980 148 1980 Yes 

Lebombo virus  Africa (Nigeria) 114 restricted† - 1975 114 1975 Yes 

Orungo virus  
Tropical Africa (Nigeria, Senegal, Gambia, Central African Republic, 
Gabon) 555 

restricted - 1982 556 1982 Yes 

Mammalian orthoreovirus 
North America (USA, Canada) Asia (China), and Europe (Switzerland, 
France, Slovenia) 557 

wide - 2019 558 2019 No 

Nelson Bay orthoreovirus 
Asia (Malaysia, Indonesia; And imported cases in Hong Kong China, 
and Miyazaki, Japan) 559 

restricted - 2014 559 2014 No 

Rotavirus A  Worldwide (all continents except Antarctica) 560 wide 2018 2019 561 2019 No 

Rotavirus B  Asia, Africa, and North America (USA) 562 wide 2018 2017 562 2017 No 
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Rotavirus C  Worldwide (all continents except Antarctica) 155 wide 2018 2019 563 2019 No 

Rotavirus H Asia (China, Bangladesh) 564 restricted 2018 2008 565 2008 Yes 

Banna virus  Yunnan and Xinjiang, China, Asia 566 restricted† 2010 1992 567  1992 Yes 

Primate T-lymphotropic 
virus 1  

Worldwide (all continents except Antarctica) 568 wide 2018 2019 569 2019 No 

Primate T-lymphotropic 
virus 2  

Worldwide (all continents except Antarctica) 570 wide 2005 2019 570 2019 No 

Primate T-lymphotropic 
virus 3 

Cameroon, Africa 571 restricted - 2010 572 2010 No 

Human immunodeficiency 
virus 1  

Worldwide (all continents except Antarctica) 573 wide 2019 2019 574 2019 No 

Human immunodeficiency 
virus 2  

Worldwide (all continents except Antarctica) 575  wide 2019 2019 576 2019 No 

Simian immunodeficiency 
virus 

Cameroon, Africa, and USA, North America (2 lab infections) 577  restricted† - 2005 577 2005 Yes 

Central chimpanzee 
simian foamy virus 

Cameroon, Africa 164 restricted - 2012 164 2012 No 

Eastern chimpanzee 
simian foamy virus 

Africa, North America 578 restricted 2013 2019 579 2019 No 

Grivet simian foamy virus Europe (Germany), North America (USA), and Africa 580 wide† - 1998 580 1998 Yes 

Guenon simian foamy 
virus 

Cameroon, Africa 164 restricted - 2012 164 2012 No 

Taiwanese macaque 
simian foamy virus 

North America (Canada), Asia (Southeast Asia, Bangladesh, China) 581 restricted - 2013 582 2013 No 

Australian bat lyssavirus Australia 583 restricted 2019 2014 584 2014 No 

Duvenhage lyssavirus  
South Africa, Africa; And imported case in Netherlands, Europe from 
Kenya 585 

restricted† - 2008 586 2008 Yes 

European bat 1 lyssavirus Europe (Ukraine and Russia) 587 restricted† - 1989 170 1989 Yes 

European bat 2 lyssavirus Europe (UK and Finland) 587 restricted† 2002 2003 588 2003 Yes 

Irkut lyssavirus Asia (Far east Russia, China) 589 restricted - 2013 172 2013 No 

Mokola lyssavirus  Nigeria, Africa 590 restricted† - 1972 173 1972 Yes 

Rabies lyssavirus Worldwide (all continents except Antarctica) 591 wide 2019 - 2019 No 

Bas-Congo tibrovirus DRC, Africa 592 restricted - 2012 175 2012 No 
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Ekpoma 1 tibrovirus  Nigeria, Africa 593 restricted - 2015 176 2015 No 

Ekpoma 2 tibrovirus Nigeria, Africa 593 restricted - 2015 176 2015 No 

Alagoas vesiculovirus  South America (Brazil, Colombia) 594 restricted† - 1987 594 1987 Yes 

Chandipura vesiculovirus  India, Asia 595 restricted 2016 2017 596 2017 No 

Cocal vesiculovirus Trinidad, South America 179 restricted† - 1964 179 1964 Yes 

Indiana vesiculovirus  North America (USA, Panama) 597 restricted† - 1988 597 1988 Yes 

Isfahan vesiculovirus Asia (Iran, Turkmenistan) 598 restricted† - 1978 599 1978 Yes 

Maraba vesiculovirus Brazil, South America 182 restricted† - 1984 182 1984 Yes 

New Jersey vesiculovirus  North America (USA, Panama) 181 restricted† - 1969 600 1969 Yes 

Piry vesiculovirus  South America 184 restricted† - 1974 184 1974 Yes 

Barmah Forest virus  Australia 601 restricted 2019 - 2019 No 

Chikungunya virus  Africa, Asia, Europe, North America and South America 602 wide 2019 - 2019 No 

Eastern equine 
encephalitis virus  

USA, North America, and one imported case in the UK, Europe 603 restricted 2018 2018 603 2018 No 

Everglades virus  Southern Florida, USA, North America 604 restricted†  1980 604 1980 Yes 

Getah virus  Asia, Australia 605 wide - 1992 359 1992 Yes 

Highlands J virus Eastern USA, North America 190 restricted† - 2000 190 2000 Yes 

Madariaga virus 
South America (Peru, Venezuela) and North America (Panama, Haiti) 
606 

restricted 2019 2019 607 2019 No 

Mayaro virus  
Central and South America; And imported cases in Europe and North 
America (USA) 608 

restricted 2019 - 2019 No 

Mosso das Pedras virus Argentina, South America 193 restricted - 2013 193 2013 No 

Mucambo virus South America (Brazil) and North America (Mexico) 194 restricted† - 1978 609 1978 Yes 

Ndumu virus South Africa, Africa 195 restricted† - 1961 195 1961 Yes 

Onyong-nyong virus Africa; And imported cases in Europe 610 restricted 2004 2016* 611 2016 No 

Pixuna virus  South America (Brazil, Argentina, Paraguay) 612 restricted - 2018 612 2018 No 

Rio Negro virus South America (Argentina, Paraguay) 612 restricted - 2018 612 2018 No 

Ross River virus  Australia, and Pacific Island countries and territories 613 restricted 2019 - 2019 No 

Semliki Forest virus  Africa and one lab infection in Europe (Germany) 614 restricted - 1990 362 1990 Yes 
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Sindbis virus  Eurasia, Africa and Australia 615 wide 2010 2014 616 2014 No 

Tonate virus South America (French Guiana) 617 restricted - 2001 617 2001 Yes 

Una virus South America (Brazil, Argentina, Paraguay) 612 restricted - 2018 612 2018 No 

Venezuelan equine 
encephalitis virus  

North America and South America 618 restricted 2015 2018 619 2018 No 

Western equine 
encephalitis virus  

North America and South America 620 restricted - 2018 621 2018 No 

Whataroa virus  New Zealand, Oceania 205 restricted† - 1964 205 1964 Yes 

Rubella virus  Worldwide (all continents except Antarctica) 622 wide 2019 2019 623 2019 No 

Hepatitis delta virus  Worldwide (all continents except Antarctica) 624 wide 2004 2019 625 2019 No 

DRC, Democratic Republic of the Congo; † Less than 5 reports of human infections from literature; *indirect reference 
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Appendix D Supplementary material for 
chapter 5: Predictors of COVID-19 epidemics in 
countries of the World Health Organisation 
African Region 

D.1 Supplementary Methods 

D.1.1 Data on COVID-19 test data quality 

The TIBA Pandemic Response Unit (TIBAPRU) created a data set recording 

COVID-19 testing data up to 31 October for the WHO African Region. Thirty-

nine (83%) out of 47 WHO Africa region countries were reporting their national 

COVID testing data (Figure D.1W and Table D.7). Testing data for 37 of the 

countries in the region has been compiled by Our World in Data (OWiD, 

https://ourworldindata.org/coronavirus-testing). Run by a team of economists 

and other social scientists at the University of Oxford, OWiD draws mostly on 

government websites (health ministries and public health institutes) to obtain 

COVID-19 testing data. Testing data for 15 countries has also been provided 

by the United Nations Economic Commission for Africa (UNECA, 

https://digitallibrary.un.org/record/3863276?ln=en). The remaining countries of 

the WHO African Region for which the testing data was available, publish them 

either on their websites or on their social media feeds. Lastly, no testing data 

could be found for 8 countries (79%) in the WHO Africa region (Figure D.1W 

and Table D.7). 
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The data provided from the various sources was not always consistent; in 

some instances, it referred to the number of tests performed while in other 

instances it referred to the number of individuals who have been tested. 

Regarding data provided by OWiD, the TIBAPRU found that often the positivity 

rate along with their number of tests were out of sync by a day or two, or 

completely different therefore the TIBAPRU went to the primary source listed 

and corrected it. 

Data quality was placed into four categories (no data, basic, satisfactory, and 

good; Table 5.1). COVID-19 testing data remains basic or not available for 21 

countries (44.7%). They are often published irregularly, lack clarity on whether 

or not they count tested samples or tested people, do not state what the share 

of positive and negative tests has been, whether tests with pending results 

count as completed, or what the breakdown of tests by region, laboratory, 

gender or age. 

D.1.2 Data on government mitigation responses for COVID-19 

The TIBA Pandemic Response Unit collected a data set for government 

mitigation responses to COVID-19 for WHO Africa Region 

(https://git.ecdf.ed.ac.uk/epigroup/covid-

19/tiba_pru_measures/blob/master/TIBA_PRU_measures.xlsx) manually or 

using web scraping programs. All mitigation responses fall into 5 categories 

and 14 subcategories (Table D.8), and the normalized strictness scores were 

devised for each of the 14 subcategories. Based on these normalized 
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strictness scores, the stringency index representing policies on containment 

and closure were calculated using a method developed by the Oxford COVID-

19 Government Response Tracker (OxCGRT),626 i.e. by averaging the 

normalized strictness values of 12 subcategories of measures, excluding all 

governance and socio-economic measures and surveillance and testing from 

public health measures.  

Two variables related to the stringency index were generated: area under the 

curve (AUC) of stringency index scores from 25 February 2020 to 31 October 

2020 and stringency index score when cumulative deaths reached 0.1 per 

100K population in the first wave. A threshold of 0.1 was selected because 

most countries reached this threshold from March to July when deaths in the 

WHO African region increased exponentially (Figure 2B). Several other 

thresholds from 0.001 to 0.2 were also explored for validation. Two countries 

(Burundi and Eritrea) did not reach the threshold of 0.01 till 31 October, and I 

filled the missing stringency indices for the two countries following the three 

methods below and re-run the same model three times. 1) Using the stringency 

index on the median date when other 42 countries reached the corresponding 

mortality rate threshold; 2) Calculating the median interval from the first case 

to the corresponding mortality rate threshold for other 42 countries, and using 

the stringency index on the date from the first case plus the same median 

interval for missing countries; 3) Using the highest stringency index for missing 

countries.  
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D.1.3 Validation of stringency index using Google mobility data 

I used Google mobility data ((https://www.google.com/covid19/mobility/)) to 

test the quality of stringency index collected by the TIBA Pandemic Response 

Unit. Google mobility data, as a proxy measure for social distancing, help 

public health workers understand changes in mobility patterns in response to 

various non-pharmaceutical interventions policies during the COVID-19 

pandemic, including bans on large gatherings, school and university closures, 

domestic mobility restrictions, and physical isolation. It provides information on 

percent change of movement over time compared to a baseline by a number 

of specific categories including retail and recreation, groceries and pharmacies, 

parks, transit stations, workplaces, and residential. The baseline is the median 

value for the corresponding day of the week during the 5-week period Jan 3 – 

Feb 6, 2020. The residential percent change of mobility was used to validate 

stringency index for the following reasons: 1) The residential category has a 

high correlation coefficient with the other five categories of mobility (Figure 

D.2); 2) The location accuracy and the understanding of residential places 

varies less across regions than other categories, so the comparison between 

countries will cause less bias; 3) the intention of many mitigation response 

measures is to encourage people to stay in their residence. 

As of 15 November 2020, 25 out of 47 WHO African countries had data for 

mobility (Figure D.3), which are mostly concentrated in the southern and 

western regions. Residential mobility is available for 24 out of the 25 countries 

(except Guinea-Bissau). 
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Time series plot of stringency index against residential mobility was shown in 

Figure D.4). I used generalised additive mixed model (GAMM) to estimate the 

relationships between the stringency index and residential mobility over time. 

I fitted the residential mobility as a spline function of stringency index 

!(#$%&'()'*+	&'-).) and a spline function of day of the year !(-0+) which was 

used to control for the temporal trend. The temporal relationship between 

residential mobility and stringency index can be different between countries, 

so I also introduced a spline function of country !(*01'$%+, 3! = ′%)′)  as 

random intercepts and country and day of the year (*01'$%+, -0+, 3! = ′%)′) as 

random slopes. The model was expressed as follows. 

((6!") = !(#$%&'()'*+	&'-).) + !(-0+) + !(*01'$%+, 3!

= ′%)′) + !(*01'$%+, -0+, 3! = ′%)′) + 8!" 

where 6!" denoted the residential mobility for the ith individual in the jth country, 

and 8!" is the random noise. !() indicated penalized spline function. 3! = ′%)′  

indicated the basis function is a random effect structure (basis coefficients are 

penalized by a ridge penalty to control the degree of smoothness). I used the 

default parameter settings from the R package mgcv for penalized spline 

function. 

After controlling for the temporal trend and random effect, the stringency index 

was non-linearly associated with the residential mobility (p<0.0001), with an 

effective degree of freedom of 8.66 (Figure D.5A). The doy was also non-

linearly associated with the residential mobility (p<0.0001), with an effective 

degree of freedom of 8.86 (Figure D.5B). The R2 of the model is 0.77 and the 
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explained deviance is 77.5%. Using the fitted model, I predicted the values of 

residential mobility, and they have a good consistency with the actual values 

(Figure D.6). 
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D.2 Supplementary Figures 

Figure D.1 
Distribution of 
predictors of 
COVID-19 
epidemics in 
the WHO 
African Region 
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Figure D.1 
(continued 1)
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 Figure D.1 
(continued 2)
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Figure D.1 
(continued 3) 
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Figure D.1 (continued 4) 
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Figure D.2 Correlation matrix for the six categories of Google mobility 

Positive correlations are displayed in blue and negative correlations in red colour. Colour 
intensity is proportional to the correlation coefficients. 

 
Figure D.3 Data availability for Google mobility in the WHO African Region 

Orange indicates countries with Google mobility data, and blue indicates countries without 
Google mobility data.
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Figure D.4 Residential percent change from baseline and stringency index over time in 24 countries of the WHO African Region 

South Africa Tanzania Togo Uganda Zambia Zimbabwe

Mozambique Namibia Niger Nigeria Rwanda Senegal

Côte d'Ivoire Gabon Ghana Kenya Mali Mauritius

Angola Benin Botswana Burkina Faso Cameroon Cape Verde

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ma
r 0

2
Ap

r 0
2

Ma
y 0

2
Ju

n 0
2

Ju
l 0

2
Au

g 0
2

Se
p 0

2
Oc

t 0
2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ma
r 0

2
Ap

r 0
2

Ma
y 0

2
Ju

n 0
2

Ju
l 0

2
Au

g 0
2

Se
p 0

2
Oc

t 0
2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ma
r 0

2
Ap

r 0
2

Ma
y 0

2
Ju

n 0
2

Ju
l 0

2
Au

g 0
2

Se
p 0

2
Oc

t 0
2

Ma
r 0

2
Ap

r 0
2

Ma
y 0

2
Ju

n 0
2

Ju
l 0

2
Au

g 0
2

Se
p 0

2
Oc

t 0
2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ma
r 0

2
Ap

r 0
2

Ma
y 0

2
Ju

n 0
2

Ju
l 0

2
Au

g 0
2

Se
p 0

2
Oc

t 0
2

Ma
r 0

2
Ap

r 0
2

Ma
y 0

2
Ju

n 0
2

Ju
l 0

2
Au

g 0
2

Se
p 0

2
Oc

t 0
2

Ma
r 0

2
Ap

r 0
2

Ma
y 0

2
Ju

n 0
2

Ju
l 0

2
Au

g 0
2

Se
p 0

2
Oc

t 0
2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ma
r 0

2
Ap

r 0
2

Ma
y 0

2
Ju

n 0
2

Ju
l 0

2
Au

g 0
2

Se
p 0

2
Oc

t 0
2

Ma
r 0

2
Ap

r 0
2

Ma
y 0

2
Ju

n 0
2

Ju
l 0

2
Au

g 0
2

Se
p 0

2
Oc

t 0
2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ap
r 0

2
Ma

y 0
2

Ju
n 0

2
Ju

l 0
2

Au
g 0

2
Se

p 0
2

Oc
t 0

2

Ma
r 0

2
Ap

r 0
2

Ma
y 0

2
Ju

n 0
2

Ju
l 0

2
Au

g 0
2

Se
p 0

2
Oc

t 0
2

Ma
r 0

2
Ap

r 0
2

Ma
y 0

2
Ju

n 0
2

Ju
l 0

2
Au

g 0
2

Se
p 0

2
Oc

t 0
2

0

10

20

30

0

10

20

30

40

0

10

20

0

10

20

30

40

50

0

10

20

−10

0

10

20

0

10

20

30

0

10

20

−10

0

10

20

0

10

20

30

0

10

20

30

0

10

20

30

0

10

20

30

40

50

0

10

20

30

−10

0

10

20

0

10

20

−5

0

5

10

15

20

0

10

20

30

0

10

20

30

−10

0

10

20

0

10

20

30

0

10

20

30

0

5

10

15

20

0

10

20

30

40

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.8

0.0

0.2

0.4

0.00

0.25

0.50

0.75

1.00

0.0

0.2

0.4

−0.2

0.0

0.2

0.4

0.0

0.2

0.4

0.6

−0.1

0.0

0.1

0.2

0.3

0.4

0.5

−0.2

0.0

0.2

0.4

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.00

0.25

0.50

0.75

1.00

0.0

0.2

0.4

0.6

−0.2

0.0

0.2

0.4

0.0

0.2

0.4

−0.1

0.0

0.1

0.2

0.3

0.4

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

−0.2

0.0

0.2

0.4

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.1

0.2

0.3

0.4

0.00

0.25

0.50

0.75

Date

R
es

id
en

tia
l p

er
ce

nt
 c

ha
ng

e 
fro

m
 b

as
el

in
e

Stringency index

Residential percent change from baseline Stringency index



Appendix D 

 

 

 

257 

 

Figure D.5 Partial effect plots of stringency index (A) and day of the year (doy) (B) on 
residential mobility 
The region between dashed lines represents the 95% confidence levels. The rugs at the 
bottom showed the values of stringency index and doy, respectively. 
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Figure D.6 Comparison of the predicted (in black) and observed (in red) values of 
residential mobility over time
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D.3 Supplementary Tables 

Table D.1 Hazard ratios and 95% confidence intervals for predictors of timing of the first COVID-19 case in univariable and multivariable cox 
regression model 

Category Variable Univariable model  Multivariable model 
Demographics Population, total 2.002 (1.408-2.847) 

 

Population density (people per sq. km of land area) 0.826 (0.608-1.122) 
 

Urban population (% of total population) 1.265 (0.963-1.661) 1.404 (1.011-1.949)  
Population ages 65 and above (% of total population) 1.028 (0.754-1.402) 

 

Sex ratio (Male/Female) 1.219 (0.900-1.652) 
 

Socioeconomic GDP per capita (current US$) 1.198 (0.906-1.583) 
 

Human development index 1.212 (0.904-1.626) 
 

Travel Number of international airports 1.381 (1.007-1.892) 1.475 (1.017-2.139) 
Volume of international air travel 1.806 (1.358-2.403) 1.519 (1.095-2.106)  

Healthcare Current health expenditure (% of GDP) 0.603 (0.428-0.849) 0.754 (0.539-1.054) 
Infectious disease resilience index 1.253 (0.908-1.729) 

 

Readiness COVID-19 test capacity, yes 3.643 (1.844-7.200) 3.861 (1.829-8.151)  
COVID-19 readiness status, adequate 2.628 (1.138-6.067) 

 

Geography Number of borders, above 0 1.974 (0.817-4.773) 2.866 (1.122-7.316)  
Latitude 0.873 (0.646-1.179) 
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Table D.2 Risk ratios and 95% confidence intervals for predictors of per capita COVID-19 mortality in the first wave in univariable Poisson 
generalized linear mixed model 

Category Variable Univariable model 

Demographics Population density (people per sq. km of land area) 0.751 (0.546-1.032) 

Urban population (% of total population) 1.626 (1.221-2.167) 

Population ages 65 and above (% of total population) 1.192 (0.859-1.654) 

Sex ratio (Male/Female) 1.171 (0.866-1.582) 

Socio-
economic 

GDP per capita (current US$) 1.520 (1.054-2.192) 

Human development index 1.552 (1.144-2.105) 

Travel Number of international airports 1.135 (0.835-1.543) 

Volume of international air travel 1.395 (1.050-1.855) 

Healthcare Current health expenditure (% of GDP) 1.026 (0.752-1.399) 

Infectious disease resilience index 1.653 (1.247-2.192) 

Co-
morbidities 

DALY rates per 100,000 individuals from communicable, neonatal, maternal & nutritional 
diseases 

0.760 (0.556-1.039) 

DALY rates per 100,000 individuals from non-communicable diseases 0.908 (0.668-1.233) 

Prevalence of HIV, total (% of population ages 15-49) 1.397 (1.044-1.870) 

Diabetes prevalence (% of population ages 20 to 79) 1.052 (0.766-1.444) 

Readiness COVID-19 test capacity, yes 0.812 (0.424-1.557) 

COVID-19 readiness status, adequate 1.239 (0.508-3.019) 

Geography Number of borders, above 0 0.840 (0.288-2.456) 

Latitude 1.467 (1.092-1.970) 
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Table D.3 Risk ratios and 95% confidence intervals for predictors of per capita COVID-19 mortality in the first wave in multivariable Poisson 
generalized linear mixed model 

Variable Multivariable 
model 
(AICc=624.94) 

Add day with testing 
policy index >= 2 
(AICc=627.45) 

Add testing data 
quality 
(AICc=627.46) 

Add total number 
of tests per 100K 
population as of 31 
Dec. 
202(AICc=626.50) 

Add AUC of 
stringency index 
(AICc=627.65) 

Add stringency index 
when cumulative 
deaths reached 0.1 
per 100K population 
(AICc=626.57) 

Urban population (% of total 
population) 

1.607 (1.252-2.063) 1.593 (1.238-2.049) 1.628 (1.261-2.102) 1.722 (1.306-2.271) 1.594 (1.218-2.086) 1.520 (1.163-1.986) 

Volume of international air travel 1.314 (1.040-1.660) 1.308 (1.035-1.653) 1.300 (1.024-1.649) 1.324 (1.050-1.668) 1310 (1.034-1.660) 1.268 (0.997-1.612) 
Prevalence of HIV, total (% of 
population ages 15-49) 

1.402 (1.104-1.780) 1.411 (1.110-1.793) 1.406 (1.107-1.784) 1.469 (1.144-1.886) 1.402 (1.104-1.780) 1.430 (1.127-1.816) 

Days with testing policy index >= 2, 
above median 

 1.128 (0.689-1.847)     

Test data quality, satisfactory to 
good 

  1.128 (0.676-1.879)    

Total number of tests per 100K 
population as of 31 Dec. 2020 

   0.846 (0.626-1.143)   

AUC of stringency index 
 

   1.027 (0.743-1.420) 
 

Stringency index when cumulative 
deaths reached 0.1 per 100K 
population 

 
   

 
1.116 (0.877-1.549) 
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Table D.4 Odds ratios and 95% confidence intervals for predictors of outcome with respect to AUC of stringency index and COVID-19 mortality 
rate in univariable multinomial logistic regression model 

Covid-19 readiness status was excluded from the model because there was no country with adequate Covid-19 readiness level in the reference low/low 
level, and putting it in the model will generate super wide 95%CIs. 

Category Variable Univariable model 

High/Low Low/High High/High 

Demographics Population density (people per sq. km of land area) 0.912 (0.437-1.903) 0.578 (0.200-1.667) 0.136 (0.014-1.327) 

Urban population (% of total population) 4.532 (1.208-16.993) 4.392 (1.176-16.403) 9.898 (2.348-41.731) 

Population ages 65 and above (% of total population) 0.345 (0.053-2.228) 0.778 (0.291-2.078) 1.004 (0.488-2.065) 

Sex ratio (Male/Female) 1.619 (0.451-5.811) 0.941 (0.245-3.615) 2.280 (0.638-8.152) 

Socioeconomic GDP per capita (current US$) 1.265 (0.307-5.212) 1.113 (0.254-4.882) 2.653 (0.768-9.167) 

Human Development Index 2.349 (0.713-7.738) 2.746 (0.832-9.068) 4.233 (1.263-14.184) 

Travel Number of international airports 1.702 (0.605-4.783) 1.226 (0.396-3.792) 1.685 (0.606-4.684) 

Volume of international air travel 1.783 (0.294-10.815) 1.831 (0.305-10.990) 3.342 (0.613-18.228) 

Healthcare Current health expenditure (% of GDP) 0.944 (0.424-2.103) 0.716 (0.297-1.728) 0.716 (0.304-1.687) 

Infectious disease resilience index 2.202 (0.676-7.172) 3.666 (1.083-12.414) 5.866 (1.646-20.903) 

Co-morbidities DALY rates per 100,000 individuals from communicable, neonatal, 
maternal & nutritional diseases 

0.710 (0.283-1.779) 0.564 (0.218-1.463) 0.604 (0.240-1.518) 

DALY rates per 100,000 individuals from non-communicable diseases 0.894 (0.376-2.127) 1.207 (0.534-2.727) 0.853 (0.362-2.005) 

Prevalence of HIV, total (% of population ages 15-49) 1.198 (0.353-4.066) 2.127 (0.731-6.193) 1.777 (0.604-5.227) 

Diabetes prevalence (% of population ages 20 to 79) 0.682 (0.268-1.739) 0.447 (0.126-1.590) 0.870 (0.418-1.809) 

Readiness COVID-19 test capacity, yes 1.945 (0.322-11.756) 1.250 (0.221-7.084) 2.222 (0.375-13.179) 

Geography Latitude 0.700 (0.279-1.758) 1.309 (0.552-3.105) 0.869 (0.366-2.065) 
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Table D.5 Odds ratios and 95% confidence intervals for predictors of outcome with respect to AUC of stringency index and COVID-19 mortality 
rate in multivariable multinomial logistic regression model 

Variable Multivariable model (AICc= 111.61) Add days with testing policy index >= 
2 (AICc= 116.55) 

Add test data quality (AICc= 121.24) Add total number of tests per 100K 
population as of 31 Dec. 2020 (AICc= 
113.66) 

High/Low Low/High High/High High/Low Low/High High/High High/Low Low/High High/High High/Low Low/High High/High 

Urban 
population (% of 
total population) 

10.596 
(1.441-
77.928) 

9.463 
(1.276-
70.204) 

18.102 
(2.260-
144.997) 

18.715 
(2.187-
160.166) 

12.726 
(1.587-
102.050) 

32.274 
(3.483-
299.082) 

13.462 
(1.627-
111.404) 

10.701 
(1.307-
87.625) 

21.277 
(2.401-
188.595) 

10.075 
(1.461-
69.487) 

9.193 
(1.295-
65.249) 

25.801 
(3.090-
215.412) 

Infectious 
disease 
resilience index 

4.508 
(0.780-
26.051) 

8.015 
(1.311-
48.995) 

10.136 
(1.566-
65.592) 

6.969 
(0.999-
48.624) 

11.907 
(1.618-
87.641) 

15.274 
(1.974-
118.220) 

4.151 
(0.738-
23.361) 

7.447 
(1.240-
44.733) 

9.388 
(1.478-
59.627) 

4.165 
(0.704-
24.633) 

7.941 
(1.145-
55.091) 

16.323 
(2.047-
130.158) 

Days with 
testing policy 
index >= 2, 
above median 

   0.076 
(0.006-
0.965) 

0.313 
(0.029-
3.403) 

0.064 
(0.004-
0.971) 

      

Test data 
quality, 
satisfactory to 
good 

      3.732 
(0.348-
40.057) 

2.088 
(0.200-
21.836) 

2.494 
(0.205-
30.406) 

   

Total number of 
tests per 100K 
population as of 
31 Dec. 2020 

         0.387 
(0.032-
4.674) 

0.348 
(0.026-
4.761) 

0.142 
(0.009-
2.211) 

 
  



Appendix D 

 

 

 

264 

Table D.6 Risk ratios and 95% confidence intervals for predictors of per capita COVID-19 mortality in the second wave in univariable Poisson 
generalized linear mixed model 

Category Variable RR (95%CI) 
Demographics Population density (people per sq. km of land area) 0.779 (0.443-1.368) 

Urban population (% of total population) 1.109 (0.651-1.887) 

Population ages 65 and above (% of total population) 0.858 (0.473-1.554) 

Sex ratio (Male/Female) 0.739 (0.450-1.213) 

Socioeconomic GDP per capita (current US$] 1.367 (0.719-2.597) 

Human Development Index 1.945 (1.168-3.239) 

Healthcare Current health expenditure (% of GDP) 1.091 (0.654-1.823) 

Infectious disease resilience index 3.026 (1.999-4.582) 

Co-morbidities DALY rates per 100,000 individuals from communicable, neonatal, maternal & nutritional diseases 0.584 (0.349-0.978) 

DALY rates per 100,000 individuals from non-communicable diseases 0.632 (0.386-1.034) 

Prevalence of HIV, total (% of population ages 15-49) 2.767 (1.864-4.109) 

Diabetes prevalence (% of population ages 20 to 79) 0.898 (0.516-1.561) 

Geography Number of neighbours 1.247 (0.204-7.609) 

Latitude 2.370 (1.520-3.695) 

First wave mortality Per 100K population mortality in the first wave 2.221 (1.435-3.438) 

First wave intervention AUC of stringency index in the first wave 1.098 (0.577-2.088) 

First wave testing Testing policy on November 1st, above 2 0.998 (0.353-2.822) 

Test data quality in the first wave, satisfactory to good 1.038 (0.360-2.990) 

Total number of tests per 100K population as of 31 Dec. 2020 1.322 (0.760-2.300) 
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Table D.7 COVID-19 testing data in detail in the WHO African Region 

Country Source 
Quality 

Type of 
Data 

Data release 
frequency Source 

Algeria Basic N/A Infrequently http://www.aps.dz/sante-science-technologie/111985-coronavirus-320-nouveaux-cas-191-guerisons-et-10-
deces  

Angola Basic Samples 
analysed Infrequently 

OWiD, supplemented by  
https://www.minsa.gov.ao/TodasNoticias.aspx and 
https://governo.gov.ao/ao/noticias/taxa-de-positividade-e-de-6-6-por-cento/ 

Benin Basic Tests Infrequently https://www.gouv.bj/coronavirus/#mesures 

Botswana Basic Tests Infrequently https://www.facebook.com/BotswanaGovernment/posts/3191898507559452 

Burkina Faso Satisfactory Tests Daily OWiD, supplemented by https://www.sante.gov.bf/accueil 

Burundi Basic Tests Infrequently http://minisante.bi/?p=735 

Cabo Verde Good  Daily OWiD, supplemented by https://covid19.cv/conferencia-de-imprensa-sobre-a-covid-19-de-29-de-julho-de-
2020/ 

Cameroon Basic Tests Infrequently https://twitter.com/drmanaouda 

Central African Republic Satisfactory People 
tested Daily https://twitter.com/MSPCentrafrique?lang=en 

Chad Satisfactory Samples 
analysed Daily https://www.facebook.com/ministeresantetchad/ and 

https://sante-tchad.org/communique-de-presse/ 
Comoros No Data    

Congo Basic Tests Infrequently http://sante.gouv.cg/wp-content/uploads/2020/09/SITREP-N-100-COVID-19-CONGO-21-09-2020-1.pdf  

Côte d’Ivoire Good Samples 
analysed Daily OWiD, supplemented by https://www.facebook.com/Mshpci  

Democratic Republic of 
the Congo Satisfactory Samples 

analysed Daily OWiD, supplemented by https://riposte-epidemie-rdc.info/bulletins.php 

Equatorial Guinea Basic Tests Infrequently https://www.guineaecuatorialpress.com/imgdb/2020/pyn9_INFORMEPERIODICO31072020Spanishfinal.pdf 
https://www.worldometers.info/coronavirus/country/equatorial-guinea/ 

Eritrea No Data    

Eswatini Good Tests Daily http://www.gov.sz/index.php/covid-19-corona-virus/covid-19-press-statements-2020 and 
https://twitter.com/EswatiniGovern1  

Ethiopia Good Tests Daily https://twitter.com/EPHIEthiopia 
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Gabon Good Tests Daily OWiD, supplemented by https://twitter.com/Covid19GOUVGA 

Gambia Good Tests Daily http://www.moh.gov.gm/covid-19-report/ 

Ghana Good Samples 
analysed Daily https://www.ghanahealthservice.org/covid19/archive.php 

Guinea No Data    

Guinea-Bissau Satisfactory Tests Daily OWiD, supplemented by https://covid19gb.com/boletins/ 

Kenya Good Samples 
analysed Daily OWID, supplemented by https://twitter.com/MOH_Kenya 

Lesotho Basic Samples 
analysed Infrequently 

OWID, supplemented by  
https://www.gov.ls/wp-content/uploads/2020/06/Update-on-Covid-19-status.pdf and 
https://www.gov.ls/official-statements-2/ 

Liberia Basic Samples 
analysed Infrequently http://moh.gov.lr/documents/reports/covid-19/2020/covid-19-sitrep-vol-17-2/ 

Madagascar Satisfactory Tests Daily http://www.sante.gov.mg/ministere-sante-publique/?s=COVID-19%3A+Situation 

Malawi Satisfactory Tests Daily https://www.facebook.com/malawimoh  

Mali Good Samples 
analysed Daily http://www.sante.gov.ml/index.php/actualites/communiques?start=84 

Mauritania Basic Tests Infrequently http://www.sante.gov.mr/?lang=fr 

Mauritius No Data    

Mozambique Satisfactory Tests Daily http://www.misau.gov.mz/index.php/covid-19-boletins-diarios?limitstart=0 

Namibia Basic Samples 
analysed Infrequently http://www.mhss.gov.na/home 

Niger Basic People 
tested Infrequently https://reliefweb.int/report/niger/niger-coronavirus-covid-19-situation-report-08-8-21-june-2020  

Nigeria Satisfactory Samples 
analysed Daily 

OWID, supplemented by 
https://ncdc.gov.ng/diseases/sitreps/?cat=14&name=An%20update%20of%20COVID-
19%20outbreak%20in%20Nigeria 

Rwanda Satisfactory Tests Daily https://www.rbc.gov.rw/index.php?id=717 

São Tomé and Príncipe Satisfactory Tests Daily https://covid.ms.gov.st/st/ 
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Senegal Good Tests Daily http://www.sante.gouv.sn/actualites 

Seychelles No Data    

Sierra Leone Satisfactory Tests Daily http://dhse.gov.sl/?s=SITREP  

South Africa Satisfactory Tests Daily https://www.nicd.ac.za/diseases-a-z-index/covid-19/surveillance-reports/ 

South Sudan No Data    

Togo Good People 
tested Daily OWiD, supplemented by: https://twitter.com/Covid19TG  

Uganda Satisfactory Samples 
analysed Daily OWiD, supplemented by: https://twitter.com/MinofHealthUG  

United Republic of 
Tanzania No Data    

Zambia No Data    

Zimbabwe Good Tests Daily http://www.mohcc.gov.zw/ 

OWiD, Our world in Data https://ourworldindata.org/coronavirus-testing 
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Table D.8 Sub-categories of measures in response to COVID-19 and their strictness scales in the WHO African Region 

Category Subcategory Strictness Level Score 
Governance and socio-
economic measures 

Emergency administrative structures 
activated or established 

None 0 
In place 1 

Lockdown Full lockdown No lockdown 0 
Citizens required to stay at home nationwide 1 
Partial lockdown only in targeted areas of the country 2 

Partial lockdown No partial lockdown 0 
Relaxed/Non-strict nationwide lockdown 1 
Full lockdown only in targeted areas of the country 2 

Movement restrictions Border closure Borders open as normal 0 
Borders shut to some targeted countries, but not all affected countries 1 
Borders shut to all affected countries or a large list of countries 2 
Borders closed completely (except for repatriation, cargo and aid) 3 

Curfews No specific curfew present 0 
Targeted curfew for some areas after 8pm 1 
Targeted curfew for some areas before 8pm 2 
Nationwide curfew after 8pm 3 
Nationwide curfew before 8pm 4 

Domestic travel restrictions Able to travel freely throughout the whole country 0 
Very long-distance travel (e.g. domestic flights) suspended 1 
Long distance travel (e.g. between provinces) suspended 2 
Medium distance travel (outside your city) suspended 3 
Short distance travel (the next town/village) suspended 4 

Public health 
measures 

Isolation and quarantine policies No policy 0 
Travellers from affected countries 1 
All travellers 2 
Any possible exposure 3 

Public health recommendations None 0 
Recommendations in place 1 
No requirement 0 
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Requirement to wear protective gear in 
public 

Requirement for specific places only 1 
Requirement for most public places 2 

Surveillance and testing No surveillance and monitoring 0 
Targeted/infrequent population surveillance 1 
Mass population surveillance 2 
Mass population testing 3 

Border health checks No border health checks 0 
Basic test (e.g. temperature) for those from affected countries 1 
Basic (e.g. temperature) for all arrivals 2 
Advanced test for those from specific countries/Health document required from specific 
countries 

3 

Advanced test for all arrivals/Health document required from all arrivals 4 
Social distancing Closure of businesses and public 

services 
No closures 0 
Some businesses/services limited in hours 1 
Entertainment based businesses/services closed 2 
Entertainment based businesses/services closed, others limited in hours 3 
Entertainment and Hospitality closed 4 
Entertainment and Hospitality closed, others limited in hours 5 
All non-essential businesses closed 6 

Limit public gatherings No limit on public gatherings 0 
Gatherings over 1000 suspended 1 
Gatherings over 100 suspended 2 
Non-religious gatherings over 50 suspended 3 
Gatherings over 50 suspended 4 
Non-religious gatherings over 10 suspended 5 
Gatherings over 10 suspended 6 
Restriction on gatherings less than 10 7 

Schools closure All schools open 0 
Some levels of school closed 1 
All levels of school closed with exceptions for examinations 2 
All levels of school closed 3 



Appendix E 

 

 

 

270 

Appendix E Publications 

E.1 Publications related to this thesis 

1. Zhang F, Karamagi H, Nsenga N, Nanyunja M, Karinja M, Amanfo S, 

Chase-Topping M, Calder-Gerver G, McGibbon M, Huber A, Wagner-Gamble 

T, Guo CG, Haynes S, Morrison A, Ferguson M, Awandare GA, Mutapi F, Yoti 

Z, Cabore J, Moeti MR, Woolhouse MEJ. Predictors of COVID-19 epidemics 

in countries of the World Health Organisation African Region. Nature 

Medicine 2021 Sep 3. Epub ahead of print. 

2. Zhang F, Chase-Topping M, Guo CG, van Bunnik B, Brierley L, Woolhouse 

MEJ. Global discovery of human-infective RNA viruses: a modelling analysis. 

PLOS Pathogens 2020; 16(11): e1009079. 

3. Zhang F, Chase-Topping M, Guo CG, Woolhouse MEJ. Predictors of 

human-infective RNA virus discovery in the United States, China and Africa, 

an ecological study (bioRxiv Preprint) doi: 10.1101/2021.09.13.460031. 

E.2 Other publications 

1. van Bunnik BAD, Morgan ALK, Bessell PR, Calder-Gerver G, Zhang F, 

Haynes S, Ashworth J, Zhao S, Cave RNR, Perry MR, Lepper HC, Lu L, 

Kellam P, Sheikh A, Medley GF, Woolhouse MEJ. Segmentation and shielding 

of the most vulnerable members of the population as elements of an exit 

strategy from COVID-19 lockdown. Philosophical transactions of the Royal 



Appendix E 

 

 

 

271 

Society of London. Series B, Biological sciences. 2021; 

376(1829):20200275. 

2. Guo CG, Tian L, Zhang F, et al. Associations of seasonal variations and 

meteorological parameters with incidences of upper and lower gastrointestinal 

bleeding. Journal of Gastroenterology and Hepatology 2021 Jul 21. Epub 

ahead of print. 

3. Guo CG, Zhang F, Wu JT, et al. Divergent trends of hospitalizations for 

upper and lower gastrointestinal bleeding based on population prescriptions of 

aspirin, proton pump inhibitors and Helicobacter pylori eradication therapy 

Trends of upper and lower gastrointestinal bleeding. United European 

Gastroenterology Journal 2021 May 6. Epub ahead of print. 

4. Guo CG, Cheung KS, Zhang F, et al. Delay in retreatment of Helicobacter 

pylori infection increases risk of upper gastrointestinal bleeding. Clinical 

Gastroenterology and Hepatology 2021;19(2):314-322. 

5. Guo CG, Cheng KS, Zhang F, et al. Incidences, temporal trends and risks 

of hospitalization for gastrointestinal bleeding in new or chronic low-dose 

aspirin users after treatment for Helicobacter pylori: a territory-wide cohort 

study. Gut 2020; 69(3): 445-452. 

6. Guo CG, Cheng KS, Zhang F, et al. Risks of hospitalization for upper 

gastrointestinal bleeding in selective serotonin reuptake inhibitors users after 

Helicobacter pylori eradication therapy: a propensity score matching analysis. 

Alimentary Pharmacology & Therapeutics 2019; 50(9):1001-1008. 
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7. Liu Z, Zhang F, Zhang Y, et al. Association between floods and infectious 

diarrhea and their effect modifiers in Hunan province, China: A two-stage 

model. The Science of the total environment 2018; 626: 630-637. 

8. Lu L, Brierley L, Robertson G, Zhang F, Lycett S, Smith D, Chase-Topping 

M, Simmonds P, Woolhouse MEJ. Evolutionary origins of epidemic potential 

among human RNA viruses (bioRxiv preprint) doi: 10.1101/771394. 
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