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Medical cartography can provide valuable insights into the epidemiology and ecology of 
infectious diseases, providing a quantitative representation of the distribution of these 
pathogens. Such methods therefore provide a key step in informing public health policy 
decisions ranging from prioritising sites for further investigation to identifying targets for 
interventions. By increasing the resolution at which risk is defined, policymakers are provided 
with an increasingly informed approach for considering next steps as well as evaluating past 
progress. In spite of their benefits however, global maps of infectious disease are lacking in 
both quality and comprehensiveness. 
 
This thesis sets out to investigate the next steps for medical cartography and details the use of 
species distribution models in evaluating global distributions of a variety of zoonotic diseases of 
public health importance. 
 
Chapter 2 defines a methodology by which global targets for infectious disease mapping can be 
quantitatively assessed by comparing the global burden of each disease with the demand from 
national policymakers, non-governmental organisations and academic communities for global 
assessments of disease distribution. Chapter 3 introduces the use of boosted regression trees for 
mapping the distribution of a group of vector-borne diseases identified as being a high priority 
target, the leishmaniases. Chapter 4 adapts these approaches to consider Ebola virus disease. 
This technique shows that the West African outbreak was ecologically consistent with past 
infections and suggests a much wider area of risk than previously considered. Chapter 5 
investigates Marburg virus disease and considers the variety of different factors relating to all 
aspects of the transmission cycle that must be considered in these analyses. Chapters 6 and 7 
complete the mapping of the suite of viral haemorrhagic fevers by assessing the distribution of 
Crimean-Congo haemorrhagic fever and Lassa fever. Finally, Chapter 8 considers the risk that 
these viral haemorrhagic fevers present to the wider African continent, quantifying potential 
risk of spillover infections, local outbreaks and more widespread infection. 
 
This thesis addresses important information gaps in global knowledge of a number of pathogens 
of public health importance. In doing so, this work provides a template for considering the 
global distribution of a number of other zoonotic diseases.  
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Chapter 1 

Introduction 

 

1.1. Diseases and Mapping 

 

Using maps to aid epidemiological investigations is not a new phenomenon (Koch, 2011; Koch, 

2014). The first reported disease maps date from 1796 where they were used to investigate an 

outbreak of Yellow Fever in New York City (Koch, 2011). In 1854 however, the real utility of 

this approach was demonstrated; John Snow famously mapped the cases of cholera in Soho, 

London, and indicated that they were clustered around a water pump on Broad Street (Snow, 

1855). In doing so, he demonstrated the first clear example of medical cartography informing 

public health intervention as access to the pump was subsequently denied and the cases 

declined. Even global maps were published during this time period, charting the spread of 

cholera across the Old World (Koch, 2014; Lancet editorial, 1831). Since these days, the role of 

the disease map, and importantly, the information that they can convey has evolved well beyond 

mere visualisation to being a key component in downstream analyses and in forming an 

evidence-base for informing public health policy decisions (Hay et al., 2013b). 

 

Advances in statistical techniques and computing power, coupled with increasingly detailed 

information, at ever higher spatial and temporal resolutions, have meant that maps, rather than 

acting as a means for investigating trends, can themselves provide answers and solutions. We 

can now incorporate information on vector life history traits in order to spatially delimit 

transmission of vector-borne diseases (Brady et al., 2014; Gething et al., 2011b); we can use 

prevalence and incidence data in order to provide continuous spatial surfaces of transmission 

risk and identify areas where incidence and mortality rates are expected to be highest (Gething 

et al., 2012; Gething et al., 2011a; Hay et al., 2010); and we can use information from existing 

cases to infer areas of potential risk based upon shared environmental similarities (Bhatt et al., 



 

2013; Gilbert et al., 2014). Maps can be used to understand a number of aspects of disease 

biology ranging from determinants of disease macroecology (Guernier et al., 2004), to disease 

emergence (Jones et al., 2008) and potential antimicrobial resistance (Van Boeckel et al., 2015). 

As their use becomes more widespread, some outputs have now become integrated into 

important global health policy documents (CDC, 2013; WHO, 2014). 

 

1.2. Methods in disease cartography 

 

A variety of methodological approaches have now been developed to evaluate the spatial and 

temporal distributions of diseases. At their most basic, maps can simply display data. This can 

include data from specific geographic areas, such as location of reported cases or prevalence in 

a defined population as well as data aggregated to a geographic or political unit (Alvar et al., 

2012). Such maps, whilst useful as a display of initial information, are of limited use. The aim 

should be to use and interpret these data to identify what factors influence a given distribution 

or whether data gaps represent true absence of cases, or absence of reporting, often through 

modelling approaches. In some circumstances however, this is the only option available given 

particular data constraints (Hay et al., 2013a). 

 

More advanced statistical techniques now allow for inference from existing data into areas 

where reported cases or surveys are not present. A vast array of approaches are available to 

extrapolate and interpolate from existing data (Pfeiffer et al., 2008), using such approaches to 

produce smoothed surfaces of variation in data, or more sophisticated means of relating spatial 

variation to underlying causes, correlates and covariates (Bhatt et al., 2013; Gething et al., 

2011a). Advances in computing power combined with much richer streams of data have meant 

that increasingly computationally intensive statistical approaches can now be implemented (Hay 

et al., 2013a; Hay et al., 2013b). Bearing this in mind, two groups of models are becoming 

more widely used in mapping diseases across larger spatial scales. 

 



 

1.3. Species distribution models 

 

One such sophisticated analytical technique is species distribution modelling (SDM, also 

referred to as ecological niche modelling) which has been co-opted from its initial use in 

understanding the distribution of plants and animals for use in disease mapping. A variety of 

different approaches have been developed but they are essentially variations on a similar theme. 

SDMs compare reported occurrences of the species of interest to environmental covariates at 

these locations to define an environmental profile that describes areas of reported presence. This 

ruleset can then be applied to locations for which data is available on environmental correlates, 

but not presence or absence of the species, and the location’s environment is compared to that 

describing where reports have occurred (Elith and Leathwick, 2009; Franklin, 2009). The 

model therefore attempts to spatially define the niche of a given species (Peterson et al., 2011). 

 

These various models can be divided into four main approaches; presence-only, presence-

absence, presence-background and presence-pseudoabsence (Peterson et al., 2011). Whilst 

retaining the same core concept, these approaches vary based upon the input data provided. All 

the models require input occurrence data, or presence data, which are records of the species of 

interest at a particular location. Presence-only approaches (such as BIOCLIM (Busby, 1991)) 

use this data to fit “environmental envelopes” enclosing known occurrences, independent of 

other information (Peterson et al., 2011).  

 

The other methods contrast this information with alternative datasets (background, 

pseudoabsence and absence data) in order to produce a more refined estimate of a species’ 

distribution. Absence records refer to data on the species of interest where its absence has been 

noted during collection survey. Background data, in contrast, is randomly sampled from across 

the entire geographic space that is to be modelled. Pseudoabsence records provide a more 

rational way of generating background data – here sampling is biased towards locations that 

have already been determined as being unsuitable for the species present. Given the similarities 



 

in the way the data is utilised, some models can be adapted to use all three data types but care 

must be taken in interpreting the results (Fithian et al., 2015; Guillera-Arroita et al., 2014). 

Over the last decade a number of regression-related, machine learning approaches have been 

developed and they have been shown to outperform older techniques (Elith et al., 2006) with 

boosted regression trees (BRT) (Elith et al., 2008), MaxEnt (Elith et al., 2011; Phillips et al., 

2006), generalised dissimilarity models (Ferrier et al., 2002a; Ferrier et al., 2002b) and 

multivariate adaptive regression splines (Leathwick et al., 2005) being the four methods shown 

to have the greatest discriminatory power. The relative merit of each of these approaches is 

heavily dependent on the modelling scenario and data content (Elith and Graham, 2009). 

 

Integrating diseases into species distribution modelling approaches is non-trivial. Extending 

niche theories to pathogens becomes complex, particularly when multiple species are involved 

in the transmission cycle (Peterson et al., 2011). Visual aids such as BAM diagrams have been 

used to help characterise this problem (Figure 1.1) (Peterson, 2008) – here the presence of a 

species can be considered as the intersection of three overlapping circles representing suitable 

space: one defining areas with suitable biotic interactions (B); one defining suitable abiotic 

conditions (A); and the other defined by the species dispersal ability (M). Once additional 

species are incorporated, the problem becomes significantly more complex and difficult to 

represent diagrammatically. When interpreting SDM-based risk maps it is therefore important 

to consider how suitable the use of SDMs was, particularly given the BAM determinants of any 

given distribution and where the model may have failed to account for one aspect. Often 

compromises and assumptions must be made during modelling and these may subtly change 

what the resulting prediction map conveys.  

 

Recently BRTs have been increasingly used to map diseases (Gilbert et al., 2014; Martin et al., 

2011), particularly with the inclusion of randomly generated pseudo-data (Bhatt et al., 2013). 

The model is consistently regarded as one of the best performers in a variety of scenarios (Elith 

et al., 2006) and has been shown to be robust when dealing with complex epidemiological 



 

systems (Bhatt et al., 2013; Leathwick et al., 2008). Boosted regression trees combine 

regression trees, where decision rules on environmental predictors are based upon data 

apportioning resulting from binary splits (De'ath, 2007), with boosting, which selects sets of 

trees that maximise fit to the data (Elith et al., 2008). In doing so, a statistically robust 

characterisation of the environmental space occupied by the input data can be achieved.

  

Figure 1.1. Visualising species distributions using BAM diagrams. Here the three circles 

represent the range of possible values for a given species. A indicates areas abiotically suitable, 

B defines regions where biotic interactions allow for the species to be present and M outlines 

regions where the organism can disperse or move to. G represents all potential geographic 

space. G1 denotes the region where any two circles overlap, whilst G0 represents the intersection 

of all three. G0 therefore denotes the geographic space where the species will be distributed 

(picture credit: Freya Shearer). 

 

Since robust information on the absence of diseases is generally unavailable (particularly at a 

global scale) applying BRT and similar approaches to disease mapping requires the use of 

pseudo-data. Bias in underlying datasets is a key problem for all SDMs (Phillips et al., 2009), 

however methods have been developed to minimise their impact within pseudo-data generation. 

The incorporation of independent measures of disease status (Brady et al., 2012) as well as 



 

ensembling a variety of different model parameter permutations can allow for more robust 

predictions (Bhatt et al., 2013). 

 

The use of SDMs for disease mapping is a relatively new field and as such is still developing in 

terms of defining best practice for modelling, interpretation and visualisation. An awareness of 

the limitations of these models is therefore crucial when interpreting results from any given 

output. There is definite utility however in providing a first attempt at spatial assessments of 

disease risk as it acts as a means for identifying information gaps and areas for future research. 

Continued refinement of these surfaces with new and diverse data sources will only help aid our 

knowledge of disease epidemiology (Plowright et al., 2015). 

 

1.4. Model-based geostatistics 

 

In spite of new developments in SDMs, when large, high quality detailed datasets are available, 

techniques involving the use of model-based geostatistics (MBG) are preferred. Disease 

distributions are rarely at equilibrium, particularly when considering infectious diseases that are 

under a variety of both environmental and human induced pressures. Rather than disease 

presence remaining consistent over long periods of time, we have seen significant shifts in 

distributions in response to both natural and human changes (Gething et al., 2010). However, 

SDMs require the assumption that diseases are in equilibrium (or additional information that 

can compensate for this (Brady et al., 2012)). In addition, the link between SDM suitability 

outputs and key clinical information such as prevalence and incidence is still uncertain (Bhatt et 

al., 2013). For many diseases the availability of population representative datasets is the biggest 

limiting factor. However for a select few, significant global datasets are available (Global Atlas 

of Helminth Infections, 2014; Moyes et al., 2013), and these facilitate the use of MBG 

approaches. These methods use more data intensive statistical techniques which can 

accommodate additional spatial autocorrelation that influence the spatial and temporal 

distribution of disease (Gething et al., 2011a). 



 

 

Model-based geostatistics is used as a catch-all term for these more detailed modelling 

approaches (Diggle and Ribeiro, 2010), the most advanced of which invoke Bayesian inference 

to inform disease cartography. These models combine not only information on climatic and 

human covariates, but also spatial relationships to interpret data and make informed inferences 

to areas of unknown status. Bayesian approaches have the additional benefit of being able to use 

informative priors to guide the modelling process (although their inclusion is not essential) 

(Basanez et al., 2004; Patil et al., 2011). 

 

This approach can evaluate a number of different epidemiological values such as disease 

prevalence rates (Gething et al., 2012; Gething et al., 2011a) and disease intensity (Clements et 

al., 2009). Importantly, given the flexibility of the model, information on dynamic processes 

such as public health intervention measures (Bhatt et al., 2015) can be incorporated, allowing 

for non-equilibria states to be considered alongside long-term, more stable parameters such as 

temperature (Gething et al., 2011b). This ability to combine various data types, quantify 

epidemiological parameters and propagate uncertainty throughout makes MBG techniques very 

powerful tools. However, the inclusion of a variety of disparate sources of variation, combined 

with the detailed information required to inform the model mean that data acquisition is often 

the limiting factor. This trade-off between modelling complexity and data requirements 

represents a significant challenge to the disease mapping community. 

 

1.5. Reviewing global mapping of infectious disease 

 

Given data availability is a critical determinant of the suitability of these different mapping 

approaches, there is a need to provide a comprehensive guide to assessing the appropriateness 

of these different techniques for a given dataset. A recent survey conducted by myself and 

colleagues defined a data-driven means for categorising infectious diseases (Hay et al., 2013a). 

Five distinct categories were outlined (Figure 1.2).  
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Figure 1.2. Classifying infectious diseases by mapping approach. 355 infectious diseases 

can be divided into five groupings based upon this decision tree. Their suggested mapping 

outputs are outlined (from Hay et al. (2013a)). 

 

Option 1 describes those diseases that show no spatial variation in occurrence globally – 

essentially their distribution is tied to that of the human populations they infect e.g. Epstein Barr 

virus (Macsween and Crawford, 2003). Whilst some of these diseases do indeed show spatial 

trends in prevalence (for instance meningococcal meningitis (Trotter and Greenwood, 2007)) 

for many there is insufficient data present to reliably categorise this at a global level (contrast 

this with HIV/AIDS for instance (UNAIDS, 2014)). Options 2 to 5 therefore represent infectious 

diseases that do show spatial variation in their distribution. 

 

Availability and access to appropriate data is key for determining the relative categorisation for 

each disease. Hay et al. (2013a) used the number of PubMed search results as a proxy for the 

amount of information available for creating maps for these diseases. Using the Global 

Infectious Disease and Epidemiology Online Network (GIDEON) as a guide for the number of 

countries that have reported cases (Edberg, 2005), we estimated the number of potential 

occurrences suitable for mapping per country by dividing the total PubMed hits by the total 

number of endemic countries. If this was below 25 occurrences per country, Hay et al. 

recommended plotting these reported cases as locations on a map or summarise number of case 



 

reports by administrative unit status (i.e. state or province-level records). This was classified as 

Option 2. In instances where we have sufficient information on the transmission cycle to 

implicate a reservoir host or vector species, it is possible to determine a maximum extent by 

defining the range of the reservoir or vector. Pathogens that could be described in this way 

where classed as Option 3 diseases. Quantitative estimates of the distributions of many 

arthropod vectors are increasingly available (Kraemer et al., 2015; Sinka et al., 2012) and 

knowledge of the ranges of mammalian species has been the focus of large international 

conservation projects resulting in a much richer information base than that available for many 

diseases (Schipper et al., 2008). As a result we can begin to define the sub-national variation in 

these conditions by first looking at their vector and reservoir species. 

 

Where sufficient occurrence data was available, we could use SDMs to better understand sub-

national variation, Hay et al. classified these pathogens as Option 4 diseases. Here we can use 

global environmental covariate sources (Hay et al., 2006; Hijmans et al., 2005; Weiss et al., 

2014) to infer from existing cases the likely presence of a disease in other locations due to 

shared environmental conditions, both climatic and relating to human factors. For some 

diseases, widespread and rich sources of information incorporating measures of disease 

prevalence and incidence are available (Hay and Snow, 2006), which allows for the use of 

MBG. These conditions, which include soil-transmitted helminths, tuberculosis, lymphatic 

filariasis, HIV and malaria, were categorised as Option 5 diseases. 

 

We can therefore consider all diseases that show spatial variation within this framework of five 

categories. As novel data sources continue to be exploited to obtain disease occurrence data 

(Brownstein et al., 2009) and routine disease reporting becomes more comprehensive, more 

diseases will continue to be added to the Option 5 category. 

 

1.6. Contemporary status of global diseases maps 

 



 

Having categorised all infectious diseases, an important next step was to evaluate the standard 

of existing maps. As part of the review process Hay et al. (2013a) assessed the global mapping 

status of 176 diseases of clinical significance. Initially, existing disease maps were collated. 

Each map was evaluated on the quality of the data used (measured by contemporariness of the 

data, diagnostic accuracy and geographical precision), relative population assessed (population 

living in areas covered by the map divided by those living in countries considered by GIDEON 

as being at risk) as well as the methodology used (evaluated within the context of the diseases’ 

Option classification). In total only 7% of infectious diseases had global maps that were defined 

as “sufficient”. These were dengue (Rogers et al., 2006), Lassa fever (Fichet-Calvet and 

Rogers, 2009), mayaro (Powers et al., 2006), monkeypox (Levine et al., 2007), Plasmodium 

falciparum malaria (Gething et al., 2011a) and P. vivax malaria (Gething et al., 2012). Despite 

the utility of such outputs, the paucity of high quality global maps is both surprising and 

disappointing. Figure 1.3 highlights just how much opportunity there is for improvements to 

disease mapping with the plot dominated by blank space. A large number of unmapped 

conditions fall within the Option 4 classification – using SDMs to map infectious diseases 

therefore could have a significant impact on global understanding of what drives pathogen 

distributions. 

 

1.7. Aims and structure of the thesis 

 

Using this review as a call to action, this thesis investigates a number of techniques that can be 

used not only to produce disease maps but also to inform future global health and policy 

discussions. Chapter 2 outlines a methodology for prioritising infectious diseases for mapping. 

Unlike existing platforms (Krause and Prioritisation Working Group, 2008), this approach 

integrates quantitative information rather than qualitative or expert opinion based relative 

categorisation. Diseases were grouped together into clusters based upon shared taxonomic and 

epidemiological similarities. This was done since mapping projects would likely be able to 

share outputs or covariates based upon these similarities. Leveraging these shared resources will 



 

hopefully speed up the mapping process for related conditions. Constituent diseases within 

these clusters were evaluated based upon their burden on public health (measured as disability-

adjusted life years (DALYs) (GBD 2013 Disease and Injury Incidence and Prevalence 

Collaborators, 2015; GBD 2013 Mortality and Causes of Death Collaborators, 2015)) and 

measures of perceived demand within the public health sector, determined using disease-

specific h-indices, disease notification statuses and inclusion in non-governmental organisation 

mission statements. The resulting relative ranking not only recognises the importance of HIV, 

Tuberculosis and Malaria as key infectious diseases for mapping, but also identifies a number 

of important groupings, particularly within the neglected tropical diseases (Hotez, 2013; WHO, 

2009, 2010, 2012), reinforcing calls for their more mainstream inclusion in policy settings. 

 

Chapter 3 introduces SDMs to mapping infectious diseases. The Hay et al. (2013a) review and 

Chapter 2 identified the significant but often neglected impact that zoonotic diseases can have 

on human health. The leishmaniases, identified as one of the top 10 clusters to be prioritised, 

represent an intriguing test case – not only are large amounts of data available (Pigott et al., 

2014), but a large number of reservoir, vector and Leishmania species are involved in the 

transmission cycle. The flexibility of BRTs, combined with the use of evidence consensus at a 

sub-national level, can account for much of this complexity. The outputs presented are the first 

evidence-based maps of the distributions of these conditions presented at a global scale and 

provide an important first step in further refining our understanding of these pathogens. A 

variety of different information streams exist (Foley et al., 2012; Schipper et al., 2008) that can 

be incorporated in future iterations to strengthen their predictive value. 

 

 



 

 

Figure 1.3. Radial plot indicating completeness of contemporary disease mapping efforts. 

Existing maps for each disease were evaluated and their score plotted radially in black. The 

diseases with the most comprehensive maps will have near complete black segments; mostly 

background blank space in a segment indicates that existing coverage is poor (adapted from 

Hay et al. (2013a). Picture credit: Nick Golding). 

 

The outbreak of Ebola virus disease in West Africa was a wake-up call (Chan, 2014; Farrar 

and Piot, 2014). As Peter Piot described, West Africa represented a “perfect storm” of 

dysfunctional governance in countries not previously thought to be at risk of filoviral disease 

(Piot, 2014). Chapter 4 therefore sets out to understand the spatial processes that may influence 



 

areas at risk of Ebola virus disease spillover events - viral transmission from animal reservoirs 

to humans. As we have seen from genetic evidence (Dudas and Rambaut, 2014; Gire et al., 

2014), the West African outbreak came from just one such spillover event with subsequent 

cases driven solely by human-to-human transmission. Characterising the areas where similar 

outbreaks could originate is therefore of importance for limiting the potential public health 

impact of future haemorrhagic fever outbreaks. We incorporated occurrence data on three bat 

species implicated as reservoir hosts (Olival and Hayman, 2014) into a BRT approach in order 

to identify regions at risk of zoonotic spillover events. This was the first study to show that the 

Guinean index case was in a region environmentally suitable for Ebola virus persistence in 

animal reservoirs and also identified a much wider area than first thought as being at similar 

risk of viral transmission. As the current outbreak reaches an endpoint, these outputs can be 

used to guide surveillance, particularly in areas of predicted risk where no infection has 

previously been reported. 

 

Ebola virus disease represents just one contagious viral haemorrhagic fever in Africa. Marburg 

virus disease (caused by a related filovirus) shares similar characteristics to its sister virus in 

having bat reservoir hosts and its capacity to cause outbreaks by secondary human-to-human 

transmission (Towner et al., 2006) as well as long distance infections in returning travellers 

(Fujita et al., 2009; Timen et al., 2009). Chapter 5 uses SDMs to predict the geographical extent 

of the zoonotic niche of Marburg virus disease, again suggesting large swathes of Africa are 

environmentally suitable for disease transmission. The number of occurrence records available 

for mapping this virus is limited due to the rarity of the condition. As a result this chapter also 

provides an important discussion in identifying important information gaps in how the virus 

spreads in reservoir populations and how humans interact with these species. The differences 

between models that include animal data and those that do not suggests that mapping zoonotic 

disease needs to account not only for where the pathogen is distributed within the reservoir 

hosts, but also where humans interact with these hosts. 

 



 

In addition to Ebola and Marburg viruses, Crimean-Congo haemorrhagic fever (CCHF) and 

Lassa fever share life history patterns and pose similar risks to both local and international 

communities (Bannister, 2010). Chapters 6 and 7 describe how BRTs were used to predict their 

disease distributions, re-introducing evidence consensus techniques, as well as refining 

covariate selection to include land cover types (reflecting the requirements for CCHF tick 

vectors) and rodent reservoir hosts (specifically the Natal multimammate mouse, Mastomys 

natalensis, which carries Lassa virus [LASV]). 

 

Bridging the gap between primary research and policymakers is a critical step in the scientific 

process, but is often underappreciated. Chapter 8 analyses the risk that these African viral 

haemorrhagic fevers pose to public health by pairing the potential zoonotic niche maps for each 

disease with information assessing the healthcare infrastructure and vulnerability to crises of at-

risk countries. This provides a rationale for targeting specific countries based upon the inherent 

risk of an outbreak starting and the ability of a given nation to stop further transmission – 

information which can play a key role in future preparedness planning. 

 

This thesis consists of six papers of which five have either been published, accepted for 

publication or are in press at peer-reviewed scientific journals and one chapter which is 

prepared for submission.  
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Chapter 2 

Identifying targets for infectious disease mapping. 

 

Using the Hay et al. (2013) analysis as a starting point, this chapter illustrates a quantitative 

method that can be used to identify the next targets for disease mapping. In an environment 

where funding can often constrain opportunity for research, and where increasing 

methodological complexity and difficulty in data abstraction and interpretation mean that the 

mapping process becomes increasingly time-consuming, a rational way for selecting next 

priorities is key. This work has been published in PLoS Neglected Tropical Diseases and is 

included here in its final form. The additional information referred to in this chapter is included 

in the Appendix of this thesis. 
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Abstract

Background

Increasing volumes of data and computational capacity afford unprecedented opportunities

to scale up infectious disease (ID) mapping for public health uses. Whilst a large number of

IDs show global spatial variation, comprehensive knowledge of these geographic patterns

is poor. Here we use an objective method to prioritise mapping efforts to begin to address

the large deficit in global disease maps currently available.

Methodology/Principal Findings

Automation of ID mapping requires bespoke methodological adjustments tailored to the epi-

demiological characteristics of different types of diseases. Diseases were therefore

grouped into 33 clusters based upon taxonomic divisions and shared epidemiological char-

acteristics. Disability-adjusted life years, derived from the Global Burden of Disease 2013

study, were used as a globally consistent metric of disease burden. A review of global

health stakeholders, existing literature and national health priorities was undertaken to as-

sess relative interest in the diseases. The clusters were ranked by combining both metrics,

which identified 44 diseases of main concern within 15 principle clusters. Whilst malaria,

HIV and tuberculosis were the highest priority due to their considerable burden, the high pri-

ority clusters were dominated by neglected tropical diseases and vector-borne parasites.

Conclusions/Significance

A quantitative, easily-updated and flexible framework for prioritising diseases is presented

here. The study identifies a possible future strategy for those diseases where significant

knowledge gaps remain, as well as recognising those where global mapping programs

have already made significant progress. For many conditions, potential shared epidemio-

logical information has yet to be exploited.
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Author Summary

Maps have long been used to not only visualise, but also to inform infectious disease con-
trol efforts, identify and predict areas of greatest risk of specific diseases, and better under-
stand the epidemiology of disease over various spatial scales. In spite of the utilities of such
outputs, globally comprehensive maps have been produced for only a handful of infectious
diseases. Due to limited resources, it is necessary to define a framework to prioritise which
diseases to consider mapping globally. This paper outlines a framework which compares
each disease’s global burden with its associated interest from the policy community in a
data-driven manner which can be used to determine the relative priority of each condition.
Malaria, HIV and TB are, unsurprisingly, ranked highest due to their considerable health
burden, while the other priority diseases are dominated by neglected tropical diseases and
vector-borne diseases. For some conditions, global mapping efforts are already in place,
however, for many neglected conditions there still remains a need for high resolution
spatial surveys.

Introduction
Maps provide an essential evidence-base to support progress towards global health commit-
ments [1]. For example, they provide important baseline estimates of disease limits [2–7],
transmission [8–10] and clinical burden [11–14]; underpin surveillance systems and outbreak
tracking [15,16]; help target resource allocation from the macro- [17,18] through the meso-
[19–22] to the micro-scale [23]; and inform international travel guidelines [24–26]. Significant
developments in mapping techniques have occurred over the last few decades, particularly
through the use of species distribution models and model-based geostatistics [1,27]. Similarly,
disease data has become more widespread and easier to share [28]. Despite these advances
however, a recent review of 355 clinically-significant infectious diseases (IDs) indicated that of
the 174 IDs for which an opportunity for mapping was identified, only 4% had been compre-
hensively mapped [1]. For many of these conditions, there is a significant shortfall between ex-
isting maps and what can be achieved with contemporary methods and datasets.

Traditional mapmaking has focussed on a vertical, single-species approach, requiring highly
labour intensive, and therefore expensive, manual data identification and assembly [13,21,29–
31]. The present era of open-access big data, high computational capacity, and rapid software
development offers new opportunities for scaling-up the spatial mapping of IDs, primarily
through the automation of data gathering and geopositioning but ultimately also to mapping.
The Atlas of Baseline Risk Assessment for Infectious Disease (abbreviated ABRAID, as in, “to
awake”) is a developing software platform designed to exploit this opportunity and has the am-
bition to produce continuously updated maps for 174 IDs globally [28]. Realising automation
of data retrieval and positioning at this scale is a practically non-trivial but conceptually simple,
logistic scaling exercise. In order to automate mapping for each ID so that it is continuously
updated and improved as new information becomes available, the spatial inference methods
used need to be tailored to each unique ID epidemiology [28]. In some cases this will require
disease-specific methodological developments. This requires substantial investment, so an ob-
jective and systematic approach is required to determine the order in which IDs are to
be mapped.
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The first stage in this process is to organise all IDs using a schema based upon shared bio-
logical and epidemiological traits; for example, “the mosquito-borne arboviruses”. Such groups
will likely have similar mapping requirements, enabling synergies in data collation, covariate
selection, increased efficiency (i.e. in software development), and more robust validation of
outputs [32,33]. We refer to these disease groups as “mapping clusters” and they form the basic
architecture of the prioritisation process.

To rationally prioritise mapping of these conditions, the diseases within each mapping clus-
ter were evaluated based upon their global burden (both morbidity and mortality), as well as
the disease’s importance amongst public health stakeholders. Data inputs are quantitative in
nature and reliant on either independently derived data or data sourced from entire communi-
ties rather than selected expert individuals. Therefore, this proposed framework is unaffected
by much of the subjectivity associated with other prioritisation studies, and also provides a
platform for rapidly incorporating changes to existing diseases, as well as emerging novel pub-
lic health threats. The prioritisation exercise helps to guide the order in which diseases are
mapped to best support public health priorities; we argue that all relevant diseases can and
should eventually be mapped.

A comprehensive atlas of IDs is of central importance in providing geographical context to
the understanding of tropical disease and global health [34–36]. Moreover, as the atlas becomes
more complete the overlay of maps will provide opportunities for investigating patterns of
global disease diversity [37,38] and the process of disease emergence [39].

Methods

Method summary
In order to generate disease prioritisation standards, diseases with shared taxonomy and trans-
mission characteristics were grouped together to create clusters. Diseases within each cluster
were evaluated based upon two factors reflecting their importance from a public health per-
spective: (a) the global burden of the disease and (b) the current public health focus on the con-
dition. Both metrics were assessed simultaneously in order to rank the clusters, and specific
diseases were then identified for prioritisation.

Selection of diseases for mapping
This study aimed to be comprehensive in its scope of IDs. All diseases identified in a previous
review as meriting mapping were included [1]. This earlier study categorised 355 diseases into
five classes: Option 1, indicating that the disease was unsuitable for occurrence based mapping
methods; Option 2, mapping the observed occurrence of the disease; Option 3, mapping the
maximum potential range of the disease using knowledge of vector, intermediate host and res-
ervoir species; Option 4, using niche mapping methods such as boosted regression trees; and
Option 5, where sufficient data exist to allow for global maps of variation in prevalence of in-
fection and/or disease. Option 1 diseases included those that showed no sustained spatial varia-
tion in occurrence (i.e. had a cosmopolitan distribution) and had insufficient evidence to allow
for the global mapping of variation in prevalence using advanced statistical methods such as
model-based geostatistics. In cases where such information does exist, these diseases were pro-
moted to Option 5 status. Revisions to theHay et al. (2013) paper have led to the inclusion of
tuberculosis, ascariasis, trichuriasis and trachoma—all previously listed as Option 1—as Op-
tion 5 diseases. Further revisions included the exclusion of New and Old World Spotted Fever
Rickettsiosis and New and Old World Phlebovirus because their constituent diseases were in-
cluded. In addition, Plasmodium knowlesi was included due to the increasing appreciation of
its significance to human health in Southeast Asia [40,41]. The new revised total of diseases
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that warrant mapping was therefore 176. Those diseases not considered for mapping due to
Option 1 classification are outlined and justified in the Supporting Information.

Creating disease clusters
Diseases were grouped into clusters based on characteristics relevant to spatial epidemiology.
Diseases were placed in the same cluster if they had the potential to mutually reinforce each
other in terms of data assembly, mapping requirements and cross-validation of data by com-
parison of outputs. Clustering classifications were therefore based on the key factors influenc-
ing the approach taken for mapping.

At the coarsest level, pathogens were grouped by agent type (virus/bacteria/fungus/other)
and the larger agent groupings were split into specific phyla (e.g. Nematoda and Platyhel-
minths) [42]. These relatively coarse groups reflect fundamental differences in life histories
and epidemiology as well as the most basic taxonomic divisions. Within these broad groupings,
the mode of transmission was used to create the final disease clusters. This is an important fac-
tor when mapping IDs, as the mode of transmission has a large influence on which abiotic cor-
relates are relevant to the mapping process. For instance, the transmission limits of vector-
borne diseases are restricted in part by the environmental suitability for the vector species in
question, thus diseases spread by similar vectors will share covariates [43]. Similarly, sexually-
transmitted diseases are likely to share mapping methods linked to human distribution and be-
haviour, whilst pathogens spread by water contact would share common traits linked to the en-
vironment; these groupings can therefore be logically considered together within a mapping
framework. The mode of transmission classifications are defined in the previous publication
[1].

Assessing disease burden
The burden of each disease was assessed using the disability-adjusted life year (DALY) esti-
mates from the 2013 Global Burden of Disease Study (GBD 2013) [44,45]. DALYs quantify
both morbidity and mortality attributed to each disease and therefore better capture the total
impact of a disease than do clinical cases or mortality alone [44,45]. The GBD’s systematic ap-
proach across a wide spectrum of diseases provides an extremely valuable resource from which
to compare the relative impact of diseases on human health.

Wherever possible, direct links were made between the GBD estimates and diseases in the
mapping list. The GBD disease categories, which are based upon the International Classifica-
tion of Diseases and Related Health Problems (ICD-10) [46], do not always specify particular
infectious agents, but rather focus on the clinical symptoms of infection, or non-specified dis-
ease groups. These aggregated DALY estimates had to be split across the relevant causative dis-
eases in the mapping list, therefore theHay et al. (2013) study was reconciled with the ICD-10
codes and then GBD categories in order to disaggregate the broader classifications such as
“other diarrheal diseases” and “other neglected tropical diseases”. The full process is outlined
in the associated Supporting Information, S1 Text.

Overall, 11 of the 176 mapping diseases could not be reconciled to the GBD categories.
Some were not considered due to having unknown pathogenic agents (e.g. tropical sprue) and
others were very rare and fell into ICD-10 categories that were assigned over various groupings
(e.g. pentastomiasis). These diseases were allocated a nominal DALY of 100; this value, while
arbitrary, is low enough to avoid skewing the analysis. For each cluster, the total DALYs for all
diseases was calculated and contributed to the final analysis.
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Assessing global health community interest
Of equal importance is the need to produce maps for those diseases where there is the greatest
demand, whether from international organisations or from local public health authorities.
Measuring this factor was achieved by surveying a representative subset of potential end-users,
to identify which diseases have been prioritised by major public health stakeholders: state-
funded public health agencies, private companies (e.g. vaccine developers), political bodies,
non-governmental advocates and practitioners, as well as the scientific research community.
For each disease, the final policy score was the sum of three component scores: public health,
stakeholder interest, status as a notifiable disease, and h-index.

Cases from the different categories of public health stakeholders were included to capture
the spectrum of interest groups (see S1 Text for full listing). Each organisation’s mission state-
ment and project pages were reviewed to identify the diseases contained in their public health
portfolio. Depending on the type of stakeholder, this would indicate that the organisation
would, for example, dedicate funding and effort towards control of that disease, advocate for
the disease to governments or public health agencies, or dedicate research funding to the dis-
ease. Each disease was allocated one point per stakeholder reporting an interest in it. An inclu-
sive approach was followed, whereby diseases were considered to be of interest to a
stakeholder, irrespective of any hierarchy within the agency’s prioritisation system.

Another point was allocated to diseases which were notifiable to national disease control
agencies. In order to mitigate spatial bias in the notifiable disease listed by different agencies, a
search for countries which had readily-accessible and clearly defined domestic policy relating
to named pathogens was performed, and one country from each of the main GBD defined re-
gions was selected: USA (High Income), Brazil (Latin America and the Caribbean), Zambia
(sub-Saharan Africa), United Arab Emirates (North Africa and the Middle East), India (South
Asia), Malaysia (South East Asia, East Asia and Oceania) and Croatia (Central and Eastern Eu-
rope and Central Asia). Interest in these diseases at a domestic level suggests that there will be
interest in maps of these diseases, as demonstrated by the presence of subscription-only online
databases of maps including GIDEON [47] and the rapid expansion of real-time maps to
which physicians are encouraged to contribute [15,28].

Academic output, a proxy of funder agency awards, but also of high-quality data availability
[1], was quantified based on the h-index of each disease [48], as reported by Scopus [49]. More
commonly used to assess a scientist’s productivity and impact, the h-index is used here to
quantify the level of active interest across the academic community in each disease [50]. The h-
index is the number of published papers (referring to a particular disease) that have been cited
by at least as many other papers. In other words, an h-index of 7 signifies that 7 published pa-
pers including that disease name have been cited at least 7 times. For each disease in turn, Sco-
pus citation numbers were generated for all publications referring to the disease (document
search for "Disease Name" in "Article Title, Abstract, Keywords"). This Scopus search generates
a Citation Tracker file showing the number of citations to each publication referring to the
"Disease Name". Diseases were then categorised according to their h-index. Those for which
there was evidence of very high scientific output scored 2 (h-index>100), those with interme-
diate h-index (>50–100) scored 1.5, while diseases with h-index of<50 scored 1.

The diseases classified as Option 4 (use niche modelling methods) and Option 5 (model
prevalence or incidence) have the most epidemiological data available and have the greatest po-
tential to benefit from a dedicated mapping exercise, but also require the most resources. Op-
tion 2 and 3 diseases are data-poor and both require mapping of occurrence data only [1], and
therefore are significantly less time-intensive to map, limited to more simplistic analyses, than
those diseases categorised as Option 4 and 5. Option 3 disease mapping relates potential
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transmission limits to aspects of vector biology. In cases where Option 4 and 5 diseases also
have the same vector, the Option 3 disease will be considered as part of mapping these comple-
mentary diseases; where this is not the case, a disease’s transmission limits can be assessed
through a mixture of literature surveys and occurrence data overlap. Option 4 and 5 diseases
within the disease clusters were therefore prioritised and for each cluster, the average policy
score for the Option 4 and 5 diseases was calculated and contributed to the final analysis. These
diseases should be the primary focus of future cartographic efforts as these require the most at-
tention and bespoke inputs to be generated.

Mapping prioritisation ranking of diseases
The final step in the process was to combine these assessments to produce a ranking of disease
clusters and therefore recommend diseases to prioritise for mapping. Each cluster was plotted
on a graph based on its total DALYs and the average policy priority of its Option 4 and 5 dis-
eases. Option 2 and 3 diseases were included in the cluster DALY scores in order to reflect the
relative importance that each cluster represented in terms of burden of disease. One cluster
may consist of a large number of minor diseases which, as a collective grouping, represent a sig-
nificant problem—by retaining the DALY score, this burden is reflected, With the policy prior-
ity score however, the opposite is the case; inclusion of multiple low scoring diseases would
down-weight the cluster as a whole. In scenarios where clusters consist of a diverse grouping of
pathogens, averaging policy score across all conditions misrepresents those with a high policy
priority and therefore masks these diseases in comparison to clusters that only consist of those
diseases with high policy priority scores.

Each cluster was then evaluated based upon its distance from a hypothetical cluster which
had the highest DALYs (i.e. that of HIV) and the highest policy score (i.e. that of Malaria) rela-
tive to a line drawn from this cluster to the origin; those closer to this hypothetical cluster,
along this axis, were prioritised higher. As a result, the relative influence of burden and policy
priority could be considered both simultaneously and independently. Within each cluster, the
diseases to be prioritised (i.e. Option 4 or 5) were then reported (Table 1). The code to replicate
this methodology is freely available from: https://github.com/SEEG-Oxford/prioritisation.

Results

Organization of the mapping clusters
The 176 diseases identified as having a rationale for mapping were organised into 33 clusters,
based upon the biological and taxonomic classifications of the causative pathogen, modes of
transmission and the mapping method recommended in a previous review [1] (Fig 1). Seven of
these clusters included only a single disease due to their unique transmission within their
broader taxonomic grouping (HIV, poliomyelitis, avian influenza, pythiosis, South American
bartonellosis, tuberculosis and babesiosis). Conversely, the mosquito-borne arbovirus cluster
was the largest cluster, consisting of 26 diseases, many of which have the potential to benefit
from modelled maps.

Prioritising mapping diseases
Fig 2 brings together the two indices selected to prioritise diseases for mapping—disability ad-
justed life-year (DALY) burden and relative stakeholder interest. These plots demonstrate that
the HIV, malaria and tuberculosis clusters are exceptional in representing an overwhelming
share of DALY burden [51] and being of highest priority to the global health community with
their placement in the top right quadrant of the graph. These three clusters contain five
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Table 1. Clusters indicated asmapping priorities with their constituent diseases recommended for distribution modelling and current global map-
ping projects identified.

Cluster (main diseases to map / total
diseases in cluster)

Diseases within cluster, to
map

Total cluster
DALYs

Average policy
score

Current global mapping
projects

1. Malaria (n = 3/5) Plasmodium falciparum 65,493,135 11.8 MAP [13,29,40]; WHO [81]

P. knowlesi

P. vivax

2. HIV (n = 1/1) HIV 69,480,661 11 GBD [51]; UNAIDS [82]

3. Tuberculosis (n = 1/1) Tuberculosis 49,816,215 11 GBD [51]

4. Food/Water-borne (Bacteria) (n = 1/4) Cholera 9,962,003 8

5. Water-borne (Platyhelminth) (n = 3/7) Schistosoma haematobium 3,062,843 7.7 GAHI [83]; Global NTD
database [31]

S. japonicum

S. mansoni

6. Trypanosomiasis (n = 2/2) African trypanosomiasis 728,564 7.5 WHO [68,84]

American trypanosomiasis

7. Filariasis (n = 3/3) Bancroftian filariasis 2,022,099 6.2 GAHI [85]

Brugia malayi

B. timori

8. Soil Transmitted Helminths (n = 3/3) Ascariasis 4,029,403 5.3 GAHI [5,14]

Hookworm

Trichuriasis

9. Leishmaniasis (n = 3/3) Cutaneous leishmaniasis (Old
World)

4,283,139 5.2 SEEG [8]

Cutaneous leishmaniasis
(New World)

Visceral leishmaniasis

10. Unknown agent (n = 1/4) Tropical sprue 3,609,400 4

11. Picornaviridae (n = 1/1) Polio 116,065 6 The Global Polio Eradication
Initiative [86]

12. Food/Water-borne (Nematode) (n = 1/13) Dracunculiasis 422,476 2.5

13. Fly-borne (Nematode) (n = 2/5) Loiasis 711,246 4.3 WHO and APOC [87] [88]

Onchocerciasis

14. Direct contact (Bacteria) (n = 4/6) Anthrax 1,030,777 4

Brazilian purpuric fever

Leprosy

Trachoma GAT [10,89]

15. Mosquito-borne (Virus) (n = 15/26) Barmah Forest disease 4,219,569 2.6

California serogroup viruses

Chikungunya

Dengue SEEG [2,12]

Japanese encephalitis

Murray Valley encephalitis

Rift Valley fever

Rocio

Ross River virus

Sindbis

St. Louis encephalitis

Venezuelan equine
encephalitis

Western equine encephalitis

(Continued)
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individual diseases that are a mapping priority, malaria (Plasmodium falciparum, P. vivax, and
P. knowlesi), HIV and tuberculosis. Table 1 shows the top 15 disease clusters (i.e. those in the
top right of Fig 2), representing 44 individual diseases, with their associated scores. Fig 3 dem-
onstrates that there exists a group of approximately 45 diseases that are the collective focus of
public health agencies. The 44 diseases prioritised by this study include all those diseases that
represent a significant cartographic challenge (i.e. those diseases requiring either species distri-
bution modelling approaches to produce occurrence maps or model-based geostatistics to pro-
duce prevalence maps, n = 33) identified by these public health agencies, save rabies and avian
influenza. The clusters are ranked in order, whilst the diseases within each cluster are alphabet-
ical and should be considered equal on the basis of this prioritisation.

The top ten priority clusters account for over 92% of all DALYs for those IDs which require
mapping (i.e. the 176 IDs identified); if this is expanded to the top 15 clusters containing 44
diseases to map, this value increases to 95% (Fig 4). Within these 44 diseases, 19 of the 29 ne-
glected tropical diseases (NTD) highlighted by the WHO are represented. Within the top ten
prioritised clusters, 14 individual diseases relate to these same NTDs [52,53]. The top 15 priori-
tised clusters include some diseases, such as the picornaviridae (polio), that have a low DALY
burden but a high public health ranking because they are high on the eradication agenda.

Disease burden
It was possible to establish a direct correspondence with GBD estimates for 34 of the 176 dis-
eases with a strong rationale for mapping as listed byHay et al. (2013) [44,45]. DALY estimates
were allocated to a further 132 diseases by linking diseases with ICD-10 codes [46] and their re-
spective GBD category definitions. Whilst these burden values are not accurate absolute values,
and should not be interpreted as such, this DALY allocation does allow relative burdens to be
determined. The remaining 11 diseases were given the baseline DALY allocation of 100, a value
not intended to represent an estimate of the “true”DALYs associated with these diseases, but
rather to distinguish them from diseases which were considered to cause a major burden in the
GBD analysis. It is safe to assume that if such diseases were not assigned a specific GBD classifi-
cation, their global impact on mortality and morbidity is relatively small.

In total, the 176 diseases with a strong rationale for mapping [1] represent over 230 million
DALYs, approximately 10% of the global DALY burden and 47% of the global ID DALY bur-
den. At the cluster level, HIV, malaria and tuberculosis represent 80% of the overall mapping-
disease DALY burden (Fig 5A). Apart from these three conditions, the only other IDs in the
top 50 highest DALYs globally are not currently recommended for mapping because they do
not show spatial variation in their occurrence and have insufficient data to map variation in
disease prevalence with model-based geostatistical analyses. The high-burden diseases not cur-
rently considered for mapping include respiratory diseases, meningitis, and many diarrhoeal

Table 1. (Continued)

Cluster (main diseases to map / total
diseases in cluster)

Diseases within cluster, to
map

Total cluster
DALYs

Average policy
score

Current global mapping
projects

West Nile fever

Yellow fever

* Indicates default null value.

MAP—Malaria Atlas Project; WHO—World Health Organization; GBD—Global Burden of Disease; GAHI—Global Atlas of Helminth Infections; SEEG—

Spatial Ecology and Epidemiology Group; APOC—African Programme for Onchocerciasis Control; GAT—Global Atlas of Trachoma

doi:10.1371/journal.pntd.0003756.t001
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infections. Alternative approaches to mapping broader symptom groupings (severe pneumo-
nia, severe diarrhoea and severe febrile illnesses) and then differentiating constituent disease

Fig 1. Hierarchical organisation of the 33 clusters. The 176 diseases with strong rationale for mapping were first sorted by taxonomy of pathogenic agent
(in orange) and then structured by common epidemiological and transmission characteristics into sub-groupings (in blue) and finally clusters (in red).
STH = soil transmitted helminth, VBD = vector borne disease.

doi:10.1371/journal.pntd.0003756.g001

Fig 2. Disease prioritisation. Plot showing the 33 clusters of diseases as ranked by burden of disease DALYs (y-axis—logarithmic scale) and mean policy
priority score of occurrence mapping and prevalence mapping diseases (x-axis—linear scale). The top ten clusters circled and numbered as identified in
Table 1. The size of the circle is determined by the total number of diseases contained and colour is based upon taxonomy (as outlined by Fig 1; the web
appendix contains the full disease listing for each cluster). The dashed guidelines are perpendicular to the axis along which prioritisation order for the clusters
was determined; those closer to the top right, along this axis, were prioritised higher.

doi:10.1371/journal.pntd.0003756.g002
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components, are being developed. Together, this would map 80% of all DALYs caused by
communicable diseases.

A higher resolution focus on the clusters excluding HIV, malaria and tuberculosis (Fig 5B)
shows that over 60% of DALYs associated with the 176 IDs are accounted for by the other top
ten prioritised clusters; approximately three quarters of the remaining DALYs are accounted
for when the remaining prioritised clusters of diseases are included.

Global health community interest
The treemap in Fig 5C displays the repartition of interest from the global health community
across the clusters. Interest was scored in terms of: 1) the stated priorities of a survey of assort-
ed public health stakeholders who are expected to be end-users of the maps, 2) status as a noti-
fiable disease, and 3) prominence in the academic literature.

A total of 20 diverse stakeholders were surveyed. This was found to be a sufficiently large
number to sample based on an analysis similar to a species accumulation curve that demon-
strates the diminishing returns from increasing sampling effort [54]. The number of new

Fig 3. A “species accumulation” curve showing the cumulative number of diseases of interest sampled by increasing numbers of public health
stakeholders examined. The diseases of interest of twenty global health stakeholders was indexed and plotted (see Methods). As additional organisations
are sampled beyond the fifteen used in this study, the number of unique diseases identified plateaus at around 42. Thus not all public health stakeholders
need to be sampled to capture the global diversity of diseases of public health interest.

doi:10.1371/journal.pntd.0003756.g003
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diseases reported levelled off at around 15 organisations sampled (Fig 3) and so the 20 organi-
sations used for this analysis was sufficient to capture the diseases of public health priority. Of
the 176 diseases recommended for mapping [1], 24% were prioritised by at least one public
health agency, and 55% were notifiable to at least one of the national disease control agencies.

Of those diseases that represent the greatest cartographic challenge, all were prioritised by at
least one public health agency and two thirds were notifiable diseases. Of the 176 diseases, thir-
ty diseases (17%) had an h-index [48] above 100 (with HIV having the highest h-index of 461),
while 64% of the diseases had an h-index of 50 or less. Of the occurrence mapping and preva-
lence mapping diseases, 30% had an h-index above 100 and only 37% had an h-index of 50
or less.

Unlike the DALY burden, which was allocated at the disease level (S1 Text), the stated prior-
ity diseases were often grouped to the cluster level by the surveyed stakeholders. For instance,
rather than specifying “Plasmodium vivax” or “visceral leishmaniasis” as a focus, “malaria” and
“leishmaniasis” would be more commonly stated targets. Each component disease of these
clusters would therefore be allocated a point, meaning that the number of component diseases
in each cluster strongly inflated the overall interest score allocated at the cluster aggregate. In-
terest scores were calibrated in the final prioritisation assessment to the number of diseases
classified as occurrence or prevalence mapping within each cluster (i.e. those requiring the
more advanced geostatistical techniques, see Methods for more details), so as to avoid being
unduly skewed by the size of the cluster.

Overall, malaria, HIV and tuberculosis were the leading clusters of interest, with scores of
11.8, 11 and 11, respectively. A further seven clusters received repeated interest, including

Fig 4. Cumulative percentage barplot indicating the cumulative percentage of DALYs accounted for by each cluster. The colouring is based upon
taxonomy, as in Fig 2. The red line indicates the top ten clusters, the dark green indicates the top 15.

doi:10.1371/journal.pntd.0003756.g004
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food-borne/water-borne bacteria (score = 8) and water-borne trematodes (7.7), trypanosomia-
sis (7.5), filariasis (6.2), picornaviridae (6), avian contact viruses (6), soil-transmitted helminths
(5.3) and leishmaniasis (5.2) all scoring highly, indicating their importance to the public health
community. These scores are relative and intended to reveal general trends across the clusters
rather than quantitatively reflect the weighting that any one institution places on a particular
disease.

Discussion
A review of all clinically significant IDs identified 176 with a strong rationale for mapping, of
which only 4% have been adequately mapped [1]. The current study was undertaken to define
a ruleset for determining which diseases, from a cartographic and public health perspective,
should be prioritised when sequentially addressing this shortfall. Diseases were clustered to-
gether based upon shared characteristics (such as basic taxonomic division and mode of trans-
mission) in order to consider together those diseases that would synergise operationally in
terms of data collection, covariate selection and methodology used. Given the large number of
diseases identified, prioritisation is necessary; we addressed this by evaluating both within the
context of disease burden as well as considering the diseases’ influence within public health or-
ganisations and the wider academic community. It is important to stress that the study was fo-
cussed on priorities for mapping, and was not a general prioritisation of IDs; this is particularly
important to emphasise given that a number of high-burden diseases, including meningitis,
pneumonia and some diarrhoeal diseases, were not included in the list of 176 diseases
[1,44,45].

Malaria is the infectious disease for which the most detailed and robust global risk maps
exist [13,29]. The work of the Malaria Atlas Project [33,55] along with a proliferation of nation-
al and local-scale studies [56] has established a mature and sophisticated methodological ap-
proach centred on the use of model-based geostatistics to generate continuous surfaces of risk.
This has been possible, in part, due to the long history of population-based malaria infection
prevalence surveys where researchers and control programmes have used microscopy or rapid
diagnostic tests to establish the proportion of randomly sampled individuals testing positive
for malaria parasitaemia [30,57]. Crucial for geospatial mapping, such data are increasingly
georeferenced with a latitude and longitude for each observation established via gazetteer
methods (recorded location names linked to digital atlases) or directly using Global Positioning
System (GPS) technology at the time of survey [58,59].

The high prioritisation of HIV and tuberculosis shown in the current study brings into
sharp focus the need for similar mapping activities to be established for HIV and tuberculosis.
All three diseases have an established history of routine and survey-based data collection that,
in comparison to many other diseases, is of relatively high quality and consistency, laying the
foundation for similar statistical mapping approaches to those used for malaria to be applied.

Fig 5. Plots indicating the relative importance of eachmapping cluster. (A) Area of each section is
determined by the total DALY contribution of each of the 33 clusters. Blue indicates a cluster contributing to
the top ten clusters to be prioritised, green indicates top 44 diseases (n = 5 clusters) and light green
represents the remaining disease clusters (n = 18). (B) Area of each section is determined by the total DALY
contribution of 30 clusters, with HIV, tuberculosis and malaria excluded. Blue indicates a cluster contributing
to the top ten clusters to be prioritised (n = 7), green indicates top 44 diseases (n = 5 clusters) and light green
represents the remaining disease clusters (n = 18). STH = soil-transmitted helminth, (B)—bacteria, (N)—
nematode, (Pl)—platyhelminth, (V)—virus. (C) Area of each section is determined by the total policy interest
score of each of the 33 clusters. Red indicates a cluster within the top ten to be prioritised, orange indicates
one of top 44 diseases (n = 5) and light pink represents the remaining disease clusters (n = 18). STH = soil-
transmitted helminth, (B)—bacteria, (N)—nematode, (Pl)—platyhelminth, (V)—virus.

doi:10.1371/journal.pntd.0003756.g005
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A cornerstone of HIV surveillance over the last several decades has been routine blood testing
for HIV infection in mothers attending sentinel antenatal clinics. Such data provide rich longi-
tudinal observations of prevalence in this demographic group and the potential exists to com-
bine these with cross-sectional data from nationally representative household surveys [60] to
generate optimal space-time models of the changing geographical pattern of infection across
individual countries. Unlike HIV and malaria, population-based tuberculosis prevalence test-
ing is not currently included as part of the major international survey programmes [58,61].
However, such surveys (reporting on the prevalence of bacteriologically-confirmed pulmonary
tuberculosis) have been undertaken in a number of high-burden countries in recent years, with
many more planned in the near future [62]. In a similar way to HIV, the prospect exists of a
mapping methodology that could combine survey-based data with the rich health-system
based data on new case notifications and other metrics, leveraging the respective strengths of
community- and facility-based data. A longer-term goal must be the development of a data as-
similation and modelling architecture for all three of these major global diseases to support ro-
bust and regularly updated global maps detailing their joint distribution and its evolution
though time which can be used to assess the impact of control and international financing ef-
forts [18].

The current analysis identifies a number of different NTDs as priority diseases for mapping,
a finding which is consistent with the emphasis given to mapping by the global NTD commu-
nity in order to geographically target NTDs interventions [63,64]. Specifically, for those NTDs
where morbidity control is the goal, including soil-transmitted helminths (STH) and schistoso-
miasis, interventions are most cost-effective when they are targeted to areas of highest trans-
mission [21]. For those NTDs which are identified for elimination, such as onchocerciasis and
lymphatic filariasis, it is essential to know where transmission occurs and when it has been suc-
cessfully halted following control measures. As a consequence of these operational require-
ments, large-scale mapping initiatives are underway for each of the main NTDs (Table 1). A
challenge for mapping the NTDs, and indeed for mapping many IDs, is the need to continually
update maps in order to help track the progress in control. As interventions reduce transmis-
sion levels and therefore distributions become more focalised, the need for mapping will
only increase.

Unsurprisingly, the top 44 diseases for prioritisation are dominated by those with the high-
est global burden. However, certain clusters stand out as having high public health attention
without a high burden, particularly the picornaviridae cluster and its constituent disease, polio.
Although cases are now restricted to a few hundred each year, polio has been identified as an
eradication target and is a high priority for many public health stakeholders despite recent ob-
stacles in the eradication schedule [65,66]. In these eradication and elimination scenarios, the
role of mapping changes subtly to both identifying areas where cases continue to occur, and in
highlighting potential future risks and improving surveillance [67]. Following a similar logic,
diseases such as dracunculiasis, African trypanosomiasis and onchocerciasis, in spite of rela-
tively low burdens, remain high policy priorities due to elimination efforts in various parts of
the globe [68,69]. These examples demonstrate the utility of the approach used in this study of
using assessments of the public health burden as well as metrics of public health attention.

The disease prioritisation methodology used here differs from existing approaches, such as
the “Delphi panel method”, in that it does not include a panel of experts scoring various criteria
associated with the diseases being considered [70–74]. In contrast, this study uses a simplified
methodology, placing importance in reproducibility and flexibility, using clearly defined rules
to assess available evidence and remove potentially subjective expert-opinion. The methods
employed are reliant on independent, third party information, and are assessed in a consistent
manner, which can easily respond to changes either in burden or public health focus. The
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relative importance of these diseases will most likely change over time, so an approach that can
easily accommodate this is preferable. Burden estimation using the GBD is crucial, since it is
the leading globally consistent measure by which to compare these various diseases and the ef-
fects of their many different clinical manifestations. Any global assessment of 301 causes of
mortality and morbidity, and associated sequelae, will be subject to the limitations of data avail-
ability and epidemiological understanding as well as model assumptions and implementation
[53,75,76], and will require frequent updates in a rapidly changing world. The technique pre-
sented here has the advantage of being rapidly updateable, and we will reproduce these num-
bers with each new iteration of the GBD project. As a consequence, public health authorities
can also easily create bespoke prioritisation lists based upon a selection of disease inclusion cri-
teria (such as those endemic to their particular country or region). This can more easily be
achieved with the availability of sub-national estimates of disease burden from the GBD study.
Country specific estimates of the interest scores can also be generated with greater specificity,
and can therefore avoid some of the potential biases resulting from the use of other countries
as representatives of each GBD region used in this study.

Additional factors that may influence the disease priority, such as potential economic im-
pact [77–79], were not used in this analysis because insufficient information was available to
include these metrics. The methodology outlined above benefits from two metrics that can be
applied globally to quantify DALYs and public health priority. As and when measures of addi-
tional disease impacts become available, they can and should be incorporated into assessments
such as this.

The study also identifies some high DALY groupings that do not have high-level policy in-
terest. Three groupings (Tick-borne (Bacterial), Tick-borne (Viral) and Mammal contact
(Viral)) have a cumulative high DALY burden, but relatively low policy rankings and therefore
are just outside the top 15 cluster listing. This may reflect the large number of diverse patho-
gens that make up these groupings, many of which are relatively restricted in distribution and
hence would not commonly be prioritised by globally focussed organisations. That said, the
high DALY value indicates that these diseases are of international interest, particularly when
secondary human-to-human transmission is a possibility such as with Lassa fever and Crimean
Congo Haemorrhagic Fever [80]. These conditions further advocate the utility of regional and
national level priority estimates.

The exclusion of diseases not suited for occurrence based mapping, and therefore omitted
from the prioritisation process (so called Option 1 diseases [1]), is entirely based on carto-
graphic considerations. Some of these diseases are inherently linked to human-to-human inter-
actions, others are endogenous in origin, with the pathogen essentially ubiquitous amongst
humans and only occasionally causing opportunist infections in certain scenarios, whilst some
have the potential to cause infection anywhere across the globe due to the cosmopolitan distri-
bution of their sources of infection, whether they be environmental or human based. Many of
these diseases can vary spatially, as evidenced by the African meningitis belt, although such
variation, when considered relative to the rest of the world, is due to differences in prevalence
or intensity, not presence or absence. Occurrence based mapping methods, such as boosted re-
gression trees, rely on binary presence/absence data. For conditions such as the common cold,
diphtheria or respiratory syncytial virus, which have the potential to occur across the globe,
these mapping techniques are ineffective. It is only through using more advanced methods,
such as model-based geostatistics, that maps analysing the variation in intensity of these dis-
eases can be produced. The limitation of this methodology is the amount of prevalence survey
data required, which for many diseases is not comprehensive or detailed enough to allow for
global analyses. Basic human related covariates, such as population density, urban extent pro-
files and national vaccination statistics can be used to explain a degree of the global variation in
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these diseases, but fall short of the wealth of information that can be derived from comprehen-
sive global prevalence datasets, such as those available for malaria. As we continue to explore
additional data avenues, there will be an increasing number of diseases where such data
become available.

The disease prioritisation outlined in this study offers a logical framework for proceeding
with disease mapping, which reinforces the necessity of existing programmes and identifies
those diseases to focus on next (Table 1). Diseases which will form the initial focus of future
study comprise both those with the highest-burden and those of greatest concern to the global
health community. The initial top-priority diseases include a range of disease agents and trans-
mission routes, and therefore present a variety of challenges for mapping. The prioritisation
and clustering of these diseases presents a clear plan of action designed to maximise the effec-
tiveness and value of future cartographic efforts.

Supporting Information
S1 Text. Supporting Information providing more specific details on the rationale for map-
ping, linking the Global Burden of Disease and those identified as mapping targets, feeds
for the identifying diseases of interest to public health stakeholders and a full cluster rank-
ing.
(DOCX)
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Chapter 3 

A framework for mapping vector-borne diseases: the 

leishmaniases. 

 

As identified in Chapter 2, the leishmaniases have the greatest disability adjusted life years 

amongst the neglected tropical diseases and are one of the top 10 prioritised clusters. It is 

surprising therefore that no global, evidence-based approach to mapping the distribution of 

these various conditions had been implemented; indeed only one map, consisting of expert 

opinion ranges, had been published, as part of a World Health Organization report. This paper 

uses a comprehensive database of reported cases, coupled with assessments on the reliability of 

information on the presence or absence of the disease in each district of the world (termed 

evidence consensus), to model the environmental suitability for leishmaniasis transmission 

across the globe, using boosted regression trees. This work has been published in eLife and is 

included here in its final form. The additional information referred to in this chapter is included 

in the Appendix of this thesis. Also included in the Appendix is a more detailed paper 

discussing the occurrence data generation and curation protocols. 
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Abstract The leishmaniases are vector-borne diseases that have a broad global distribution 
throughout much of the Americas, Africa, and Asia. Despite representing a significant public health 
burden, our understanding of the global distribution of the leishmaniases remains vague, reliant 
upon expert opinion and limited to poor spatial resolution. A global assessment of the consensus of 
evidence for leishmaniasis was performed at a sub-national level by aggregating information from a 
variety of sources. A database of records of cutaneous and visceral leishmaniasis occurrence was 
compiled from published literature, online reports, strain archives, and GenBank accessions. These, 
with a suite of biologically relevant environmental covariates, were used in a boosted regression 
tree modelling framework to generate global environmental risk maps for the leishmaniases. These 
high-resolution evidence-based maps can help direct future surveillance activities, identify areas to 
target for disease control and inform future burden estimation efforts.
DOI: 10.7554/eLife.02851.001

Introduction
The leishmaniases are a group of protozoan diseases transmitted to humans and other mammals by 
phlebotomine sandflies (Murray et al., 2005; WHO, 2010). Considered as one of the neglected trop-
ical diseases (NTD) (WHO, 2009), the leishmaniases can be caused by around 20 Leishmania species 
and include a complex life cycle involving multiple arthropod vectors and mammalian reservoir species 
(Ashford, 1996; Ready, 2013). Sandflies belonging to either Phlebotomus spp. (Old World) or 
Lutzomyia spp. (New World) are the primary vectors; domestic dogs, rodents, sloths, and opossums 
are amongst a long list of mammals that are either incriminated or suspected reservoir hosts. Non-
vector transmission (e.g., by accidental laboratory infection, blood transfusion, or organ transplanta-
tion) is possible, but rare (Cardo, 2006). Transmission of the leishmaniases can be either anthroponotic 
or zoonotic. The leishmaniases rank as the leading NTD in terms of mortality and morbidity with an 
estimated 50,000 deaths in 2010 (Lozano et al., 2012) and 3.3 million disability adjusted life years 
(Murray et al., 2012).
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Symptoms of Leishmania infection can take many different and diverse forms (Banuls et al., 2011), 
the two main outcomes being cutaneous leishmaniasis (CL) and visceral leishmaniasis (VL). Cutaneous 
leishmaniasis typically presents as cutaneous nodules or lesions at the site of the sandfly bite (localised 
cutaneous leishmaniasis). In some cases, parasites disseminate through the skin and present as multi-
ple non-ulcerative nodules (diffuse cutaneous leishmaniasis, DCL) or propagate through the lymphatic 
system resulting in nasobronchial and buccal mucosal tissue destruction (mucosal leishmaniasis, ML) 
(Reithinger et al., 2007; Dedet and Pratlong, 2009). Localised CL may resolve spontaneously and 
usually responds well to treatment; management of DCL and ML cases is more difficult and cases may 
take considerably longer to resolve, if at all. Visceral leishmaniasis generally affects the spleen, liver, or 
other lymphoid tissues, and, if left untreated, is fatal; a fraction of successfully treated VL cases may 
result in maculopapular or nodular rashes (post-kala-azar dermal leishmaniasis) (Murray et al., 2005; 
Dedet and Pratlong, 2009). While the Leishmania species determines which of the main two forms of 
the leishmaniases will result from infection, establishment, progression, and severity of infection as 
well as treatment regimen and outcome is dependent on a range of other factors, including parasite 
strain, characteristics of sandfly saliva, parasite infection with Leishmania RNA virus, host genetics, and 
immunosuppression, particularly due to HIV co-infection (Reithinger et al., 2007; Ives et al., 2011; 
Novais et al., 2013).

Species distribution models provide a robust means of mapping these diseases at a global level. 
These models define a set of conditions, from a selection of environmental covariates, which best 
categorise known occurrences. Through this categorisation, areas of unknown pathogen presence 
can be identified and thus a global evaluation of environmental suitability for presence can be made. 

eLife digest Each year 1–2 million people are diagnosed with a tropical disease called 
leishmaniasis, which is caused by single-celled parasites. People are infected when they are bitten 
by sandflies carrying the parasite, and often develop skin lesions around the bite site. Though 
mild cases may recover on their own or with treatment, sometimes the parasites multiply and 
spread elsewhere causing further skin lesions and facial disfigurement. Furthermore, the parasites 
can also infect internal organs such as the spleen and the liver, which without treatment can be 
fatal.

The parasites that cause leishmaniasis are found in 88 countries around the world, mainly in 
South and Central America, Africa, Asia, and southern Europe. However, over 90% of potentially 
fatal infections occur in just six countries: Brazil, Ethiopia, Sudan, South Sudan, India, and 
Bangladesh. Although a few studies have looked at the distribution of leishmaniasis within different 
countries, we still do not have a complete picture of the distribution of the disease on a global 
scale.

To address this, Pigott et al. set out to create detailed maps of the distribution of leishmaniasis 
and the factors that promote its spread. Similar techniques had been previously used to map 
dengue fever, another tropical disease. Computer modelling was used to generate the maps based 
on data about the environment at the locations of known cases of leishmaniasis. This information 
was then used to infer the likelihood of leishmaniasis being present at other locations across the 
globe.

Based on their maps, Pigott et al. estimate that about 1.7 billion people, or one quarter of the 
world's population, live in areas where they are at potential risk of leishmaniasis. People living in 
built-up areas outside of cities are at the greatest risk, likely because some sandfly species prefer to 
live near dwellings, but other social and economic factors also contribute to the risk of catching this 
disease.

The factors driving the transmission of leishmaniasis differed in the Old World (Europe, Africa 
and Asia) and the New World (the Americas): built-up areas were more likely to be at risk in the Old 
World, while temperature and rainfall were bigger factors affecting risk in the New World. It is 
hoped that the maps created by Pigott et al. will help inform future estimates of the burden of 
leishmaniasis and target surveillance and disease control efforts more effectively to combat this 
tropical disease.
DOI: 10.7554/eLife.02851.002
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A variety of factors can influence the distribution of an organism, including an array of environmental 
and other abiotic characteristics as well as biotic factors (Peterson, 2008). Whilst many areas may be 
environmentally suitable for a given species, other factors may prevent the species from being pre-
sent in all of these locations. This distinction is often referred to as the difference between the funda-
mental and the realised niche of the species, the former describing a potential distribution based upon 
specific features of the environment whilst the latter indicates the distribution we observe. Such a 
framework can be applied just as successfully in the context of pathogens and their vectors as with 
macroorganisms (Peterson et al., 2011) and has already been applied to the mapping of malaria vec-
tors (Sinka et al., 2010, 2010, 2011) and dengue (Bhatt et al., 2013). The relationships between 
the leishmaniases and environmental and socioeconomic factors known to influence their distribu-
tion at a global scale has not previously been considered in a comprehensive and quantitative manner 
(Hay et al., 2013). This study uses these modelling techniques in order to define the first evidence- 
based global environmental risk maps of the leishmaniases.

Results
Evidence of leishmaniasis
For each province or state across the globe (classed as Admin 1 by the Food and Agriculture 
Organization's Global Administrative Unit Layers (FAO, 2008), totalling some 3450) evidence was 
collected regarding CL and VL presence or absence. An assessment of the consensus of this evidence 
ranging from comprehensive agreement on disease presence (+100%) to consensus of disease absence 
(−100%) was made. Figures 1A–4A present these evidence consensus maps, with full reasoning for 
each administrative unit's score outlined in the associated data set (Dryad data set doi: 10.5061/
dryad.05f5h). For Brazil, it was possible to perform this analysis at the district level (classed as Admin 2) 
totalling some 5510 units. In total, 950 Admin 1 units from 84 countries reported a consensus on CL 
presence greater than indeterminate (a score of 0), with 310 Admin 1 units from 42 countries reporting 
a complete consensus on the presence of CL. In Brazil, 2469 Admin 2 regions recorded CL cases over 
the period of investigation. Consensus on the presence of VL (score greater than 0) was reported in 
793 Admin 1 units from 77 countries, with 88 Admin 1 units from 32 countries reporting complete 
consensus on VL. In Brazil, 1320 Admin 2 units recorded VL cases.

Of the 10 countries (Afghanistan, Colombia, Brazil, Algeria, Peru, Costa Rica, Iran, Syria, Ethiopia, 
and Sudan) that contribute 75% of the global estimated CL incidence (Alvar et al., 2012), only 
Algeria did not have regions of complete evidence consensus on presence due to incomplete and 
non-contemporary case data. Similarly, of the six countries (Brazil, Ethiopia, Sudan, South Sudan, India, 
and Bangladesh) that report 90% of all VL cases (Alvar et al., 2012), all six had regions of complete 
consensus on VL.

Figures 1A–4A also show the spatial distribution of occurrence data, defined as one or more 
reports of leishmaniasis in a given calendar year, collated from a variety of sources. Overall, there is a 
relatively broad geographic spread and good correspondence with the evidence consensus maps for 
each disease. Tunisia, Morocco and Brazil report the highest number of unique CL occurrences in any 
given year, whilst India reported the largest proportion of the VL occurrence data.

Table 1 reports the sources and types of data within the occurrence database. Whilst the majority 
of occurrence records contain accurate point data (62%), the remainder were recorded at a provincial 
or district level. Occurrence records for the two diseases were relatively similar in number with a total 
of 6426 records for CL and 6137 for VL.

Modelled distribution of the leishmaniases
Figures 1B–4B show the global predicted environmental risk maps for CL and VL. Table 2 identifies 
the top five predictor variables in each of the four modelled regions (since CL and VL were modelled 
separately in the Old World and New World) as measured by average contribution to the boosted 
regression trees (BRT) submodels. Peri-urban and urban land cover is an important predictor of the 
distribution of CL in the Old World and of VL globally. Abiotic factors such as land surface temperature 
(LST) were better predictors of CL than of VL. In total, LST variables (annual minimum, maximum and 
mean) explain 21.99% of CL distribution in the Old World and 43.65% of CL distribution in the New 
World (with maximum LST having the highest relative contribution). Abiotic factors combined (including 
LST, normalised difference vegetation index (NDVI) and precipitation) accounted for 29.02% and 
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48.55% of VL distribution in the Old World and New World, respectively. Validation statistics for all 
models were high with a mean area under the receiver operator curve (AUC) above 0.97 and mean 
correlations above 0.85 for all models.

In the New World, CL is predicted to occur primarily within the Amazon basin and other areas of 
rainforest. By contrast, VL is predicted to occur mainly along the coastline of Brazil, with sporadic foci 
across the rest of Southern and Central America. Outside of their main foci, both diseases are strongly 
associated with urban and peri-urban areas, resulting in a focal distribution throughout much of the 
New World.

In the Old World, both CL and VL are predicted to be present from the Mediterranean Basin across 
the Near East to Northwest India, with a few foci in Central China as well as in a thin band of predicted 
risk across West Africa and in the Horn of Africa. The predicted distribution of VL also extends into 
Northeast India and China with a large predicted focus in the northwest.

The populations living in areas predicted to be subject to environmental risk of CL and VL are esti-
mated to be 1.71 billion and 1.69 billion, respectively, approximately a quarter of the world's popula-
tion. Figure 4—figure supplement 4 compares these national estimates to the annual case incidence 
data from all countries for which at least one case per annum was estimated by Alvar et al. (2012). 
There is a strong positive association between the two measures of disease occurrence. We provide 
estimates of the populations at risk in 90 countries for which no human cases of CL or VL were regularly 
reported (Alvar et al., 2012). A full table of this information is presented in the associated Dryad data 
set (doi: 10.5061/dryad.05f5h). For many of these countries, Alvar et al. (2012) reported a handful of 

Figure 1. Reported and predicted distribution of cutaneous leishmaniasis in the New World. (A) Evidence consensus for presence of the disease ranging 
from green (complete consensus on the absence: −100%) to purple (complete consensus on the presence of disease: +100%). The blue spots indicate 
occurrence points or centroids of occurrences within small polygons. (B) Predicted risk of cutaneous leishmaniasis from green (low probability of 
presence) to purple (high probability of presence).
DOI: 10.7554/eLife.02851.003
The following figure supplements are available for figure 1:

Figure supplement 1. Uncertainty associated with predictions in Figure 1B. 
DOI: 10.7554/eLife.02851.004
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sporadic cases over the years indicating very rare occurrence of infection, whilst the remainder were 
countries with inconclusive evidence of disease presence or absence. It is important to note that the 
relationship between environmental risk and true incidence of disease remains to be elucidated; how-
ever the association between populations living in areas of environmental risk and national level esti-
mates of incidence suggests that the modelled occurrence–incidence relationship approach used by 
Bhatt et al. (2013) for dengue could be applied if the necessary longitudinal cohort study data were 
available.

Discussion
This work has compiled a large body of qualitative and quantitative information on the global distribu-
tion of the leishmaniases and employed a statistical modelling framework to generate the first pub-
lished high-resolution global distribution maps of these diseases.

The evidence consensus maps provide a useful assessment of both global and regional knowledge 
of these diseases. Whilst in many countries consensus on presence or absence of the leishmaniases 
exists, in other areas, including large parts of Africa and many states in India, these assessments reveal 
significant uncertainty in assessing disease presence or absence using currently available evidence. It 
is in these data-poor countries that increased surveillance efforts should be concentrated to improve our 
knowledge of the global distribution of the leishmaniases. In some locations, cases have been reported as 
locally transmitted without the presence of proven vector species, which could indicate a false 
positive. However, the overall consensus score will reflect any uncertainty associated with the validity 

Figure 2. Reported and predicted distribution of visceral leishmaniasis in the New World. (A) Evidence consensus for presence of the disease ranging 
from green (complete consensus on the absence: −100%) to purple (complete consensus on the presence of disease: +100%). The blue spots indicate 
occurrence points or centroids of occurrences within small polygons. (B) Predicted risk of visceral leishmaniasis from green (low probability of presence) 
to purple (high probability of presence).
DOI: 10.7554/eLife.02851.005
The following figure supplements are available for figure 2:

Figure supplement 1. Uncertainty associated with predictions in Figure 2B. 
DOI: 10.7554/eLife.02851.006
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Figure 3. Reported and predicted distribution of cutaneous leishmaniasis in the Old World. (A) Evidence consensus for presence of the disease ranging 
from green (complete consensus on the absence: −100%) to purple (complete consensus on the presence of disease: +100%). The blue spots indicate 
Figure 3. Continued on next page
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of these reports; if multiple independent sources report autochthonous cases, this increased certainty 
will be reflected in a higher consensus score. Similarly, whilst the occurrence database contains data 
from across the globe, this data set is inevitably subject to spatial bias in reporting, with more data 
reported from more economically developed countries where we already have a good knowledge of 
the disease (e.g., Spain, France, and Italy).

The complexity and diversity of transmission cycles involving not just humans, but also a multitude 
of vectors and reservoirs, necessitated a modelling approach which can account for highly non-linear 
effects of covariates on probability of disease presence. The BRT modelling approach employed is 
able to do this and has previously been shown to produce highly accurate predictions across a wide 
range of species (Elith et al., 2006, 2008). This ecological niche modelling approach is therefore able 
to deal with not only the variation in parasites causing infection, but also the various life-histories and 
habitat preferences associated with the different vector species.

A restriction of the BRT approach (in common with other species distribution modelling approaches) 
is the need for absence data in addition to occurrence data. Since reliable absence data were not 
available at this spatial scale, the incorporation of pseudo-data into the modelling framework was 
necessary. The methodology employed in this study attempted to minimise the problems this can 
cause, by using a probabilistic approach to generate the pseudo-data which incorporates the evi-
dence consensus and distance from existing occurrence points. Similarly, reporting bias within the 
occurrence database is an issue with all presence-only species distribution models (Peterson et al., 
2011). If bias is unaccounted for, there is the potential that the model merely reflects factors that 
correlate with the probability of reporting disease occurrence rather than the disease itself, such as 
healthcare expenditure (Phillips et al., 2009; Syfert et al., 2013). The pseudo-data selection pro-
cedures (which included information from both the occurrence data set and the less-biased evidence 
consensus map) coupled with the model ensembling approach aimed to minimise this potential 
source of bias.

The differences in the most important predictors of disease presence between the two forms of 
the disease and between the Old and New Worlds highlight the complex and spatially variable epi-
demiology of the leishmaniases. Similar to a recent study of the spatial predictors of dengue occur-
rence (Bhatt et al., 2013), environmental and socioeconomic factors were found to be important 
contributors to the distribution of both CL and VL. For VL, both Old World and New World distribu-
tions are driven by peri-urban (and to a lesser degree urban) land cover. This reflects recent trends 
observed, for instance, in Brazil and Bihar state in India, where areas of highest risk have been found 
in peridomestic settings (Bern et al., 2010; Harhay et al., 2011). This risk factor may well be linked 
back to aspects of vector bionomics, with many vectors in these regions associating with or near 
households in general (Singh et al., 2008; Poche et al., 2011; Uranw et al., 2013). Furthermore, 
whilst significant anthroponotic transmission of L. donovani occurs across parts of the Old World, zoo-
notic cycles of VL, primarily tied to canine hosts, dominate L. infantum transmission (Chamaille et al., 
2010; Ready, 2013), with infection in dogs shown to be closely associated with human population 
density.

Important predictors of CL distribution differed markedly between the Old and New World. Whilst 
peri-urban land cover was the most important predictor of the disease in the Old World, in the New 
World temperature was the highest predictor, with abiotic factors predicting 74.18% of CL distribu-
tion. This difference in the relative importance of climatic drivers reflects the fact that in the Old World 

occurrence points or centroids of occurrences within small polygons. (B) Predicted risk of cutaneous leishmaniasis from green (low probability of 
presence) to purple (high probability of presence).
DOI: 10.7554/eLife.02851.007
The following figure supplements are available for figure 3:

Figure supplement 1. Uncertainty associated with predictions in Figure 3B. 
DOI: 10.7554/eLife.02851.008

Figure supplement 2. Reported and predicted distribution of cutaneous leishmaniasis in northeast Africa. 
DOI: 10.7554/eLife.02851.009

Figure supplement 3. Reported and predicted distribution of cutaneous leishmaniasis across the Near East, including Syria, Iran and Afghanistan. 
DOI: 10.7554/eLife.02851.010

Figure 3. Continued
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Figure 4. Reported and predicted distribution of visceral leishmaniasis in the Old World. (A) Evidence consensus for presence of the disease ranging 
from green (complete consensus on the absence: −100%) to purple (complete consensus on the presence of disease: +100%). The blue spots indicate 
occurrence points or centroids of occurrences within small polygons. (B) Predicted risk of visceral leishmaniasis from green (low probability of presence) 
to purple (high probability of presence).
Figure 4. Continued on next page
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the main endemic CL areas are due to both anthroponotically transmitted L. tropica and zoonotic 
cycles of L. major, whereas in the New World the disease is primarily associated with sylvatic and zoo-
notic cycles with a variety of different Leishmania spp. and wild reservoir hosts implicated (Ashford, 
1996; Reithinger et al., 2007; WHO, 2010; Lima et al., 2013; Ready, 2013).

The distribution maps represent a spatially refined assessment of the global environmental risk of 
leishmaniasis and provide a starting point for various public health activities including targeting areas 
for control and assessing disease burden. The maps compare favourably to the WHO Expert Committee 
on the Control of Leishmaniases outputs (WHO, 2010), have high model validation statistics and 
improve upon the existing body of work by providing a finer resolution of risk at a subnational level. 
Similarly, the countries indicated by Alvar et al. (2012) as having 90% of all VL and 75% of all CL cases, 
were all predicted by our maps to have risk for VL and CL, respectively.

There are a number of regions in which our maps do not correspond as closely to these previous 
findings. Regions such as Northwest China are predicted to have high risk for VL, though the low pop-
ulation densities in this area are likely to lead to very few cases and, given its remoteness, even fewer 
reported cases. Other regions, such as the Mediterranean coastline of Europe, are predicted to be 
highly suitable for leishmaniasis, but we see few human cases. This is because the maps presented 
predict the probability of disease presence in an area, rather than directly infer measures of incidence 
or burden, which can be influenced by a variety of other factors (e.g., in the Mediterranean coastline 
of Europe, VL has been associated with immunosuppression). The evidence consensus layer, used to mask 
out regions with high consensus on leishmaniasis absence, acts as a rough filter on the environmental risk 

DOI: 10.7554/eLife.02851.011
The following figure supplements are available for figure 4:

Figure supplement 1. Uncertainty associated with predictions in Figure 4B. 
DOI: 10.7554/eLife.02851.012

Figure supplement 2. Reported and predicted distribution of visceral leishmaniasis in northeast Africa. 
DOI: 10.7554/eLife.02851.013

Figure supplement 3. Reported and predicted distribution of visceral leishmaniasis in the Indian subcontinent. 
DOI: 10.7554/eLife.02851.014

Figure supplement 4. Population at risk estimates for leishmaniasis. 
DOI: 10.7554/eLife.02851.015

Figure 4. Continued

Table 1. Origin and spatial resolution of leishmaniasis occurrence data

Origin and resolution of occurrence data

Point data Province level data District level data Total

Cutaneous leishmaniasis

  Literature 3680 879 1220 5779

  CNR-L 531 47 31 609

  HealthMap 31 – – 31

  GenBank 6 – 1 7

  Total 4248 926 1252 6426

Visceral leishmaniasis

  Literature 3050 1500 1068 5618

  CNR-L 429 24 29 482

  HealthMap 32 1 – 33

  GenBank 3 – 1 4

  Total 3514 1525 1098 6137

Each cell gives the number of occurrence records added to the data set by considering each additional datasource 
after removing duplicate records. Occurrence records are separated by spatial resolution—whether they are 
recorded as points (typically representing settlements) or as province level (admin 1) or district level (admin 2) data.
DOI: 10.7554/eLife.02851.016
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maps. However, in order to model the true relationship between environmental risk and disease 
incidence, a global data set of geopositioned disease incidence data would be required; at present 
this is unavailable.

Estimates of the populations living in areas of environmental risk are therefore supplied as a proxy for 
the true burden of disease. However, they cannot be directly compared with other global estimates of the 
leishmaniases’ disease burden, such as the WHO estimates of clinical burden of around 350 million (WHO, 
2010). Figure 4—figure supplement 4 shows a strong, positive relationship between population at risk 
estimates and estimated annual incidence from Alvar et al. (2012). The exceptions to this relationship 
(e.g., Egypt, Nigeria, and Côte d’Ivoire) are all countries with indeterminate evidence consensus scores, 
indicating a genuine lack of knowledge regarding both the distribution and incidence of disease.

Previous estimates of the leishmaniases' global burden have been complicated by poor knowledge 
of the global distribution of the diseases (Bern et al., 2008; Reithinger, 2008). It is hoped that the 
maps presented here will help to increase the accuracy of future estimates. Ideally, future improve-
ments to the global distribution maps presented here would distinguish between the different 
Leishmania species and sandfly vectors. Species-specific models at the same level of detail as those 
presented here are not currently possible due to a lack of suitable data. Developments in the use of 
‘big data’ approaches to disease mapping (such as the incorporation of informal internet resources) 
may enable the construction of data sets which could be used in these analyses (Hay et al., 2013). 
A further complication with burden estimation is the epidemic nature of the disease, as evidenced 
by the national case time series in Alvar et al. (2012), leading to significant interannual variation in 
burden. Therefore, any burden estimation would have to account for this and the temporal spread of 
data would therefore be critical.

It should be noted that non-environmental drivers of transmission and morbidity, such as HIV immuno-
suppression and risk of infection via blood transfusions and intravenous drug usage, are not incorporated 
into our present models. The maps presented here can help inform the wider discussion of these factors 
and their impact on leishmaniasis (e.g., by identifying regions with greater risk for HIV and leishmaniasis 
co-infection) (Desjeux and Alvar, 2003). Similarly, the niche based models used here could enable a 
decoupling of environmental from social factors to assess the importance of the latter on leishmaniasis 
transmission in particular areas. It may indeed be the case that in some specific localities it is these 
non-environmental risk factors that are the main determinants of disease distribution.

Conclusions
These maps represent evidence-based estimates of the current global distribution of the leishmaniases 
incorporating a comprehensive occurrence database and a rigorous statistical modelling framework 

Table 2. Mean relative contribution of predictor variables to the ensemble BRT models of CL and VL 
in both the Old and New World

Top predictors of CL Relative contribution Top predictors of VL Relative contribution

Old world

  Peri-urban extents 47.34 Peri-urban extents 51.50

  Minimum LST 18.36 Urban extents 17.38

  Urban extents 9.01 Maximum NDVI 7.87

  G-Econ 7.33 Minimum LST 5.87

  Minimum Precipitation 4.95 Maximum Precipitation 4.00

New World

  Maximum LST 36.91 Peri-urban extents 25.90

  Peri-urban extents 18.61 Urban extents 21.24

  Maximum precipitation 12.06 Mean LST 9.18

  Minimum precipitation 6.21 Mean NDVI 7.83

  Minimum LST 4.39 Maximum LST 6.40

LST = Land Surface Temperature, G-Econ = Geographically based Economic data, NDVI = Normalised Difference 
Vegetation Index.
DOI: 10.7554/eLife.02851.017

http://dx.doi.org/10.7554/eLife.02851
http://dx.doi.org/10.7554/eLife.02851.017


Epidemiology and global health | Microbiology and infectious disease

Pigott et al. eLife 2014;3:e02851. DOI: 10.7554/eLife.02851	 11 of 21

Research article

with associated uncertainty statistics. We estimate that 1.71 billion and 1.69 billion individuals live in 
areas that are suitable for CL and VL transmission, respectively. These figures highlight the need for 
much greater awareness of this disease at a global scale. These maps provide an important baseline 
assessment and a strong foundation on which to base future burden estimates, target regions for con-
trol efforts and inform public health decisions.

Materials and methods
A boosted regression tree (BRT) modelling framework was used to generate global predicted environ-
mental risk maps for CL and VL. This framework required four key information components: (i) a map 
of the consensus of evidence for the global extents of the leishmaniases; (ii) a comprehensive data set 
of geopositioned CL and VL occurrence records; (iii) a suite of global, gridded data sets on environ-
mental correlates of the leishmaniases; and (iv) pseudo-data to augment the occurrence records. In 
order to better capture the realised niche of these diseases, prediction by the model is restricted to 
those areas of known disease transmission, or where transmission is uncertain, as defined by the evi-
dence consensus layer (i). The full procedures used to generate these components and the resulting 
risk and prevalence maps are outlined below.

Evidence consensus
The methodology used for generating the definitive extents for the leishmaniases was adapted from 
work on dengue (Brady et al., 2012). Four primary evidence categories were used to determine a 
consensus on the presence or absence of the leishmaniases: (i) health reporting organisations; (ii) peer-
reviewed evidence of local autochthonous transmission; (iii) case data; (iv) supplementary information. 
Cutaneous and visceral leishmaniasis were the two symptomatologies investigated: other forms of the 
disease were subset within these two – whilst VL contained cases of post-kala-azar dermal leishmani-
asis, CL included diffuse, disseminated, and mucosal forms of the disease. Although limited amounts 
of data were available for some of these forms, their epidemiology is similar, and consequently this 
categorisation was seen as appropriate. Information was collected at provincial level (termed Admin 1 
units by the Food and Agriculture Organization's (FAO) Global Administrative Unit Layers (GAUL) 
coding (FAO, 2008)) to better capture the focal nature of these diseases.

Health Reporting Organisation Evidence (scores between −3 and +3)
Two health reporting organisations were referenced, the Global Infectious Diseases and Epidemiology 
Online Network (GIDEON) (Edberg, 2005) and the World Health Organization (WHO) (WHO, 2010). 
The status of disease was recorded for each Admin 1 unit as either present, absent or unspecified. If 
both reported the disease as present, +3 was scored, if both reported absence, −3 was scored, with 
+2/−2 scored if one reporting body did not specify the presence or absence of the disease. If the two 
disagreed, or both were non-specific, 0 was scored reflecting the lack of a consensus on the status of 
that region.

Peer-reviewed evidence (scores between +2 and +6)
A review of reported leishmaniases' cases was performed. Using PubMed and Web of Knowledge with 
‘[admin1 province] leish*’ as the search parameters, articles from January 1960 until September 2012 
were abstracted. Each abstract was imported into Endnote X4 and assessed for relevance. Papers that 
included reported cases on either CL or VL were then obtained. Cases were included if there was suf-
ficient evidence to suggest that local autochthonous transmission had occurred. Where individuals 
from a non-endemic country had travelled to an endemic country (e.g., tourists and military personnel) 
and returned with an infection, this was included (as evidence for leishmaniasis in the foreign destina-
tion) since these typically represent immunologically naive individuals who have undergone more rig-
orous diagnostics in their home country, and thus represent a potentially more informed data source. 
Each paper was assessed for contemporariness and diagnostic accuracy. Contemporariness was 
graded in 3 bands: 2005–2012 = 3, 1997–2004 = 2 and 1997 and earlier = 1, as was diagnostic accu-
racy where 1 was scored for data that reported ‘confirmed’ cases without detailing methodologies 
implemented; 2 was scored where evidence of microscopy, serology, or the Montenegro skin test had 
been used; 3 was awarded to those studies that had used PCR or other molecular techniques 
(Reithinger and Dujardin, 2007). Contemporariness bins were based upon the potentially lengthy 
intrinsic incubation periods present with some Leishmania spp. as well as to accommodate the poten-
tial for epidemic cycles, where cases may only be detected in peak years and missed in the intervening 
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baseline periods. The most contemporary and diagnostically accurate papers were then subset to 
maximise the consensus score for any given area.

Case data (scores between −6 and +6)
Case data were derived from reports on the leishmaniases provided by national health officials (Alvar 
et al., 2012). A threshold value of 12 CL cases and 7 VL cases in a given province in a given year was 
deemed suitable by the authors to distinguish significant disease events from sporadic cases within 
that region. If cases were reported at or above the threshold and were dated no later than 2005, +6 
was scored. If data existed below this threshold, indicating sporadic cases, or data indicated a history 
of reported cases in the region but with no evidence of time period, scores were assigned stratified by 
total annual healthcare expenditure (HE) per capita at average US$ exchange rates (WHO, 2011). This 
was used as a proxy to determine genuine sporadic reporting from inadequate surveillance. Three 
categories were defined—HE Low (<$100), HE Medium ($100 ≤ HE < $500), and HE High (≥$500). If 
sporadic cases were reported in an HE Low country, +4 was scored, whilst in an HE Medium country, 
+2 was scored, and in an HE High country, 0 was scored. If there were no reported case data available, 
HE Low countries scored +2, HE Medium countries scored −2 and HE High countries scored −6 (Brady 
et al., 2012).

Supplementary evidence
Supplementary evidence was provided in cases where a consensus on presence or absence could not 
be reached using the aforementioned evidence types, typically with areas where the consensus value 
was close to 0%. For these regions, additional literature searches were undertaken to determine 
whether known vector species or infected reservoir hosts were reported in the region. The justification 
for each provincial scenario is outlined in the associated online databases (Dryad data set doi: 10.5061/
dryad.05f5h). In total, this assessment was required in 24 countries.

An overall consensus score for each administrative region was calculated by the sum of the scores in 
each category, divided by the maximum possible score, then expressed as a percentage. Consensus was 
defined as either complete (±75% to ±100%), good (±50% to ±74%), moderate (±25% to ±49%), poor 
(±1% to ±24%), or indeterminate (0%). Such a classification is intended more as a guide to the quality of 
evidence for the leishmaniases in an area, rather than as a strict classification of certainty. The full scores for 
each country are laid out in the associated online data sets (Dryad data set doi: 10.5061/dryad.05f5h).

Brazil and Peru
The Brazilian Ministry of Health produces, via the Sistema de Informação de Agravos de Notificação 
(SINAN, 2013) reporting network, records of infections at the municipality level. This allowed for a 
more thorough evidence consensus to be performed at district level (termed Admin 2 FAO, 2008) 
within Brazil. As above, WHO and GIDEON status as well as peer-reviewed literature score were re-
corded, both aggregated to Admin 1 provincial level. Case data were then defined by the presence of 
a municipality reporting leishmaniasis between 2008 and 2011 inclusive, with positive reports scoring 
+6 and absence scoring −6. The overall consensus score was then calculated as above. In addition, 
provincial level case data for Peru was replaced by Ministry of Health information as it was more con-
temporary than that listed by Alvar et al. (2012).

Occurrence records
Two separate searches using PubMed and Web of Knowledge were undertaken using the search 
parameter “leish*,” and including articles up to December 2012, and their respective abstracts, 
were filtered for relevance. From these searches, 4845 articles were collated, with data recorded at the 
resolution of either a point or Admin 1 or 2 polygon. These were then geo-positioned using Google 
Maps (https://maps.google.co.uk/). Each entry was evaluated to ensure that non-autochthonous cases 
and duplicate entries were eliminated. Each occurrence was assigned a start and end date based upon 
the content of the paper, used to define the time period over which occurrences were reported.

In addition to this resource, reports were taken from the HealthMap database (http://healthmap.
org/en/). HealthMap is an online based infectious disease surveillance system that compiles data from 
informal data sources ranging from online news articles to ProMED reports (Freifeld et al., 2008). It 
parses information from these sources searching for relevant keywords, and then, using crowdsourcing 
and automated processes, geopositions those relating to the disease of interest. As of December 
2012, a total of 690 leishmaniasis relevant articles were archived.

http://dx.doi.org/10.7554/eLife.02851
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Searches were also performed on GenBank accessions, searching for archived genetic information 
from Leishmania spp. known to infect humans (WHO, 2010). If the host was identified as human, geo-
graphic indicators were assigned either as point, Admin 1 or Admin 2, based upon the information in 
the location tag. Tags at the national level were filtered out of the data set. In total, 563 accessions 
were associated with sub-national location details and added to the database.

Finally, data were provided from the curated strain archives of the Centre National de Référence 
des Leishmanioses (CNR-L) in Montpellier, France. In total, information about 3465 strains isolated 
from humans was provided, collected from between 1954 and 2013.

All data were geopositioned as precisely as possible, which resulted in both point-level data (refer-
ring to cities, towns or villages) as well as polygon-level data (provinces or districts) with area no 
greater than one square decimal degree. All data that had been manually geopositioned were checked 
to ensure coordinates were plausible and then occurrences were standardised annually to remove 
intra-annual duplicates, so that each individual record used in our model represented an occurrence of 
leishmaniasis infections in a given 5 km × 5 km location or administrative unit for one given year. As a 
result, the occurrence data were independent of burden; a location with 200 cases in one year has 
equal weighting in the model as a location with just one reported case, since it was only the presence 
of the disease being modelled.

Environmental correlates
Leishmania spp. are known to have anthroponotic, zoonotic, or sylvatic transmission cycles in nature 
(WHO, 2010; Ready, 2013) which is apparent in the focal nature of the disease; however, there are 
some key features of the environment that are important in determining the distribution of disease 
across the globe. Numerous models have been constructed for local transmission scenarios implicat-
ing various environmental features from temperature and precipitation to socioeconomic factors relat-
ing to standards of living in villages in endemic foci. For the modelling process, a suite of global 
gridded environmental, biologically plausible, correlates was generated.

Precipitation
Humidity and moisture, whether from rainfall or in the soil, have often been identified as important for 
the sandfly, with humidity influencing breeding and resting (Ready, 2013). Whilst relatively little is 
known about these breeding sites, of the few that have been identified, high humidity seems to be a 
common trait, including moist Amazonian soils, caves, animal burrows, and select human dwellings 
(Killick-Kendrick, 1999; Feliciangeli, 2004). Studies have indicated soil type and their moisture 
profiles as determinants of sandfly distribution (Bhunia et al., 2010; Elnaiem, 2011). Precipitation 
represents a good global proxy measure for moisture, and has been shown to play a prominent role in 
shaping disease distribution in previous leishmaniasis modelling efforts (Thomson et al., 1999; 
Elnaiem et al., 2003; Bhunia et al., 2010; Chamaille et al., 2010; Gonzalez et al., 2010, 2011; 
Elnaiem, 2011; Hartemink et al., 2011; Malaviya et al., 2011).

Estimates of precipitation were obtained from the WorldClim database (www.worldclim.org). This 
resource, which is freely available online, provides data spanning from 1950 to 2000, describing 
monthly averages over this time, at a 1 km × 1 km resolution (Hijmans et al., 2005). Using this base-
line, interpolated global climate surfaces were produced using ANUSPLIN-SPLINA software (Hutchinson, 
1995). With the use of temporal Fourier analysis, seasonal and inter-annual variation in precipitation 
patterns, taken from the interpolated global surface, were used to calculate minimum and maximum 
monthly precipitation averages (Rogers et al., 1996; Scharlemann et al., 2008).

Temperature
Temperature influences both the development of the infecting Leishmania parasite in the sandfly 
(Hlavacova et al., 2013) as well as the life cycle of the sandfly vectors. On one hand, studies have 
shown that with increasing temperatures, the metabolism of the sandfly increases, influencing 
oviposition, defecation, hatching, and adult emergence rates (Kasap and Alten, 2005; Benkova and 
Volf, 2007; Guzman and Tesh, 2000). On the other hand, higher temperatures have also been shown 
to increase mortality rates of adults (Benkova and Volf, 2007; Guzman and Tesh, 2000). Studies have 
integrated the effects of temperature on sandfly biting rates, sandfly mortality, and extrinsic incubation 
periods to produce maps of how the basic reproductive number of canine leishmaniasis varied spatially 
(Hartemink et al., 2011). Multiple studies have also implicated temperature (including maximum, 
minimum, and mean temperatures) as being an important explanatory variable for both sandfly and 

http://dx.doi.org/10.7554/eLife.02851
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disease distribution (Thomson et al., 1999; Gebre-Michael et al., 2004; Bhunia et al., 2010; 
Chamaille et al., 2010; Fischer et al., 2010; Galvez et al., 2011; Fernandez et al., 2012; Branco 
et al., 2013).

Using a similar methodology to generating precipitation surfaces, minimum, maximum, and mean 
monthly temperature values were generated (Hijmans et al., 2005).

Normalised difference vegetation index (NDVI) and land cover
Vegetation provides many roles in sandfly habitat and survival, ranging from maintaining the necessary 
moisture profile for both immature stages and adults, to a sugar resource for both male and female 
sandflies (Killick-Kendrick, 1999; Feliciangeli, 2004; Ready, 2013). Moreover, vegetation is an impor-
tant resource for many mammals that sandflies feed on, and that potentially are Leishmania reservoirs. 
The importance of considering NDVI was demonstrated with respect to the distribution of the reser-
voir Psammomys obesus (sand rat) and the distribution of its primary food, chenopods (Toumi et al., 
2012). NDVI has been implicated as a key explanatory variable in the distribution of leishmaniasis 
cases in several studies (Cross et al., 1996; Thomson et al., 1999; Elnaiem et al., 2003; Gebre-
Michael et al., 2004; Elnaiem, 2011; Hartemink et al., 2011; Bhunia et al., 2012; Toumi et al., 2012; 
de Oliveira et al., 2012).

The Advanced Very High Resolution Radiometer (AVHRR) NDVI product uses the spectral reflect-
ance of AVHRR channels 1 and 2 (visible red and near infrared wavelength) to quantitatively assess the 
level of photosynthesising vegetation in a region (Hay et al., 2006). Using this data, compiled over 
multiple time intervals, patterns of NDVI were extracted for each gridded 1 km × 1 km cell.

Poverty
Neglected tropical diseases and poverty are often found to be linked and the use of a purely economic 
variable was chosen to act as a proxy for a variety of important global risk factors for disease, including 
malnutrition, housing quality, and living with domesticated animals (Bern et al., 2010; Boelaert et al., 
2009; Herrero et al., 2009; Malafaia, 2009; Zeilhofer et al., 2008).

The G-Econ database (gecon.yale.edu) takes economic data, at the smallest administrative division 
available, and spatially rescales these data to create a 1o × 1o gridded surface of the globe (Nordhaus, 
2006, 2008). This rescaling estimates the gross cell product of each grid cell, conceptually similar to 
gross domestic product, referring to the total market value of all final goods and services produced 
within 1 year, and can be considered as an indicator of overall standard of living within that area. Some 
cells provided multiple data; in these scenarios the best-quality information, as outlined by the quality 
field associated with the data, was used to select one value. All gross cell product values were then 
adjusted using purchasing power parity in US$ for the years 1990, 1995, 2000, and 2005, using national 
aggregates estimated by the World Bank (Nordhaus, 2006) and computed the mean across all years 
for each gridded cell globally. This adjusted measure was used as the indicator of poverty in the model.

Urbanisation
Over the last few decades, there has been a tendency for the leishmaniases having a sylvatic/zoonotic 
transmission cycle to transition into the urban and peri-urban environment in response to increasing 
urbanisation trends (Harhay et al., 2011). The increasing overlap in habitat between suitable human 
and animal hosts and multiple available resting sites for adults can allow for transmission of disease to 
occur relatively easily (Singh et al., 2008; Poche et al., 2011; Uranw et al., 2013).

The Gridded Population of the World version 3 (GPW3) population density database projected for 
2010 was used. The core Global Rural–Urban Mapping Project Urban Extents surface used night-time 
light satellite imagery to differentiate urban areas (Balk et al., 2006); GPW3 is a revision which updates 
the criteria for urban areas to those areas where population density is greater than or equal to 1000 
people per km2. Using the most up-to-date national censuses available and other demographic data 
resolved to the smallest available administrative unit, a gridded surface of 5 km × 5 km cells was gener-
ated. Each pixel could then be classified as urban, peri-urban, or rural.

Modelling with boosted regression trees
The boosted regression trees (BRT) methodology employed for mapping the leishmaniases is a var-
iant of the model used in a previous analysis of dengue (Bhatt et al., 2013). Boosted regression 
tree modelling combines both regression trees, which build a set of decision rules on the predictor 
variables by portioning the data into successively smaller groups with binary splits (De'ath, 2007; 
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Elith et al., 2008), and boosting, which selects the tree that minimises the loss of function, to best 
capture the variables that define the distribution of the input data. The core BRT setup followed 
standard protocol already defined elsewhere (Elith et al., 2008; Bhatt et al., 2013).

Pseudo-data generation
As BRT requires both the presence and absence data, the latter which is often hard to collate in 
an unbiased manner, pseudo-data had to be generated (Elith et al., 2008). There is no general 
consensus on how best to generate pseudo-data (Bhatt et al., 2013); however, several factors of 
the generation process are known to influence the predicted distribution and thus can be sources of 
potential bias (Phillips et al., 2009; Van Der Wal et al., 2009; Phillips and Elith, 2011; Barbet-Massin  
et al., 2012). In order to minimise such effects, pseudo-absence selection was directly related to 
the evidence consensus layer and restricted to a maximum distance (μ) from any occurrence point. 
Pseudo-presence data was also incorporated, again informed by the evidence consensus layer, to 
compensate for poor surveillance capacity in low prevalence regions. As in Bhatt et al. (2013) 
points were randomly located in regions above an evidence consensus threshold of −25, with  
regional placement probability weighted by evidence consensus scores, so that regions with 
higher evidence consensus contained more pseudo-presences than lower scoring areas. Since the 
occurrence data set is from a wide range of sources and institutions, this procedure aims to mitigate 
sampling bias. By referencing the evidence consensus layer for pseudo-data selection, detection bias 
was also mitigated.

‘Ensemble’ analysis
There is no definitive procedure for choosing the best number of pseudo-data points to generate the 
most accurate predictive map. To account for the impact that these parameters might have on the 
model predictions, an ensemble BRT model was constructed with multiple BRT submodels fitted using 
pseudo-data points generated using different combinations of parameters na, np, and μ. The numbers 
of pseudo-absences (na) and pseudo-presences (np) were defined as a proportion of the total number 
of actual data occurrence records (6426 and 6137 for CL and VL). The proportions used for generating 
pseudo-absences were 2:1, 4:1, 6:1, 8:1, and 10:1, and pseudo-presences were 0.025:1, 0.05:1 and 
0.1:1. The pseudo-data were also generated within a restricted maximum distance (μ) from any actual 
presence point, and μ was varied through 5 distances: 5, 10, 15, 20, and 25 arc degrees. All combina-
tions of these parameter values resulted in a total of 75 (5na × 3np × 5μ) individual input data sets and 
BRT submodels (making up the BRT ensemble).

For each disease, the 75 BRT submodels were used to predict a range of different risk maps 
(each at 5 km × 5 km resolution), and these were combined to produce a single mean ensemble risk 
map for each disease, also allowing for computation of the associated range of uncertainty in these 
predictions for every 5 km × 5 km pixel as shown in Figure 1—figure supplement 1, Figure 2—figure 
supplement 1, Figure 3—figure supplement 1, Figure 4—figure supplement 1. For both diseases, 
the New World (the Americas) and Old World (Eurasia and Africa) were modelled separately in order 
to account for and explore any differences in the epidemiology of the diseases between these regions. 
This was done to differentiate the potential effect that the different vectors namely Lutzomyia spp. in 
the New World and Phlebotomus spp. in the Old World and their varying life histories, might have on 
the distribution of the diseases within these regions.

Summarising the BRT model
The relative importance of predictor variables was quantified for the final BRT ensemble. Relative 
importance is defined as the number of times a variable is selected for splitting, weighted by the 
squared improvement to the model as a result of each split and averaged over all trees (Friedman, 
2001). These contributions are scaled to sum to 100, with a higher number indicating a greater effect 
on the response. To evaluate the ensemble's predictive performance, we used the area under the 
receiver operator curve (AUC) (Fleiss et al., 2003)—the area under a plot of the true positive rate 
versus false positive rate, reflecting the ability to discriminate between the presence and absence. An 
AUC value of 0.5 indicates no discriminative ability, and a value of 1 indicates perfect discrimination.

It is important to note that this distribution modelling technique assesses pixel level risk, rather than 
population level risk. As such, the ensemble evaluates the likelihood of leishmaniasis presence based 
upon the covariates supplied. In reality, some other factors, such as national healthcare provisioning 
and standards of living will influence the true observed burden. Therefore, whilst these two levels of 
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risk are inherently related, additional information, namely incidence data from many different popula-
tions, is required in order to assess the link quantitatively (Bhatt et al., 2013).

Estimation of population living in areas of environmental risk
Population living in areas of risk was estimated by using a threshold probability to reclassify the prob-
abilistic risk maps into a binary risk map, then extracting the total human population in the ‘at risk’ 
areas using a gridded data set of human population density from 2010 (Balk et al., 2006; CIESIN/
IFPRI/WB/CIAT, 2007). The threshold value was set such that 95% of the point occurrence records fell 
within the at risk area. 5% of occurrence points were allowed to fall outside the predicted risk area to 
account for errors which could have arisen either from errors in the occurrence data set or from inac-
curacies in the predicted risk maps.

For external validation, this population at risk information was compared to national reported annual 
cases (Alvar et al., 2012) to produce Figure 4—figure supplement 4. In these figures, the points 
represent the mean value of the estimated annual incidence reported taking into account the authors 
estimates of underreporting rates (Alvar et al., 2012). The upper and lower limits to these estimates 
are reflected by the bars around each point. Note that these figures use a log-scale on each axis and 
that only countries with non-zero estimates by Alvar et al. (2012) are included.

The threshold probabilities of occurrence used to define ‘at risk’ were as follows: NW CL—0.22, 
OW CL—0.19, NW VL—0.42, OW VL—0.19.
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Chapter 4 

A framework for mapping zoonotic disease: Ebola virus 

disease. 

 

The West African outbreak of Ebola virus disease (EVD) was unexpected and not predicted; the 

number of people infected is unprecedented in the history of EVD. In response, this work 

applies species distribution modelling to Ebola virus, incorporating information from both 

animal and human sources, in order to define areas environmentally suitable for the 

transmission of the virus from reservoir hosts into humans with the intention of revising 

estimates of areas of potential risk. This work has been published in eLife and is included here 

in its final form. The additional information referred to in this chapter is included in the 

Appendix of this thesis. Also included in the Appendix is a more detailed paper discussing the 

index case geopositioning protocol accompanying discussion of the spatial progress of each 

historical outbreak. 
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Abstract Ebola virus disease (EVD) is a complex zoonosis that is highly virulent in humans. The 
largest recorded outbreak of EVD is ongoing in West Africa, outside of its previously reported and 
predicted niche. We assembled location data on all recorded zoonotic transmission to humans and 
Ebola virus infection in bats and primates (1976–2014). Using species distribution models, these 
occurrence data were paired with environmental covariates to predict a zoonotic transmission 
niche covering 22 countries across Central and West Africa. Vegetation, elevation, temperature, 
evapotranspiration, and suspected reservoir bat distributions define this relationship. At-risk areas 
are inhabited by 22 million people; however, the rarity of human outbreaks emphasises the very 
low probability of transmission to humans. Increasing population sizes and international connectivity 
by air since the first detection of EVD in 1976 suggest that the dynamics of human-to-human 
secondary transmission in contemporary outbreaks will be very different to those of the past.
DOI: 10.7554/eLife.04395.001

Introduction
Ebola viruses have for the last forty years been responsible for a number of outbreaks of Ebola virus 
disease (EVD) in humans (Pattyn et al., 1977), with high case fatality rates typically around 60–70%, 
but potentially reaching as high as 90% (Feldmann and Geisbert, 2011). The most recent outbreak 
began in Guinea in December 2013 (Baize et al., 2014; Bausch and Schwarz, 2014) and has subse-
quently spread to Liberia, Sierra Leone and Nigeria (ECDC, 2014). The unprecedented size and scale 
of this ongoing outbreak has the potential to destabilise already fragile economies and healthcare 
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systems (Fauci, 2014), and fears of international spread of a Category A Priority Pathogen (NIH, 2014) 
have made this a massive focus for international public health (Chan, 2014). This has led to the current 
outbreak being declared a Public Health Emergency of International Concern on the 8 August 2014 
(Briand et al., 2014; Gostin et al., 2014; WHO, 2014d).

The Filoviridae, of which Ebolavirus is a constituent genus, belong to the order Mononegavirales. 
Two other genera complete the family: Marburgvirus, itself responsible for a number of outbreaks of 
haemorrhagic fever across Africa (Gear et al., 1975; Conrad et al., 1978; Smith et al., 1982; Towner 
et al., 2006) and Cuevavirus, recently isolated from bats in northern Spain (Negredo et al., 2011). 
Five species of Ebolavirus have been isolated to date (Kuhn et al., 2010; King et al., 2012); the earli-
est recognised outbreaks of EVD were reported in Zaire (now the Democratic Republic of the Congo 
[DRC]) and Sudan in 1976 (International Commission, 1978; WHO International Study Team, 1978). 
The causative viruses were isolated (Pattyn et al., 1977) and later identified to be distinct species, 
Zaire ebolavirus (EBOV) and Sudan ebolavirus (SUDV). A third species of Ebolavirus, Reston ebolavirus, 
was isolated from Cynomologus monkeys imported from the Philippines to a facility in the United 
States, where they experienced severe haemorrhaging (Jahrling et al., 1990). Whilst serological evi-
dence of infection with this species has been reported in individuals in the Philippines (Miranda et al., 
1991), no pathogenicity has been reported beyond primates and porcids (Barrette et al., 2009; 
Feldmann and Geisbert, 2011). In 1994 a fourth species, Tai Forest ebolavirus was isolated from a 
veterinarian who had autopsied a chimpanzee in Côte d’Ivoire (Le Guenno et al., 1995), though the 
virus has not been detected subsequently. The final species, Bundibugyo ebolavirus, was responsible 
for an outbreak of EVD in Uganda in 2007 (Towner et al., 2008), as well as a more recent outbreak in 
the DRC (WHO, 2012b).

Initial analysis suggested that the viruses isolated from the current outbreak, originating in Guinea, 
formed a separate clade within the five Ebolavirus species (Baize et al., 2014). Subsequent re-analysis 

eLife digest Since the first outbreaks of Ebola virus disease in 1976, there have been numerous 
other outbreaks in humans across Africa with fatality rates ranging from 50% to 90%. Humans can 
become infected with the Ebola virus after direct contact with blood or bodily fluids from an infected 
person or animal. The virus also infects and kills other primates—such as chimpanzees or gorillas—
though Old World fruit bats are suspected to be the most likely carriers of the virus in the wild.

The largest recorded outbreak of Ebola virus disease is ongoing in West Africa: more people 
have been infected in this current outbreak than in all previous outbreaks combined. The current 
outbreak is also the first to occur in West Africa—which is outside the previously known range of 
the Ebola virus.

Pigott et al. have now updated predictions about where in Africa wild animals may harbour the 
virus and where the transmission of the virus from these animals to humans is possible. As such, the 
map identifies the regions that are most at risk of a future Ebola outbreak. The data behind these 
new maps include the locations of all recorded primary cases of Ebola in human populations—the 
‘index’ cases—many of which have been linked to animal sources. The data also include the locations 
of recorded cases of Ebola virus infections in wild bats and primates from the last forty years. The 
maps, which were modelled using more flexible methods than previous predictions, also include 
new information—collected using satellites—about environmental factors and new predictions of 
the range of wild fruit bats.

Pigott et al. report that the transmission of Ebola virus from animals to humans is possible in  
22 countries across Central and West Africa—and that 22 million people live in the areas at risk. 
However, outbreaks in human populations are rare and the likelihood of a human getting the 
disease from an infected animal still remains very low. The updated map does not include data 
about how infections spread from one person to another, so the next challenge is to use existing 
data on human-to-human transmission to better understand the likely size and extent of current  
and future outbreaks. As more people live in, and travel to and from, the at-risk regions than ever 
before, Pigott et al. note that new outbreaks of Ebola virus disease are likely to be very different to 
those of the past.
DOI: 10.7554/eLife.04395.002
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of the same sequences however, indicated that these isolates instead nest within the Zaire ebolavirus 
lineage (Dudas and Rambaut, 2014), and diverged from Central Africa strains approximately ten 
years ago (Gire et al., 2014).

Which reservoir species are responsible for maintaining Ebola transmission between outbreaks is 
not well understood (Peterson et al., 2004b), but over the last decade significant progress has been 
made in narrowing down the list of likely hosts (Peterson et al., 2007) (Figure 1). Primates have long 
been known to harbour filoviral infections, with the first Marburg strains identified in African green 
monkeys in 1967 (Siegert et al., 1967; Beer et al., 1999). Significant mortality has also been reported 
in wild primate populations across Africa, most notably in gorilla (Gorilla gorilla) and chimpanzee (Pan 
troglodytes) populations (Formenty et al., 1999; Rouquet et al., 2005; Bermejo et al., 2006). The 
high case fatality rates recorded in the great apes combined with their declining populations and 
limited geographical range, indicate they are likely dead-end hosts for the virus and not reservoir 
species (Groseth et al., 2007). A large survey of small mammals in and around Gabon identified three 
species of bats which were infected with Ebola viruses—Hypsignathus monstrosus, Epomops franqueti 
and Myonycetris torquata (Leroy et al., 2005). Subsequent serological surveys (Pourrut et al., 2009; 
Hayman et al., 2010) and evidence linking the potential source of human outbreaks to bats (Leroy 
et al., 2009) lend support to the hypothesis of a bat reservoir. This, coupled with repeated detection 
of Marburgvirus in the fruit bat Rousettus aegypticus (Towner et al., 2009) and the only isolations of 
Cuevavirus also from bats (specifically Llovia virus [Negredo et al., 2011]), all support the suspicion 
that Chiroptera play an important role in the natural life-cycle of the filoviruses.

Humans represent a dead-end host for the virus, with only stuttering chains of transmission 
reported between humans in the majority of previous outbreaks (Chowell et al., 2004; Legrand et al., 
2007) and no indication that humans can reintroduce the virus back into reservoir species (Karesh 
et al., 2012). The incubation period in humans ranges from two days to three weeks, after which a 
variety of clinical symptoms arise, affecting multiple organs of the body. At the peak of illness, haem-
orrhaging shock and widespread tissue damage can occur and can eventually lead to death within 
6–16 days (Feldmann and Geisbert, 2011). Human-to-human transmission is mainly through direct 
unprotected contact with infected individuals and cadavers, with infectious particles detected in a 

number of different body fluids (Feldmann and 
Geisbert, 2011). The typical outbreak profile is 
defined by an index individual that has recently 
come into contact with the blood of another 
mammal through either hunting or the butcher-
ing of animal carcasses (Pourrut et al., 2005). 
Whilst it has been difficult to identify the zoonotic 
source for the index cases of some outbreaks, a 
recurring theme of hunting and handling bush-
meat is suspected (Table 1; Boumandouki et al., 
2005; Nkoghe et al., 2005, 2011; Leroy et al., 
2009). For some outbreaks, including the most 
recent, the initial source of zoonotic transmission 
has not been identified. In subsequent human-to-
human transmission, the highest risk activities are 
those that bring humans into close contact with 
infected individuals. These include medical set-
tings where insufficient infection control precau-
tions have been taken, as well as home care and 
funeral preparations carried out by families or 
close friends (Baron et al., 1983; Georges et al., 
1999; Boumandouki et al., 2005). As the condi-
tions required for transmission are culturally and 
contextually dependent, opportunities for sus-
tained transmission are highly heterogeneously 
distributed. Typically, chains of infection do not 
exceed three or four sequential transmission 
events, although occasionally (and particularly in 

Figure 1. The epidemiology of Ebola virus transmission 
in Africa. Of the suspected reservoir species, 1, 2 and  
3 represent the three bat species from which Ebola  
virus has been isolated (Hypsignathus monstrosus, 
Myonycteris torquata and Epomops franqueti) and  
n represents unknown reservoirs of the disease yet to 
be discovered. Of the susceptible species, A represents 
Pan troglodytes, B Gorilla gorilla and m represents 
other organisms susceptible to the disease, such as 
duikers. H represents humans. Blue arrows indicate 
unknown transmission cycles or infection routes and 
red arrow routes have been confirmed or are suspected. 
Adapted from Groseth et al. (2007).
DOI: 10.7554/eLife.04395.003
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Table 1. Locations of outbreaks of Ebola virus disease in humans

Outbreak Countries Date range Location Species Reference

1 South Sudan Jun–Nov 1976 Nzara SUDV (WHO International  
Study Team, 1978)

2 DRC Sep–Oct 1976 Yambuku EBOV (International  
Commission, 1978)

3 DRC Jun 1977 Bonduni EBOV (Heymann et al., 1980)

4 South Sudan Jul–Oct 1979 Nzara SUDV (Baron et al., 1983)

5 Côte d’Ivoire Nov 1994 Tai Forest TAFV (Le Guenno et al., 1995; 
Formenty et al., 1999)

6 Gabon Nov 1994–Feb 1995 Mekouka and  
Andock mining  
camps

EBOV (Amblard et al., 1997;  
Georges et al., 1999;  
Milleliri et al., 2004)

7 DRC Jan–Jul 1995 Mwembe Forest EBOV (Muyembe and Kipasa,  
1995; Khan et al., 1999)

8 Gabon Jan–Mar 1996 Mayibout 2 EBOV (Georges et al., 1999;  
Milleliri et al., 2004)

9 Gabon Jul 1996–Jan 1997 Booue EBOV (Georges et al., 1999;  
Milleliri et al., 2004)

10 Uganda Oct 2000–Feb 2001 Rwot-Obillo SUDV (WHO, 2001; Okware  
et al., 2002; Lamunu  
et al., 2004)

11 Gabon & ROC Oct 2001–Mar 2002 Memdemba  
Entsiami, Abolo  
and Ambomi

EBOV (WHO, 2003; Milleliri  
et al., 2004; Nkoghe  
et al., 2005; Pourrut  
et al., 2005)Ekata

Oloba

Etakangaye

Grand Etoumbi

12 ROC Dec 2002–Apr 2003 Yembelangoye EBOV (WHO, 2003; Pourrut  
et al., 2005)Nearby hunting  

camp

Mvoula

13 ROC Oct–Dec 2003 Mbandza EBOV (Boumandouki et al.,  
2005)

14 South Sudan Apr–Jun 2004 Forests bordering  
Yambio

SUDV (WHO, 2005; Onyango  
et al., 2007)

15 ROC Apr–May 2005 Odzala National  
Park

EBOV (Nkoghe et al., 2011)

16 DRC May–Nov 2007 Mombo Mounene 2  
market

EBOV (Leroy et al., 2009)

17 Uganda Aug–Dec 2007 Kabango BDBV (Towner et al., 2008;  
MacNeil et al., 2010;  
Wamala et al., 2010)

18 DRC Nov 2008–Feb 2009 Luebo EBOV (Grard et al., 2011)

19 Uganda May 2011 Nakisamata SUDV (Shoemaker et al.,  
2012)

20 DRC July–Nov 2012 Isiro BDBV (CDC, 2014; WHO, 2012b)

21 Uganda July–Oct 2012 Nyanswiga SUDV (CDC, 2014; WHO, 2012a)

22 Uganda Nov 2012–Jan 2013 Luwero District SUDV (WHO, 2012c; CDC, 2014)

23 Guinea Dec 2013 - Meliandou EBOV (Baize et al., 2014;  
Bausch and Schwarz,  
2014)

DRC = Democratic Republic of the Congo, ROC = Republic of Congo.
DOI: 10.7554/eLife.04395.004
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the early stages of infection) a single individual may be responsible for directly infecting a large number 
of others (Brady et al., 2014). In the outbreak in Gabon in 1996, a single person was responsible for 
infecting ten other individuals (Milleliri et al., 2004) whilst in the 1995 outbreak in the DRC, thirty five 
cases resulted from one individual (Khan et al., 1999). Secondary transmission can be restricted by 
effective case detection and isolation measures (Shoemaker et al., 2012; WHO, 2014c). Where this 
cannot be achieved, either due to a lack of infrastructure, poor understanding of the disease, or 
distrust of medical practices, secondary cases can continue to occur (Khan et al., 1999; Larkin, 2003; 
Hewlett et al., 2005). As the number of infections grows, the ability of healthcare systems to control 
the further spread diminishes and the risk of a large outbreak increases.

The recent outbreak in Guinea and surrounding countries indicate that the previous paradigm for 
Ebola outbreaks is shifting (Briand et al., 2014; Chan, 2014). The last 40 years of EVD outbreaks were 
accompanied by considerable changes in demographic patterns throughout Africa. There has been a 
large increase in population size coupled with increasing urbanisation (Cohen, 2004; Seto et al., 
2012; Linard et al., 2013). African populations have also become better connected internally and 
internationally (Linard et al., 2012; Huang and Tatem, 2013). Only recently have we begun to under-
stand the dynamic nature of these travel patterns (Garcia et al., 2014; Gonzalez et al., 2008; Simini 
et al., 2012; Wesolowski et al., 2013, 2012) which have been clearly demonstrated to influence 
disease transmission over different temporal and spatial scales (Hufnagel et al., 2004; Yang et al., 
2008; Stoddard et al., 2009; Talbi et al., 2010; Brockmann and Helbing, 2013; Pindolia et al., 
2014). Changes in land use and penetration into previously remote areas of rainforest bring humans 
into contact with potential new reservoirs (Daszak, 2000), while changes in human mobility and con-
nectivity will likely have profound impacts on the dispersion of Ebola cases during outbreaks. These 
conditions are thought to have a major role in setting the stage for the current outbreak.

This paper aims to define the areas suitable for zoonotic transmission of Ebolavirus (i.e., those 
routes defined in Figure 1 excluding human-to-human transmission) through species distribution 
modelling techniques. The fundamental niche of a species can be conceptualised as the confluence of 
environmental conditions that support its presence in a particular location (Franklin, 2009). Species 
distribution models quantitatively describe this niche based on known occurrence records of the 
organism and their associated environmental conditions, enabling predictions of the likely geographic 
distribution of the species in other regions (Elith and Leathwick, 2009). The era of satellites and 
geographical information systems has made high resolution global data on environmental conditions 
increasingly available (Hay et al., 2006; Weiss et al., 2014b). Species distribution modelling using 
flexible machine learning approaches have been successfully applied to map the global distributions 
of disease vectors (Sinka et al., 2012) and pathogens such as dengue (Bhatt et al., 2013), influenza 
(Gilbert et al., 2014) and leishmaniasis (Pigott et al., 2014).

Previous studies applied the GARP (Genetic Algorithm for Rule-set Production) species distribution 
modelling approach (Stockwell and Peters, 1999) to the locations of 12 Ebola outbreaks in humans 
between 1976 and 2002 to map the likely distribution of Ebola viruses (Peterson et al., 2004a) and as 
a mechanism to identify potential reservoir hosts (Peterson et al., 2004b; Peterson et al., 2007). 
Here we update and improve the maps of the zoonotic transmission niche of EVD by: (i) incorporating 
more recent outbreak data from outside the formerly predicted niche of EVD; (ii) integrating for the first 
time data on outbreaks in primates and the occurrence of the virus in the suspected Old World fruit 
bat (OWFB) reservoirs; (iii) using new satellite-derived information on bespoke environmental covari-
ates from Africa, including new distribution maps of the OWFB; and (iv) using new increasingly flexible 
niche mapping techniques in the modelling framework. To elucidate the relevance of these maps for trans-
mission, we have also calculated the population at risk of primary spillover outbreaks from the zoonotic 
niche of EVD in Africa, and we investigated the changing nature of the populations within this niche.

Results
Reported EVD outbreaks
In total, 23 outbreaks of Ebola virus were identified in humans across Africa, consisting of a hypothe-
sised 30 independent primary infection events (Table 1; Figure 2). These outbreaks span the last 
40 years from the first outbreaks in 1976 to the five outbreaks that have occurred since 2010 (Table 1). 
The locations of the index cases span from West Africa, with the most westerly outbreak ongoing in 
Guinea, to Gabon, the Republic of Congo (ROC), the DRC, South Sudan and Uganda. Before December 
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Figure 2. The locations of Ebola virus disease outbreaks in humans in Africa. (A) Illustrates the 23 reported outbreaks of Ebola virus disease through 
time, with the area of each circle and its position along the y-axis representing the number of cases. The onset year is represented by the colour as per 
(B). (B) Shows a map of the index cases for each of these outbreaks. (C–H) Show these outbreaks over a series of time periods. Numbers refer to 
outbreaks as listed in Table 1. In (B–H) the species of Ebola virus responsible for the outbreak is illustrated by the symbol shape, the number of resulting 
cases and onset date by symbol colour. The most recent outbreak (#23) is indicated in orange. Countries in which zoonotic transmission to humans has 
been reported or is assumed to have occurred are coloured in blue. In each map the Democratic Republic of Congo is outlined for reference.
DOI: 10.7554/eLife.04395.005

2013, a total of 2322 cases had occurred from Ebolavirus infections, a number already overtaken by 
the likely underreported current case count of the ongoing outbreak >2250 (WHO, 2014a) (Figure 2A). 
Of the four viruses circulating in Africa, Zaire ebolavirus has been responsible for the most outbreaks 
(13), followed by Sudan ebolavirus (7) and Bundigbuyo ebolavirus with just two outbreaks in 2007/8 
and 2012. Tai Forest has caused one confirmed infection in humans, from which the patient recovered 
(Le Guenno et al., 1995; Formenty et al., 1999). Although outbreaks have been reported since 1976, 
there was an absence of reported outbreaks in humans for 15 years between 1979 and 1994 (although 
antibodies in humans were identified over the period [Kuhn, 2008]) and the frequency of outbreaks 
has increased substantially post 2000 (Figure 2A).

Reported Ebola virus infections in animals
A total of 51 surveyed locations reporting infections in animals were identified in the literature since 
the discovery of the disease (Table 2; Figure 3). These comprised 17 infections in gorillas (Gorilla 
gorilla), nine infections in chimpanzees (Pan troglodytes), 18 in OWFB and 2 in duikers (Cephalophus 
spp.). A large proportion of the great ape cases originated from the ROC/Gabon border, coinciding 
with the main known distributions of both chimpanzees and gorillas (Petter and Desbordes, 2013) 
and representing a period of well-documented great ape Ebola outbreaks in and around the Lossi 
Animal Sanctuary (Rouquet et al., 2005; Bermejo et al., 2006; Walsh et al., 2009). All animal isola-
tions of Ebola viruses have come from countries that have also reported index cases of human out-
breaks, with the exception of several seropositive bats from a survey in southern Ghana.

http://dx.doi.org/10.7554/eLife.04395
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Table 2. Locations of reported infections with Ebola virus in animals

Site Country Date range Location Species Diagnosis Reference

1 Côte d’Ivoire Oct–Nov 1994 Tai Forest Chimpanzee Serology (Formenty et al., 1999)

2 Gabon Jan 1996 Mayiboth 2 Chimpanzee PCR (Lahm et al., 2007)

3 Gabon Jul 1996 Near Booue Chimpanzee Serology (Georges-Courbot  
et al., 1997)

4 Gabon Sept 1996 Lope National  
Park

Chimpanzee PCR (Lahm et al., 2007)

5 Gabon & ROC Aug 2001 Mendemba/Lossi  
Animal Sanctuary

Chimpanzee PCR (Lahm et al., 2007)

6 Gabon & ROC Aug 2001 Mendemba/Lossi  
Animal Sanctuary

Gorilla PCR (Lahm et al., 2007)

7 Gabon & ROC Aug 2001 Mendemba/Lossi  
Animal Sanctuary

Cephalophus  
dorsalis

PCR (Lahm et al., 2007)

8 Gabon Nov 2001 Zadie Gorilla PCR (Rouquet et al., 2005)

9 Gabon Nov 2001 Ekata Gorilla PCR (Wittmann et al., 2007)

10 Gabon Dec 2001 Medemba and  
neighbouring  
villages

Chimpanzee  
and Gorilla

PCR (Leroy et al., 2002)

11 Gabon Feb 2002 Zadie Gorilla PCR (Rouquet et al., 2005)

12 Gabon Feb 2002 Ekata Various bat  
species

Serology (Leroy et al., 2005)

13 Gabon Mar 2002 Zadie Gorilla PCR (Rouquet et al., 2005)

14 Gabon Mar 2002 Grand Etoumbi Gorilla PCR (Wittmann et al., 2007)

15 Gabon Apr 2002 Ekata Gorilla PCR (Wittmann et al., 2007)

16 ROC May 2002 Oloba Chimpanzee PCR (Lahm et al., 2007)

17 ROC Dec 2002 Lossi Animal  
Sanctuary

Gorilla PCR (Rouquet et al., 2005)

18 ROC Dec 2002 Lossi Animal  
Sanctuary

Gorilla PCR (Rouquet et al., 2005)

19 ROC Dec 2002 Lossi Animal  
Sanctuary

Chimpanzee Serology (Rouquet et al., 2005)

20 ROC Dec 2002 Lossi Animal  
Sanctuary

Gorilla PCR (Rouquet et al., 2005)

21 ROC Dec 2002 Lossi Animal  
Sanctuary

Gorilla PCR (Rouquet et al., 2005)

22 ROC Dec 2002 Lossi Animal  
Sanctuary

Cephalophus  
spp.

PCR (Rouquet et al., 2005)

23 Gabon Feb 2003 Mbomo Various bat  
species

PCR (Leroy et al., 2005)

24 ROC Feb 2003 Lossi Animal  
Sanctuary

Gorilla Serology (Rouquet et al., 2005)

25 Gabon Feb 2003 Lossi Animal  
Sanctuary

Chimpanzee PCR (Wittmann et al., 2007)

26 Gabon Jun 2003 Mbomo Various bat  
species

PCR and  
serology

(Leroy et al., 2005)

27 ROC Jun 2003 Near Mbomo  
and Ozala  
National Park

Epomops  
franqueti

Serology (Pourrut et al., 2009)

28 ROC Jun 2003 Near Mbomo  
and Ozala  
National Park

Hypsignathus  
monstrosus

Serology (Pourrut et al., 2009)

29 ROC Jun 2003 Near Mbomo  
and Ozala  
National Park

Myonycteris  
torquata

Serology (Pourrut et al., 2009)

Table 2. Continued on next page
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Site Country Date range Location Species Diagnosis Reference

30 ROC Jun 2003 Mbanza Gorilla PCR (Rouquet et al., 2005)

31 ROC Jan–Jun 2004 Lokoué Gorilla Reported (Caillaud et al., 2006)

32 ROC May 2004 Lokoué Gorilla PCR (Wittmann et al., 2007)

33 Gabon Feb 2005 Near Franceville Epomops  
franqueti

Serology (Pourrut et al., 2009)

34 Gabon Feb 2005 Near Franceville Myonycteris  
torquata

Serology (Pourrut et al., 2009)

35 Gabon Apr 2005 Near Lambarene Epomops  
franqueti and  
Hypsignathus  
monstrosus

Serology (Pourrut et al., 2007)

36 ROC May 2005 Near Mbomo  
and Ozala  
National Park

Epomops  
franqueti

Serology (Pourrut et al., 2009)

37 ROC May 2005 Near Mbomo  
and Ozala  
National Park

Hypsignathus  
monstrosus

Serology (Pourrut et al., 2009)

38 ROC May 2005 Near Mbomo  
and Ozala  
National Park

Myonycteris  
torquata

Serology (Pourrut et al., 2009)

39 ROC Jun 2005 Odzala National  
Park

Gorilla PCR (Wittmann et al., 2007)

40 Gabon Feb 2006 Near Tchibanga Various bat  
species

Serology (Pourrut et al., 2009)

41 ROC May 2006 Near Mbomo  
and Ozala  
National Park

Epomops  
franqueti

Serology (Pourrut et al., 2009)

42 ROC May 2006 Near Mbomo  
and Ozala  
National Park

Hypsignathus  
monstrosus

Serology (Pourrut et al., 2009)

43 ROC May 2006 Near Mbomo  
and Ozala  
National Park

Myonycteris  
torquata

Serology (Pourrut et al., 2009)

44 Gabon Oct 2006 Near Franceville Epomops  
franqueti

Serology (Pourrut et al., 2009)

45 Ghana May 2007 Sagyimase Epomops  
franqueti

Serology (Hayman et al., 2012)

46 Ghana May 2007 Sagyimase Hypsignathus  
monstrosus

Serology (Hayman et al., 2012)

47 Ghana May 2007 Adoagyir Epomophorus  
gambianus

Serology (Hayman et al., 2012)

48 Ghana May 2007 Adoagyir Epomops  
franqueti

Serology (Hayman et al., 2012)

49 Ghana Jun 2007 Oyibi Epomophorus  
gambianus

Serology (Hayman et al., 2012)

50 Ghana Jan 2008 Accra Eidolon  
helvum

Serology (Hayman et al., 2010)

51 Gabon Mar 2008 Near Franceville Epomops  
franqueti

Serology (Pourrut et al., 2009)

ROC = Republic of Congo.
DOI: 10.7554/eLife.04395.006

Table 2. Continued

Predicted distribution of suspected reservoir species of bats
Three species of bats, Hypsignathus monstrosus, Myonycteris torquata and Epomops franqueti, 
were identified as the most likely candidates to be reservoir species for Ebola viruses due to high 
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Figure 3. The locations of reported Ebola virus infection in animals in Africa. (A) Shows the locations of reported Ebola virus infection in animals. (B–D) 
Show these records in animals over three different time periods. Numbers refer to records as listed in Table 2. In all panels, the species in which infection 
was detected is given by symbol shape and the year recorded by symbol colour. Blue countries represent locations where zoonotic transmission to 
humans has been reported or is assumed to have occurred. In each map the Democratic Republic of Congo is outlined for reference.
DOI: 10.7554/eLife.04395.007

seroprevalence and the isolation of RNA closely related to Zaire ebolavirus (Leroy et al., 2005; 
Olival and Hayman, 2014). In total, 239 locations were identified from the Global Biodiversity 
Information Facility (GBIF) (GBIF, 2014): 67 for H. monstrosus (Figure 4A), 52 for M. torquata 
(Figure 4B) and 120 for E. franqueti (Figure 4C). Distribution models for all three species demon-
strated predictive skill (indicated by an area under the curve (AUC) greater than 0.5) as follows:  
H. monstrosus AUC 0.63 ± 0.04; M. torquata AUC = 0.59 ± 0.04; E. franqueti AUC = 0.58 ± 0.03, 
n = 50 submodels for all three species. In addition, each species was broadly predicted within its 
considered expert opinion range (Figure 4A–C) (Schipper et al., 2008). The marginal effect plots 
(not shown) were strongly influenced by land surface temperature (LST) and vegetation (as measured 
by the enhanced vegetation index [EVI]). The predicted combined distribution of these species 
(Figure 4D), covers West and Central Africa, specifically the moist forests of the northeastern, 
western and central Congo basin, and Guinea, as well as the Congolian coastal forest ecoregions 
(WWF, 2014).

Predicted environmental suitability for zoonotic transmission of Ebola
The predicted environmental niche for zoonotic transmission of EVD is shown in Figure 5. All coun-
tries with observed index cases of EVD (n = 7, hereafter Set 1) have areas of the highest environmen-
tal suitability (see list in Table 1). In addition, areas of high environmental suitability for zoonotic 

http://dx.doi.org/10.7554/eLife.04395
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Figure 4. Predicted geographical distribution of the three species of Megachiroptera suspected to reservoir Ebola 
virus. (A) Shows the distribution of the hammer-headed bat (Hypsignathus monstrosus), (B) The little collared fruit 
bat (Myonycteris torquata) and (C) Franquet's epauletted fruit bat (Epomops franqueti). In each map, the locations 
of reported observations of each species, extracted and curated from the Global Biodiversity Information Facility 
(GBIF, 2014) and used to train each model are given as grey points (H. monstrosus, n = 67; E. franqueti, n = 120 
and M. torquata, n = 52). Expert opinion maps of the known range of each species, generated by the IUCN (Schipper 
et al., 2008), are outlined in grey. The colour legend represents a scale of the relative probability that the species 
occurs in that location from 0 (white, low) to 1 (green, high). Area under the curve statistics, calculated under a 
stringent ten-fold cross validation procedure, are 0.63 ± 0.04, 0.59 ± 0.04 and 0.58 ± 0.03 for H. monstrosus,  
M. torquata and E. franqueti respectively. (D) Is a composite distribution map giving the mean, relative probability 
of occurrence from (A–C).
DOI: 10.7554/eLife.04395.008

transmission are predicted in a further 15 countries where, to date, index cases of the four African 
species of Ebolavirus have not been recorded. These are Nigeria, Cameroon, Central African Republic 
(CAR), Ghana, Liberia, Sierra Leone, Angola, Tanzania, Togo, Ethiopia, Mozambique, Burundi, Equatorial 
Guinea, Madagascar and Malawi (hereafter Set 2).

The AUC for the Ebola model was relatively high (AUC = 0.85 ± 0.04, n = 500 submodels) indicating 
that the model could strongly distinguish regions of environmental suitability for EVD. Enhanced veg-
etation index had the greatest impact on the distribution (relative contribution [RC] of 65.3%) followed 
by elevation (RC = 11.7%), night-time land surface temperature (LST) (RC = 7.7%), potential evapo-
transpiration (PET) (RC = 5.7%) and combined bat distribution (RC = 3.8%). Marginal effect plots are 
presented in Figure 5—figure supplement 2.

In total, 22.2 million people are predicted to live in areas suitable for zoonotic transmission of 
Ebola. The vast majority, 21.7 million (approximately 97%), live in rural areas, as opposed to urban or 
peri-urban areas (CIESIN/IFPRI/WB/CIAT, 2007; WorldPop, 2014). Of these, 15.2 million are in Set 1 
and 7 million are in Set 2. In terms of ranked populations at risk, DRC, Guinea and Uganda are highest 

http://dx.doi.org/10.7554/eLife.04395
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Figure 5. Predicted geographical distribution of the zoonotic niche for Ebola virus. (A) Shows the total populations 
living in areas of risk of zoonotic transmission for each at-risk country. The grey rectangle highlights countries in 
which index cases of Ebola virus disease have been reported (Set 1); the remainder are countries in which risk of 
zoonotic transmission is predicted, but in which index cases of Ebola have not been reported (Set 2). These 
countries are ranked by population at risk within each set. The population at risk Figure in 100,000 s is given above 
each bar. (B) Shows the predicted distribution of zoonotic Ebola virus. The scale reflects the relative probability that 
zoonotic transmission of Ebola virus could occur at these locations; areas closer to 1 (red) are more likely to harbour 
zoonotic transmission than those closer to 0 (blue). Countries with borders outlined are those which are predicted 
to contain at-risk areas for zoonotic transmission based on a thresholding approach (see ‘Materials and methods’). 
Figure 5. Continued on next page
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in Set 1 and Nigeria, Cameroon and CAR are top in Set 2. For a full listing of these populations living 
in areas of risk, see the stacked bar plot in Figure 5A.

National level demographic and mobility changes
Over the 40 year period since discovery of EVD, the total population living in those countries pre-
dicted to be within the zoonotic niche has nearly tripled (from 230 million to 639 million) and the 
proportion of the population in these countries living in an urban (rather than rural) setting has changed 
from 25.5% to 59.2% (Figure 6).

Data on the connectivity of human populations over this period were not available. We can infer 
however, intuitively, empirically and theoretically (Zipf, 1946; Simini et al., 2012) that rates of popu-
lation movement within a country will scale directly in proportion to population growth.

International connectivity by airline traffic
Records of passenger seat capacity are available since 2000 and show substantive increases over the 
period in Set 1 (from 2.96 to 4.77 million, a fractional change of 1.61) and Set 2 (from 5.6 to 15.6 mil-
lion, a change of 2.8) (Figure 7A). More specific data on passenger volumes show almost universally 
similar increases since 2005 with Set 1 nations changing from 2 million to 2.5 million, a fractional 
change of 1.22 and Set 2 changing from 5 million to 7.9 million, a change of 1.57 (Figure 7B).

Global analysis of airline passenger volumes demonstrates that international connectivity has 
increased amongst all global regions and national income strata (Figure 8). Total passenger volumes 

The area under the curve statistic, calculated under a stringent 10-fold cross-validation procedure is 0.85 ± 0.04. 
Solid lines represent Set 1 whilst dashed lines delimit Set 2. Areas covered by major lakes have been masked white.
DOI: 10.7554/eLife.04395.009
The following figure supplements are available for figure 5:

Figure supplement 1. Covariates used in predicting zoonotic transmission niche of Ebola. 
DOI: 10.7554/eLife.04395.010

Figure supplement 2. Marginal effect plots for each covariate used in the Ebola virus distribution model. 
DOI: 10.7554/eLife.04395.011

Figure supplement 3. Comparison of predictions for zoonotic niche of Ebola virus excluding the Guinea outbreak. 
DOI: 10.7554/eLife.04395.012

Figure 5. Continued

Figure 6. Changes in national population for countries predicted to contain areas at-risk of zoonotic Ebola virus transmission. For each country the 
population (in millions) is presented for three time periods (1976, 2000 and 2014) as three bars. Each stacked bar gives the rural (green) and urban (blue) 
populations of the country. The grey rectangle highlights countries in which index cases of Ebola virus diseases have been reported (Set 1); the remain-
der are countries in which risk of zoonotic transmission is predicted, but where index cases have not been reported (Set 2). The fractional change in 
population between 1976 and 2014 is given above each set of bars.
DOI: 10.7554/eLife.04395.013
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Figure 7. Changes in international flight capacity and traveller volumes for countries predicted to contain areas at-risk of zoonotic Ebola virus transmis-
sion. The grey rectangle highlights countries in which index cases of EVD have been reported (Set 1). The remainder are countries in which risk of 
zoonotic transmission is predicted, but where index cases have not been reported (Set 2). (A) Shows changes in annual outbound international seat 
capacity (between 2000 in red and 2013 in blue). (B) Depicts changes in annual outbound international passenger volume by country (between 2005 in 
red and 2012 in blue). For each country, the fractional change in volume is given above each set of bars. Note that only one bar is presented for South 
Sudan as data for this region prior to formation of the country in 2011 were unavailable.
DOI: 10.7554/eLife.04395.014

have increased by a third from 9.5 to over 14 million during the eight year window (2005–2012) where 
records are available. The largest increases have occurred in WHO regions (WHO, 2014b) outside of the 
sub-Saharan African region (AFRO) (Figure 8A,B). In 2012, almost half of the final destinations of those 
travelling from these at-risk countries were to other AFRO nations (47%). Other frequent destinations 
were in Europe (EURO; 27%) and the Eastern Mediterranean (EMRO; 13%). Similarly, analysis of pas-
senger volumes by World Bank national income groupings (WHO, 2014b) (Figure 8C,D) show that in 
2012 40% of all passenger final destinations were to low or low-middle income countries.

Discussion
Summary of the main findings
We have re-evaluated the zoonotic niche for EVD in Africa. In doing so we have (i) used all existing 
outbreaks to assemble an inventory of index cases (n = 30); (ii) added to this all confirmed records of 
Ebola virus in animals (n = 51); (iii) assembled more accurate and contemporary environmental covari-
ates including new maps of the distribution of confirmed OWFB reservoirs of the disease; and (iv) used 
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Figure 8. Numbers of airline passengers arriving from at-risk countries to other countries stratified by major geographic regions and national income 
groups. (A) Shows the locations of WHO regions (AFRO–African Region; AMRO–Region of the Americas; EMRO–Eastern Mediterranean Region; 
EURO–European Region; SEARO–South-East Asian Region; WPRO–Western Pacific Region). (B) Displays the numbers of passengers arriving in each of 
these regions from countries predicted to contain areas at risk of zoonotic Ebola virus transmission (Sets 1 and 2) in 2005 and 2012. (C) Shows the income 
tiers of all countries as defined by the World Bank. (D) Displays the total numbers of passengers arriving in countries in each of these income strata from 
at-risk countries in 2005 and 2012. The number above each pair of bars indicates the fractional change in these numbers of incoming passengers 
between 2005 and 2012.
DOI: 10.7554/eLife.04395.015

the latest niche modelling techniques to predict the geographic distribution of potential zoonotic 
transmission of the disease. Using these predictions we have estimated the populations at risk  
of EVD both in countries which have confirmed index cases (Set 1, n = 7) and those for which we 
predict strong environmental suitability for outbreaks (Set 2, n = 15). In all countries at risk we 
show that since the discovery of EVD in 1976, urban and rural populations have increased and 
have become more interconnected both within and across national borders. During the last 40 years 
the increasing size and connectivity of these populations may have facilitated the subsequent spread 
of EVD outbreaks. These factors underline a change in the way in which EVD interacts with human 
populations.

Interpreting the zoonotic niche
The remote and isolated nature of Ebola zoonotic transmission events, paired with the relatively poor 
diagnostics and understanding of the disease transmission routes in early outbreaks, mean that under-
reporting of previous outbreaks is probable. An increasing understanding and description of a broader 
range of symptoms used in case definitions of EVD (Leroy et al., 2000; Feldmann and Geisbert, 
2011) also increase the possibility that past outbreaks may have been misattributed to different dis-
eases (Tignor et al., 1993). This poor detectability of EVD also clearly limits capacity to accurately 
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identify the locations and transmission routes of index cases (Heymann et al., 1980; Baize et al., 
2014). We must assume, as has been done previously (Peterson et al., 2004a; Jones et al., 2008), 
that the first reported cases are representative of the true location of the index cases. Where possible 
we have represented this geographic uncertainty by attributing the index case to a wide-area polygon 
which then incorporated this uncertainty into the mapping process (see ‘Materials and methods’).

The relationship between the EVD niche and the environmental covariates (Figure 5—figure 
supplement 2), particularly the high relative contribution of the vegetation index, underscore that 
there are clear environmental limits to transmission of the virus from animals to humans, and that 
ecoregions dominated by rainforest are the primary home of such zoonotic cycles. Our analysis has 
shown that the zoonotic niche of the pathogen is more widespread than previously predicted or 
appreciated (Peterson et al., 2004a), most notably in West Africa.

This analysis used information from all human outbreaks and animal infections to delineate the 
likely zoonotic niche of the disease. Further analysis, excluding the existing outbreak focussed in 
Guinea from the dataset used to train the model (Figure 5—figure supplement 3), still resulted in 
prediction of high suitability in this region, with the presumed index village located within 5 km of an 
at-risk pixel. This implies that the eco-epidemiological situation in Guinea is very similar to that in past 
outbreaks, mirroring phylogenetic similarity in the causative viruses (Dudas and Rambaut, 2014; Gire 
et al., 2014). The ecological similarity between the past and current outbreaks also lends support to 
the notion that the scale of this outbreak is more heavily influenced by patterns of human-to-human 
transmission than any expansion of the zoonotic niche.

Interpreting population at risk
It is important to appreciate that this zoonotic niche map delineates areas in which populations are 
at-risk of zoonotic transmission of EVD (Figure 5B). It does not predict the likelihood of EVD spill-
over, the likelihood of an outbreak establishing, or its subsequent rate of spread within a population. 
Increasing human encroachment and certain cultural practices sometimes linked with poverty, such as 
bushmeat hunting, result in increasing exposure of humans to animals which may harbour diseases 
including Ebola (Daszak, 2000; Wolfe et al., 2005, 2007). Increasing human population may accel-
erate the degree of risk through these processes but spatially refined information on these factors is 
not available comprehensively. It is hoped that as the understanding of the risk factors for zoonotic 
transmission of Ebolavirus to humans increases, it will be possible to incorporate this information into 
future risk mapping assessments.

Previous considerations of the geographic distribution of EVD have used human outbreaks alone. 
We have updated this work to include the last decade of outbreaks, as well as disaggregated out-
breaks where evidence suggests multiple independent zoonotic transmission events overlap in space 
and time. Furthermore, our modelling process accommodates uncertainty in geopositioning of these 
index cases by utilising both point and polygon data. In addition, we include occurrence of infection 
in wildlife, important to the wider scale of zoonotic transmission (Figure 1), which in total has increased 
the dataset used in the model to 81 occurrences. The rareness of EVD outbreaks and the prevalence 
of detectable Ebola virus in reservoir species suggests that there will always be a limited set of obser-
vation data when compared to mapping of more prevalent zoonoses (Pigott et al., 2014). The results 
demonstrate predictive skill using a stringent validation procedure, however, indicating strong model 
performance even with this relatively limited observation dataset.

A broad zoonotic niche is predicted across 22 countries in Central and West Africa. Whilst sev-
eral of these countries have reported index cases of EVD, others have not, although serological evi-
dence in some regions points to possible underreporting of small-scale outbreaks (Kuhn, 2008). 
With improved ecological understanding, particularly with improvements to our knowledge of specific 
reservoir species and their distributions, it may be possible to delineate areas not at risk due to the 
absence of these species.

Despite relatively a large population living in areas of risk and the widespread practice of bush-
meat hunting in these predicted areas (Wolfe et al., 2005; Mfunda and Røskaft, 2010; Brashares 
et al., 2011; Kamins et al., 2011), Ebolavirus is rare both in suspected animal reservoirs (Leroy et al., 
2005; Olival and Hayman, 2014) and in terms of human outbreaks (Table 1). There is some indication 
however, that the frequency of Ebola outbreaks has increased since 2000, as shown in Figure 2A. We 
have shown that the human population living within this niche is larger, more mobile and better inter-
nationally connected than when the pathogen was first observed. As a result, when spillover events do 
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occur, the likelihood of continued spread amongst the human population is greater, particularly in 
areas with poor healthcare infrastructure (Briand et al., 2014; Fauci, 2014).

Whilst rare in comparison to other high burden diseases prevalent in this region, such as malaria 
(Gething et al., 2011; Murray et al., 2012), Ebola outbreaks can have a considerable economic and 
political impact, and the subsequent destabilisation of basic health care provisioning in affected 
regions increases the toll of unrecorded morbidity and mortality of more common infectious dis-
eases (Murray et al., 2014; Wang et al., 2014), throughout and after the epidemic period. The 
number of concurrent infections during the present outbreak represents a significant strain on health-
care systems that are already poorly provisioned (Briand et al., 2014; Chan, 2014; Fauci, 2014) and 
many other Set 1 and Set 2 countries rank amongst the lowest per capita healthcare spenders. These 
considerations should be paramount when international organizations debate the financing require-
ments for the improvement of healthcare needed in the region and the urgency with which new thera-
peutics and vaccines can be brought into production (Brady et al., 2014; Goodman, 2014).

Together, these considerations necessitate prioritisation of efforts to reinforce and improve 
existing surveillance and control, and encourage the development of therapeutics and vaccines. 
The national population at risk estimates presented here would be a strong rationale for improving, 
prioritising and stratifying surveillance for EVD outbreaks and diagnostic capacity in these countries. 
We believe it would be prudent to test OWFB species in Set 2 countries for Ebola virus (Hayman 
et al., 2012), particularly during the bat breeding season to maximise chances of isolation in order 
to clarify the outbreak risk in these countries. In all Set 1 and Set 2 countries, raising awareness about 
the risk presented by reservoir bats and incidental primate hosts and the modes of transmission of 
this disease could be of value. Finally, increasing our capacity to rapidly map ever changing biolog-
ical threats is also a core need (Hay et al., 2013b).

Interpreting International connectivity
The increasing connectedness of the Africa region means that EVD is now a problem of international 
concern. While most EVD secondary transmission occurs locally and is likely transported via ground 
transit (Francesconi et al., 2003), the potential for international spread of infection is possible, as dem-
onstrated by the importation of the disease from Liberia to Nigeria, culminating in further secondary 
transmission in Lagos (WHO, 2014a). The aetiology of EVD infection and disease progression means 
that an international outbreak propagated by air travel remains unlikely, particularly in high-income 
countries better able to handle EVD cases (Fauci, 2014). Nevertheless, a non-negligible threat remains, 
particularly in the low and middle income destinations and the rapid increase in global connectivity of 
these at-risk regions indicates that international airports could see more imported cases (Chan, 2014).

Future work
We have focussed on reanalysing the zoonotic niche for EVD transmission and the characterisation of 
the populations at risk to improve the landscape in which future risk and impact of EVD outbreaks can 
be discussed. During the current emergency much of the work will concentrate on routes of secondary 
transmission in the human population—conceptually the red arrow of the H box in Figure 1. An impor-
tant task is to stratify the risk of EVD spread both within and between countries and identify the most 
likely pathways of spread for characterisation and surveillance. Our next priority therefore is to inves-
tigate aspects of secondary human-to-human transmission by documenting the rate of geographic 
spread of EVD during the past and ongoing epidemics to help understand changes in these patterns 
in the historical record. Simulating these movements in a real landscape of population movement pat-
terns, inferred from population movements assessed by mobile phones and other data (Garcia et al., 
2014), as well as parametric movement models (Simini et al., 2013) is a logical next step, and can be 
used in future targeting of interventions and potential new treatments for both the current and future 
outbreaks (Brady et al., 2014; Goodman, 2014).

As previously discussed, whilst there is the risk of human travel during the latent phase of infection, 
and therefore potential for international spread, the high pathogenicity during infectiousness (immo-
bilising infected persons) and the likely rapid and effective isolation measures implemented in regions 
with strong health care systems, limit the pandemic potential of EVD. Nevertheless, improvement of 
international containment plans and informed discussions of potential risks to airline carriers and pop-
ulations of other regions will be supported by knowledge of local, regional and international popula-
tion flows. Assessing these flows by air traffic volumes is an ongoing priority.
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There are several other zoonotic viral haemorrhagic fevers (for example Marburgvirus, Lassa 
fever, hantaviral infections and arenaviruses) that are of similar public health and biosecurity concern 
(Bannister, 2010), due to their high virulence and mortality and their potential to cause outbreaks and 
spread internationally. Despite this their geographical distributions are poorly understood (Hay et al., 
2013a). Many of the methods applied here can be adapted to these diseases and improve our geo-
graphical understanding of the risk presented by these pathogens.

We are in the midst of a public health emergency that will likely last for many more months (Chan, 
2014) and which has brought EVD to global attention. We emphasise that the maps of zoonotic trans-
mission presented here do not enable assessment of secondary transmission rates in human popula-
tions, but they do act as an evidenced-based indicator of locations with potential for future zoonotic 
transmission and thus outbreaks. Interestingly, early reports of another independent zoonotic out-
break in the DRC (MSF, 2014) are in predicted at-risk areas. An improved understanding of the spatial 
extent of the zoonotic niche can only help future efforts in biosurveillance.

Materials and methods
Methodological overview
A boosted regression tree (BRT) modelling framework was used to generate predictive risk maps of 
the zoonotic Ebola virus niche in Africa. This methodology combines regression trees, where trees are 
built according to optimal decision rules based on how binary decisions best accommodate a given 
dataset (De'ath, 2007; Elith et al., 2008), and boosting, which selects the tree that minimises the loss 
function. In doing so, a parameter space is defined which captures the greatest amount of variation 
present in the dataset. In order to train the model, four component datasets were compiled: (i) a com-
prehensive dataset of the reported locations of Ebola virus transmission from a zoonotic reservoir to a 
human; (ii) a dataset of the locations of Ebola virus infections in suspected reservoir and (non-human) 
susceptible host species (iii) a suite of ecologically relevant environmental covariates for Africa, 
including predicted distribution maps of suspected reservoir bat species and (iv) background (or 
pseudo-absence) records representing locations where zoonotic Ebola virus has not been reported. 
This study was limited to the African continent since no natural outbreaks of EVD have occurred out-
side the continent (CDC, 2014). Only Reston ebolavirus has a distribution reported outside of Africa, 
focussed in the Philippines, but has never been reported as pathogenic in humans; as a result this 
species was not included in the analysis.

Identifying index cases and reconstructing zoonotic transmission events 
in space and time
Tables detailing proven outbreaks of Ebola virus, initially sourced from the scientific literature (Kuhn, 
2008) and from health reporting organisations (CDC, 2014), were used to coordinate searches of the 
formal scientific literature using Web of Science and PubMed for each specific outbreak. Relevant 
papers were abstracted and where possible outbreak-specific epidemiological surveys were sourced. 
The citations in these references were obtained in order to reconstruct the outbreak in detail and to 
identify the most probable index case. Index cases were defined as any human infection resulting from 
interaction with non-human sources of the disease. Some of these cases arose from presumed interac-
tions with zoonotic reservoirs or hosts, such as primates and other mammals during hunting trips 
(Boumandouki et al., 2005; Nkoghe et al., 2005, 2011; WHO, 2003) or butchering of bats (Leroy 
et al., 2009). Any cases arising from existing human infections are considered as secondary infections 
rather than index cases. Similar to methodology employed elsewhere (Messina et al., 2014), the site, 
or supposed site, of this zoonotic transmission event was geopositioned using Google Earth. For loca-
tions where precise geographic information (e.g., geographic coordinates of a hunting camp) was 
provided by the authors, these were used. Where precise geographic information could not be accu-
rately geopositioned, a geographic area (termed a polygon) was defined covering the reported region. 
In several cases only the first reported patient could be identified, with the source of infection unknown. 
With these outbreaks the location of the first patient was geopositioned under the assumption that an 
initial zoonotic spillover event occurred in the vicinity of this location. In two outbreaks multiple inde-
pendent zoonotic transmission events were identified (WHO, 2003; Nkoghe et al., 2005; Pourrut 
et al., 2005), and each unique event was geopositioned and included in the model as separate enti-
ties. Table 1 catalogues the outbreaks used in this study.
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Assembling a database of reported infections in animals
A literature search was conducted in Web of Science using the search term “Ebola” that returned 8635 
citations. The abstracts were examined and for those that contained possible data on animal Ebola 
infection, the full text was obtained. The sampling site or location of the animal in the study was identi-
fied and geopositioned using Google Maps. These locations were recorded either as precise locations 
or as polygons, as with human index cases. Records for which local transmission of Ebola virus was 
deemed unlikely (e.g., seropositive primates tested in containment facilities several years after their 
capture) were excluded from the study. The non-human Ebola virus occurrence data collected are 
detailed in Table 2, including the diagnostic methods used.

GenBank isolates
The open access sequence database GenBank (NCBI, 2014) was searched using MESH Umbrella 
search terms for Ebola virus, returning 181 results. These were then manually cross-referenced with 
the existing human and animal Ebola information, collected above, and 30 duplicates were removed. 
For the remaining isolates, original references and GenBank information fields were examined, but 
as there was insufficient information to establish precise location of isolation and/or whether the iso-
late represented an index case for any of these data sources, they were excluded from subsequent 
analyses.

Covariates assembled and used in the analyses
A suite of ecologically relevant gridded environmental covariates for Africa was compiled, each having 
a nominal resolution of 5 km × 5 km. The environmental covariates used in this analysis were: elevation 
(from the shuttle radar topography mission [ORNL DAAC, 2000]); the mean value, and a measure of 
spatial variation (range, described below) between 2000 and 2012 of Enhanced Vegetation Index 
(EVI), daytime Land Surface Temperature (LST) and night-time LST; and mean potential evapotranspi-
ration from 1950–2000 (Trabucco and Zomer, 2009) (Figure 5—figure supplement 1).

The EVI and LST datasets were derived from satellite imagery collected by NASA's Moderate 
Resolution Imaging Spectroradiometer (MODIS) remote sensing platform (Tatem et al., 2004). EVI is 
a metric designed to characterise vegetation density and vigour based on the ratio of absorbed pho-
tosynthetically active radiation to near infrared radiation (Huete et al., 2002). LST is a modelled prod-
uct derived from emissivity as measured by the MODIS thermal sensor (Wan and Li, 1997), which is 
correlated, though not synonymous with air temperature, and effective for differentiating landscapes 
based on a combination of thermal energy and properties of surface types. The MODIS datasets uti-
lized in this research (EVI was derived from the MCD43B4 product and the MOD11A2 LST product was 
used directly) were acquired as composite datasets created using imagery collected over multiple 
days, a procedure that results in products with 8-day temporal resolutions. Despite compositing, the 
EVI and LST datasets contained gaps due to persistent cloud cover found in forested equatorial 
regions, and these gaps were filled using a previously described approach (Weiss et al., 2014a). The 
EVI and LST datasets were then aggregated from their native 1 km × 1 km spatial resolution to a final 
5 km × 5 km resolution, calculating both the mean and the range of the values of the subpixels 
making up each larger pixel. These spatial summaries therefore characterise both the mean tem-
perature in each location as well as the degree of spatial heterogeneity within that pixel. This is of 
interest as humans and susceptible species are more likely to come into contact in transitional areas 
(e.g., boundary areas between areas of highly suitable susceptible species habitat and areas heavily 
utilised by humans). The final covariate production step consisted of summarising temporally across 
the 13-year data archive to produce synoptic datasets devoid of annual or seasonal anomalies (Weiss 
et al., 2014a).

Implicated bat reservoir distributions
Over recent years, significant research has been undertaken in investigating the role bats have to play 
in the transmission cycle of Ebola viruses (Olival and Hayman, 2014) and evidence of asymptomatic 
infection in fruit bats has been documented to varying extents (Leroy et al., 2005; Pourrut et al., 
2007, 2009; Hayman et al., 2010; Hayman et al., 2012). In order to incorporate this potential driver 
of Ebola virus transmission into the model we developed predicted distribution maps for three species 
of fruit bat implicated as primary reservoirs of the disease: Hypsignathus monstrosus, Epomops franqueti 
and Myonycteris torquata. The evidence was strongest for these three species having a reservoir role 
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as Ebola virus RNA (all nested within the Zaire ebolavirus phylogeny [Leroy et al., 2005]) has been 
detected in all three. Whilst a handful of other bat species have been found to be seropositive, no 
further viral isolations have been recorded (Olival and Hayman, 2014).

Whilst expert opinion range maps for these species exist (Schipper et al., 2008), there is some 
disagreement with independently-sourced occurrence data (all archived in the Global Biodiversity 
Information Facility). As a result, a predictive modelling approach was used to create a continuous 
surface of habitat suitability for these species which we then included as a predictor in the model. 
Occurrence data for all Megachiroptera in Africa was extracted from GBIF (GBIF, 2014) using the 
R packages dismo (Hijmans et al., 2014) and taxize (Chamberlain et al., 2014). To remove apparently 
erroneous records in the GBIF archive all occurrence records more than 100 km from the species 
known ranges, as determined by expert-opinion range maps (Schipper et al., 2008), were excluded, 
as were duplicate records and those located in the ocean. This resulted in a total dataset of 1341 
unique occurrence records.

The occurrence database was then used to train separate boosted regression tree species distri-
bution models (Elith et al., 2008) to predict the likely distribution of each of these suspected reser-
voir species. For each model, occurrence records for the target species (H. monstrosus, n = 67;  
E. franqueti, n = 120; and M. torquata, n = 52) were considered presence records and occurrence 
records of all other species were used as background records. This procedure is designed to account 
for the potentially biasing effect of spatial variation in recording of Megachiroptera occurrences 
(Phillips et al., 2009).

For each species we ran fifty submodels each trained to a randomly selected bootstrap of this 
dataset, subject to the constraint that each bootstrap contained a minimum of 10 occurrence and 
10 background records. Each submodel was fitted using the gbm.step subroutine (Elith et al., 2008) 
in the dismo R package. In each submodel the background records were down weighted so that the 
weighted sum of presence records equalled the weighted sum of background records (Barbet-Massin 
et al., 2012) in order to maximise the discrimination capacity of the model. We generated a prediction 
map from each of these submodels and calculated both the mean prediction and 95% confidence 
interval around the prediction for each 5 km × 5 km pixel for each species.

Model accuracy was assessed by calculating the mean area under the curve (AUC) statistic for 
each submodel under a stringent 10-fold cross validation for each submodel and obtaining the mean 
and standard deviation across all 50 submodels. Under this procedure the dataset was split into ten 
subsets, each containing approximately equal numbers of presence and background points. The 
ability of a model trained on each subset to predict the distribution of the other 90% of records was 
assessed by AUC and the mean value taken. As so few presence records were used to train each fold 
model (i.e., around 5 presence records for M. torquata up to 12 for E. franqueti), this represents a 
very stringent test of the model's predictive capacity. Additionally, to prevent inflation of the accu-
racy statistics due to spatial sorting bias, these statistics were estimated using a pairwise distance 
sampling procedure (Hijmans, 2012). Consequently, the AUC statistics presented here are lower 
than would be returned by standard procedures but gives a more realistic quantification of the 
model's ability to extrapolate predictions to new regions (Wenger and Olden, 2012). We also gen-
erated marginal effect plots with associated uncertainty intervals and relative contribution statistics 
(how often each covariate was selected during the model fitting process) as quantification of the 
sensitivity of the model to the different covariates. These allow us to make inferences about the 
ecological relationship between each species and its environment as well as to identify where this 
relationship is most uncertain.

To generate a single surface describing the distribution of the bat reservoir species to be used 
as a covariate in the subsequent Ebola modelling, the three mean prediction distribution maps 
were merged by taking the average habitat suitability for each of the three bat species at each 
pixel.

Ebola distribution modelling
The Ebola virus occurrence dataset was supplemented with a background record dataset generated 
by randomly sampling 10,000 locations across Africa, biased towards more populous areas as a proxy 
for reporting bias (Phillips et al., 2009). We fitted 500 submodels to bootstraps of this dataset. To 
account for uncertainty in the geographic location of those occurrences reported as polygons, for each 
submodel one point was randomly selected from each of these occurrence polygons. This Monte 
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Carlo procedure enabled the model to efficiently integrate over the environmental uncertainty associated 
with imprecise geographic data. A bootstrap sample was then taken from each of these datasets and 
used to train the BRT model using the same procedure and weighting of background records as for 
the bat distribution models. Similarly, we generated a prediction map from each of these models and 
calculated both the mean prediction and corresponding 95% confidence intervals for each pixel and 
analysed prediction accuracy using the same stringent cross validation and sensitivity analysis proce-
dure as for the bat distribution models (detailed above).

The predicted distribution map produced by this approach represents the environmental suita-
bility of each pixel for zoonotic Ebola virus transmission. This may be interpreted as a relative prob-
ability of presence in the sense that more suitable pixels are more likely to contain zoonotic 
transmission than less suitable pixels, though not an absolute probability that transmission occurs in 
a given pixel. Similarly, the presence of zoonotic transmission increases the risk of transmission to a 
human, though this is also contingent on how humans interact with these zoonotic pools, through 
hunting or other activities.

Population living in areas of environmental suitability for zoonotic 
transmission
In order to identify areas which are likely to be at risk of transmission of Ebolavirus from zoonotic res-
ervoir hosts to humans, the continuous map of the predicted environmental suitability for zoonotic 
transmission (shown in Figure 5) was converted into a binary map classifying pixels as either at risk 
or not at risk. A pixel was assumed to be at risk if its predicted environmental suitability for zoonotic 
Ebola virus transmission was greater than 0.673, the lowest suitability value predicted at the locations 
of known transmission to humans (point records of human index cases). Countries containing at least 
one at-risk pixel are shown in Figure 5B—those countries that previously report an index case were 
defined as Set 1; countries with at least one at-risk pixel with no previous index cases of EVD were 
categorised as Set 2. The number of people living in at-risk areas in each of these countries was calcu-
lated by summing the estimated population of at-risk pixels using population density maps from the 
AfriPop project (Linard et al., 2012; WorldPop, 2014) and the proportion of those living in urban, 
periurban and rural areas was evaluated using the Global Rural Urban Mapping Project (CIESIN/IFPRI/
WB/CIAT, 2007).

The R code used for all of the analysis has been made available on an open source basis (https://
github.com/SEEG-Oxford/ebola_zoonotic).

National level demographic and mobility data
For three separate years (1976, 2000 and 2014), total national populations were retrieved and the 
proportion of rural to urban populations noted from World Bank statistics (World Bank, 2014). To 
describe global air travel patterns from Set 1 and Set 2 countries, flight schedules data from the 
Official Airline Guide, reflecting an estimated 95% of all commercial flights worldwide, were analysed 
between 2000 and 2013 to calculate the annual volume of seats on direct flights that depart from each 
predicted country and which have an international destination. Complementing these seat capacity 
data, worldwide data on anonymised, individual passenger flight itineraries from the International Air 
Transport Association (2012) (IATA, 2014) were analysed between 2005 and 2012 to calculate the 
annual volume of international passenger departures out of each Set 1 and Set 2 country. The IATA 
dataset represents an estimated 93% of the world's commercial air traffic at the passenger level and 
includes points of departure and arrival and final destination information for travellers as well as their 
connecting flights.
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Chapter 5 

Understanding risk maps: Marburg virus disease. 

 

Marburg virus disease is a rare filoviral disease that can cause severe haemorrhagic symptoms 

in individuals and can be transmitted from human to human. This chapter applies species 

distribution models to understand the risk this virus poses in Africa and provides a more 

detailed look at how such maps should be used to inform policy and surveillance as well as 

identifying key information gaps. This work has been published in Transactions of the Royal 

Society of Tropical Medicine and Hygiene and is included here in its final form. The additional 

information referred to in this chapter is included in the Appendix of this thesis. 
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Background: Marburg virus disease (MVD) describes a viral haemorrhagic fever responsible for a number of out-
breaks across eastern and southern Africa. It is a zoonotic disease, with the Egyptian rousette (Rousettus aegyp-
tiacus) identified as a reservoir host. Infection is suspected to result from contact between this reservoir and
human populations, with occasional secondary human-to-human transmission.

Methods: Index cases of previous human outbreaks were identified and reports of infection in animals recorded.
These data were modelled within a species distribution modelling framework in order to generate a probabilistic
surface of zoonotic transmission potential of MVD across sub-Saharan Africa.

Results: Areas suitable for zoonotic transmission of MVD are predicted in 27 countries inhabited by 105 million
people. Regions are suggested for exploratory surveys to better characterise the geographical distribution of the
disease, as well as for directing efforts to communicate the risk of practices enhancing zoonotic contact.

Conclusions: These maps can inform future contingency and preparedness strategies for MVD control, especially
where secondary transmission is a risk. Coupling this risk map with patient travel histories could be used to guide
the differential diagnosis of highly transmissible pathogens, enabling more rapid response to outbreaks of
haemorrhagic fever.

Keywords: Boosted regression trees, Filovirus, Marburg virus disease, Rousettus aegyptiacus, Species distribution models,
Viral haemorrhagic fever

Introduction

In 1967, outbreaks of a previously undescribed disease in workers
of three laboratories in West Germany and Yugoslavia were
reported, characterised by high fever, haemorrhaging and organ
failure.1 A novel virus, named Marburg virus (MARV), the first
described in the Filoviridae family, was subsequently identified
as the causative pathogen.2 In 1975, the first recognised case
of the disease outside of a laboratory occurred in Rhodesia (now
Zimbabwe), with one case in 1980 due to MARV and another in
1987 due to Ravn virus (RAVV), another marburgvirus.3 Not until
1998, when a series of fatal haemorrhagic cases were identified
in the vicinity of Durba, Democratic Republic of the Congo (DRC),
was a large-scale outbreak reported. A total of 154 cases were
reported, with the source of infection traced back to bat colonies
in local gold mines.4 While a large number of cases were reported
between 1998 and 2000, it was found that multiple introductions

of the virus from the same zoonotic pool were responsible for the
continued outbreak rather than only human-to-human transmis-
sion, as more commonly reported with Ebola virus disease
(EVD).4–6 In 2004 however, a large outbreak in Uige province,
Angola, occurred where, unlike in Durba, continued cases were
driven by subsequent human-to-human transmission rather
than repeated introductions from a natural source.7 More recent
outbreaks have been smaller in comparison (Figure 1).8–12

The wider epidemiology of Marburg virus disease (MVD)
remains relatively unknown (Figure 2). While non-human pri-
mates are susceptible to the disease, there have been no reported
transmission events from primates to humans outside of a
laboratory setting. Furthermore, no significant epizootics have
been reported among non-human primates, unlike the closely
related ebolaviruses.13,14 Past outbreaks have strongly
implicated bats as the origin of initial index cases in humans.
Serological and molecular surveys conducted in caves and

# The Author 2015. Published by Oxford University Press on behalf of Royal Society of Tropical Medicine and Hygiene.
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mines visited by the infected individuals, have identified the virus
in the Egyptian rousette (Rousettus aegyptiacus).17,18 Colonies of
bats have also been reported in the vicinity of the supposed
index case in other outbreaks.19,20

In order to better understand the nature of MVD risk, this study
attempts to define those areas where zoonotic transmission
of MVD may occur in order to identify people at potential risk of
zoonotic spillover. Such a methodology has previously been
employed with EVD to identify 22 western and equatorial
African nations where ebolavirus transmission may occur.21

Ecological niche modelling of MVD has previously been under-
taken and this work seeks to update these efforts by including
more recent outbreaks, records of infection in animals, improved
environmental covariate layers and recent advances in modelling
techniques.21–25 The need for such information is critical, not only
to assist in differential diagnosis of fevers across Africa, but also
to increase awareness of the potential risk of more widespread
outbreaks that could arise from a delay in the response to initial
cases.26

Materials and methods

Methodological overview

A species distribution model, specifically an ensemble boosted
regression trees (BRT) framework, was used to model the zoonotic
niche of MVD. This model optimally builds ensembles of trees
based upon binary decisions used to classify suitable environmen-
tal covariates in reference to a database of known occurrence
locations.27,28 Areas which are environmentally similar to those
with reported zoonotic transmission of MVD are predicted to be
at higher levels of risk. To perform this analysis, we obtained
four key information components: 1. a database of cases where
MVD has been transmitted from animals to humans; 2. reported
infections of MARV and RAVV in animals; 3. a collection of spatially
gridded environmental variables that are likely to be correlates of
disease presence; and 4. background (pseudo-absence) data indi-
cating locations where MVD has not been reported. The model
was restricted to the African continent since there have been no
reported natural outbreaks, in humans or animals, outside this
region.

Identifying human and animal infections
with marburgviruses

Outbreaks of MVD in humans were identified from review articles
and by sourcing original references.29 Where possible, index cases
(individuals infected by animal reservoir species) were located and
the supposed location of animal to human transfer of MARV and
RAVV was geopositioned using Google Earth. When an accurate
site location could not be determined, a geographic area (termed
a polygon) was defined covering the reported region, identified
using the source articles (e.g., a specified landmark, or an area
referenced in relation to another directly identifiable site); other-
wise a precise, site-specific latitude and longitude was recorded.
For larger settlements, the centroid of the site was recorded. In
some instances, only the first reported patient could be identified,
with little information on the initial route of infection. In these
instances we assumed that the index case occurred where the
zoonotic transmission event took place. For some outbreaks
there was sufficient evidence to suggest multiple independent
zoonotic transmission events. For these outbreaks, each individual
transmission event was separately positioned.

To obtain a comprehensive database of MARV infections in ani-
mals, a literature search was conducted in Web of Science using
the search term ’Marburg reservoir OR Marburg monkey OR
Marburg bat OR Marburg primate’. This procedure returned 1544

Figure 1. Case numbers in previous Marburg virus disease outbreaks. The size of each circle is proportional to the number of cases of the disease in a
given outbreak. Outbreaks are labelled as per Table 1.

Figure 2. The epidemiology of marburgvirus transmission in Africa. B
represents suspected bat reservoirs (including Egyptian rousettes).
Susceptible animals include non-human primates, such as the monkeys
responsible for the 1967 outbreaks (P). H represents humans. Question
marks indicate potential animals of other species. All routes have been
confirmed or are suspected to occur apart from transmission between
bats and primates, which remains unknown. Adapted from Laminger
and Prinz and Groseth et al.15,16
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unique citations. Abstracts for these citations were processed and
where they indicated that the article might contain spatial infor-
mation on Marburg infections in animals the full articles were
obtained. Once identified, the references of these articles (as
well as more general review articles discussing MVD reservoirs)
were followed up in case relevant articles were omitted from
the initial literature search. Locations of infected animals were
geopositioned using the same methodology as for human
index cases.

Covariates used in the analyses

A suite of ecologically relevant gridded environmental covariates
for Africa was compiled, each having a nominal resolution of
5 km×5 km. A number of environmental covariates thought to
potentially influence MVD distribution were selected for inclusion
in this analysis, namely range and mean values of enhanced
vegetation index (EVI) and land surface temperature (LST)
(day and night) derived from satellite data and parsed through
gap-filling algorithms, as well as elevation and potential evapo-
transpiration (PET).21,25,30,31 Many of these have been considered
in previous investigations.24 In addition, distance to the nearest
Karst formation was included as a covariate.32 Karst landscapes
typically form when soluble rocks dissolve and can create expan-
sive cave networks and as such were used in the model as a proxy
for the subterranean roosting habitat of the supposed disease
reservoir, the Egyptian rousette.33,34 Previous work mapping
the zoonotic niche of EVD utilised a bat distribution covariate
layer. While attempts were made to replicate this approach for
MVD, the lack of sufficiently detailed data available from the
Global Biodiversity Information Facility to allow for differentiation
between roosting and foraging sites meant that the niche
modelling approaches were unable to produce reliable results
and therefore these outputs could not be included in the final
analysis.

Marburg distribution modelling

An ensemble boosted regression trees model was used to define
areas environmentally suitable for zoonotic MARV transmission.
The model requires both presence and background information
to generate a prediction, the latter of which is often hard to
collect systematically and in an unbiased manner. As a result, ran-
domly generated background records are often supplied. For this
study, a background record dataset was generated by randomly
sampling 10 000 locations across Africa, biased towards more
populous areas as a proxy for reporting bias.22 This sampling
allows for comparison of factors influencing presence and likely
absence locations for MVD by the model. In total, 500 submodels
were used. Each submodel was fitted using the gbm.step subrou-
tine in the dismo package in the R statistical programming envir-
onment.28,35,36 Given the limited number of records available, we
reduced the number of cross-validation folds used to fit the model
to three, from the default of 10. All other tuning parameters of the
algorithm were held at their default values (tree complexity¼4,
learning rate¼0.005, bag fraction¼0.75, step size¼10). For each
polygon in the occurrence dataset, one point was randomly
selected from within the defined area for each submodel. This
Monte Carlo procedure enabled the model to efficiently integrate
over the environmental uncertainty associated with imprecise

geographic data. A bootstrap sample was then taken from each
of these datasets and used to train the BRT model. For each sub-
model, weightings were applied to the background dataset so
that the sum of the weighted background data equalled the
weighted sum of the occurrence records.37 This was done in
order to improve the discrimination capacity of the model. Each
submodel predicts environmental suitability on a continuous
scale from 0 to 1. An ensemble final prediction map was gener-
ated by combining the predictions from these submodels, calcu-
lating the mean prediction as well as the 5% and 95% confidence
intervals around this for each 5 km×5 km pixel.

Two models were constructed. Model 1 used only records of
human index cases and model 2 used both human index cases
and reported infection in animals. This was done in order to aug-
ment the relatively small number of index case records available
and to evaluate the influence of including animal data on
the model.

The area under the curve (AUC) statistic was used to assess
model accuracy. The statistic was calculated for each submodel
using a three-fold cross validation, and then summarised across
all the submodels to generate a mean and standard deviation
for this value. This procedure divided the dataset into three sub-
sets that had approximately equal numbers of presence records
and background data. Due to the small number of presence
records used to train each submodel, this approach represents a
very thorough test of the model’s predictive ability. In order to pre-
vent inflation of the accuracy statistics due to spatial sorting bias,
a pairwise distance sampling procedure was used.38 As a result,
these AUC statistics are lower than typical outputs, but give a
more realistic evaluation of the ability of the model to predict
for different regions.39 Uncertainty in the prediction was evalu-
ated by considering the difference between the 5% and 95% con-
fidence intervals.

The final outputs represent the environmental suitability for
zoonotic transmission of MARV for each 5 km×5 km pixel which
allows for relative comparison of risk across Africa.

Population living in areas of environmental suitability
for zoonotic transmission

Estimates of population living in areas at risk of zoonotic transmis-
sion were derived by converting the continuous surface of trans-
mission risk into a binary at-risk/not-at-risk classification for each
pixel. The threshold for this classification was based upon the min-
imum environmental suitability value at the locations of the
occurrence records. To calculate this value, the risk estimate for
each point occurrence and the mean probability of each area/
polygon occurrence were assessed. Countries were classified
into two categories of risk. Set 1 are countries where index
cases of MVD have been reported and set 2 are countries where
no index cases have been previously reported and have more
than 100 pixels (i.e., approximately 2500 km2) at risk. The number
of people living in these pixels was calculated from existing popu-
lation surfaces for Africa.40,41

Contiguous areas of risk within each country were visually iden-
tified and the latitude and longitude for the approximate mid-
point for these areas were recorded, suggesting areas of potential
interest for further prospective epidemiological investigation.

The R code used for all of the analysis is freely available via
https://github.com/SEEG-Oxford/marburg_zoonotic.
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Results

Reported infections in humans and animals

A total of 10 distinct outbreaks of MVD were identified, ranging in
size from single reported cases to community-wide outbreaks
with hundreds of reported cases (Table 1). Five countries have
confirmed or suspected instances of animal-to-human zoonotic
transmission, namely Kenya, Uganda, Zimbabwe, Angola and
the DRC (Figure 3). For the majority of these outbreaks, caves
or mines have been singled out as the likely venue for their spill-
over events. Some records were of individuals who had subse-
quently travelled elsewhere before becoming symptomatic, for
which efforts were made to identify the original site of
infection.3,9,10

All available animal infection records were from bat popula-
tions, often sampled in response to human cases, with the
exception of one reported infection in grivets (the same animals
responsible for the 1967 laboratory-based outbreak) (Table 2).
These monkeys were trapped near Kidera and Namsale in
Uganda where they were assumed to have been originally
infected.46 Where epidemiological surveys of nearby potential
animal reservoirs were undertaken during, or shortly after out-
breaks in humans, PCR identification of MARV was often per-
formed.17,18 A serological survey of Gabonese bat populations
reported positivity in Egyptian rousettes and other bats.47 This
is the only evidence of animal infection occurring outside the
recognised range of reported human populations, all other
animal infections have been reported in the vicinity of human
outbreaks (Figure 3).

Predicted environmental suitability for zoonotic
transmission of marburgviruses

Due to the relative paucity of data, two model variants were used
in order to test various assumptions about the poorly understood
MVD epidemiology. Model 1, which only included human index
case data, identified geological features (elevation and distance
to Karst formation) and vegetation indices (both EVI mean and

range) as the main predictors of suitability for zoonotic transmis-
sion (Table 3). Model 2, which included the entire dataset of MARV
infections, implied a broader spatial extent, with environmental
factors (EVI, LST and PET) playing a more important role in predic-
tion compared to elevation. The AUC values were 0.64+0.12 and
0.62+0.08 for models 1 and 2, respectively, indicating that both
the models demonstrated similar predictive skill. Note however
that as these statistics were calculated using different evaluation
datasets, they are not directly comparable. Uncertainty maps for
the predicted surfaces for MVD are presented in Supplementary
Figures 1 and 2.

Both models predict high suitability for zoonotic transmission
in the set 1 countries. In total, model 2 predicts 27 countries to
be at-potential-risk (set 1 and 2) of zoonotic transmission of
MARV with 105 million people living in at-risk areas. Model 1 pre-
dicts 19 countries at risk with 75 million individuals living in at-risk
areas. These 19 countries are consistently predicted to be at-risk
in both models 1 and 2.

Discussion
This work utilises all known outbreaks of MVD in humans
and reported infections in animals in order to understand the
nature of risk posed by this disease (Figures 4 and 5). Previous
assessments have indicated that a much broader region is at-risk
of zoonotic transmission than those countries that have reported
transmission to-date.24 Our analysis, reinforced by new outbreak
reports and environmental covariate information, is in concordance
with previous ecological modelling investigations of MVD, identify-
ing temperature and vegetation indices as key determinants of its
spatial distribution.23,24,50 In addition, we identify the potential
importance of geological features in influencing areas of potential
MARV risk. The majority of at-risk populations live in areas that have
previously reported outbreaks, mainly Uganda, Kenya and the
DRC. Amongst countries yet to see human infection (set 2), the
most notable are Ethiopia, Cameroon and Zambia, in which large
areas are predicted to be at-risk.

Table 1. Locations of natural outbreaks of Marburg virus disease in humans

Outbreak Date range Countries Location Cases/deaths Reference

1a Feb 1975 Zimbabwe Chinoyi caves 3/1 3,24
2 Jan 1980 Kenya Nzoia 2/1 20
3 Aug 1987 Kenya Kitum cave 1/1 19
4 Oct 1998–Aug 2000 DRC Durba 154/128 4,42
5 Oct 2004–Jul 2005 Angola Uige province 252/227 7,43,44,45
6 Jun 2007–Sept 2007 Uganda Kitaka gold mine 4/1 8
7a Dec 2007–Jan 2008 Uganda Python cave 1/0 9
8a Jul 2008 Uganda Python cave 1/1 10
9 Aug 2012–Oct 2012 Uganda Ibanda district 15/14 11
10 Sep 2014 Uganda Mpigi/Mawokota district 1/1 12

DRC: Democratic Republic of the Congo.
a Indicates case imported elsewhere.
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Figure 3. The locations of marburgvirus disease outbreaks in humans and reported animal infections across Africa. This figure is available in black and
white in print and in colour at Transactions online.

Table 2. Locations of reported infections with Marburg virus in animals

Site Date range Country Location Species Diagnosis Reference

1 Aug–Sep 1967 Uganda Kidera and Namasale Chlorocebus aethiops Serology 42
2 May–Oct 1999 DRC Durba Miniopterus inflatus PCR 16
3 May–Oct 1999 DRC Durba Rhinolophus eloquens PCR 16
4 May–Oct 1999 DRC Durba Rousettus aegyptiacus PCR 16
5 Jun 2003–May 2006 ROC Mbomo district Various bat species Serology 43
6 Feb 2005–Mar 2008 Gabon Haut-Ogooue district Various bat species Serology 43
7 Apr 2005 Gabon Moyen-Ogooue district Various bat species Serology 43
8 Feb 2006 Gabon Nyanga district Various bat species Serology 43
9 Aug 2007 Uganda Kitaka gold mine Rousettus aegyptiacus PCR 15
10 Aug 2007 Uganda Kitaka gold mine Hipposideros spp. PCR 15
11 Apr 2008 Uganda Kitaka gold mine Rousettus aegyptiacus PCR 15
12 Aug 2009 Uganda Python cave Rousettus aegyptiacus PCR 48
13 Nov 2009 Uganda Python cave Rousettus aegyptiacus PCR 48
14 Nov 2012 Uganda Kitaka gold mine Rousettus aegyptiacus PCR 49

DRC: Democratic Republic of the Congo; ROC: Republic of Congo.
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As with any model-based approach, an awareness of the lim-
itations of the data and the assumptions made by the model is
important. Limited datasets, particularly those where definitive
identification of zoonotic transmission sites is unlikely, will hinder
predictive capability. However, this study attempts to be as com-
prehensive as possible by including all reports of infections, as well
as considering uncertainty in geopositioning ability. Further infor-
mation can only help to improve these predictions. Similarly, the
model is only able to assess environmental suitability for MVD,
therefore in order to translate this into true outbreak risk, add-
itional information on how humans and animal reservoirs inter-
act, as well as how the disease is transmitted within these
populations is required. Bearing these caveats in mind, we hope
that these results will act as a springboard for further research
to better understand the epidemiology and characterise the risk
of this disease.

The two model iterations (‘human only’ versus ‘animal and
human data’) illustrate the need for further research into MARV
hosts and their potential for zoonotic transmission to humans.
Areas predicted at-risk in model 1 are consistently identified at-
risk in model 2 (although the absolute probability of transmission
is altered); the inclusion of animal data however, expands the
areas of potential risk to include countries across western and
central Africa not indicated as being at-risk by model 1. Figure 6
visualises the differences between these two models. As a result,
given the limited data availability, model 2 would currently be the
most sensible option when discussing the potential risk posed by
MVD. In addition, while no reported cases of MVD have been
recorded in set 2 countries, a number have seen serological evi-
dence of past exposure in humans.29 Seropositive individuals
have been reported in locations identified as at-risk in model 2
in West Africa, Cameroon, Central African Republic, Nigeria and
South Sudan.48,49,51–56

Since many MVD spillover events have only resulted in a hand-
ful of cases, the likelihood of outbreaks going unrecognised is a

possibility.57 It is therefore also possible that spatial variation in
the probability of cases being identified may have biased our mod-
els. While we strived to account for such an observation bias in our
analysis by weighting pseudo-absence records to areas where
infection might be more likely to be detected, we cannot rule
out the presence of residual bias. The true nature of zoonotic
transmission potential within these countries can only be eluci-
dated by additional surveys.

Knowledge on the animal reservoir for MVD is limited. Egyptian
rousettes have consistently been identified as PCR positive for the
virus, however animals of a number of other species have also
been seropositive.15,43,58,59 The maps presented here can be
used to target key sites for future surveys of bats to better under-
stand the true nature of risk within those areas where no previous
outbreak has been reported.

There is considerable overlap between the reported dis-
tribution of Egyptian rousettes (Figure 7) and areas of highest
risk. Evidence suggests that there are various subspecies
of Egyptian rousette across Africa.33 All but one outbreak of
MVD in humans occurred within the known range of members
of R. aegyptiacus leachi; the outbreak in Uige Province, Angola,
however occurred outside the range of bats of this subspecies,
but was within the reported range of R. aegyptiacus unicolor.
It remains unclear whether these populations differ in dis-
ease transmission cycles and the nature of the connectivity
between bats of these two potential subspecies has important
implications for potential disease transmission, either res-
tricting the likely areas of risk to eastern and southern Africa,
or including much of central and west Africa (Figure 7B).
Similarly, it is possible that bats of subspecies present in
north Africa and the Middle East could also be potential reser-
voirs for MARV. The inclusion of bat distributions in future mod-
els would allow for a better understanding of the relationship
between MVD and Egyptian rousettes, with the possibility of
identifying regions where other bats may be more likely reser-
voir hosts.

In addition, further surveys for MARV infection in bats in these
regions therefore would not only help to better understand the
ecology of these bats but also the nature of the risk posed to
human populations. As with EVD, spillover of MARV into humans
is rare and infection in bat populations also appears uncommon.
Understanding the nature of infection within these bat and other
potential reservoirs, is crucial in identifying the true nature of risk
to human populations, not just for MVD, but also a variety of other
viral pathogens.61 Table 4 identifies the main regions within each
at-risk country where such surveillance activities would be of
greatest benefit. The output maps, to allow for national survey
placement, are freely available from the following link: http://
goo.gl/0qTOfe

Our risk maps provide a baseline estimate for the extent of the
zoonotic niche of MVD, which can subsequently be enhanced
through more specific research. While an area may have the
potential for zoonotic transmission of MVD, if humans rarely
interact with these animal hosts, spillover events are unlikely
to occur. As a result, in spite of a large number of individuals liv-
ing in areas where transmission is possible, a considerably smal-
ler number will be at-risk of encountering an infected reservoir
and subsequently being infected. Surveys and ethnographic
assessments can help better understand the true nature of risk
within these regions, particularly important if a quantitative

Table 3. Summary statistics for model outputs

Statistic Model 1:
human data

Model 2: human and
animal data

AUC (+ standard
deviation)

0.64+0.12 0.62+0.08

1st predictor Elevation: 49.1% Mean EVI: 49.1%
2nd predictor Mean EVI: 30.1% Night-time mean

LST: 19.5%
3rd predictor EVI range: 7.8% Elevation: 10.9%
4th predictor Distance to

Karst: 4.9%
Mean PET: 7.5%

5th predictor Night-time mean
LST: 3.1%

Day-time mean
LST: 5.0%

Relative contributions for each of the top five predictors are reported
as a percentage.
AUC: area under the curve; EVI: enhanced vegetation index; LST:
land surface temperature; PET: potential evapotranspiration.
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Figure 4. Predicted geographical distribution of the zoonotic niche for marburgviruses using model 1 – human index cases only. Panel A shows the total
populations living in areas of risk of zoonotic transmission for each at-risk country. The grey rectangle highlights countries in which index cases of disease
have been reported (set 1); the remainder are countries in which risk of zoonotic transmission is predicted, but in which index cases of Marburg virus
disease have not been reported and have more than 100 at-risk pixels (set 2). These countries are ranked by population-at-risk within each set. The
population-at-risk figure in 100 000 s is given above each bar. Panel B shows the predicted distribution of zoonotic marburgviruses. The scale reflects
the relative probability that zoonotic transmission of marburgviruses could occur at these locations; areas closer to 1 (red) are more likely to harbour
zoonotic transmission than those closer to 0 (blue). Countries with borders outlined are those which are predicted to contain at-risk areas for zoonotic
transmission based on a thresholding approach (see Methods). The area under the curve statistic, calculated under a stringent cross-validation
procedure is 0.64+0.12. Solid lines represent set 1 whilst dashed lines delimit set 2. Areas covered by major lakes have been masked white.
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Figure 5. Predicted geographical distribution of the zoonotic niche for marburgviruses using model 2–both human index cases and infections in animals.
Panel A shows the total populations living in areas of risk of zoonotic transmission for each at-risk country. The grey rectangle highlights countries in
which index cases of Marburg virus disease have been reported (set 1); the remainder are countries in which risk of zoonotic transmission is predicted, but
in which index cases of Marburg have not been reported and have more than 100 at-risk pixels (set 2). These countries are ranked by population-at-risk
within each set. The population-at-risk figure in 100 000 s is given above each bar. Panel B shows the predicted distribution of zoonotic marburgviruses.
The scale reflects the relative probability that zoonotic transmission of marburgviruses could occur at these locations; areas closer to 1 (red) are more
likely to harbour zoonotic transmission than those closer to 0 (blue). Countries with borders outlined are those which are predicted to contain at-risk
areas for zoonotic transmission based on a thresholding approach (see Methods). The area under the curve statistic, calculated under a stringent
cross-validation procedure, is 0.62+0.08. Solid lines represent set 1 whilst dashed lines delimit set 2. Areas covered by major lakes have been
masked white.
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assessment of outbreak likelihood is wanted. While environmen-
tal triggers have been linked to outbreaks of MVD, equally
important in determining outbreak potential is an understanding
of the dynamics of the virus within reservoir populations, which
has also been shown to be highly variable.44,58,62 In attempting
to predict outbreaks it is therefore crucial to understand the
interplay between environmental factors, human pressures
and reservoir host dynamics.63

The differences in areas predicted to be at-risk of infection by
models 1 and 2 may in fact reflect the manner in which humans
interact with bats. Since the majority of human outbreaks have
arisen from contact in caves or other underground systems
(rather than in the forest foraging sites of the bats, where animal
infections have been reported), the risk map derived from model 1
could be a spatial representation of this transmission risk, as
opposed to reflecting the broader distribution of infection in ani-
mal populations. Further infection surveys and ethnographic
research can help to elucidate and map the risk of animal-human
transmission within the at-risk region we have identified. Such an
analysis would be particularly important in order to produce an
absolute, rather than relative estimate of the likelihood of an out-
break in humans.

Nevertheless, while the true nature of risk to humans is likely
to be a function of a variety of different factors, it is still

important to gauge how and where potential spillover events
could occur. The west African outbreak of EVD has shown
that it is critical to understand the potential for such outbreaks
in geographically distinct areas, and the subsequent need for
other causes to be included in the differential diagnosis to
facilitate rapid detection. This is all the more important where
the potential causes of disease have varying potential for noso-
comial transmission, as is the case with viral haemorrhagic
fevers. Failure to rapidly and accurately diagnose these dis-
eases can lead to uncontrolled chains of secondary transmis-
sion in certain scenarios.64 Maps such as ours can therefore
be used to shape clinical recommendations for diagnosing
haemorrhagic fever cases presenting in hospital. MVD has
seen a number of significant geographic translocation of
cases, with individuals becoming symptomatic far from the ori-
ginal infection site.9,10 The most recent outbreak of EVD in west
Africa has demonstrated the role that both local and global
connectivity can play in causing disease importation, and as
connectivity continues to increase, the likelihood of widespread
secondary cases occurring will also increase, particularly if
infection reaches densely populated areas.65–67 Accounting
for a range of possible aetiological agents can therefore reduce
the risk of further secondary transmission amongst humans in
these settings.3,26

Figure 6. Difference between model predictions with animal data omitted. The difference between outputs for model 2 and model 1 are presented.
Pixels in purple represent those regions predicted at higher risk in model 2; regions in green indicate areas where model 1 predicts higher risk. Yellow pixels
represent areas with consistent probabilities. Pixels predicted not to be at-risk are in grey.

D. M. Pigott et al.

374

 at O
xford U

niversity on June 9, 2015
http://trstm

h.oxfordjournals.org/
D

ow
nloaded from

 

http://trstmh.oxfordjournals.org/


Figure 7. Expert opinion maps for the range of Egyptian rousettes. Panel A is derived from the IUCN and Kwiecinski et al.33,60 Blue regions are those where
both depict Egyptian rousette populations. Red areas are those only indicated in the IUCN dataset. Orange sections are where bats of the subspecies
R. aegyptiacus unicolor are thought to be present; green shows the distribution of bats of the subspecies R. aegyptiacus leachi. Panel B shows the
predicted values from model 2, masked by the bat layer.
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Supplementary data
Supplementary data are available at Transactions Online (http://
trstmh.oxfordjournals.org).
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Table 4. Identification of potential survey sites in at-risk countries

Country Region Latitude Longitude

Angola Northern Angola 27.83 16.07
Moxico 212.28 23.29

Burundi Western Burundi 23.94 29.44
Cameroon Central and Southern

Cameroon
4.73 12.76

CAR South CAR 5.95 18.91
Côte d’Ivoire Dix-Huit Montagnes 7.62 27.89

Bondoukou 7.96 23.03
DRC Eastern Congo Basin 2.04 27.72

Katanga 210.70 26.23
Kasai 26.42 21.95
Western DRC 27.03 18.30

Equatorial
Guinea

Kie-Ntem and Wele-Nzas
Provinces

1.55 10.83

Ethiopia Western Oromia 8.29 35.77
Bale Mountains and Harenna

Forest
6.07 39.14

Gabon Northern Gabon 1.07 12.36
Southern Gabon 21.83 11.92

Ghana Ashanti Uplands and Kwahu
Plateau

6.99 21.61

Akwapim-Togo Range 8.01 0.51
Guinea Moyenne Guinea 10.71 212.47

Guinea Highlands 8.23 29.09
Kenya Lake Victoria 20.70 34.99

Mount Kenya 20.43 37.49
Liberia Guinea Highlands–Wologizi

and Wonegizi Ranges
8.15 29.87

Guinea Highlands–
Nimba Range

7.41 28.59

Madagascar Tsaratanana and Marojejy
Nature Reserves

214.21 49.38

Ambohijanahay Reserve 218.38 45.45
Malawi Lake Malawi 211.89 33.90
Mozambique Maeda Plateau 211.44 39.63

Mount Mabu 216.30 36.54
Inyanga Mountains 219.64 33.29

Nigeria Ekiti 7.76 5.09
Gashaka Gumti

National Park
7.36 11.57

ROC Niari and Lekoumou 22.92 13.19
Sangha 1.56 14.53
Likouala 3.17 16.92

Rwanda Eastern Rwanda 22.14 30.37
Sierra Leone Loma Mountains 8.99 210.98
South Africa Woodbush Forest Reserve

and Motlatse Canyon
223.94 30.12

South Sudan Imatong Mountains 3.95 32.64
Yambio 4.57 28.29

Tanzania Tanga 25.94 37.57
Mahale Mountain

National Park
26.49 30.30

Continued

Table 4. Continued

Country Region Latitude Longitude

Kigoma 24.49 30.64
Morogoro 29.58 35.60

Togo Akwapim-Togo Range 7.59 0.79
Uganda Great Lakes Region 0.18 31.01
Zambia Northwestern Zambia 212.80 24.76

Northern Zambia 29.49 29.23
Muchinga Escarpment 211.89 31.84

Zimbabwe Chinoyi 217.36 30.13

Sites are identified by country. The latitude and longitude represent
the centroid of the proposed survey area.
CAR: Central African Republic; DRC: Democratic Republic of Congo;
ROC: Republic of Congo.
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Chapter 6 

Mapping a tick-borne zoonotic disease: Crimean-Congo 

haemorrhagic fever. 

 

Crimean-Congo haemorrhagic fever shares similar epidemiology to Ebola and Marburg virus 

diseases in having these two spatially distinct processes: the first, involving transmission 

between reservoir hosts and tick vectors with occasional spillover into humans and the second 

being subsequent transmission amongst humans. This chapter combines boosted regression 

trees with an evidence consensus in order to assess the distribution of CCHF across the Old 

World. Areas of highest risk are identified, as well as regions that would benefit the most from 

prospective surveillance. This work has been published in Transactions of the Royal Society of 

Tropical Medicine and is included here in its final form. The additional information referred to 

in this chapter is included in the Appendix of this thesis. Also included in the Appendix is a 

more detailed paper discussing the occurrence data generation and curation protocols. 
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Background: Crimean-Congo hemorrhagic fever (CCHF) is a tick-borne infection caused by a virus (CCHFV) from
the Bunyaviridae family. Domestic and wild vertebrates are asymptomatic reservoirs for the virus, putting animal
handlers, slaughter-house workers and agricultural labourers at highest risk in endemic areas, with secondary
transmission possible through contact with infected blood and other bodily fluids. Human infection is charac-
terized by severe symptoms that often result in death. While it is known that CCHFV transmission is limited to
Africa, Asia and Europe, definitive global extents and risk patterns within these limits have not been well
described.

Methods: We used an exhaustive database of human CCHF occurrence records and a niche modeling framework
to map the global distribution of risk for human CCHF occurrence.

Results: A greater proportion of shrub or grass land cover was the most important contributor to our model,
which predicts highest levels of risk around the Black Sea, Turkey, and some parts of central Asia. Sub-Saharan
Africa shows more focalized areas of risk throughout the Sahel and the Cape region.

Conclusions: These new risk maps provide a valuable starting point for understanding the zoonotic niche of CCHF,
its extent and the risk it poses to humans.

Keywords: Crimean-Congo hemorrhagic fever, Crimean-Congo hemorrhagic fever virus, Ecological niche modeling, Infectious diseases,
Tick-borne diseases, Vector-borne diseases

Introduction
Crimean-Congo hemorrhagic fever (CCHF) is a tick-borne viral
(Nairovirus, family Bunyaviridae) infection first identified in the
Crimean region in 1944.1,2 It was subsequently shown to be the
same virus as that causing similar hemorrhagic disease outbreaks
in the Congo basin, giving the virus its current name.3,4 CCHF is one
of the most widely distributed arboviral diseases in the world, ran-
ging from southern Russia and the Black Sea region to the southern
tip of Africa.4 The disease is considered as ‘emerging’ across the
globe, with many countries reporting new infections in humans in
recent decades, including Albania (2001),5 Turkey (2002)6 and
Georgia (2009).7 In some regions, human CCHF infection has also

been recently reported after long periods of absence, for example in
south-western Russia8 and Central Africa.9

While no apparent disease manifestation occurs in animals,10

both wild and domesticated animals represent an important link
in the disease transmission cycle, acting as reservoirs for contin-
ued tick re-infection (Figure 1). Many tick species have been asso-
ciated with CCHF virus (CCHFV), but members of the genus
Hyalomma are considered the primary vectors and are the most
common ticks known to transmit the virus to humans.11 These
ticks are adapted to hot and dry or semiarid environments, and
are found in many parts of Africa, Asia, and Europe.1,12–15

Infection of humans is a comparatively rare event, with those
living or working in close proximity to livestock (particularly cattle,

# The Author 2015. Published by Oxford University Press on behalf of Royal Society of Tropical Medicine and Hygiene.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/
4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
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sheep and goats) or tick vector habitats being particularly at risk of
infectious tick bites, and those working in animal slaughterhouses
being at risk for blood-borne exposure.16,17 Human-to-human
transmission is possible, typically amongst healthcare workers
or close relatives having close contact and exposure to infectious
blood or bodily fluids of those infected with CCHFV.16,18,19 There is
no widely available safe and effective vaccine against CCHF,
although a recombinant CCHFV vaccine candidate has shown
good in vivo efficacy.20 Currently, treatment for the potentially
fatal disease remains largely supportive.21,22 Personal protective
measures such as the use of pyrethroid acaricides and wearing
protective clothing are important, but generally there is little
knowledge about these measures in areas where current levels
of risk are ill-defined.11,23

Currently, spatial analyses of CCHF are few in number com-
pared to those for many other diseases and even other tick-borne
viruses.24,25 Still, several studies have elucidated the chief drivers
of CCHF geographic distribution patterns. Strong correlations have
been found in Turkey and Bulgaria between CCHF risk and suitable
environments for Hyalomma ticks, including grass and shrub
cover, as well as forested land fragmented by agricultural or
shrub cover.26–29 Non-irrigated agricultural land cover (e.g., pas-
ture and rangeland) has also been found to be associated with
CCHF incidence in Turkey and Greece.26,27,30 The CCHFV infection
rate in livestock was found to be a strong positive predictor of
CCHF incidence in humans in Iran and Mauritania,31,32 although
in Bulgaria where vaccination coverage is high amongst at-risk
populations (e.g., veterinarians and farm workers), livestock dens-
ity was not a significant driver of CCHF incidence in humans.29

Climate indicators have also been found as important predictors
of CCHF risk. Areas regularly experiencing long periods of low rain-
fall and humidity were associated with increased occurrence of
CCHF in Iran and Senegal,33,34 and higher temperatures were indi-
cators of CCHF occurrence in Turkey, Bulgaria, and Iran.28,29,33

Existing global distribution maps of CCHF are largely in the form
of national-level maps of vector presence or reported human
cases, such as that provided by WHO.35 Here we draw upon the
findings of several of the country-specific studies to model risk
for CCHF infection in humans at a global scale using an ecological
niche modeling approach. This approach enables us to better
identify at-risk areas by using environmental correlations found
in areas of good CCHF reporting to predict risk in those areas
where less is known about transmission of the disease. While a
preliminary CCHF risk map was produced using a similar statistical
approach in the past,36 the current paper offers a more recent and
refined global geographic estimation of the distribution of CCHF.
This was made possible by the addition of new data for the loca-
tions of disease occurrence, an evidence-based consensus layer
for background data sampling, and high-resolution environmen-
tal layers alongside newer methodologies. Because the geo-
graphic distribution of CCHF is taken into account when patients’
travel histories are considered during differential diagnosis of
hemorrhagic fevers,37 an up-to-date and high-resolution map of
the global distribution of the disease is essential. As the maps we
provide define regions not only where CCHF has been reported but
also where transmission is possible, successful identification of
both locally acquired and imported cases38–40 may be expedited,
therefore reducing the likelihood of further secondary human-
to-human transmission. The recent Ebola virus outbreak in West
Africa has highlighted the critical nature of such considerations.41

In several African countries, the risk of CCHF is poorly defined
meaning infection with CCHFV is more likely to go undiagnosed
or unreported in this region. An improved understanding of the
geographic extents of CCHF and the true level of risk within
these extents is vital for increasing awareness about the disease,
advocating for improved individual protection from Hyalomma
tick bites, and promoting safe practices for slaughterhouse and
healthcare workers. Finally, this work contributes to a wider initia-
tive to better map the ecological niche of several of the viral hem-
orrhagic fevers occurring in Africa which not only pose the risk of
zoonotic transmission, but also of secondary nosocomial and
community-level transmission.37,42,43

Methods
We used boosted regression trees (BRT), a method for modeling
species distributions, to create maps of environmental suitability
for CCHF occurrence. Our particular approach has been successfully
employed in similar disease mapping efforts,44,45 and requires the
generation of: a layer assessing the strength of evidence for CCHF
presence or absence, termed evidence consensus, at a national
and sometimes sub-national level46 (Figure 2A); a comprehensive
database of the locations of CCHF reports in humans (Figure 2B);
and a suite of globally gridded environmental and socioeconomic
covariates known or hypothesised to affect CCHF transmission.
The output map presents a probabilistic surface of environmental
suitability of CCHF occurrence (‘CCHF risk’) within its global geo-
graphic extents at a 5 km×5 km spatial resolution (Figure 2C).

Definitive extents

We carried out a process consisting of four components
(described below) to evaluate the certainty of presence or
absence of CCHF for each country and certain select sub-national

Figure 1. Transmission cycle of Crimean-Congo hemorrhagic fever virus
(CCHFV) where te, tl, and tn represent the eggs, larvae, and nymphs of
competent tick vectors, respectively. Nymphs (tn) transmit CCHFV to
small mammals and birds (a), whereas transmission to ruminants and
other large animals (A) is by adult ticks (T). Primary human infections
(H1) occur as a result of being directly bitten by adult ticks or squashing
ticks between the fingers (T), or through contact with the blood of infected
animals, usually livestock (A). The comparatively rarer human-to-human
transmission (represented by the dashed line from H1 to H2) is typically
between infected individuals and healthcare workers or close relatives
having exposed to their infectious blood and/or bodily fluids.88
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regions at the edges of its distribution. The methodology used to
generate the definitive extents of CCHF was adapted from that
used for dengue and is termed evidence consensus.45,46 The infor-
mation used to determine the final score for each country or sub-
national region is provided in Supplementary Table 1.

Health reporting organization evidence (max+3)

Evidence from WHO35 and the Global Infectious Diseases and
Epidemiology Online Network (GIDEON)47 was used. WHO places
each nation into one of five categories of evidence for CCHF:

absent; Hyalomma ticks present; CCHF virological or serological
evidence and vector present; 5–49 CCHF cases reported per
year; and 50 or more CCHF cases reported per year. GIDEON listed
each country as either endemic or non-endemic; if the country was
not listed, the entry was recorded as unspecified. Quantitative
scores for each unique permutation are laid out in Table 1.

Peer-reviewed evidence (max +6)

We conducted a country-specific search on PubMed and Web of
Science using the terms ‘[country] CCHF’ or ‘[country] Crimean

Figure 2. Maps of A: definitive extents as determined by evidence consensus; B: recorded occurrence and generated background points used in the BRT
procedure; and C: probability of occurrence of Crimean-Congo haemorrhagic fever (CCHF). A: shows the consensus on CCHF presence globally, ranging
from dark green (complete consensus on absence) to purple (complete consensus on presence). Countries in yellow are those where evidence was
inconclusive or contradictory for CCHF presence. B: shows the probability of CCHF occurrence in humans. Areas in purple are those most suitable for
transmission, with areas in green least suitable.
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Congo Hemorrhagic Fever’ or ‘[country] Crimean Hemorrhagic
Fever’ or ‘[country] Congo Hemorrhagic Fever’. Reported cases in
the literature were evaluated based upon their contemporariness
and diagnostic accuracy. Contemporariness was evaluated in three
categories: 2006–2013¼3, 1998–2005¼2, 1997 and earlier¼1.
Different diagnostic techniques were scored in a similar banding sys-
tem, with PCR techniques, or genotyping achieving 3 points, 2
awarded for the use of IgM- and IgG-based ELISA or other sero-
logical techniques, and with 1 point for cases that were just reported
or referred to an unspecified ‘laboratory diagnosis’.

Case data (max+6)

Data on reported outbreaks of CCHF, with a threshold of five cases,
were obtained from GIDEON datasets and the literature.
Outbreaks above this threshold were scored for their contempor-
ariness with outbreaks before 1998¼+2, 1998–2005¼+4, 2006–
2013¼+6. If there were no reported outbreaks, healthcare
expenditure as reported by the WHO was used as a proxy for diag-
nostic capacity in an attempt to differentiate genuine absence or
sporadic cases from inability to adequately diagnose CCHF.
Expenditure was stratified annually per capita at average US$
exchanges rates (2011 US$ WHO Health Statistics) with three cat-
egories defined: HE Low (,US$100), HE Medium (US$100 to
,US$500) and HE High (.US$500). These measures are used
as a proxy for the quality of healthcare reporting, as it is unlikely
that vast numbers of CCHF infections have gone undetected in
countries where healthcare expenditure is high (e.g., in northern
European countries).

Supplementary evidence (max+3)

In cases where contradictory evidence led to uncertainty in the
presence or absence of CCHF, supplementary evidence was sup-
plied. Here, seroepidemiological surveys, or the presence of
CCHFV in ticks or livestock were evaluated and scored. Country-
specific scoring is outlined in Supplementary Table 1 where
appropriate.

Assembly of the occurrence database

An occurrence database comprising point (e.g., town or city) or
polygon (e.g., county or province) locations of confirmed CCHF
infection presence was compiled from peer-reviewed literature,
Genbank records, and HealthMap alerts.48,49 A literature search
was conducted on PubMed and Web of Science using the terms
‘CCHF’ or ‘Crimean Congo Hemorrhagic Fever’ or ‘Crimean
Hemorrhagic Fever’ or ‘Congo Hemorrhagic Fever’. The same
terms were used in our Genbank search. An occurrence was
defined as one or more laboratory or clinically confirmed infec-
tion(s) of CCHF occurring at a unique location (the same adminis-
trative area or 5 km×5 km pixel for points) within one calendar
year. All occurrence data underwent manual review and quality
control to ensure information fidelity and precise geo-positioning.
Reports of autochthonous (locally transmitted) cases or out-
breaks were entered as an occurrence within the country in
which transmission occurred. If imported cases were reported
with information about the site of infection, they were geo-
positioned to the country where transmission occurred. If
imported cases were reported with no information about the
site of contagion, they were not entered into the database. In
addition, polygons greater than one square degree in area at
the equator were removed from the database, as their inclusion
in niche modeling would introduce a large amount of bias. This
database has been made publicly available for download.50

Explanatory covariates

We assembled gridded global data (5 km×5 km) for a set of five
explanatory covariates. The covariates were chosen based on fac-
tors known or hypothesised to contribute to suitability for CCHF
transmission based upon the national-level studies described in
the introduction. These included annual mean precipitation inter-
polated from global meteorological stations51 and mean land sur-
face temperature derived from NASA’s moderate resolution
imaging spectrometer (MODIS) imagery,52 intended to capture
the generally warm and arid climate zones where CCHFV is trans-
mitted. We also included a 5 km×5 km resolution measure of the
mean annual Enhanced Vegetation Index (EVI; also from
MODIS)53 (computed from the original 1 km×1 km data set), as
well as the SD of this mean, which is intended to serve as a
proxy for landscape diversity and habitat fragmentation. All
these surfaces were parsed through a gap-filling algorithm prior
to inclusion in the analysis.54 The proportion of each 5 km×5 km
grid cell covered by shrub or grass land cover types was also
derived using the MODIS MCD12Q1 dataset which was originally
obtained at 1 km×1 km resolution. To do this, we computed the
proportion of 1 km×1 km grid cells within the larger 5 km×5 km
cells that were classified as either grass, open shrub or closed
shrub. The International Geosphere-Biosphere Programme

Table 1. Derivation of quantitative scores for health-reporting
organization evidence

GIDEON WHO Score

Endemic 50+ CCHF cases reported per year +3
5–49 CCHF cases reported per year +2.5
CCHF virological or serological evidence

and vector present
+2

Hyalomma tick vector present +1.5
Absent 0

Unspecified 50+ CCHF cases reported per year +2
5–49 CCHF cases reported per year +1.5
CCHF virological or serological evidence

and vector present
+1

Hyalomma tick vector present +0.5
Absent 22

Non-endemic 50+ CCHF cases reported per year 20.5
5–49 CCHF cases reported per year 21
CCHF virological or serological evidence

and vector present
21.5

Hyalomma tick vector present 22
Absent 23

CCHF: Crimean-Congo hemorrhagic fever; GIDEON: Global Infectious
Diseases and Epidemiology Online Network.
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(IGBP) land cover classification scheme was utilized.55 No covari-
ate grids were shown to be adversely affected by multicollinearity
and were standardised to ensure identical spatial resolution,
extent, and boundaries. Maps for each covariate are provided in
Supplementary Figure 1.

Modeling risk for CCHF occurrence

We used a boosted regression tree (BRT) approach to establish a
multivariate empirical relationship between the probability of
CCHF presence and the environmental conditions (as determined
by the set of covariates described above) sampled at each occur-
rence location. This method combines regression trees56 with gra-
dient boosting,57 whereby an initial regression tree is fitted and
iteratively improved upon in a forward stagewise manner (boost-
ing) by minimising the variation in the response not explained by
the model at each iteration. It has been shown to fit complicated
response functions efficiently, while guarding against over-fitting,
and has thus been applied in the past for vector and disease dis-
tribution mapping.42,44,45,58–61

A large proportion of the point-level records in our occurrence
database were geo-positioned to urban areas where cases are
more likely to have been diagnosed rather than acquired (based
on the ecology of CCHF tick vectors). Because of this, there is
uncertainty about where in the vicinity CCHFV transmission actu-
ally took place. In an effort to reduce spatial bias, we thus
assumed that when a location was recorded as a point, transmis-
sion could have taken place anywhere within the larger adminis-
trative corresponding to the FAO’s Admin2-level Global
Administrative Unit Layers (GAUL),62 which typically represents
counties or municipalities. We then calculated the mean of all
covariates within these polygons and for any records which
were originally recorded as polygons. While this approach reduced
bias toward urban areas in our models, it is limited in its assump-
tion that Admin2 units are correct for sampling environmental
correlates of CCHF and in its disregard for variation in covariate
values within polygons.

Like other ecological niche-mapping approaches, the BRT mod-
els require not only presence data but also background data defin-
ing areas of potentially unsuitable environmental conditions at
unsampled locations, since data on absence of disease are rarely
reported. No consensus approach has been developed to optimise
the generation of background data and we therefore created an
evidence-based probabilistic framework for generating pseudo-
data. To represent the environmental conditions in locations
where the disease has not been reported, 10 000 background
points63–65 were randomly generated and weighted based on a
continuous raster surface derived from the national (and some-
times sub-national) CCHF evidence consensus scores. As such,
more background points were located in areas with high consen-
sus on absence.

To increase the robustness of model predictions and quantify
model uncertainty, we fitted an ensemble66 of 100 BRT models
to separate bootstraps of the data. We then evaluated the central
tendency as the mean across all 100 BRT models (see Bhatt
et al.44). Each of the 100 individual models was fitted using the
gbm.step subroutine in the dismo package in the R statistical pro-
gramming environment.67 All other tuning parameters of the
algorithm were held at their default values (tree complexity¼4,
learning rate¼0.005, bag fraction¼0.75, step size¼10, cross-

validation folds¼10). One 5 km×5 km pixel was randomly
selected from within each polygon for each individual model in
order to account for the environmental uncertainty associated
with imprecise geographic data. In order to improve the weighting
capacity of each of the 100 models, weightings were applied to
the background dataset such that the sum of the weighted back-
ground data equalled the weighted sum of the occurrence
records.68 Each of the 100 models predicts environmental suit-
ability on a continuous scale from 0 to 1, with a final prediction
map then being generated by calculating the mean prediction
across all models for each 5 km×5 km pixel. Cross-validation
was applied to each model, whereby 10 subsets of the data com-
prising 10% of the presence and background observations were
assessed based on their ability to predict the distribution of the
other 90% of records using the mean area under the curve
(AUC) statistic. This AUC value was then averaged across the 10
sub-models and finally across all 100 models in the ensemble
in order to derive an overall estimate of goodness-of-fit.
Additionally, to avoid AUC inflation due to spatial sorting bias, a
pairwise distance sampling procedure was used,69 resulting in a
final AUC which is lower than would be returned by standard pro-
cedures but which gives a more realistic quantification of the
model’s ability to extrapolate predictions to new regions.70

Results
In total, 1721 occurrence records were included in our final data-
set after performing all quality control procedures. These included
1470 county or district-level occurrences and 251 province-level
occurrences spanning 1953 to 2012. We assumed that any
recorded location of CCHF occurrence, regardless of the date of
the record, represented an environment permissible for the
disease.

The evidence consensus map (Figure 2A) showed 47 countries
to have an indeterminate status in terms of CCHF presence or
absence (scores between 215 and +15), as well as certain parts
of China and Russia. Those with particularly poor evidence (score
of zero) are mostly located in sub-Saharan Africa, but also include
Cambodia, Laos, Myanmar, Vietnam, Nepal and Arunachal
Pradesh in Asia, as well as Azerbaijan, Bhutan, Yemen, Moldova
and Macedonia in the region spanning eastern Europe to central
Asia. More information is needed about the possible occurrence of
CCHF in these places, as well as the presence of any ticks that have
been proven as competent vectors of CCHFV. Yunnan province in
China is classified as having some evidence for CCHF presence due
to CCHFV seropositivity having been found in humans,71 although
the overall evidence is weak since no cases of human disease have
been reported in the province. According to our evidence consen-
sus measure, the five countries currently having the strongest evi-
dence for CCHF presence are Turkey, Iran, Afghanistan, Tajikistan,
and Pakistan.

The average of the ensemble of BRT models predicted high
levels of risk for CCHF in the Black Sea region and some parts of
central Asia, with more focalized areas of risk being found in the
Sahel and Cape regions of Africa (Figure 2C). The countries with
the largest areas of high risk for CCHF occurrence are Turkey,
Iran, Romania, Moldova and Ukraine, with some parts of south-
west Russia, Syria, Iraq and central Asia demonstrating high prob-
abilities of occurrence as well (Figure 3). Although the evidence
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consensus for CCHF presence is strong for many countries in
sub-Saharan Africa, our model predicts that areas with the high-
est probability of occurrence are overall much smaller in area and
more irregularly distributed in this region than in the Black Sea
region (see Figure 4). However, this may be an artefact of
the small number of occurrence observations available for CCHF
in Africa, as can be seen in Figure 2B (see also Burt and
Swanepoel72). For example, while CCHF occurrences have been
reported in central Africa and therefore consensus on presence
is relatively high for some countries such as the Democratic
Republic of the Congo, the areas of predicted suitability within
this region are actually quite sparsely distributed.

Our models showed CCHF risk to be particularly determined by
the proportion of grass and shrub land cover within a 5 km×5 km
grid cell, contributing 62% to the ensemble of models. Land sur-
face temperature had the second most important effect, contrib-
uting 19% to the models, followed by the standard deviation
of mean EVI (8%), mean annual precipitation (6%), and mean
EVI (5%). Effect plots for each covariate are provided in
Supplementary Figure 2. Validation statistics indicated high pre-
dictive performance of the BRT ensemble mean map with area
under the receiver operating characteristic (AUC) of 0.923
(+0.051 SD).

Discussion
Temperature, precipitation and moisture indices have been found
to be important drivers of CCHF infection in past studies29, 34; how-
ever, in this model, land cover types were more important in pre-
dicting the global ecological niche for CCHF transmission to
humans. When considered together, these land cover types are
generally reflective of the environments where wild and/or
domestic herbivore CCHF hosts exist and enable tick survival and

virus circulation. While shrub and grass land cover types are
effective for delineating global risk patterns, variations in climate
and moisture availability may be more important in predicting
heterogeneity in finer-scale prevalence patterns. It is also well
understood that those living or working in close proximity to live-
stock are at the greatest risk for infection with CCHF, yet livestock
population layers had minimal influence in predicting human dis-
ease occurrence. It is, therefore, possible that the abundance of
CCHF livestock reservoirs is more important in driving prevalence
patterns within endemic areas rather than as a predictor of overall
transmission at a global scale.

We have strived to be exhaustive in the assembly of contem-
porary data on CCHF occurrence and have applied new modeling
approaches to maximise the predictive power of these data. The
consideration of a range of biogeographic factors alongside dis-
ease occurrence information enabled us to infer risk in areas
with uncertainty about CCHF transmission, and the resulting
map thus presents sub-national refinements of the distribution
of risk without relying on national-level reporting systems.
Furthermore, the use of an evidence consensus layer allowed us
to limit our predictions to within the current CCHF transmission
extents in Africa, Europe and Asia. Due to phylogeographic evi-
dence that CCHFV genotypes tend to vary between Africa and
Eurasia more so than within each region,73 we did carry out an add-
itional model which distinguished between these two regions. This
distinction had a minimal effect and was thus excluded in our final
modeling procedures. Such a finding, however, does highlight that
while particular CCHFV strains may vary between Africa and
Eurasia, the ecological determinants of its zoonotic niche are con-
sistent between the two regions.

It is possible to highlight areas where surveillance is most
needed. The map in Figure 5 was created by defining ‘high-risk’
pixels as those for which the modelled probability of occurrence
(Figure 2C) was greater than or equal to 0.5. We then selected

Figure 3. The probability of occurrence of Crimean-Congo haemorrhagic fever (CCHF) in the Balkans region. Areas in purple are those most suitable for
transmission, with areas in green least suitable.
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those high-risk pixels which fell inside countries with low evidence
consensus scores (between 225 and +25). The result is a visual-
ization of areas where humans are predicted to be at potential risk
for CCHF yet where evidence is most lacking and thus where sur-
veillance is a priority. While there are many countries in Africa and
Eurasia that have small and sparse areas in need of surveillance,
several countries in Figure 5 stand out as having large and more
continuous areas in need of surveillance. These include Mali, Chad,
Somalia, Djibouti and Zimbabwe in Africa; Syria, Macedonia,
Azerbaijian, Armenia, Turkmenistan and Yemen in Eastern Europe
and Central Asia; and Kashmir, Nepal and the Yunnan province of
China in southern Asia.

For all viral hemorrhagic fevers, public health education about
disease vectors or reservoirs and behavioural risk factors for sec-
ondary infection is required in endemic areas, and many lessons
can be learned from past Marburg, Ebola and Lassa fever out-
breaks, for example.79–81 Specific to CCHF is the need for agricul-
tural workers and others working with animals to apply acaricidal
repellent to exposed skin and clothing, as well as to wear protect-
ive clothing and gloves while dealing with the blood or body fluids

of livestock. Crimean-Congo hemorrhagic fever does, however,
share with these other viral hemorrhagic fevers the risk for infec-
tion through contact with other infected humans, and failure to
avoid such contact has led to multiple nosocomial CCHF outbreaks
in recent years.82–86 Such outbreaks indicate that awareness is
lacking in many parts of the world about the presence of CCHF,
which represents the largest barrier to the rapid diagnosis required
for the prevention of nosocomial outbreaks. Healthcare workers in
at-risk areas must not only understand the intensive care needs of
infected patients, but also understand the precautions required to
prevent occupational exposure to CCHF when treating these
patients and handling infectious laboratory specimens.87

Preventing primary transmission of CCHF to humans also requires
strategic allocation of vector and/or reservoir control resources,
which are limited in many of the settings we have predicted to
be at risk for CCHF, particularly in Africa.

While we have emphasized that better information is still
needed in several regions, our map provides a baseline for moni-
toring change in the global distribution of CCHF going forward.
Further cartographic refinements are required in order to help

Figure 4. Probability of occurrence of Crimean-Congo haemorrhagic fever in Africa. Areas in purple are those most suitable for transmission, with areas in
green least suitable.
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differentiate endemic from epidemic-prone areas, particularly in
Africa where there is less certainty about the presence or absence
of CCHF overall. The occurrence database used in creating this
map can be updated with new information as necessary, and a
stronger global evidence base, particularly for the regions high-
lighted in Figure 5, would improve the accuracy of future iterations
of this mapping procedure. The ultimate aim is to provide more
useful information in evaluating control and prevention strategies
and their impact, and a refined map of the global risk for CCHF is a
first step towards reaching this goal.

Although our resulting map is an improvement on those which
have previously been produced, the abundance of information
about CCHF occurrence still comprises a weaker evidence base
than that available, for example, for Plasmodium falciparum74

and P. vivax malaria,75 for which a large amount of prevalence
information is available. Records of disease occurrence do not
easily translate to population-level metrics, and so as databases
of CCHF prevalence become more widespread, future approaches
should focus on using geostatistical methods to assess risk,76 as
with many other neglected tropical diseases.77,78

Conclusions

In this study, we have refined the map of the geographic extents
of CCHF and the level of risk within these extents using an exhaust-
ive assembly of known records of CCHF occurrence worldwide and

an ecological niche modeling framework. We hope that our
improved estimate of the spatial distribution of CCHF will serve
as a starting point for a wider discussion about the global impact
of CCHF. Not only can it encourage public health awareness in
areas we have defined as having a high probability of risk, but it
can also guide targeted distribution should an effective vaccine
or treatment become available.

Supplementary data
Supplementary data are available at Transactions online
(http://trstmh.oxfordjournals.org/).
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Chapter 7 

Mapping a rodent-borne zoonotic disease: Lassa fever. 

 

Lassa fever is a rodent-borne viral haemorrhagic fever that shares similar transmission patterns 

to the previous VHFs discussed in Chapter 4, 5 and 6. Using species distribution models, this 

paper completes the suite of African viral haemorrhagic fevers that are contagious amongst 

humans. This work has been published in Transactions of the Royal Society of Tropical 

Medicine and is included here in its final form. The additional information referred to in this 

chapter is included in the Appendix of this thesis. 
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Background: Lassa fever is a viral haemorrhagic illness responsible for disease outbreaks across West Africa. It is a
zoonosis, with the primary reservoir species identified as the Natal multimammate mouse, Mastomys natalensis.
The host is distributed across sub-Saharan Africa while the virus’ range appears to be restricted to West Africa.
The majority of infections result from interactions between the animal reservoir and human populations,
although secondary transmission between humans can occur, particularly in hospital settings.

Methods: Using a species distribution model, the locations of confirmed human and animal infections with Lassa
virus (LASV) were used to generate a probabilistic surface of zoonotic transmission potential across sub-Saharan
Africa.

Results: Our results predict that 37.7 million people in 14 countries, across much of West Africa, live in areas
where conditions are suitable for zoonotic transmission of LASV. Four of these countries, where at-risk popula-
tions are predicted, have yet to report any cases of Lassa fever.

Conclusions: These maps act as a spatial guide for future surveillance activities to better characterise the geo-
graphical distribution of the disease and understand the anthropological, virological and zoological interactions
necessary for viral transmission. Combining this zoonotic niche map with detailed patient travel histories can aid
differential diagnoses of febrile illnesses, enabling a more rapid response in providing care and reducing the risk of
onward transmission.

Keywords: Boosted regression trees, Lassa fever, LASV, Mastomys natalensis, Species distribution models, Viral haemorrhagic fever

Introduction
In 1969, a previously undescribed disease with haemorrhagic
symptoms was reported in two missionary nurses in the town
of Lassa, Nigeria.1 The virus was subsequently identified as a
novel member of the Arenaviridae family and named Lassa virus
(Lassa mammarenavirus). Since then, this virus, which causes
Lassa fever, has been reported in many West African countries
with notable outbreaks in Guinea, Liberia, Nigeria and Sierra
Leone. Evidence also indicates that the virus may have been pre-
sent in West Africa long before the first detection date in 1969.2

The high seroprevelance for Lassa virus (LASV) specific anti-
bodies in those Guinean (55%), Nigerian (21.3%) and Sierra
Leonean (52%) populations tested indicates that most infections
are mild or asymptomatic and do not require hospitalisation.3–6

This is supported by findings that more than 80% of persons
who developed antibodies did not report a recent febrile illness.3

Overall mortality may be less than 5%, once mild or asymptom-
atic infections in the community are taken into account.3

LASV causes an acute viral haemorrhagic illness in a small frac-
tion of those infected. The incubation period of Lassa fever ranges
from 7–21 days with a wide range of clinical symptoms including
headache, myalgia, fever, vascular bleeding and seizures as well
as encephalopathy and oedema of the face and neck.1,7–9

Human-to-human transmission is possible through direct contact
with infected blood or bodily fluid, although chains of transmis-
sion are often limited,10–13 especially if simple barrier nursing
methods are implemented.14–17 A graphical representation of
the epidemiology of Lassa virus transmission is presented in
Figure 1.

The low capacity for transmission between humans suggests a
reservoir host is responsible for maintaining viral circulation in the
environment. While LASV has been isolated from a number of
rodent species, the majority of evidence implicates the Natal

# The Author 2015. Published by Oxford University Press on behalf of Royal Society of Tropical Medicine and Hygiene.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/
4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
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multimammate mouse, Mastomys natalensis, as the primary res-
ervoir species.3,18,19 Seroprevalence has been reported to be as
high as 60–80% in M. natalensis populations.3,6 Human infection
can result from exposure to rodent excreta, hypothesised to be
aerosolised, or through hunting/butchering of infected rodents
for consumption.3,20

Recent studies21 suggest that outbreaks are largely fuelled by
independent zoonotic transmission events from infected rodent
hosts, whilst approximately 20% of cases result from secondary
human-to-human transmission, typically through super-spreader
events in hospital settings. This is in contrast to other blood-borne
haemorrhagic viruses such as Ebola virus, for which human trans-
mission chains are relatively long and fuel the majority of the
outbreak.22

Lassa fever represents an importation risk across Africa and
beyond,23 with a number of international cases reported.13,24–28

The ability of LASV to not only cause local outbreaks but also
spread internationally provides a strong rationale for providing
high-resolution mapping of Lassa fever risk across West Africa to
aid differential diagnosis of viral haemorrhagic fevers.23,29 This
paper aims to identify populations living in areas of environmental
suitability for zoonotic transmission of LASV. We improve upon
previous modelling efforts30 by including more recent outbreak
data, animal infection records, and more refined environmental
covariates.31 We also take advantage of recent advances in spe-
cies distribution modelling techniques.32,33 This completes a series
of papers that map the zoonotic niche of key viral haemorrhagic
fevers, namely Ebola virus disease,34,35 Marburg virus disease36

and Crimean-Congo haemorrhagic fever,37 using comparable
data collection and modelling methods. As a whole, this set of
studies improves our understanding of the contemporary geo-
graphical distribution of these endemic and internationally import-
ant viral haemorrhagic fevers.23,38

Materials and methods

Methodological overview

A map defining areas of environmental suitability for zoonotic
transmission of Lassa fever was generated using an ensemble
boosted regression trees (BRT) species distribution modelling
framework. BRT models combine large numbers of regression
trees to model probability of species presence based on the values
of environmental covariates.39,40 These models are trained using
a spatial database of reported occurrences of infections in
humans and animals alongside a set of background (or pseudo-
absence) points representing environmental conditions in areas
where cases are not reported. Areas that are environmentally
similar to locations where zoonotic transmission of Lassa virus
has been reported are thus identified. This approach requires a
variety of information including: 1. reported index cases of Lassa
fever; 2. Lassa virus detection in other mammalian hosts; 3. back-
ground (or pseudo-absence) information to represent locations
where Lassa fever is likely absent; and 4. gridded surfaces of envir-
onmental covariates thought to influence Lassa fever distribution
across Africa.

Reported infections in humans and animal hosts

We supplemented existing Lassa fever datasets30 by searching for
the terms ‘Lassa’ on the literature search engines Web of Science,
PubMed and Scopus. In addition, notifications of cases were
obtained from ProMED,41 WHO and Public Health England. After
initial assessment of abstracts for relevance, full text versions of
articles thought likely to contain spatially explicit information on
Lassa virus infection were obtained. When papers referred to arti-
cles with additional information not included in the original
search, we also obtained these articles. In mapping the full extent
of the zoonotic niche of Lassa fever, it is important to differentiate
index cases from secondary cases resulting from human-to-
human transmission. These two transmission routes should be
considered as spatially distinct, with zoonotic transmission likely
driven by environmental factors and secondary transmission by
human behaviours and contact patterns. We therefore excluded
records of infection if there was clear evidence that the case
resulted from contact with another infected human (e.g., nosoco-
mial transmission). Similarly, we excluded serosurveys of healthy
individuals (due to the possibility of cross-reactivity with other
viral agents and the uncertainty regarding time and place of infec-
tion) unless this could be linked to a prior fever retrospectively
diagnosed as Lassa fever. If there was no indication of human-
derived infection, the case was assumed to be of zoonotic origin.
ProMED reports that described ’confirmed’ cases were assumed to
have been diagnosed using at least serological techniques.

Sites of infection were geo-positioned via Google Earth following
a variation of existing protocols.35 The location for geo-positioning
was either identified within the article, or assumed to have
occurred within the vicinity of the individual’s home. If the loca-
tion was smaller than 5 km×5 km in area, only the latitude and
longitude for the site were recorded (termed a ‘point’). The
remaining sites were treated as areas or ‘polygons’ and these
were divided into three classes based on size. Areas of up to
10 km at their maximum width were defined by a circle of radius
5 km. Areas between 10 km and 25 km at their maximum width

Figure 1. The epidemiology of Lassa virus transmission in West Africa. ‘M’
represents the suspected Natal multimammate mouse reservoir, Mastomys
natalensis. ‘R’ represents other rodent species in which Lassa virus
antibodies have been isolated including Mastomys erythroleucus, Rattus
rattus and Mus minutoides.3,18,19 ‘H’ represents humans. The question
mark indicates other potential species. Arrows indicate confirmed or
suspected transmission cycles or infection routes. This figure is available
in black and white in print and in color at Transactions online.
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were defined as a circle of radius 12.5 km. The borders of larger
areas were defined using either administrative division boundaries
(as defined by the Global Administrative Units Layer, GAUL)42 or
a bespoke polygon generated using geographic information
system (GIS) software. Areas larger than one decimal degree
squared were excluded. Following existing protocols, an occur-
rence of a case was defined as one or more cases of Lassa
fever, within a specific geographical unit or 5 km×5 km pixel in
a given calendar year.43,44 In total, 104 articles were used to gen-
erate 203 points and 171 polygons. Of these: 62 data points were
from the period 1969–1979; 13 from the period 1980–1989; 47
from the period 1990–1999; 171 from the period 2000–2009;
77 from the period 2010–2014 and 4 data points had no start
or end date of infection.

Reports of infections in multimammate mice (M. natalensis)
were confirmed either by serological or genetically based diagnos-
tics. Geo-positioning was performed using the methodology out-
lined above.

Covariates used in the analysis

A series of 5 km×5 km gridded surfaces of a variety of environ-
mental correlates thought to influence the distribution of Lassa
fever were included as covariates in the model. These included
information on the mean and range values for each pixel for
land surface temperature (LST) (both night and day), enhanced
vegetation indices (EVI), elevation and potential evapotranspir-
ation (PET).45,46 For those surfaces derived from satellite imagery,
gap-filling algorithms were used to correct anomalies caused by
cloud cover.31 The gap-filled data span the years 2000 through

2015 and have a temporal resolution of 8 days. Data used in
the models consist of mean values derived from all possible
data points, resulting in synoptic surfaces that characterise nor-
mal conditions. As satellite data is widely unavailable for the
years prior to 2000, we used summary raster values as indicators
for the general long term environmental conditions. For additional
information on environmental covariates see Weiss et al.47

Also included in the model was an estimated distribution of the
primary reservoir host, the Natal multimammate mouse, M. nata-
lensis. A separate species distribution model was carried out to
capture the potential distribution of this rodent, using the same
modelling procedure as for LASV (detailed below). Data for all
members of the family Muridae were retrieved from the Global
Biodiversity Information Facility (GBIF)48 totalling 2 228 003
records. From this, records of M. natalensis were identified and,
prior to inclusion in the model, went through a quality control pro-
cess whereby existing expert-opinion range maps,49 buffered by
100 km, were used to remove potentially erroneous results. In
total 1031 occurrences were included in the analysis. Following
existing approaches to deal with bias in observation and collection
datasets,50 all other Muridae occurrences were used as back-
ground data, a required component for presence-background
modelling approaches.33 Prior to inclusion in the final model,
this prediction was clipped to within 500 km of the expert-opinion
range map where the host species has been reported.

Species distribution modelling framework

The occurrence datasets, combined with the covariate data out-
lined above, were then analysed using an ensemble boosted

Figure 2. Reported locations of Lassa virus (LASV) infection used to build zoonotic niche maps. Blue circles indicate location mid-points for animal LASV
infection surveys. Red circles indicate location mid-points where human cases of Lassa fever were diagnosed using PCR or viral isolation methods. Green
circles indicate location mid-points where human cases of Lassa fever were diagnosed using serological methods.
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regression trees modelling framework.40 A total of 120 BRT sub-
models were run, with each iteration fitted to separate
bootstrap-resampled datasets. Each resampled dataset had the
same number of records as the full data, sampled randomly
with replacement from the full dataset, subject to the constraint
that at least five occurrence and five background records were
present in each bootstrap. Model fitting was implemented using
the gbm.step procedure in the dismo package in R.51 All tuning
parameters of the algorithm were held at their default values
(cross-validation folds¼ 10, tree complexity¼ 4, learning rate¼
0.005, bag fraction¼ 0.75, step size¼ 10). In each run, the
weighting of background data was adjusted so that the sum of
weights of the background points equalled the weighted sum of
the presence records to improve discrimination capacity of the
model.52 A prediction map based upon the mean value for each
5 km×5 km pixel across the 120 submodels was evaluated, as
well as a 95% confidence interval around this value.

Accuracy of the models was analysed using the area under the
curve (AUC) statistic. For each sub-model AUC was calculated as
the mean of the cross-validated AUC across all 10-folds. The
validation process divides the dataset into 10 groups of approxi-
mately equal presence and background data and assesses the
ability of one subset to predict the remaining 90% of the data.
These statistics were estimated using a pairwise distance
sampling procedure in order to prevent inflation of the accuracy
statistics due to spatial sorting bias.53 The overall mean and
standard deviation of the ensemble AUC was then calculated
from all the submodels.

Modelling Lassa fever distribution

To incorporate spatial uncertainty in the location of outbreaks
associated with polygon occurrence records, for each of the 120
submodels we randomly selected a different single point location
within each occurrence polygon and treated this as the occurrence
location. Since the final predictions were produced by averaging
submodel predictions, this Monte Carlo procedure incorporated
geographic uncertainty for some occurrence records in the
final model.

These occurrence records of Lassa fever were then supplemen-
ted with 10 000 background points that were generated by
randomly sampling across Africa, biased towards areas of higher
population as a proxy for observation bias, under an assumption
that more populous areas will be more likely to detect cases of
Lassa fever should an outbreak occur.34

Previous investigations have indicated that accounting for dif-
ferences in diagnostic accuracy can influence predictive ability32

and therefore several scenarios were considered. Iterations
included altering the weighting between human or animal infec-
tions diagnosed via PCR and serological tests (ratios 1:1, 2:1, 4:1)
as well as an iteration with only PCR diagnosed cases. Finally, a
model was run using only human index cases.

Evidence consensus and post-hoc masking

A variety of factors, not just environmental, influence the actual
distribution of a species,54–56 some of which cannot be considered
in the modelling framework due to a lack of data at the necessary
resolution or an incomplete understanding of what drives the dis-
tribution. The evidence consensus framework provides a means

by which areas modelled as environmentally suitable but do not
have the disease due to, for instance, biogeographic reasons, can
be masked out of the final analysis. The evidence consensus sys-
tem takes information from a variety of sources, considering dif-
ferent aspects of Lassa fever epidemiology to characterise the
consensus on the evidence for Lassa fever presence in a country.

Criteria considered included: 1. endemic status as defined by
three health reporting organisations (WHO, CDC and the Global
Infectious Diseases and Epidemiology Online Network);
2. reported infection in humans archived in peer-reviewed litera-
ture and other data sources, assessed for contemporariness and
diagnostic accuracy; 3. outbreaks of Lassa fever characterised by
size and contemporariness, where cases were absent, the likeli-
hood of missed diagnosis was assessed by considering adjacency
to countries with reported infection and healthcare expenditure
as a proxy for diagnostic capacity and 4. animal infection informa-
tion. A full methodology, including how these information sources
relate, is outlined in detail in the Supplementary information S1. A
threshold for risk was defined at 225 and was applied to Africa to
define areas where Lassa fever presence is likely. This threshold
was selected as it differentiated areas with high certainty of
absence from regions where insufficient information was avail-
able to determine absence.

Population living in areas of environmental suitability
for Lassa virus transmission

A threshold probability for risk was determined by calculating
the probability value that characterises 95% of all occurrences
of Lassa fever (both human and animal data) turning the continu-
ous environmental suitability surface into a binary at-risk,
not-at-risk layer. Population sizes living in these 5 km×5 km
at-risk pixels were calculated from the WorldPop African popula-
tion surface.57,58

Table 1. Reported locations of Lassa virus infection used to build
zoonotic niche maps

Country Rodent data Human data

PCR/viral
isolate

Serology PCR/viral
isolate

Serology

Benin 0 0 0 1
Burkina Faso 0 0 0 1
Cameroon 0 2 0 0
Côte d’Ivoire 0 0 0 1
Ghana 0 0 2 0
Guinea 19 25 8 15
Liberia 0 0 2 69
Mali 8 0 0 1
Nigeria 3 6 49 88
Sierra Leone 12 15 20 27
TOTAL 42 48 81 203
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Results

Reported infections in humans and animals

In total, 374 distinct locations were identified as having animal
infections or likely index cases of human outbreaks of Lassa
fever (Figure 2). Human index cases were reported in nine different
countries, mainly focussed in Liberia, Nigeria and Sierra Leone, but
with some cases reported also in Benin, Burkina Faso, Côte
d’Ivoire, Ghana, Guinea and Mali. Reports of infection in animals
were found in four of these countries (Guinea, Mali, Nigeria and
Sierra Leone) as well as in Cameroon, where no human index

cases have been reported. The majority of human cases were
diagnosed used serological techniques, although PCR diagnosis
was often used in Nigeria and Sierra Leone (Table 1).

Predicted rodent reservoir distribution

The Natal multimammate mouse, M. natalensis, was predicted to
have a very broad distribution across sub-Saharan Africa ranging
from West Africa, across to the horn of Africa, down to Natal prov-
ince in eastern South Africa where it was first collected (Figure 3).
The model identified vegetation indices (both EVI mean and range

Figure 3. Predicted geographical distribution of the Natal multimammate mouse, Mastomys natalensis. The scale reflects the relative suitability of a
given pixel for the presence of the Lassa virus zoonotic host, the Natal multimammate mouse, Mastomys natalensis. Areas closer to 1 (green) are more
likely to harbour the rodent than those closer to 0 (pink). The prediction is clipped to within 500 km of the IUCN expert-opinion range map (solid black
line),49 to remove environmentally suitable areas in which the mouse has never been reported. The black spots represent M. natalensis locations as
reported by GBIF.
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values), potential evapotranspiration, elevation (digital elevations
models) and night time land surface temperature as the main
predictors of environmental suitability for M. natalensis (Table 2).
The AUC values were 0.63+0.01 indicating the model demon-
strated moderate predictive skill.

Predictions for the zoonotic niche of Lassa virus

The evidence consensus layer defined 13 countries as having con-
sensus values ranging from complete consensus on presence to
indeterminate. All countries reporting index cases of Lassa fever
had a consensus score ranging from good to complete (above
60%). Togo had a moderate consensus on presence, while the
remainder (Niger, Senegal, Guinea-Bissau and Cameroon) had
either low consensus or indeterminate status (Figure 4).

All model variants produced broadly consistent predictions
across West Africa (see Supplementary information S2). Given
these similarities, the equal weighting of occurrences based on
diagnosis model was selected as this required the least assump-
tions and included the maximum amount of data. Large areas of
environmental suitability for the zoonotic transmission of Lassa
fever were found in Guinea, Liberia, Sierra Leone, Côte d’Ivoire
and Nigeria, with smaller regions predicted in Benin, Burkina Faso,
Togo, Mali, Senegal, Guinea-Bissau, Niger, Ghana and Cameroon
(Figure 4).

The model identified vegetation, night-time land surface tem-
perature, environmental suitability for the host species, elevation
and potential evapotranspiration as the main predictors of suit-
ability for zoonotic transmission of LASV (Table 2). The AUC
value was 0.79+0.02 indicating the model demonstrated good
predictive skill. Environmental covariate partial dependency
plots are provided in the Supplementary information S3.

The full prediction surface without the evidence consensus
mask is presented in the Supplementary information S2, where
uncertainty maps for this prediction surface are also shown.

Population at risk of zoonotic transmission of Lassa virus

The final threshold probability for risk, which captured 95% of all
Lassa fever occurrences, was calculated to be equal to or greater
than 0.646. In total, approximately 37.7 million individuals in 14
countries live in areas predicted to be environmentally suitable for

the zoonotic transmission of LASV. The majority (97.9%) live in
countries that have already reported index cases of Lassa fever,
with Nigeria accounting for approximately 36% of the total popu-
lation living in at-risk areas. More information is provided in the
Supplementary information S4.

Discussion
These maps present revised estimates of areas environmentally
suitable for the zoonotic transmission of LASV and provide an
important baseline for guiding Lassa fever surveillance and add-
itional epidemiological investigations. Areas of environmental
suitability are defined across a broad area of West Africa, including
countries where no cases have been reported. These maps can
therefore inform our wider understanding of the disease and aid
future differential diagnosis of viral haemorrhagic fevers in areas
where two or more viruses are potentially present.23,38

As with any model-based study, an awareness of data limita-
tions and model assumptions is essential. Although predictive
capability will be hindered by limited datasets where the true
site of zoonotic transmission is unlikely to be reported, our study
attempts to be as comprehensive as possible in including all
known reports of zoonotic infections, as well as considering uncer-
tainty in the location of initial infection. Because our models are
only able to assess areas that are environmentally suitable for
LASV, more research on how humans and animal reservoirs inter-
act, as well as how the disease is transmitted within these popu-
lations, is needed to understand and translate this into true
outbreak risk. Even with these limitations, we hope that our results
will act as a springboard for further research to better understand
the epidemiology of LASV and characterise the risk of this import-
ant VHF.

It is important to recognise that the outputs of this study are
modelled estimates and are heavily influenced by the data used.
Precisely geo-positioning the true site of infection is difficult to
achieve. There is often an assumption that infection occurs in
the locality of the patient’s home address. Even when a patient’s
place of residence is documented, it may not represent the loca-
tion where infection took place. Given the resolution of our
zoonotic niche maps (5 km×5 km), point locations cover a rela-
tively broad area, which is likely to include the true infection

Table 2. Summary statistics for model outputs. Relative contributions for each of the top five predictors are reported as a percentage

Statistic Model 1: Mastomys natalensis distribution Model 2: LASV zoonotic niche

AUC+standard deviation 0.63+0.01 0.79+0.02
1st predictor Mean EVI: 24.5% Mean EVI: 26.5%
2nd predictor Mean PET: 19.7% Night-time mean LST: 19.2%
3rd predictor Elevation (DEM): 16.3% M. natalensis distribution: 13.6%
4th predictor Night-time mean LST: 14.8% Elevation (DEM): 11.7%
5th predictor EVI range: 10.5% Mean PET: 10.6%

AUC: area under the curve; DEM: digital elevations models; EVI: enhanced vegetation index; LASV: Lassa virus; LST: land surface temperature;
PET: potential evapotranspiration.
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site. For more uncertain locations, larger areas were defined to
include the supposed site of infection and the model was adjusted
accordingly.

In addition, the need for reliable information on the location of
infection excluded hospital cases that did not document home
location, because hospitals often serve a much broader area,

Figure 4. Maps of the: (A) definitive extents as determined by evidence consensus; (B) recorded occurrence and generated background pseudo-absence
points used in the BRT procedure and (C) predicted geographical distribution of the zoonotic niche for Lassa virus. Panel A shows the consensus on Lassa
fever presence, ranging from dark green (complete consensus on absence) to purple (complete consensus on presence). Countries in yellow are those
where evidence was inconclusive or contradictory for Lassa fever presence. Panel B shows the location of data points that went into the model. Panel C
shows the environmental suitability for zoonotic transmission of Lassa virus. Areas closer to 1 (red) are more suitable than those closer to 0 (blue).
Countries with borders outlined by a solid line are those where cases of LASV have previously been reported. Countries with borders outlined by a
dash line have not previously reported LASV cases. The area under the curve statistic, calculated under a stringent cross-validation procedure is
0.79+0.02.
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particularly referral hospitals. Serosurveys of healthy individuals
were also excluded, since seropositivity could reflect prior infec-
tion in a range of places and times. With rodent data, however,
given their relatively limited dispersal ability,59 the assumption
of infection occurring near trapping sites was valid.

Diagnostic accuracy was a potentially important consider-
ation. We accounted for this factor by including a variety of
weighting schema, as well as excluding potentially less reliable
serological assays. This was also important given the spatial
bias in the availability of specific diagnostic tests and, therefore,
in the ability to accurately detect cases of Lassa fever. This spatial
bias was reflected in the high proportion of cases seen in Nigeria
and Sierra Leone where dedicated surveillance activity and
research programmes exist.60,61 Using alternative diagnostic
method weighting schemas to test model predictiveness, how-
ever, showed that this factor had little impact on the output
maps and the validation and summary statistics.

These maps identify regions of environmental suitability for
zoonotic transmission of LASV by defining a set of environmental
conditions that best characterise the locations of known infec-
tions. Our model indicated mean EVI, night-time mean LST,
M. natalensis suitability, elevation and PET as key predictors for
environmental suitability. While inference of causal relationships
cannot be directly evaluated using this approach, all these para-
meters have plausible influence on the transmission cycle of LASV
and likely influence the rodent host population dynamics as well
as the nature and frequency of human-rodent interactions.
Indeed, other rodent-borne viruses, viral dynamics and corre-
sponding disease risk have been shown to be strongly influenced
by the environment.62 Further investigations must be undertaken
to determine the precise nature of any causal relationship.

It is important to note, however, that while the environment
has an important impact on influencing viral distribution, other
factors will also impact upon its distribution.54,63 One means by
which we accounted for this was by utilising the evidence consen-
sus layer to assess the contemporary endemic status of a country
from a variety of different sources. As a consequence, while large
areas of sub-Saharan Africa are environmentally suitable for viral
transmission, there is a consensus from other evidence,64 that the
virus is not present. On the other hand, a number of countries
(Guinea-Bissau, Senegal, Togo, Niger and Cameroon) are more
likely to be underreporting cases due to their proximity to other
endemic countries and their low healthcare expenditure. Whilst
an imperfect process, the use of evidence consensus to define
areas of likely under-reporting as opposed to regions of true
absence is an important first step. Indeed, as Benin has recently
proven, it is possible for outbreaks to occur in areas of previously
reported absence.65,66

The results of this study act as a useful guide to help refine
where potential at-risk populations exist and pinpoint where
new surveys and surveillance initiatives would be most beneficial,
particularly at the edges of the predicted geographical distribution
of LASV (such as Cameroon and Senegal) and in countries where
at-risk populations are predicted but have yet to report any cases
of LASV (such as Togo). For more information regarding the pre-
dicted distribution of at-risk populations, see Supplementary
information S4.

Areas suitable for disease transmission may, for other reasons,
not result in cases. In addition, regions with similar environments
may report very different caseloads. Therefore, translating these

environmental suitability layers into actual incidence and pre-
valence estimates requires more detailed epidemiological infor-
mation regarding the interactions between virus, host and
human, and how the three relate across different spatial scales.
The maps presented here act as a baseline for further refinement
when additional spatial information becomes available.67

Evidence is most needed in areas where the host is found but
cases have not been reported. For instance, while the primary res-
ervoir host is found across Africa, the virus itself appears to be
restricted to West Africa. Could this be related to the seemingly
poor dispersal ability of the host, or are there biogeographic
barriers preventing mixing of the populations? For example, with
bat-borne viruses, the likelihood of infection in bat colonies on
the fringes of their distribution is greater than found here for
LASV in mice, likely due to the superior dispersal ability of
bats.68,69 Understanding the viral dynamics within the reservoir
host, and how reservoir populations spread the virus between
themselves, may provide the critical step in understanding true
risk. It is also unknown whether all human populations are equally
susceptible to infection. Anthropological studies suggest that dif-
ferent groups behave very differently with regards to mammal
species and subtle variations in housing conditions, social rela-
tions and agricultural practices could have large impacts on
how humans and disease reservoirs interact.70

Conclusions

The output maps provide an important resource for refining our
understanding of the distribution of Lassa fever. Baseline esti-
mates such as these are necessary, not only to aid in selecting
locations for initial surveys in areas beyond those that currently
report cases and directing both human and animal surveillance
activities, but also to inform a wider community of public health
officials about the potential risk of Lassa fever. Given the potential
for nosocomial transmission of this disease,10,11,71 and especially
given the potential for misdiagnosis as other febrile illnesses,72,73

incorporating Lassa fever in a differential diagnosis is critical for
timely prevention measures to be put in place. In an increasingly
connected world, these maps not only inform local risk, but can
assist in detection of potential imported cases when a travel his-
tory is available. As the recent Ebola virus disease outbreak in West
Africa has shown, recognising this risk can be a vital first step in
preventing further transmission of this important viral haemor-
rhagic fever.

Supplementary data
Supplementary data are available at Transactions online
(http://trstmh.oxfordjournals.org/).
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Chapter 8 

Translating maps into policy. 

 

This synoptic chapter draws upon Chapters 4, 5, 6 and 7 to consider the risk that contagious 

viral haemorrhagic fevers pose to the African continent. Three key phases in a VHF outbreak 

are identified and their risk is quantified; first the potential for spillover transmission from 

animal and other reservoir hosts to human populations, secondly the risk of this index case 

infecting additional humans in a particular location and thirdly the risk of this local outbreak 

becoming more widespread as people travel around neighbouring regions. This chapter analyses 

the differences in risk for each of these stages across the continent, for each individual VHF as 

well as a combined measure. The hope is that this approach highlights areas to be prioritised 

when future VHF preparedness decisions are made. This chapter is presented as a paper ready 

for submission.  
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Abstract 

 

The West African outbreak of Ebola virus disease represents the largest and most widespread 

viral haemorrhagic fever outbreak recorded. As the numbers of new cases continues to fall, 

future attention must focus on how to prevent other such outbreaks from reaching the same 

scale. This paper considers the risk four contagious viral haemorrhagic diseases (Ebola virus 

disease, Marburg virus disease, Lassa fever and Crimean-Congo haemorrhagic fever) pose to 

the African continent. Three important stages in a potential outbreak are identified: the initial 

viral transmission event from animal and other host species to the index human, the subsequent 

human-to-human transmission occurring at the initial focus of the outbreak and the final more 

widespread dissemination of the virus to other neighbouring communities. To quantify the 

relative risk of each of these stages, we evaluate a variety of different data sources for each 

nation, using methodology outlined by the Information for Risk Management platform. Data 

layers incorporating predicted zoonotic niche maps, population surfaces, healthcare facilities 

and healthcare-seeking behaviour as well as metrics of movement capabilities are integrated 

into the assessment. The analysis demonstrates the heterogeneities in risk that occur across the 

continent. West African countries, particularly Nigeria, Guinea and Côte d’Ivoire, are identified 

as the riskiest areas for widespread outbreaks of these diseases occurring. These maps provide 

important details to help inform future discussion on how best to combat such infectious disease 

outbreaks and prioritise areas for improved surveillance, diagnostic and infrastructural 

developments. 

  



Introduction 

 

The outbreak of Ebola virus disease (EVD) in West Africa is unprecedented in terms of the 

number of people infected and the extent to which it has spread both in Africa and across the 

globe (Heymann et al., 2015; Mylne et al., 2014). As of June 2015, over 27000 suspected, 

confirmed or probable cases have been identified (CDC, 2015), approximately 60 times more 

than reported in any one previous outbreak and ten times more than all previous outbreaks 

combined (Mylne et al., 2014). Not only has large personnel and financial support been 

leveraged to assist in the control effort, but also a number of near real-time modelling 

approaches have been used to aid in answering the key questions related to epidemiology of the 

outbreak (WHO Ebola response team, 2014), where human movement may cause the disease to 

spread (Kraemer and Golding, 2015) and the genetic heritage of these infections (Dudas and 

Rambaut, 2014; Gire et al., 2014). As we head towards a local elimination endgame, focus 

must now be drawn to improving our understanding of EVD and where future outbreaks are 

most likely to take place.  

 

The West African outbreak shows just how devastating a viral haemorrhagic fever outbreak can 

be. It is therefore important to recognise that several other diseases, including Marburg virus 

disease, Lassa fever and Crimean-Congo haemorrhagic fever follow similar transmission 

patterns (Bannister, 2010) and have proven capable of secondary human-to-human transmission 

both locally (Altaf et al., 1998; Towner et al., 2006; Troup et al., 1970) and internationally 

(Amorosa et al., 2010; Atkinson et al., 2012; Timen et al., 2009). 

 

The risk associated with any zoonotic outbreak can be considered in three key stages (Figure 1). 

The first considers the risk of virus in reservoir hosts transmitting to human populations. 

Marburg virus and Ebola virus are thought to have bat reservoir species (Olival and Hayman, 

2014), with both viruses experimentally shown to cause asymptomatic infection (Gonzalez et 



al., 2007), and viral RNA and (for Marburg) DNA have been isolated from individual bats 

(Leroy et al., 2005; Towner et al., 2009). Previous outbreaks have also implicated local bat 

populations as the source of infection (Leroy et al., 2009). Similarly, there is a large body of 

evidence supporting the Natal multimammate mouse, Mastomys natalensis, as the reservoir host 

for Lassa mammarenavirus with most infections thought to occur within the household 

(McCormick et al., 1987). In contrast, CCHFV is vectored by a variety of tick species, with 

occasional transmission to other animals, particularly livestock. Infection results from tick bites 

or contact with contagious particles in the bodily fluid of infected animals (Ergonul, 2006).  

 

The next stage is risk of transmission from this index case to other humans within the local 

community or in healthcare settings (Ajayi et al., 2013). Historic EVD and MVD infections 

have seen large number of cases in the first weeks following outbreaks focus around the home 

of the index individual or where he sought care, either in formal hospital settings or with 

traditional healers (Hewlett et al., 2005; Mylne et al., 2014). Whilst the spillover stage is often 

influenced by climatic factors (Lash et al., 2008; Pigott et al., 2014; Pigott et al., 2015), aspects 

of viral dynamics in animal populations (Amman et al., 2012) and how humans interact with 

reservoir hosts (Woldehanna and Zimicki, 2015), the likelihood of a larger local outbreak is 

influenced by a variety of human behaviours ranging from healthcare-seeking behaviour to 

existing infrastructure in place to support individuals presenting with undiagnosed febrile 

illnesses (Baron et al., 1983; Boumandouki et al., 2005). The West African outbreak, as with 

many other VHFs before (Towner et al., 2006), has been fuelled entirely by human-to-human 

transmission (Gire et al., 2014). 

 

The final stage, a more widespread outbreak with cases and chains of transmission occurring in 

a variety of locations, will be driven by the accessibility of the focus of the epidemic to 

surrounding areas. Travel, either by land or by air, has been responsible for much of the 

widespread infections we have seen both in the neighbouring districts areas (Francesconi et al., 

2003), as well as internationally (Bogoch et al., 2014). During the current outbreak all districts 



in Liberia and Sierra Leone, as well as many in Guinea, have reported cases, driven mainly by 

overground movement. In addition, the outbreak has caused cases in six further countries across 

the globe, often related to individuals travelling by air and causing limited local outbreaks. 

 

This analysis sets out to quantify the relative risk of these outbreak transition stages across 

Africa by utilising a variety of different information sources. By leveraging these diverse 

metrics related to risk, integrated within a risk management platform (de Groeve et al., 2015), 

we can attempt to define countries in Africa where VHF outbreaks are of greatest concern. The 

resulting layers can therefore by used to aid in discussion of future preparedness strategies for 

not only Ebola virus disease but other similarly contagious pathogens. 

   



Methods 

 

Methodological summary 

 

Using a pre-existing risk assessment framework, we aim to identify regions in Africa at risk 

from VHFs. The progression from an index case to a widespread outbreak can be characterised 

into three stages (see Figure 1). Here we use information from a variety of sources to determine 

a relative ranking of different African countries for each stage of risk for each of the four VHFs 

identified, as well as a combined measure. 

 

The INFORM framework 

 

INFORM (Information for Risk Management) is a Joint Research Centre of the European 

Commission (JRC) tool developed to assist in disaster management (de Groeve et al., 2015). 

Importantly, this approach represents the only quantitative assessment of risk that is 

comprehensive across the entire globe. Whilst other methods, such as expert opinion 

questionnaires, can be used to evaluate risk, the open nature of the INFORM database, as well 

as the wide variety of indicators that it tracks, make the system incredibly powerful. 

Conceptually, the model considers three dimensions of risk: hazard and exposure, vulnerability, 

and lack of coping capacity. These three categories therefore consider not only the risk of the 

disaster occurring in the first instance, but also aspects of the population that will ultimately 

determine how significant an impact any given disaster will cause. In response to the recent 

Ebola outbreak in West Africa, the Department for International Development (DFID) worked 

with the JRC to adapt their existing framework to assess the risk of the current outbreak 

spreading elsewhere. This paper builds upon that work, extending these concepts of risk to 

potential outbreaks of contagious VHFs in Africa. 

 



Assessing risk of spillover infection 

 

Previous publications have already described areas of potential zoonotic transmission of 

contagious viral haemorrhagic fevers across the African continent, specifically Ebola virus 

disease (Pigott et al., 2014), Marburg virus disease (Pigott et al., 2015), Lassa fever (Mylne et 

al., 2015) and Crimean-Congo haemorrhagic fever (Messina et al., 2015). Each surface consists 

of 5km x 5km pixel surfaces with values ranging from 0 to 1, where values closer to 1 indicate 

more environmentally similar locations to those where previous cases have occurred. Each layer 

was converted into a binary at-risk/not-at-risk surface by deriving a threshold probability for 

each individual condition which captured 95% of the occurrence data. Each was then converted 

into a population at risk surface by using gridded global population layers generated from 

WorldPop 2015 (WorldPop., 2015). In the absence of precise human-reservoir interaction data, 

it is assumed that all areas of predicted environmental suitability are equally likely to see 

spillover infections and that the likelihood of this spillover occurring is a function of total 

population size living in these areas. 

 

For each disease, populations at risk were aggregated to the national level and then log10 

transformed. As per INFORM protocol, the 2.5% and 97.5% quantiles were calculated and any 

national populations that lay beyond these values were reassigned the quantile values. These 

adjusted values were then rescaled from ten (assigned to the maximum value) to zero (assigned 

to the minimum value). The relative ranking of the combined risk the four VHFs represent is 

therefore a function of the risk of a spillover outbreak for any of the four viruses occurring in 

this country. 

 

Assessing local outbreak risk 

 

A number of indicators were used in this process in order to evaluate the ability of a country to 

respond to any given case of VHF. Timely intervention and isolation of the index case is critical 



for minimising subsequent human-to-human transmission (Heymann et al., 2015). Therefore the 

indicators included in the vulnerability and lack of coping capacity components  assess a variety 

of different key aspects including: institutional effectiveness (evaluated using measures of 

government effectiveness, Corruption Perception Index and the Hyogo Framework for Action), 

communication (measuring adult literacy rates, access to electricity, internet usage and mobile 

phone subscriptions), sanitation (measured by percentage access to improved water sources and 

sanitation), remoteness (considered through road density and percentage rural population) and 

access to health care (evaluated by healthcare expenditure metrics, measles immunisation 

coverage, density of physicians, treatment seeking behaviour and distance to health facilities). 

These indicators are considered as proxies for the ability of a national health team to identify 

and respond to a VHF outbreak in a timely and effective manner. 

 

The relative ranking combined the risk of an initial spillover infection with these national 

assessments of response effectiveness. The two layers were combined to produce final national 

level local outbreak risk assessments by taking the geometric mean of the two components with 

equal weighting, using the following equation, derived from the INFORM system: 

 

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

= 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
1
2 ∗ 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 𝑎𝑎𝑎𝑎𝑎𝑎 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑜𝑜𝑜𝑜 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶

1
2 

 

Assessing risk of disease spread to neighbouring districts 

 

The relative risk of an outbreak, once established at a community level, subsequently spreading 

elsewhere can be evaluated by considering the time taken to travel across the district. It is 

hypothesised therefore that districts that are easier to travel across will be more likely to seed 

infections in other districts. An African surface of travel time per pixel was generated [Tatem et 

al. pers. comms.] and national average travel time was calculated by taking the mean pixel 



value. This measure is independent of country size as the value references the 5km x 5km pixel 

gridded surface. The final relative risk of subsequent transmission resulting from a local 

outbreak was calculated as follows, derived from the INFORM system: 

 

𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑜𝑜𝑜𝑜 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜
1
2 ∗ 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

1
2 

  



Results 

 

Overlapping zoonotic niches of VHFs and risk of index cases 

 

Overlaying the predicted zoonotic niches of the four VHFs identifies a number of areas where 

several of these viruses could co-occur (Figure 2). Areas with two or more VHFs present are 

found in Equatorial Africa, primarily Gabon, the Democratic Republic of Congo (DRC), 

Cameroon and Uganda, as well as several countries in West Africa, most notably around 

Guinea, Liberia and Sierra Leone. The highest overlap is associated with Marburg virus and 

Ebola virus, with areas predicted to be at risk of Lassa fever in West Africa, often also at risk of 

filoviral spillover. CCHF is typically found on the periphery of the other predicted zoonotic 

niches, but does co-occur with other VHFs in the Horn of Africa and other areas of East Arica. 

No region is predicted to have all four viruses present. 

 

Introducing population surfaces in relation to these niches allows us to understand the true 

nature of spillover risk in these areas. Whilst large regions of Equatorial Africa are predicted to 

be areas where the zoonotic niche is present, they are primarily found in locations with 

relatively low population numbers. In contrast, we see that Nigeria, in spite of comparatively 

small regions of risk from each of the diseases, is the highest ranked country in terms of 

population living in areas of spillover risk due to the much higher population density within 

these regions (Table 1 and Figure 3). 

 

Local outbreak risk 

 

Figure 4 displays the combined vulnerability and lack of coping capacity as derived from the 

INFORM index, indicating the areas least capable of preventing continued transmission of a 

given VHF are Somalia, Chad and South Sudan. Table 2 identifies the countries with the 



greatest risk of an index case leading to continued human-to-human transmission from VHFs. 

Nigeria, Guinea and Côte d’Ivoire have the highest relative risk of a local outbreak of any VHF 

occurring (Figure 5), with Ethiopia at highest risk from MARV and CCHF, Guinea from LASV 

and the DRC from EBOV. 

 

Widespread outbreak risk 

 

Figure 6 displays average time to travel across a 5km x 5km pixel aggregated to a district level. 

When combined with risk evaluations for local outbreaks, we see that Nigeria, Guinea and Côte 

d’Ivoire remain at the top of the relative ranking, with other, predominantly West African 

nations also in the top ten (Table 3 and Figure 7). Areas in East Africa similarly rank highly due 

to a combination of relative ease of travel and high relative ranking of spillover infections 

occurring in the first place. 

  



Discussion 

 

This paper outlines a broad scale process for understanding the risk that viral haemorrhagic 

fevers pose to the African continent. Using a variety of indicators, from potential zoonotic 

transmission maps, to measures of healthcare infrastructure and travel times across regions, this 

study assesses VHF risk at three key stages: (a) the initial spillover into humans, (b) the 

potential for a local outbreak and (c) the potential for the outbreak to spread to other geographic 

locations. This shows that some areas of Africa, should an index case lead to a local outbreak, 

are inherently more likely to see more widespread infections occurring. 

 

The inclusion of population vulnerability and coping capacity measures demonstrate that for 

some countries, in spite of having fewer people living in areas of risk, their ability to intervene 

and minimise human-to-human transmission is less effective compared to others. Somalia and 

Chad, for instance, do not feature on the top ten relative ranking for CCHF spillover risk, but do 

rank highly on the risk of a local outbreak. On the other hand, South Africa, in spite of having 

the largest population living in areas of spillover risk for CCHF has a more robust healthcare 

system that would likely mitigate some of the risk of further secondary transmission, hence a 

lower ranking for outbreaks. 

 

Similarly, measures of travel time highlight interesting regional differences. Figure 6 clearly 

shows that the Mediterranean coast, West and South Africa are very highly connected, with 

some of the shortest travel times on the continent. Unsurprisingly therefore, West African 

countries, which have some of the highest risk associated with spillover events and local 

outbreaks, rank highly on the more widespread risk rating. This can be contrasted with the DRC 

where we see large areas of the country that are relatively isolated, hence the drop in relative 

ranking from fourth for local outbreak risk to ninth in more widespread outbreak potential. 

Comparing and contrasting the two EVD outbreaks of 2014 suggests that this relative isolation 



could have significant impacts on the resulting population dynamics (Maganga et al., 2014; 

WHO Ebola response team, 2014). 

 

It is important to recognise that the need to remain consistent with information sources used at 

the continental scale resulted in a number of useful metrics not being included. One area of 

future development is refining the spillover risk layers (Plowright et al., 2015). As it stands, the 

layers used are the only global surfaces for this quartet of diseases which have been generated 

using the same methodology. As such they provide a baseline for future refinement and are a 

key component for this continued analysis. However, it should be noted that a variety of 

information, relating to host identities (Ergonul and Whitehouse, 2010), reservoir host viral 

dynamics (Olival and Hayman, 2014) and human-host interactions (Woldehanna and Zimicki, 

2015), remain critical unknowns in the wider epidemiology of these diseases. Including this 

information as refining layers will be crucial for future iterations for these maps and will help 

identify regions in the world where the risk of a zoonotic spillover event occurring is far less. 

For example, the assumption that risk is a function of population living in that region is likely 

more nuanced; understanding the proportion of the population living in, or travelling to, these 

regions and performing risky activities (such as hunting and butchering wildlife) is key (Wolfe 

et al., 2005). 

 

Similarly, the inclusion of more VHF specific measures, such as availability of personal 

protective equipment and isolation units or training in their use, would be important to include 

directly rather than using indirect proxies related to general health infrastructure. In response to 

the West African outbreak, the World Health Organization (WHO) prepared an EVD 

preparedness checklist which was used to evaluate a variety of different resources considered 

necessary for processing EVD patients (WHO, 2015). However, their distribution was limited to 

those countries deemed at risk during the current outbreak. Integrating questionnaires such as 



this across the much wider areas at risk across the continent would allow for a first attempt at 

better understanding VHF-specific coping capacity in a more formal manner. 

 

Finally, increasingly refined estimates of population connectivity and movement patterns are 

being developed and would provide a more accurate picture of risk of subsequent spread. 

Current advances in movement modelling have incorporated a variety of different metrics to 

assess potential spread, including information related to diaspora data and other migration 

patterns (Garcia et al., 2014), mobile phone call data records (Wesolowski et al., 2014), air 

travel patterns (Bogoch et al., 2014) and gravity model and radiation model hybrids (Kraemer 

and Golding, 2015; Simini et al., 2012; Zipf, 1946). A more nuanced approach integrating these 

data sources will enable a much better understanding of how and why populations move, 

invaluable in epidemiological contexts where human networks will likely shape subsequent 

infection patterns (Wesolowski et al., 2012). Also worthy of consideration is the travel patterns 

that result in emergency situations. Analyses after the 2010 Haiti earthquake showed 

predictable patterns in human movement resulted but were similar to those observed during 

Christmas and New Year family celebrations rather than day-to-day travel routines (Lu et al., 

2012). 

 

Irrespective of these limitations, all three core outputs (Figures 3, 5 and 7) contain useful 

information that can provide immediate benefit to national ministries of health, as well as 

international organisations. Figures 2 and 3, outlining the areas thought to be suitable for 

zoonotic transmission, can act as an important guide for identifying regions where surveillance 

for these rare pathogens should be focussed, particularly in already identified reservoir hosts 

(Levinson et al., 2013). Similarly, Figure 5 identifies countries to be prioritised for distributing 

diagnostic equipment, stockpiling necessary equipment and potentially in the future considering 

where to best focus any successful vaccine deployment or other drug therapeutics (Brady, 



2014). Similarly, these layers can help inform discussions related to general healthcare 

infrastructure strengthening (Kieny and Dovlo, 2015). Figures 6 and 7 highlight the importance 

that travel and internal connections can have in future epidemic scenarios, recognising the 

inherent risk of some regions in comparison to other locations. The potential role that human 

population patterns could have in driving more widespread outbreaks of directly transmissible 

diseases should be used to advocate for increased awareness of integrating mobility surfaces 

into future risk scenarios (Bengtsson et al., 2011; Kraemer et al., 2015). 

 

The outbreak in West Africa may represent a perfect storm of unfortunate events (Piot, 2014), 

whose true impact could never have been predicted when the first index case became ill. As we 

try to understand what lessons we can learn from this tragedy, focus must turn to how we 

consider areas at future risk of VHF outbreaks. This paper outlines a method for rationalising 

future strategies to prepare for VHF cases and potential outbreaks. Refining and improving 

upon the data included and the ways of categorising risk from these diseases should be a high 

priority for the international health community, particularly given the benefits that this method 

could provide in informing other directly transmitted infectious diseases prevention approaches. 

  



Figures 

 

Figure 1: Concepts of risk for a viral haemorrhagic fever outbreak. Each arrow represents 

an important step in the disease transmission process. The first indicates viral transmission from 

reservoir hosts (including bats, ticks and rodents) to an index human. Subsequent human-to-

human transmission results in a local outbreak (second arrow) with the potential for more 

widespread transmission occurring in a variety of different geographical locations (third arrow). 

  



 

 

 

Figure 2: Predicted zoonotic niches for viral haemorrhagic fevers and their co-

distribution. The four panels on the left demonstrate the at-risk (in red) / not-at-risk (in blue) 

binary layers derived from the predicted zoonotic niche maps for Ebola virus disease (EBOV), 

Marburg virus disease (MVD), Lassa fever (LASV) and Crimean-Congo haemorrhagic fever 

(CCHF). The right panel shows the overlap of these four maps, with regions with no viral 

haemorrhagic fevers (VHFs) present in blue, one VHF present in pink, two in red and three 

different VHFs in brown. 

  



 

Figure 3: Risk of an initial index case for a VHF arising in an Africa nation. Here relative 

score when population layers and zoonotic niche maps are combined are displayed. Areas in red 

have the highest scores, and are therefore most likely to see index cases of viral haemorrhagic 

fevers. Areas in blue are least likely. 

  



 

Figure 4: Ranking by vulnerability and lack of coping capacity. Derived from the Index for 

Risk Management tool (de Groeve et al., 2015), colour indicates the relative score. Areas in 

dark green have the highest score and represent the most vulnerable countries. Areas of light 

green are most capable of detecting and adequately treating a viral haemorrhagic fever case. 

  



 

Figure 5: Ranking by local outbreak risk for combined VHFs. Here the vulnerability and 

lack of coping capacity index is combined with the risk of an initial index case arising. Areas in 

purple represent the regions with a higher relative score, suggesting these countries are most 

likely to see a local outbreak resulting from a viral haemorrhagic fever index case. Areas in 

dark green are least likely to see this transition. 

  



 

Figure 6 Ranking of districts in Africa based upon average time to cross 5km x 5km pixel. 

Africa is divided up into districts and the average time to travel across a pixel is calculated. 

Regions in red have the shortest travel time, whilst districts in blue indicate much longer travel 

times in order to cross the same 5km x 5km pixel. 

  



Figure 7 Ranking by widespread outbreak risk for combined VHF. This maps shows the 

relative score after national mean travel time across a 5km x 5km pixel was combined with risk 

of local outbreak of a viral haemorrhagic fever occurring. Countries in red have the highest 

relative scores, suggesting countries more likely to see widespread outbreaks in multiple 

geographic locations resulting, whilst areas in blue are unlikely to see such outbreaks. 



Tables 

 

Table 1. Top ten ranking of African countries by combined VHF spillover risk. Countries 

in red have seen index cases; countries in blue have reported seropositive humans or reported 

infection in animals. Numbers in parentheses represent relative score. 

EBOV Ranking MARV Ranking LASV ranking CCHF Ranking Combined 

Ranking 

DRC (10) DRC (10) Nigeria (10) Ethiopia (10) Nigeria (9.33) 

Nigeria (8.82) Uganda (9.97) Côte d’Ivoire 

(9.41) 

South Africa 

(10) 

Ghana (7.73) 

Côte d’Ivoire 

(8.65) 

Ethiopia (9.43) Guinea (7.72) Nigeria (9.97) Côte d’Ivoire 

(7.70) 

Guinea (8.50) Kenya (9.38) Ghana (7.41) Kenya (9.72) Cameroon 

(7.67) 

Cameroon 

(8.42) 

Cameroon 

(8.78) 

Sierra Leone 

(8.52) 

Niger (9.69) Guinea (7.50) 

Uganda (8.35) Nigeria (8.54) Liberia (8.31) Sudan (9.64) DRC (6.96) 

CAR (7.75) Tanzania (8.04) Benin (6.91) Tanzania (8.97) Uganda (6.17) 

Liberia (7.10) Rwanda (7.86) Cameroon 

(5.58) 

Egypt (8.84) Ethiopia (6.10) 

Sierra Leone 

(6.83) 

Angola (7.86) Togo (5.57) Senegal (8.74) Togo (5.99) 

Ghana (6.52) Guinea (7.72) Mali (5.46) Madagascar 

(8.63) 

Liberia (5.77) 

 

  



Table 2. Top ten ranking of African countries by local outbreak risk. Numbers in 

parentheses represent relative score. 

EBOV Ranking MARV Ranking LASV ranking CCHF Ranking Combined 

Ranking 

DRC (8.19) Ethiopia (8.35) Guinea (8.32) Ethiopia (8.60) Nigeria (7.97) 

Guinea (8.09) DRC (8.19) Nigeria (8.25) Somalia (8.50) Guinea (7.60) 

CAR (7.77) Guinea (7.71) Côte d’Ivoire 

(7.64) 

Niger (8.47) Côte d’Ivoire 

(6.91) 

Nigeria (7.75) CAR (7.66) Sierra Leone 

(7.61) 

Chad (8.26) DRC (6.83) 

Côte d’Ivoire 

(7.32) 

Nigeria (7.62) Liberia (7.29) Nigeria (8.23) Cameroon 

(6.73) 

Cameroon 

(7.04) 

Uganda (7.47) Benin (6.90) Sudan (8.21) Ethiopia (6.72) 

Uganda (6.84) Tanzania (7.39) Ghana (6.71) Madagascar 

(8.04) 

Togo (6.61) 

Sierra Leone 

(6.81) 

Madagascar 

(7.27) 

Togo (6.38) Mali (7.93) Ghana (6.34) 

Liberia (6.74) Cameroon 

(7.20) 

Mali (6.32) Tanzania (7.81) South Sudan 

(6.13) 

South Sudan 

(6.56) 

Kenya (7.18) Cameroon 

(5.74) 

South Sudan 

(7.53) 

Tanzania (6.12) 

 

  



Table 3. Top ten ranking of African countries by widespread outbreak risk. Numbers in 

parentheses represent relative score. 

EBOV Ranking MARV Ranking LASV ranking CCHF Ranking Combined 

Ranking 

Nigeria (7.86) Guinea (8.67) Nigeria (8.11) Nigeria (8.10) Nigeria (8.82) 

Guinea (7.84) Nigeria (8.63) Guinea (7.95) Ethiopia (7.60) Guinea (8.61) 

DRC (7.48) Uganda (8.18) Côte d’Ivoire 

(7.27) 

DRC (7.03) Côte d’Ivoire 

(8.08) 

Côte d’Ivoire 

(7.11) 

Rwanda (7.99) Sierra Leone 

(6.75) 

Tanzania (6.91) Ghana (7.77) 

Cameroon 

(6.89) 

DRC (7.97) Liberia (6.66) Togo (6.90) Togo (7.75) 

CAR (6.65) Ethiopia (7.91) Togo (6.49) Guinea (6.79) Sierra Leone 

(7.72) 

Togo (6.47) Cameroon 

(7.90) 

Cameroon 

(6.21) 

South Sudan 

(6.79) 

Cameroon 

(7.63) 

Liberia (6.40) Sierra Leone 

(7.84) 

Benin (5.77) Cameroon 

(6.78) 

Liberia (7.46) 

Sierra Leone 

(6.38) 

Madagascar 

(7.75) 

Mali (5.66) Côte d’Ivoire 

(6.66) 

DRC (7.28) 

Ethiopia (6.34) Ghana (7.69) Guinea-Bissau 

(4.08) 

Madagscar 

(6.66) 

Uganda (7.26) 
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Chapter 9 

Discussion 

 

This thesis has identified the next key targets for infectious disease cartography, demonstrated 

the use of species distribution models in evaluating the global distribution of a number of 

important zoonotic diseases and suggested ways these maps can provide evidence for making 

health policy decisions at both local and global scales.  

 

These maps provide a useful starting point for framing future surveillance, intervention and 

policy decisions. In this discussion I will detail how these maps can be used in their current 

state and what further information is required to improve these outputs, both in terms of 

accuracy of risk and in what additional information they can provide. I will then outline how 

these maps can act as a framework for considering a wider array of zoonotic diseases and how 

such outputs can inform a number of epidemiological questions. 

 

9.1. Chapter summary 

 

The first research chapter of this thesis provided a methodology for considering next targets in 

infectious disease cartography. Unlike previous methodologies for identifying priority disease 

targets which incorporate many rounds of expert opinion and consultations within a 

questionnaire schema (such as Delphi surveys (Gilsdorf and Krause, 2011; Havelaar et al., 

2010; Krause and Prioritisation Working Group, 2008)), this approach fully utilises 

quantitative metrics. The integration of Global Burden of Disease estimates (GBD 2013 Disease 



and Injury Incidence and Prevalence Collaborators, 2015; GBD 2013 Mortality and Causes of 

Death Collaborators, 2015), h-indices (McIntyre et al., 2011), status as a nationally notifiable 

disease and inclusion in non-governmental organisation’s mission statements allows for 

complete transparency and for regular updating. This allows for prioritisation of those diseases 

where maps could have the biggest impact and benefit public health policy the most. 

 

Employing more complex modelling approaches often requires data that are simply not 

available at a global level. Streamlined household surveys that allow for detailed studies at the 

population level remain constrained to those diseases that are comparatively well funded (such 

as malaria (Pigott et al., 2012)) or have well-established and organised drug delivery and 

surveillance programmes in place (such as those neglected tropical diseases where mass-drug 

administration is possible, including lymphatic filariasis, schistosomiasis and soil-transmitted 

helminths (Global Atlas of Helminth Infections, 2014)). However, for the vast majority of 

conditions such data sources are not available. Indeed, of the 45 conditions listed in the top 15 

clusters to be prioritised, only 24% have sufficient data to allow for model-based geostatistical 

approaches (Hay et al., 2013a; Pigott et al., 2015b). Chapters 3, 4, 5, 6 and 7 demonstrate how 

SDMs can use occurrence records, such as the locations of reported cases, rather than 

population level survey information, to provide estimates of the global distribution of these 

diseases. Similarly by comparing leishmaniasis with the viral haemorrhagic fevers we can see 

just how adaptable this modelling framework is and assess its capability for analysing complex 

multi-vectored disease systems as well as those that involve mammalian reservoir species. 

 

The final research chapter, which ties the distribution maps of the VHFs to indicators of 

sustained human outbreak risk, demonstrates one of the ways that these outputs can be used to 

assess future policy options. Accurately predicting the precise location of spillover human 

infections will always be challenging. By considering risk at three different stages of a viral 



haemorrhagic fever outbreak (potential risk of an index case, potential spread amongst humans 

locally and potential wider spread to neighbouring regions) we can begin to understand where 

such spillover events may cause the biggest threat and respond accordingly, helping to 

strengthen weaker health systems or identify areas where better surveillance is needed. 

 

9.2. Increasing the utility of the prioritisation framework 

 

The reliance on quantitative measures is critical to the utility of the prioritisation framework and 

makes it distinct from previous analyses. Crucially, this quantification allows for more rapid 

revisions and flexibility to adapt the system than more traditional prioritisation processes reliant 

on questionnaires assessing aspects such as disease severity and potential economic impact on a 

five point scale. In addition, the transparency that such an approach allows starkly contrasts 

with those rankings devised behind closed doors. Obviously, the capacity for expanding this 

approach is dependent on the availability of globally consistent quantitative information. The 

Global Burden of Disease (GBD) is one such study whose objectives align with this need 

(Murray et al., 2012; Murray and Lopez, 2013). Additional factors, such as socioeconomic 

impacts and costs of care associated with these diseases, could be added into future iterations of 

this analysis with relative ease as and when this information becomes available.  

 

The set of disease clusters defined in Chapter 2 was focussed on mapping but the same 

approach could equally be applied to other ways of grouping diseases. For example diseases 

could be clustered according to shared interventions or drug delivery mechanisms to evaluate 

the likely impacts of different intervention policies. Similarly, the approach could easily be 

adapted by other users. The availability of sub-national (Murray et al., 2013; Yang et al., 2013) 

and national disability adjusted life year estimates (GBD 2013 Disease and Injury Incidence 



and Prevalence Collaborators, 2015; GBD 2013 Mortality and Causes of Death Collaborators, 

2015) could allow for smaller scale analyses of mapping priorities. In addition, other public 

health questions could be addressed using this tool enabling comparisons between DALY 

burden and national healthcare expenditure. I have already generated a more focussed 

prioritisation for mosquito-borne diseases (Smith, 2014), which provides further refinement to 

the original mosquito-borne viruses cluster (see Table 9.1). Other alternative analyses that 

would be of interest include comparing the cost-effectiveness of treatments with the DALYs of 

the conditions they affect to identify those diseases where the most significant impact could be 

implemented from further drug or vaccine development.  

Ranking Mosquito-borne disease 

1 Malaria 

2 Filariasis 

3 Dengue 

4 Japanese Encephalitis 

5 Chikungunya, Rift Valley fever, Sindbis, Venezuelan equine encephalitis, West Nile 

fever 

6 California serogroup viruses, Murray Valley encephalitis, St. Louis encephalitis, 

Rocio, Western equine encephalitis 

7 Ross River virus 

8 Barmah Forest disease 

9 Yellow fever 

10 Eastern equine encephalitis 

11 Karelian fever, O’nyong nyong, Ockelbo, Oropouche, Pogosta, Wesselsbron, Zika 

fever 

12 Bunyaviridae infections (misc.) 

13 Illheus and Bussuquara 

14 Coltiviruses, Mayaro, Spondweni 

Table 9.1 Prioritisation amongst mosquito-borne diseases 

 

Whilst not the most complex of protocols, this approach does provide a transparent quantitative 

rationale that can help inform future public policy decisions. As such, I hope this tool can be 



further developed to help investigate these additional epidemiological questions at the policy-

health science interface. 

 

9.3. Species distribution models and disease mapping 

 

As with any modelling approach, it is critical to understand the limitations and assumptions of 

SDMs. The specific limitations of each SDM analysis in this thesis are listed in the relevant 

chapters. Below summarises the more general limitations of SDMs as applied to disease 

mapping and key considerations when applying them to different diseases.  

 

Occurrence data is integral to these models. One important consideration therefore is the 

reliability of the data included, particularly when different time periods and diagnostic methods 

are involved. When modelling leishmaniasis we assumed that all occurrence data falling within 

areas of the same evidence consensus were of equivalent validity. In the Lassa fever models 

(and in part motivated by previous critiques (Peterson et al., 2014)) we explicitly considered the 

effect of diagnostic variation on record reliability, and found little evidence to suggest that this 

made a significant difference to the final outputs (see Appendix A.9); the predictions of the 

niche under different data exclusion rules were approximately consistent. As with many 

approaches, each occurrence database must be considered under its own merits. The 

leishmaniasis and CCHF databases (Messina et al., 2015b; Pigott et al., 2014) (see Appendices 

A.4 and A.8) mitigate some of these issues due to their larger size, and therefore the increased 

likelihood of multiple records from separate sources co-occurring and cross-validating. Those 

databases that are smaller, such as Ebola and Marburg (Mylne et al., 2014; Pigott et al., 2015a), 

are constrained by the availability of information at the outset. In these instances, every attempt 

was made to ensure as comprehensive a database as possible. Smaller datasets are still of utility 



however. Indeed, there is already precedence for such smaller models being explicitly used in 

informing wider epidemiological investigations, such as modelling outputs being used to 

identify potential reservoir species for filoviruses (Peterson et al., 2004b; Swanepoel et al., 

2007). 

 

The reliability of geopositioning techniques is also worthy of discussion (Velasquez-Tibata et 

al., 2015). For the VHFs, identifying where spillover events took place is complex. In many 

instances estimating the approximate area over which this could have occurred (such as hunters 

coming across infected animal carcasses in forested areas) can be accommodated in the model 

by using larger areal estimates as opposed to specific latitudes and longitudes. For some cases it 

is impossible to accurately determine the site of infection. In the VHF modelling analyses in 

this thesis an assumption was made that spillover occurred in the vicinity of the individual’s 

home. This has been done in previous studies of this type (Jones et al., 2008; Peterson et al., 

2004a; Peterson et al., 2006) and is a necessary compromise given the fact that further 

epidemiological information will be unavailable for historic outbreaks. The work in this thesis 

was performed at a resolution of 5km x 5km, therefore the most geographically precise 

occurrence is already treated as occurring anywhere within a 25km2 area. In addition, as many 

covariates are strongly correlated over large distances, error in geopositioning may actually 

have little impact of the final model outputs. As the resolution of covariates and therefore risk 

maps increases, this issue of spatial accuracy of occurrences will become of increasing 

importance. Consequently, the use of areal occurrence records may become more widespread, 

unless there is a complementary improvement in the geographic resolution at which occurrence 

records are reported. Some of this uncertainty can be countered by for example using Monte 

Carlo methods when drawing data from areal estimates as was performed for the VHFs. 

However, more formally incorporating models that explicitly consider geographic measurement 

error on a condition-specific basis is worth considering for future iterations (Velasquez-Tibata 

et al., 2015). 



 

The underlying theory behind SDMs also leads to an interesting discussion as to what these 

models actually predict. It is important to stress that the mapped surfaces identify areas that 

share ecological similarities with regions of reported occurrences rather than relating directly to 

more commonly characterised epidemiological statistics such as prevalence or incidence. One 

issue raised relates to the reliability of predictions in regions where no cases have been reported. 

Does a high probability (i.e. areas most environmentally suitable) correspond to cases being 

present? It is not just ecological determinants that influence the distribution of disease 

(Peterson, 2006; Peterson et al., 2011) – some diseases may have historic biogeographical 

reasons for why they are not present in a particular location. Similarly, factors such as 

international trade and human movements have been shown to have influenced the distribution 

of vector-borne diseases such as dengue and chikungunya (Cauchemez et al., 2014; Nunes et 

al., 2015; Nunes et al., 2014; Reiter and Sprenger, 1987). Some of this can be directly 

accounted for by adding covariates such as socio-economic factors which represent relevant 

drivers of change, although global surfaces for these factors are still being developed (Kraemer 

et al., 2015a). 

 

The evidence consensus layer, used with leishmaniasis, Lassa fever and CCHF, represents an 

evidence-based attempt to make this distinction from the outset (Brady et al., 2012). For 

example, leishmaniasis has never been reported in areas in the Far East or Australasia and 

therefore, with a low evidence consensus value (corresponding to strong evidence for absence 

of the disease) in these regions, model predictions are not extended to these areas. As a result, 

areas that immediately appear as false positive predictions can be eliminated. This approach 

however is limited when multiple sources of information contradict each other or in regions 

with poor healthcare systems where it is difficult to discern genuine absence from a lack of 

diagnostic detection capacity. With EVD and MVD, where understanding of the epidemiology 



of the disease is incomplete, the model was allowed to predict across a much larger area, with 

additional covariates such as reservoir host distributions assisting in spatial delimitation. It is 

crucial, and this is why it was stressed in their discussions in detail, to convey the possibility of 

false positive predictions when such predictions are allowed. An example of this is 

characterised by Figure 5.7 which contrasts the expert opinion range of the suspected reservoir 

host of MVD, the Egyptian rousette Rousettus aegyptiacus, with areas predicted to be 

environmentally suitable for MVD transmission. Here we clearly see that if the Egyptian 

rousette were to be the only reservoir host for MVD, some areas of predicted environmental 

suitability in Central Africa are likely not at risk due to the reservoir’s absence. 

 

Similarly, those disease systems that require interaction between humans and other host species, 

will be heavily influenced by spatial variation in these rates of encounter. Anthropological 

studies have shown considerable differences in human-animal interactions, varying between age 

groups, genders and ethnicities (Woldehanna and Zimicki, 2015). All of this must be considered 

if we intend to translate these risk surfaces into more accurate representations of where cases 

are located, and this can only be done as part of a large multidisciplinary investigation (Wood et 

al., 2012). 

 

9.4. Improving existing risk maps 

 

The maps presented in this thesis represent an important first step in understanding the global 

risk of these zoonotic diseases in a more evidence-based manner. However, they are by no 

means a complete picture of these very complex epidemiological processes. With good local 

data, very detailed epidemiological investigations can be considered (Cuong et al., 2011; de 



Araujo et al., 2013; Stoddard et al., 2013; Stoddard et al., 2014). However, at a regional or 

global scale, the difficulty in generating this high quality dataset is amplified.  

 

Plowright et al. (2015) provides a framework for considering the spatial filters through which 

potential risk can be translated into actual cases. Using Hendra virus, a bat-borne zoonosis that 

can infect horses and occasionally humans (Mahalingam et al., 2012), as an example the 

authors demonstrate how a variety of factors influence the spatial distribution of risk. These 

include the distribution of the reservoir host and where viral shedding can occur, where 

environmental conditions are viable for viral persistence, where viral spillover into vulnerable 

species could occur, and where are susceptible hosts located, given the widespread use of 

equine vaccines (Figure 9.1) (Plowright et al., 2015). This survey provides a useful framework 

for considering the information gaps, as well as the geospatial data layers that must be 

generated in order to improve upon the existing risk maps. In the sections below I will go into 

more detail about possible components to refine future iterations of these outputs for the 

diseases considered in this thesis. 

 

Leishmaniasis – Chapter 3 represents the first attempt at mapping these diseases at a global 

scale beyond the use of expert opinion range maps (WHO, 2010). From this baseline, we can 

implement new data and approaches to enhance the risk layers. One immediate area for advance 

is using SDMs to model the global distribution of the diseases’ Phlebotomine vector species. 

Similar studies have carried out mapping of the Anopheles vectors of malaria (Sinka et al., 

2011; Sinka et al., 2010a; Sinka et al., 2010b) and the Aedes spp. vectors of dengue and 

chikungunya (Kraemer et al., 2015b). Extending existing modelling efforts for Phlebotomine 

hosts from national and regional assessments (Colacicco-Mayhugh et al., 2010; Gonzalez et al., 

2011; Gonzalez et al., 2010) to the global scale will represent an important first step. Interesting 

analyses have considered risk as the overlap of parasite viability and vector distribution (Samy 



et al., 2014) and global sandfly surfaces could be used as a key filter for risk, particularly when 

coupled with bionomic information on the key vectors (Foley et al., 2012). Incorporating 

mechanistic models of vector survivorship in response to key environmental factors (Brady et 

al., 2014; Brady et al., 2013) could also provide detailed information on vector distributions. 

An advantage of such a mechanistic modelling approach is that the resulting maps may be 

formally considered in a full risk model where the basic reproduction number, R0, can be 

estimated (Hartemink et al., 2011). 

 

Distinction of disease by clinical grade ignores the fact that a variety of different transmission 

cycles are in place. This may mask significant variation between these different transmission 

patterns. In addition, in the Americas, where there is a wide array of Leishmania spp. 

responsible for cutaneous and mucocutaneous leishmaniasis, the actual Leishmania spp. 

influences the progression of disease in humans (Banuls et al., 2011). Being able to model these 

species separately therefore will not only provide unique epidemiological information, but also 

will have direct public health policy relevance (WHO, 2010). Differentiating zoonotic 

transmission cycles from anthroponotic cycles will allow for a more nuanced consideration of 

the spatial variation in risk at which we consider these syndromes. 

 

A consequence of expanding the database to include species level information will be the need 

for more stringent data inclusion criteria, which could lead to the exclusion of a number of 

occurrences in the current dataset where only the broad clinical condition is recorded. New 

models are currently being developed that will allow for simultaneous modelling of multiple 

species, which could potentially infer species associated with non-specific records (Harris, 

2015; Pollock et al., 2014). In addition, we can expand the existing database to include 

information on infection in sandfly vectors and additional reservoir hosts, with the assumption 

that these infections are indicative of more widespread leishmaniasis transmission. Searching 



Web of Science and PubMed provides over 17,000 hits of potential vector records and 

approximately 51,000 reservoir reports for leishmaniasis. 

 

 

Figure 9.1. Understanding the various filters of risk. Plowright et al. investigate the various 

factors influencing the spatial distribution of Hendra virus cases. Here different aspects of the 

transmission cycle can act as filters for subsequent viral transmission (from Plowright et al. 

(2015)). 

 

When using occurrence data to generate risk maps, it is always important to bear in mind how 

this information can be related to case numbers and other burden indicators such as prevalence 



and incidence. Relationships between species distribution models and species abundance has 

been shown in more standard ecological contexts (Oliver et al., 2012). Therefore, there should 

be some theoretical linkage between suitability models and prevalence/incidence rates, as was 

investigated for dengue (Bhatt et al., 2013). However, this estimation process is likely to be 

more complex for leishmaniasis due to a number of different factors (Bern et al., 2008). There 

is the possibility, as discussed earlier, that predictions may represent false positives. Whilst the 

evidence consensus layer, resolved at the district level, will allow for some reliable 

differentiation of false positive predictions, this will not be complete. Nevertheless, such 

estimates can be beneficial when no other informed measures exist, particularly in areas of 

poor-reporting or healthcare provisioning (Shepard et al., 2014). 

 

Public health interventions will similarly have an impact on leishmaniasis presence. During the 

Global Malaria Eradication Programme of the 1950s, significant reductions in leishmaniasis 

transmission were achieved as a by-product of indoor residual spraying programmes using 

dichlorodiphenyltrichloroethane (DDT) (Ostyn et al., 2008). Ironically, more significant inroads 

to leishmaniasis elimination were achieved by these programmes than with malaria. 

Contemporary spraying, combined with the use of insecticide-treated bednets may lead to 

significant reduction in disease case load and potentially local elimination (Davies et al., 1994; 

Golding et al., 2015; Ritmeijer et al., 2007; Wilson et al., 2014). Finding ways of incorporating 

this as a proxy by adapting evidence consensus methods or more robustly as a modelling 

covariate should be considered. 

 

A number of human factors similarly will influence the burden of the disease that we observe 

(Alvar et al., 2006; Boelaert et al., 2009; Desjeux, 2001). Malnutrition and a variety of other 

physical stresses will impact the severity of infection that results (Bern et al., 2010). 

Furthermore, there can be significant variation in at-risk groups within a population. In Western 



Europe for example there is a large burden of disease linked to a variety of non-environmental 

risk factors including intra-venous drug users, HIV-positive individuals and poor screening for 

parasites during blood and organ donation processes (Alvar et al., 2008; Alvar et al., 1997; 

Cardo, 2006; de Silva et al., 2015). In addition, large influxes of susceptible populations, such 

as refugees from conflict, can be displaced into leishmaniasis endemic areas, which often 

results in a subsequent increase in mortality and morbidity (Alawieh et al., 2014; Jacobson, 

2011; Kolaczinski et al., 2004; Rowland et al., 1999). In other locations, it seems that general 

economic development, such as that observed in Western Europe, mitigates much of the risk 

associated with leishmaniasis, whether it be through improved population health levels or a 

reduction in sandfly breeding sites in areas of high urban development. Given considerable 

advances in leishmaniasis vaccine development (Kumar and Engwerda, 2014), if we do see its 

widespread implementation, this will further limit the number of cases we see in areas where 

transmission may have occurred. 

 

These issues touch upon a much wider limitation of niche-based modelling approaches. As 

mentioned in the introduction to this thesis, the gap between Option 4 and 5 diseases is 

regulated by data constraints (Hay et al., 2013a; Hay et al., 2013b). For leishmaniasis, in 

certain locations, there is sufficient data to allow for the more sophisticated MBG approaches. 

For instance, Brazil has an online Ministry of Health data portal (SINAN) which reports cases of 

a variety of diseases, including leishmaniasis and dengue, at a municipality level. As a result, 

sufficiently detailed information to estimate prevalence and incidence of such diseases is 

possible to allow for this more data-driven processing (Karagiannis-Voules et al., 2013). 

However, whilst for diseases such as malaria sufficiently detailed information exists across a 

broader-scale (Moyes et al., 2013), for leishmaniasis it is only sporadically available. 

Obviously, improving the nature of the information reported by healthcare systems, or making 

these more readily available is a long term objective, but is far from trivial to implement. 

Advocating for more systematic reporting of leishmaniasis will be central to future success 



(Alvar et al., 2012), and subsequent to publication of these global maps, the WHO have 

expressed their interest in collaboration to incorporate these outputs into their own global 

analyses. 

 

Filovirus disease – The wider epidemiology of these viruses still remains poorly characterised 

(Groseth et al., 2007; Olival and Hayman, 2014). Whilst there have been significant advances 

in our understanding of infection in animal reservoirs over the last decade, several unknowns 

still remain, particularly how reservoir viral dynamics can inform human risk. 

 

Identifying the remaining reservoir species is a critical step. To-date only three species have had 

Ebola virus RNA isolated from them (Hysignathus monstrosus, Epomops franqueti and 

Myonycteris torquata) (Leroy et al., 2005), whilst a number, including these three, have been 

found to be seropositive for Ebola/Ebola-like viruses (Caillaud et al., 2006; Hayman et al., 

2010; Hayman et al., 2012; Pourrut et al., 2007; Pourrut et al., 2009; Rouquet et al., 2005; 

Wittmann et al., 2007). Whether this result reflects true reservoir status, or fortunate sampling 

of the correct bats at the right time, is always a possibility. Isolation of Marburg virus from 

Rousettus aegyptiacus populations has been reported on a number of occasions (Amman et al., 

2012; Amman et al., 2014; Swanepoel et al., 2007; Towner et al., 2009), and similar to Ebola 

virus, a number of other species have been identified as seropositive (Pourrut et al., 2009; 

Swanepoel et al., 2007; Towner et al., 2009). Consideration of risk should take into account the 

possibility for additional reservoir species (Olival and Hayman, 2014), particularly given how 

their varying life histories might influence the way in which viral infections can or cannot be 

sustained (Hayman, 2015). Indeed, the nature of roost and population connectivity for many of 

these species remains unknown, with variable degrees of roost faithfulness, combined with 

some species, such as Eidolon helvum, that are highly interconnected across much of sub-

Saharan Africa (Peel et al., 2013). Unique approaches, such as defining which life-history traits 



typify those found to be filovirus seropositive could provide an important lead on other species 

to take note of (Han, 2015; Han et al., 2015). Knowing the true reservoirs of the disease has 

obvious implications for broadscale refinement of risk regions. 

 

How these species interact, not only as a local population, but with the rest of their own species 

as well as others, will have significant impacts on subsequent viral dynamics. Two hypotheses 

have been proposed that describe how viral load could be distributed within bats: infection is 

ubiquitous across the entire range or restricted to specific locations and passed from region to 

region (Plowright et al., 2015). Theoretical depictions of how variability in bat population 

dynamics could maintain viruses or indeed cause them to become extinct have been developed, 

although this is yet to be demonstrated in wildlife populations (Hayman, 2015). Nevertheless, 

this does suggest a much more complex situation than appreciated. For Marburg virus survey 

sites, seasonality in infection has been shown as well as transmission between mothers and their 

juveniles (Amman et al., 2012). For Ebola virus this level of detail has yet to be determined. 

The possibility of transmission of these viruses between different bat species is an unknown – if 

this were the case, future models and sampling efforts would have to be expanded to include 

these co-occurring species. Whilst much basic science in this arena needs to be performed, the 

results will have important implications on how we characterise the risk that different 

populations and species pose. 

 

Transmission from bat hosts to susceptible species also remains an unknown. A hypothesised 

route of Ebola virus transmission between bats and non-human primates, similar to that 

identified between bats and pigs for Nipah virus in Malaysia (Daszak et al., 2013), has been 

suggested. It is thought that fruit bats could transfer viral particles to dropped fruit via their 

saliva (Gonzalez et al., 2007; Walsh et al., 2009). Chimpanzees and Gorillas feeding under the 

same trees will therefore be at risk and can possibly transmit between each other (Walsh et al., 



2007). It is unknown for how long the virus remains viable within the fruit however. Transfer 

directly between bats and humans has been hypothesised as the reason for index infection in 

one outbreak through the butchering of a bat carcass after which ten individuals became 

infected (Leroy et al., 2009). Human outbreaks of Ebola virus seem to be initiated more often 

by contact with non-human primates, often post-mortem and when the carcasses are being 

prepared for food (Mylne et al., 2014). For Marburg virus, caves and mines represent sites of 

most common infection (Adjemian et al., 2011; Towner et al., 2006) unsurprising given the 

contrast between the underground roosting Rousettus aegyptiacus compared to the tree-dwelling 

hypothesised reservoirs of Ebola virus. Whilst the first outbreak of Marburg virus disease was 

the result of infection from vervet monkeys (Henderson et al., 1971), no subsequent infection in 

non-bat animals has been reported. From the perspective of refining at-risk areas, understanding 

these interactions is important. As Chapters 4 and 5 demonstrated, whilst viruses could be 

circulating over a wider area, specific activities (such as hunting) or locations (such as caves) 

may be critical for allowing spillover transmission to occur. Engaging with anthropological 

surveys assessing how different populations engage with these different reservoir and 

susceptible species will be important, particularly as risk may be very variable between gender, 

age and ethnicity even within the same location (Woldehanna and Zimicki, 2015). 

 

Finally, the majority of EVD focus has been towards Zaire ebolavirus, therefore it could well be 

that the distribution of the other three pathogenic species (Taï Forest, Bundibugyo and Sudan 

ebolaviruses) have different dynamics that have, to date, gone uninvestigated. Currently too 

little data exists to consider this in a meaningful way, but we must be aware of the differences 

that may exist in the transmission cycles of these different species. 

 

Crimean-Congo haemorrhagic fever – Similar to leishmaniasis, a variety of vector species, in 

this instance ticks, are responsible for disease transmission (Ergonul, 2006). Integrating their 



distributions more formally into distribution models is important, particularly given the nuances 

in their respective life histories (Walker et al., 2014). In addition, further evidence making the 

distinction between accidentally infected ticks (who happen to have taken a blood meal from 

infected mammals) and actual disease vectors is critical. To date a large number of ticks have 

been definitively shown to be disease vectors, however an even larger number have mixed 

evidence for support (Ergonul and Whitehouse, 2010). Filtering non-vector species out is 

important. In addition, a large number of reservoir animals have been identified whose relative 

contribution, as well as inclusion into the modelling framework, should be considered (Ergonul, 

2006). High resolution surfaces of livestock are available (Robinson et al., 2014) – their 

inclusion was considered in the initial modelling effort carried out in Chapter 7 but were not 

significant contributors (possibly due to sharing a large number of covariates, particularly in 

land cover type). Regardless of confounding influence, a more appropriate way of including 

such layers in the analysis is as post-hoc risk surfaces indicating locations where high livestock 

densities co-occur with regions of environmental suitability for CCHFV transmission. 

 

The future impact of tick-borne disease is often considered when the influence of climate 

change on infectious disease is discussed (Medlock and Leach, 2015). One focus for CCHF has 

been the possibility of migratory birds importing infected ticks from endemic settings into non-

endemic countries where environmental conditions may be suitable for sustained disease 

transmission (Jameson et al., 2012). However, when quantified the risk that this poses is 

considered as minimal (Gale et al., 2012). Nevertheless, understanding how climate change 

may impact disease transmission cycles is important (Estrada-Pena et al., 2014), although this 

must be considered in conjunction with a variety of other changing factors (Messina et al., 

2015a). As demonstrated by tick-borne encephalitis virus, socio-economic changes can have 

just as profound an impact as temperature (Randolph, 2001). 

 



Refining how occupational risk is characterised is also important for CCHF. Farms in endemic 

settings, particularly given the role that livestock species play in the transmission cycle, remain 

areas where increased awareness of tick bites should be made, particularly when simple 

measures such as wearing longer clothes will prevent transmission (Maltezou and Papa, 2010). 

Another important transmission setting is workers in slaughterhouses, where contact with 

infected livestock blood can allow transmission (Ergonul, 2006). Once again, maintaining a 

high hygiene standard can significantly minimise the likelihood of this occurring. Finally, with 

a more effective vaccine showing early signs of success (Buttigieg et al., 2014), not only can 

these maps be used to target priority areas for vaccination, but also show their continued 

relevance through iterative updates that incorporate this control data. 

 

Lassa fever – In comparison to filoviral diseases, we are far more certain on the primary 

reservoir species of Lassa virus, the Natal multimammate mouse, Mastomys natalensis 

(McCormick et al., 1987). Similar to many other rodent-borne arenaviruses, there seems a more 

consistent one host-one virus species relationship (Palmer et al., 2013), although surveys to the 

far west of Guinea have reported infection in Mastomys erythroleuceus, which could suggest a 

potential range expansion into more arid northern regions of the Sahel (Sogoba et al., 2012). 

 

Mastomys natalensis populations seem to be fairly distinct in space, due in part to the reportedly 

low dispersal ability of the mouse (Van Hooft et al., 2008) – it seems unclear how infection is 

be passed from region to region, although some have supposed the possibility of transmission 

from human to mouse (Johnson, 2013). Understanding how the virus could be transmitted 

between populations will provide an important refinement step. The two main endemic foci of 

Guinea and Nigeria may potentially have more interconnected rodent populations, or just 

naturally have had higher viral loads, whereas smaller outbreaks, such as that which occurred in 

Benin (ProMED-mail, 2014), could be restricted to just one local host population, or a chance 



introduction into this region. Other rodent-borne viruses have shown prevalence of infection to 

be tightly related to population dynamics of the host (Carver et al., 2015). It has been suggested 

that Lassa virus does not show a similar density dependence response, but irrespective of the 

population prevalence, seasonal variation in population size may be an important component in 

influencing Lassa fever transmission (Fichet-Calvet et al., 2007; Fichet-Calvet and Rogers, 

2009). Accounting for such spatio-temporal variation in host populations and their 

corresponding viral load would allow for significant improvements in understanding true 

disease burden. Understanding the interplay between host population and viral dynamics will be 

important if refining future risk estimates.  

 

Whilst no real definitive evidence of the means of transmission of the virus has been found, 

rodent to human transmission likely occurs in the household, where humans are most likely to 

come into contact with rodent urine or droppings or through consumption of contaminated 

rodent meat (McCormick et al., 1987; ter Meulen et al., 1996). The theory that such matter 

becomes aerosolised however has never been definitively proven. It has been suggested that 

crop yield may act as a key indicator for cases found in humans (Jones, 2014) – if this is a 

causal relationship it is likely through altered interactions between humans and rodents, 

influencing the rate at which we see spillover events occur, as rodents are drawn into the house 

due to the large crop stockpiles.  

 

Of equal importance for Lassa fever outbreaks is an understanding of the role of the individual 

in secondary transmission. Evidence suggests that super-spreaders are responsible for the 

majority of human-to-human cases (Lo Iacono et al., 2015) -  appreciating this risk, and 

understanding what aspects of local infrastructure are most likely to influence this will be 

critical from a hospital case management and outbreak containment point of view (Bannister, 

2010). 



 

Viral haemorrhagic fever outbreak risk – The final chapter brings together the four VHF risk 

maps in order to better understand the outbreak risk these diseases present across the African 

continent. Two important aspects of the assessment require the greatest attention should these 

estimates be revised. Firstly, the spatial resolution of many key indicators is poor, constraining 

the assessment to the national level. Spillover potential and spread measures can be assessed at 

a pixel level given the resolution to which we have this information, but assessments of 

healthcare seeking behaviours and other components of the vulnerability and lack of coping 

capacity measures prevent evaluation at this level. It is possible to provide this analysis for 

individual nations, however to maintain a regional level assessment it was necessary to retain 

the same level of assessment for all countries. Hopefully this output will reinforce calls for 

improving the way in which many of these socioeconomic covariates are reported, particularly 

at ever more local levels (Kraemer et al., 2015a). 

 

Secondly, providing increasingly relevant VHF indicators rather than more general assumed 

proxies for these indicators will be important. As an initial first step, broader measures of health 

infrastructure, such as physicians per capita, will provide good approximate information. 

However, considering indicators such as personal protective equipment and emergency 

response capacities will be key in understanding the nature of risk. These indicators, coupled 

with improving the understanding of where spillover could occur, outlined above, will provide 

increasingly realistic risk profiles for Africa. The WHO, amongst others, is trying to improve 

our understanding of just where shortfalls in preparedness lie (WHO, 2015), but this detailed 

assessment should be considered across a much broader range of countries than initially sent out 

to. 

 

9.5. Bringing science and policy together 



 

One of the most important indicators of impact for public health epidemiologists is the exposure 

of their work to public health policymakers. However, this often remains a stumbling block 

perhaps due to the work being presented in too complex a nature, or the objectives not being 

specific enough. Chapter 2 presents a methodology that, I believe, could be relatively easily 

adapted to meet the needs of any policymaker. Importantly, once sufficiently detailed metrics 

are available (and often policymakers may be privy to indicators that are not publicly released), 

a priority ranking can be achieved independently of a more involved expert opinion process – 

the expert involvement was in generating the input data in the first place. Obviously, the 

relative ranking and methodology would likely be subject to further scientific scrutiny, but this 

methodology would allow for a first level assessment to be performed well before any panel 

convenes. Exploring the possibility of creating a tool that could allow for individual users to 

prioritise diseases based upon a variety of different grouping and comparator datasets would 

provide a very useful output for policymakers. 

 

The SDM outputs suffer from many of the issues models face in general when presented to 

policymakers, which is their ability to be misinterpreted or misused. For the most part the onus 

is on the author to keep as clear as possible the main outcomes of their work, but there is always 

the opportunity for misunderstanding. One feature that the disease presence maps suffer from is 

that they fall halfway between more conventional clinical maps and niche maps – as a result 

there can be confusion when the maps are interpreted incorrectly as clinical incidence or 

prevalence estimates. These clinical indicators are related to environmental suitability, but 

require further processing steps before they can be directly inferred from the maps. As seems to 

be the case with leishmaniasis, policymakers have taken an interest in helping to further 

improve the outputs, but this should not always be relied upon. 

 



The final chapter of this thesis counters this by specifically addressing an important question 

with direct policy relevance – where could the next viral haemorrhagic fever outbreak begin, 

and which regions of the worlds are most vulnerable should its continued transmission not be 

averted? The key outputs, consisting of relative rankings, can easily be interpreted and provide 

a strong rationale for action – importantly, they convert surfaces that may be hard to interpret 

(e.g. environmental suitability of zoonotic transmission of a virus) into a more relatable 

measures (e.g. which countries are more likely to see VHF outbreaks). The key for this output 

will be in highlighting the limitations of the approach, and using them to advocate for 

improving the key input parameters for future iterations. 

 

9.6. Expanding to other zoonotic diseases 

 

Zoonotic diseases, as has been shown, are responsible for a large number of conditions of 

clinical significance and represent an interesting mapping conundrum in that they must account 

not only for the pathogen, but also the added complication of reservoir populations, and often a 

variety of disease vectors (Palmer et al., 2013). These conditions represent the whole range of 

mapping options described in Chapter 1. Some, such as Lobomycosis (Paniz-Mondolfi et al., 

2012), are so rare that more information is required on the basic epidemiology of the disease 

before additional work can be undertaken. Others, such as Venezuelan haemorrhagic fever 

(Tesh, 1994), can be considered by using SDMs on relevant vector and reservoir species. Where 

more data is available however, we can use the species distribution modelling framework 

outlined throughout this thesis in order to better understand the spatial risk these pathogens 

present. In identifying environmentally suitable regions for disease transmission, important first 

steps can be taken, particularly when compared to existing global surfaces, from which we can 

build upon when more data are found both on the condition in humans and its wider 

epidemiology. 



Beyond the public health benefit such a survey would provide, a systematic consideration of 

zoonotic disease will provide an important dataset for discussing more macro-ecological disease 

patterns. Global assessments of the determinants of pathogen diversity have  implicated the role 

of not only climatic factors (Guernier et al., 2004) but also of alternate host diversity and 

richness (Dunn et al., 2010). However, these studies have suffered from poor spatial resolution, 

both in terms of disease distribution information and the use of national level spatial tagging. In 

addition, by considering all infectious diseases, global trends will likely be confounded by a 

mixture of pathogen taxonomy and life history bias. A highly spatially resolved risk surface for 

all zoonotic diseases would enable a more nuanced approach to teasing apart the processes 

determining global pathogen diversity. 

 

This information can also be leveraged as part of a broader discussion of emerging infectious 

disease risk. Previous assessments have highlighted zoonotic disease as one important source of 

novel disease (Jones et al., 2008). Cross-referencing zoonotic disease diversity with disease 

emergence events (after incorporating appropriate methods of correcting for reporting bias) 

could provide an important resource. Are the zoonotic diseases that we currently recognise the 

tip of a much larger potentially pathogenic pool, or are these diseases the modern day 

manifestation of historically important changes in animal-human interaction, such as shifts in 

diet or animal husbandry (Barrett and Armelagos, 2013)? This will have important policy 

ramifications, since concluding that existing animal diversity, pathogenic diversity, or novel 

human-animal interactions are driving disease emergence potential will ultimately influence 

how best to track these diseases (Anthony et al., 2013). 

 

9.7. Conclusions 

 



Disease maps can play an important role in informing a variety of different epidemiological and 

public health questions. Over the last decade significant advances have been made in the 

methods used to investigate disease distributions, yet updates of globally comprehensive disease 

maps lag behind. This thesis has investigated not only how we can prioritise mapping of 

infectious diseases, but also demonstrated the role of species distribution models in defining the 

spatial limits of possible disease transmission. Focussing on zoonotic diseases, this work 

produced the first evidence based maps of the leishmaniases as well as modelling the 

distributions of the four contagious viral haemorrhagic fevers that are present in Africa. Finally, 

this thesis presented a way to process these maps into policy relevant documents. In doing so, 

this thesis has hopefully demonstrated the potential benefits of disease cartography, as well as 

increased awareness of their shortcomings and what data are required to overcome them.  

 

Much of the work performed in this thesis is equally applicable to a wide array of diseases, 

whether other zoonoses or vector-borne diseases. Given sufficient data, any disease that shows 

spatial variation in presence can be mapped using SDMs. As we begin to study some of these 

conditions in more detail, with surveys and epidemiological questions provoked by initial 

spatial assessments, this newly generated input data can begin to feedback into the system. The 

future of disease cartography aims to improve the input data as well as iterate maps more 

frequently. These objectives are mutually beneficial – as more data becomes available, the maps 

will improve and become more detailed. These updated maps will provide more useful 

information to those working in the field and therefore encourage further data generation. The 

potential benefits that high resolution maps can provide are great. Methods will continue to 

develop in complexity allowing for ever more detailed analyses to be performed on existing 

datasets. The work presented in this thesis therefore provides a good basis for future 

improvement and refinement.  
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A.6. Appendix to Chapter 7 

A.7. Hay et al. (2013), referred to in Chapter 1 

A.8. Pigott et al. (2014) – further details on the occurrence database creation for 
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A.9. Mylne et al. (2014) – further details on the index case database with additional 

information on their subsequent geographic spread 
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A.1. Appendix to Chapter 2 

This appendix consists of four parts: 

(i) Table of diseases not recommended for mapping (Option 1) with an explanation for this 

classification (n=171) and potential alternative mapping opportunities. 

(ii) Allocating GBD estimates to all mapping diseases. 

(iii) Ranking the disease-specific priorities of the global public health community. 

(iv) Final cluster prioritisation ranking. 
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Supporting Information for “Prioritising infectious disease mapping” 

Table: Diseases not recommended for mapping (Option 1) with an explanation for this 

classification (n=171) and potential alternative mapping opportunities. 

Disease Reason for Option 1 (adapted from Hay 
et al. (2013)) 

Other mapping opportunities and 
existing global outputs 

Actinomycosis Endogenous origin1  
Acute febrile respiratory disease, 
Adenoviral 

Distribution tied to humans2 Mapping of vaccine coverage 

Adenovirus infection Distribution tied to humans Mapping of vaccine coverage 
Adenoviral haemorrhagic conjunctivitis Distribution tied to humans Mapping of vaccine coverage 
Amoeba – free living Source of infection present worldwide  
Amoebic abscess Source of infection present worldwide  
Amoebic colitis Source of infection present worldwide  
Animal bite-associated infection Source of infection present worldwide  
Anisakiasis Source of infection present worldwide Reported cases [1] 
Aspergillosis Source of infection present worldwide  
Bacillary angiomatosis Source of infection present worldwide  
Bacillus cereus food poisoning Source of infection present worldwide  
Bacterial vaginosis Source of infection present worldwide  
Bartonellosis – cat borne Source of infection present worldwide Reported outbreaks [1] 
Bartonellosis – other systemic Source of infection present worldwide Reported outbreaks [1] 
Blastocystis hominis infection Source of infection present worldwide  
Botulism Source of infection present worldwide Mapping of vaccine coverage; Reported 

outbreaks (using ProMED) [1] 
Brain abscess Endogenous origin  
Brucellosis Source of infection present worldwide National annual incidence levels [2] 
Campylobacteriosis Source of infection present worldwide  
Candidiasis (Yeast) Endogenous origin  
Chancroid Distribution tied to humans  
Chlamydia infections, misc. Distribution tied to humans  
Chlamydophila pneumonia infection Source of infection present worldwide  
Cholecystitis & cholangitis Endogenous origin  
Chronic fatigue syndrome Unknown aetiological agent  
Chronic meningococcemia Source of infection present worldwide  
Clostridial food poisoning Source of infection present worldwide  
Clostridial myonecrosis Source of infection present worldwide Mapping of vaccine coverage 
Clostridium difficile colitis Endogenous origin  
Common cold Distribution tied to humans  
Conjunctivitis – viral Distribution tied to humans Mapping of vaccine coverage 
Cryptococcosis (Yeast) Source of infection present worldwide  
Cryptosporidiosis Source of infection present worldwide  
Cutaneous larva migrans Source of infection present worldwide  
Cyclosporiasis Source of infection present worldwide  
Cysticercosis Source of infection present worldwide National level evidence of infection 

[3,4] 
Cytomegalovirus infection (Human 
herpesvirus 5) 

Distribution tied to humans Mapping of vaccine coverage; national 
estimates of seroprevalence in females 
[5] 

Dermatophytosis Source of infection present worldwide  
Dientamoeba fragilis infection Source of infection present worldwide  
Diphtheria Distribution tied to humans Mapping of vaccine coverage [1]; 

national reported cases [6] 
Diphyllobothriasis Source of infection present worldwide Reported cases [1] 
Dipylidiasis Source of infection present worldwide  
Dirofilariasis Source of infection present worldwide  
Endocarditis – infectious Endogenous origin  
Enterobiasis Source of infection present worldwide  
Enteroviral hemorrhagic conjunctivitis Source of infection present worldwide  
Enterovirus infection Source of infection present worldwide  
Epidural abscess Endogenous origin  
Erysipelas or cellulitis Source of infection present worldwide  
Erysipeloid Source of infection present worldwide  
Erythrasma Endogenous origin  
Escherichia coli diarrhea Source of infection present worldwide  
Fungal infection – invasive Endogenous origin  
Gastroenteritis – viral Source of infection present worldwide  
Gianotti-Crosti syndrome Unknown aetiological agent  
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Giardiasis Source of infection present worldwide  
Gonococcal infection Distribution tied to humans  
Granuloma inguinale (Donovanosis) Distribution tied to humans Reported cases [1] 
Hepatitis A Source of infection present worldwide Mapping of vaccine coverage; national 

estimates of seroprevalence [7] 
Hepatitis B Distribution tied to humans Mapping of vaccine coverage; national 

estimates of seroprevalence and 
distribution of genotypes [8] 

Hepatitis C Distribution tied to humans National estimates of seroprevalence [9] 
and distribution of genotypes [10] 

Hepatitis D Distribution tied to humans National estimates of seroprevalence 
and distribution of genotypes [11-13] 

Hepatitis E Source of infection present worldwide Endemic status [14] and distribution of 
genotypes [15] 

Hepatitis G Distribution tied to humans  
Herpes B infection Source of infection present worldwide  
Herpes simplex encephalitis Distribution tied to humans  
Herpes simplex infection Distribution tied to humans  
Herpes zoster Source of infection present worldwide Mapping of vaccine coverage 
Hymenolepis diminuta infection Source of infection present worldwide  
Hymenolepis nana infection Source of infection present worldwide  
Infection of wound, puncture, IV line 
etc. 

Distribution tied to humans  

Infectious mononucleosis or EBV 
infection 

Distribution tied to humans  

Influenza Source of infection present worldwide Mapping of vaccine coverage 
Intestinal spirochetosis Endogenous origin  
Intra-abdominal abscess Endogenous origin  
Intracranial venous thrombosis Endogenous origin  
Isosporiasis Source of infection present worldwide  
Kawasaki disease Unknown aetiological agent  
Keratoconjunctivitis, Adenoviral Source of infection present worldwide  
Kikuchi’s disease and Kimura disease Unknown aetiological agent  
Kingella infection Endogenous origin  
Laryngotracheobronchitis Source of infection present worldwide  
Legionellosis Source of infection present worldwide  
Leptospirosis Source of infection present worldwide Mapping of vaccine coverage; reported 

outbreaks [1] 
Listeriosis Source of infection present worldwide Reported outbreaks [1] 
Liver abscess – bacterial Endogenous origin  
Lymphocytic choriomeningitis Source of infection present worldwide  
Lymphogranuloma venereum Distribution tied to humans  
Malignant otitis externa Endogenous origin  
Measles Source of infection present worldwide Mapping of vaccine coverage; national 

reported cases [6] 
Meningitis – aseptic (viral) Source of infection present worldwide Mapping of vaccine coverage 
Meningitis – bacterial Source of infection present worldwide Epidemic risk models [16] 
Microsporidiosis Source of infection present worldwide  
Moniliformis and 
Macaracanthorhynchus 

Source of infection present worldwide  

Mumps Source of infection present worldwide Mapping of vaccine coverage; national 
reported cases [6] 

Mycetoma Source of infection present worldwide  
Mycobacteriosis – M. marinum Source of infection present worldwide  
Mycobacteriosis – M. scrofulaceum Source of infection present worldwide  
Mycobacteriosis – miscellaneous 
nontuberculosis 

Source of infection present worldwide  

Mycoplasma (miscellaneous) infections Distribution tied to humans  
Mycoplasma pneumoniae infection Source of infection present worldwide  
Myiasis Source of infection present worldwide  
Necrotizing skin/soft tissue infections Endogenous origin Mapping of vaccine coverage 
Orf Source of infection present worldwide  
Ornithosis Source of infection present worldwide  
Osteomyelitis Endogenous origin  
Otitis media Endogenous origin Mapping of vaccine coverage 
Parainfluenza virus infection Source of infection present worldwide  
Parvovirus B19 infection Source of infection present worldwide  
Pediculosis Source of infection present worldwide  
Pericarditis – bacterial Endogenous origin Mapping of vaccine coverage 
Perinephric abscess Endogenous origin  
Perirectal abscess Endogenous origin  
Peritonitis – bacterial Endogenous origin  
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Pertussis Source of infection present worldwide Mapping of vaccine coverage [1]; 
national reported cases [6] 

Pharyngeal and cervical space infections Endogenous origin  
Pharyngitis – bacterial Source of infection present worldwide  
Pityriasis rosea Unknown aetiological agent  
Plesiomonas infection Source of infection present worldwide  
Pleurodynia Source of infection present worldwide  
Pneumocystis pneumonia Source of infection present worldwide  
Pneumonia – bacterial Endogenous origin Mapping of vaccine coverage; national 

estimates of mortality [17] 
Protothecosis and chlorellosis Source of infection present worldwide  
Pseudocowpox Source of infection present worldwide  
Pyodermas (impetigo, abscess, etc.) Endogenous origin  
Pyomyositis Distribution tied to humans  
Q fever Source of infection present worldwide Mapping of vaccine coverage; reported 

outbreaks [1] 
Rat bite fever – spirillary Source of infection present worldwide Reported cases [1] 
Rat bite fever – streptobacillary Source of infection present worldwide Reported cases [1] 
Respiratory syncytial virus infection Source of infection present worldwide Mapping of vaccine coverage 
Respiratory viruses – miscellaneous Source of infection present worldwide  
Reye’s syndrome Unknown aetiological agent  
Rheumatic fever Source of infection present worldwide  
Rhinoscleroma and ozena Distribution tied to humans  
Rhodococcus equi infection Source of infection present worldwide  
Roseola or human herpesvirus 6 Distribution tied to humans  
Rotavirus infection Source of infection present worldwide Mapping of vaccine coverage; national 

estimates of mortality [18] 
Rubella Source of infection present worldwide Mapping of vaccine coverage; national 

reported cases [6] 
Salmonellosis Source of infection present worldwide  
Sarcocystosis Source of infection present worldwide  
SARS Transmission contained worldwide  
Scabies Source of infection present worldwide  
Scarlet fever Source of infection present worldwide  
Septic arthritis Endogenous origin  
Septicemia – bacterial Endogenous origin  
Shigellosis Source of infection present worldwide  
Sinusitis Distribution tied to humans Mapping of vaccine coverage 
Smallpox Eradicated globally; present only in 

laboratory reserves 
 

Sporotrichosis Source of infection present worldwide  
Staphylococcal food poisoning Source of infection present worldwide  
Staphylococcal scaled skin syndrome Endogenous origin  
Streptococcus suis infection Source of infection present worldwide Reported cases [1,19] 
Strongyloidiasis Source of infection present worldwide  
Subdural empyema Endogenous origin Mapping of vaccine coverage 
Suppurative parotitis Endogenous origin  
Syphilis Distribution tied to humans  
Taeniasis Source of infection present worldwide National level evidence of infection [3] 
Tetanus Source of infection present worldwide Mapping of vaccine coverage [1]; 

national reported cases [6] 
Thelaziasis Source of infection present worldwide  
Toxic shock syndrome Endogenous origin Mapping of vaccine coverage 
Toxocariasis Source of infection present worldwide Mapping of vaccine coverage 
Toxoplasmosis Source of infection present worldwide Mapping of vaccine coverage; 

seroprevalence status [20] 
Typhoid and enteric fever Source of infection present worldwide Mapping of vaccine coverage; national 

estimates of annual incidence [21,22] 
Typhus – endemic/murine (flea-borne) Source of infection present worldwide  
Urinary tract infection Endogenous origin  
Varicella Distribution tied to humans Mapping of vaccine coverage 
Vibrio parahemolyticus infection Source of infection present worldwide Reported outbreaks [23] 
Whipple’s disease Unknown transmission route  
Yersiniosis Source of infection present worldwide  
Zygomycosis Source of infection present worldwide  

1. Endogenous origin refers to infections caused by an agent already present on the body. 

2. Distribution tied to humans refers to infections believed to be present wherever humans 

are.  
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Allocating GBD estimates to all mapping diseases 

Quantified estimates allowing comparison of relative disease burden are an essential component 

to prioritising the diseases for mapping. The most contemporary and systematic estimates of 

disease burden are provided by the Global Burden of Disease Study (GBD) 2013, which 

calculates disability-adjusted life years (DALYs) for the major infectious, non-infectious and 

injury causes of death and morbidity globally [24,25]. For consistency across the diseases, 

DALY numbers were exclusively taken from the GBD 2013 estimates.  

GBD considered 67 categories or groupings relating to infectious diseases (including specific 

conditions such as “dengue” as well as larger groupings e.g. “Encephalitis”, “Food-borne 

trematodiases”, and also aggregated “Diarrheal diseases” categories), whilst the present study 

considered 176 infectious diseases identified for mapping. The process of appropriately 

allocating disease burden estimates across this larger number of diseases is described in this 

Appendix. It is worth specifying that many of the 67 infectious diseases were included in the 

Option 1 (i.e. diseases not currently recommended for mapping) category, due to being globally 

endemic. The table below summarises the 176 infectious diseases and their assigned DALYs. 

Further explanation is provided in the footnotes beneath. 

Clusters were first classified by taxonomy of causative agent, then by similarities in 

transmission route [26].  

Table outlining clusters, constituent diseases, Global Burden of Disease assignment and 

DALY score. (B) – bacteria, (N) – nematode,  (Pl) – platyhelminth, (V) – virus. 

Cluster Disease name a GBD assignment DALYs assigned 

Direct contact 

(B) 

Anthrax Other IDs 116,0651 

Direct contact 

(B) 

Brazilian purpuric fever Other IDs 116,0651 

Direct contact 

(B) 

Leprosy Leprosy 39,7072 

Direct contact 

(B) 

Mycobacteriosis – M. 

ulcerans 

Other IDs 116,0651 

Direct contact 

(B) 

Trachoma Trachoma 171,1702 

Direct contact 

(B) 

Tropical phagedenic 

ulcer 

Not identified 1003 
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Food/Water-

borne (B) 

Aeromonas and marine 

Vibrio infections 

Diarrheal diseases 3,308,9354 

Food/Water-

borne (B) 

Cholera Diarrheal diseases 3,308,9354 

Food/Water-

borne (B) 

Enteritis necroticans Diarrheal diseases 3,308,9354 

Food/Water-

borne (B) 

Sennetsu 

neorickettsiosis 

Other NTD 35,1985 

Burkholderiaceae Glanders Other IDs 116,0651 

Burkholderiaceae Melioidosis Other IDs 116,0651 

Treponematoses Endemic syphilis 

(bejel) 

Other IDs 116,0651 

Treponematoses Pinta Other IDs 116,0651 

Treponematoses Yaws Other IDs 116,0651 

Flea/Mite-borne 

(B) 

Plague Other IDs 116,0651 

Flea/Mite-borne 

(B) 

Rickettsia felis infection Other NTD 35,1985 

Flea/Mite-borne 

(B) 

Rickettsialpox Other NTD 35,1985 

Flea/Mite-borne 

(B) 

Typhus – epidemic Other NTD 35,1985 

Flea/Mite-borne 

(B) 

Typhus – scrub (mite-

borne) 

Other NTD 35,1985 

Flea/Mite-borne 

(B) 

Relapsing fever Other NTD 35,1985 

Other VBD (B) Bartonellosis – South 

American 

Other IDs 116,0651 

Tick-borne (B) Tularemia Other IDs 116,0651 

Tick-borne (B) Anaplasmosis Other NTD 35,1985 

Tick-borne (B) Ehrlichiosis – human 

monocytic 

Other NTD 35,1985 

Tick-borne (B) African tick bite fever Other NTD 35,1985 

Tick-borne (B) Astrakhan fever Other NTD 35,1985 

Tick-borne (B) Flinders Island spotted 

fever 

Other NTD 35,1985 
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Tick-borne (B) Israeli spotted fever Other NTD 35,1985 

Tick-borne (B) Japanese spotted fever Other NTD 35,1985 

Tick-borne (B) North Asian tick typhus Other NTD 35,1985 

Tick-borne (B) Queensland tick typhus Other NTD 35,1985 

Tick-borne (B) Rickettsia sibirica 

mongolotimonae 

infection 

Other NTD 35,1985 

Tick-borne (B) Rocky Mountain 

spotted fever 

Other NTD 35,1985 

Tick-borne (B) Lyme disease Other NTD 35,1985 

Tuberculosis Tuberculosis Tuberculosis 49,816,2152 

Fungal infections Chromomycosis Other IDs 116,0651 

Fungal infections Entomophthoramycosis Other IDs 116,0651 

Fungal infections Histoplasmosis – 

African 

Other IDs 116,0651 

Fungal infections Lobomycosis Other IDs 116,0651 

Fungal infections Penicilliosis Other IDs 116,0651 

Fungal infections Rhinosporidiosis Other IDs 116,0651 

Fungal infections Blastomycosis Other IDs 116,0651 

Fungal infections Coccidioidomycosis Other IDs 116,0651 

Fungal infections Histoplasmosis Other IDs 116,0651 

Fungal infections Paracoccidioidomycosis Other IDs 116,0651 

Oomycetes Pythiosis Not identified 1003 

Unknown agents Brainerd diarrhoea Diarrheal diseases 3,308,9354 

Unknown agents Tropical pulmonary 

eosinophilia 

Not identified 1003 

Unknown agents Tropical sprue Not identified 1003 

Unknown agents Viliuisk 

encephalomyelitis 

Encephalitis 300,2656 

Arthropoda Pentastomiasis – 

Armillifer 

Not identified 1003 

Arthropoda Pentastomiasis – 

Linguatula 

Not identified 1003 

Arthropoda Tungiasis Not identified 1003 

Leishmaniasis Leishmaniasis – 

cutaneous/mucosal, 

Cutaneous leishmaniasis 20,8262 
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New World 

Leishmaniasis Leishmaniasis – 

cutaneous/mucosal, Old 

World 

Cutaneous leishmaniasis 20,8262 

Leishmaniasis Leishmaniasis – 

visceral 

Visceral leishmaniasis 4,241,4872 

Malaria Plasmodium knowlesi Malaria 13,098,6272 

Malaria Plasmodium malariae Malaria 13,098,6272 

Malaria Plasmodium ovale Malaria 13,098,6272 

Malaria Plasmodium vivax Malaria 13,098,6272 

Malaria Plasmodium falciparum Malaria 13,098,6272 

Babesiosis Babesiosis Other NTD 35,1985 

Trypanosomiasis African 

trypanosomiasis 

Trypanosomiasis 390,0752 

Trypanosomiasis American 

trypanosomiasis 

Chagas 338,4892 

Filariasis Filariasis - Bancroftian Lymphatic filariasis 674,0332 

Filariasis Filariasis – Brugia 

malayi 

Lymphatic filariasis 674,0332 

Filariasis Filariasis – Brugia 

timori 

Lymphatic filariasis 674,0332 

Fly-borne (N) Mansonelliasis – M. 

ozzardi 

Other NTD 35,1985 

Fly-borne (N) Mansonelliasis – M. 

perstans 

Other NTD 35,1985 

Fly-borne (N) Mansonelliasis – M. 

streptocerca 

Other NTD 35,1985 

Fly-borne (N) Loiasis Other NTD 35,1985 

Fly-borne (N) Onchocerciasis Onchocerciasis 1,179,8262 

Food/Water-

borne (N) 

Angiostrongyliasis Other NTD 35,1985 

Food/Water-

borne (N) 

Angiostrongyliasis – 

abdominal 

Other NTD 35,1985 

Food/Water-

borne (N) 

Baylisascariasis Not identified 1003 

Food/Water- Capillariasis – extra Other NTD 35,1985 
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borne (N) intestinal 

Food/Water-

borne (N) 

Capillariasis – intestinal Other NTD 35,1985 

Food/Water-

borne (N) 

Dioctophyme renalis  

infection 

Other NTD 35,1985 

Food/Water-

borne (N) 

Gnathostomiasis Other NTD 35,1985 

Food/Water-

borne (N) 

Gongylonemiasis Other NTD 35,1985 

Food/Water-

borne (N) 

Lagochilascariasis Other NTD 35,1985 

Food/Water-

borne (N) 

Mammomonogamiasis Other NTD 35,1985 

Food/Water-

borne (N) 

Oesophagostomiasis Other NTD 35,1985 

Food/Water-

borne (N) 

Trichostrongyliasis Other NTD 35,1985 

Food/Water-

borne (N) 

Dracunculiasis Other NTD 35,1985 

Soil-transmitted 

helminth 

Ascariasis Ascariasis 1,271,7082 

Soil-transmitted 

helminth 

Hookworm Hookworm 2,181,6652 

Soil-transmitted 

helminth 

Trichuriasis Trichuriasis 576,0302 

Other parasites Balantidiasis Other intestinal infectious 

diseases 

61,1798 

Other parasites Entamoeba polecki 

infection 

Other intestinal infectious 

diseases 

61,1798 

Cestodes Bertiella and 

Inermicapsifer 

Other NTD 35,1985 

Cestodes Coenurosis Other NTD 35,1985 

Cestodes Echinococcosis – 

American polycystic 

Cystic echinococcosis 60,5572 

Cestodes Echinococcosis – 

mulitlocular 

Cystic echinococcosis 60,5572 
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Cestodes Echinococcosis - 

unilocular 

Cystic echinococcosis 60,5572 

Cestodes Sparganosis Other NTD 35,1985 

Food/Water-

borne (Pl) 

Dicroceliasis Food-borne trematodiases 302,9027 

Food/Water-

borne (Pl) 

Echinostomiasis Food-borne trematodiases 302,9027 

Food/Water-

borne (Pl) 

Fasciolopsiasis Food-borne trematodiases 302,9027 

Food/Water-

borne (Pl) 

Gastrodiscoidiasis Food-borne trematodiases 302,9027 

Food/Water-

borne (Pl) 

Heterophyid infections Food-borne trematodiases 302,9027 

Food/Water-

borne (Pl) 

Metagonimiasis Food-borne trematodiases 302,9027 

Food/Water-

borne (Pl) 

Metorchiasis Food-borne trematodiases 302,9027 

Food/Water-

borne (Pl) 

Nanophyetiasis Food-borne trematodiases 302,9027 

Food/Water-

borne (Pl) 

Paragonimiasis Food-borne trematodiases 302,9027 

Food/Water-

borne (Pl) 

Clonorchiasis Food-borne trematodiases 302,9027 

Food/Water-

borne (Pl) 

Fascioliasis Food-borne trematodiases 302,9027 

Food/Water-

borne (Pl) 

Opisthorchiasis Food-borne trematodiases 302,9027 

Water-borne (Pl) Cercarial dermatitis Schistosomiasis 437,5492 

Water-borne (Pl) Schistosoma 

haematobium 

Schistosomiasis 437,5492 

Water-borne (Pl) Schistosoma 

intercalatum 

Schistosomiasis 437,5492 

Water-borne (Pl) Schistosoma japonicum Schistosomiasis 437,5492 

Water-borne (Pl) Schistosoma mansoni Schistosomiasis 437,5492 

Water-borne (Pl) Schistosoma mattheei Schistosomiasis 437,5492 

Water-borne (Pl) Schistosoma mekongi Schistosomiasis 437,5492 
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Mosquito-borne 

(V) 

California serogroup 

viruses 

Encephalitis 300,2656 

Mosquito-borne 

(V) 

Rift Valley fever Other NTD 35,1985 

Mosquito-borne 

(V) 

Dengue Dengue 1,142,7342 

Mosquito-borne 

(V) 

Ilheus and Bussuquara Encephalitis 300,2656 

Mosquito-borne 

(V) 

Japanese encephalitis Encephalitis 300,2656 

Mosquito-borne 

(V) 

Murray valley 

encephalitis 

Encephalitis 300,2656 

Mosquito-borne 

(V) 

Rocio Encephalitis 300,2656 

Mosquito-borne 

(V) 

Spondweni Other NTD 35,1985 

Mosquito-borne 

(V) 

St. Louis encephalitis Encephalitis 300,2656 

Mosquito-borne 

(V) 

Wesselsbron Other NTD 35,1985 

Mosquito-borne 

(V) 

West Nile fever Other NTD 35,1985 

Mosquito-borne 

(V) 

Yellow fever Yellow fever 30,6802 

Mosquito-borne 

(V) 

Zika Other NTD 35,1985 

Mosquito-borne 

(V) 

Coltiviruses – Old 

World 

Other NTD 35,1985 

Mosquito-borne 

(V) 

Barmah Forest disease Other NTD 35,1985 

Mosquito-borne 

(V) 

Chikungunya Other NTD 35,1985 

Mosquito-borne 

(V) 

Eastern equine 

encephalitis 

Encephalitis 300,2656 

Mosquito-borne 

(V) 

Karelian fever Other NTD 35,1985 
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Mosquito-borne 

(V) 

Mayaro Other NTD 35,1985 

Mosquito-borne 

(V) 

Ockelbo disease Other NTD 35,1985 

Mosquito-borne 

(V) 

O’nyong nyong Other NTD 35,1985 

Mosquito-borne 

(V) 

Pogosta disease Other NTD 35,1985 

Mosquito-borne 

(V) 

Ross River virus Other IDs 116,0651 

Mosquito-borne 

(V) 

Sindbis Other NTD 35,1985 

Mosquito-borne 

(V) 

Venezuelan equine 

encephalitis 

Other NTD 35,1985 

Mosquito-borne 

(V) 

Western equine 

encephalitis 

Encephalitis 300,2656 

Other arbovirus Bunyaviridae infections 

– miscellaneous 

Other NTD 35,1985 

Other arbovirus Group C viral fevers Other NTD 35,1985 

Other arbovirus Oropouche virus Other NTD 35,1985 

Other arbovirus Sandfly fever Other NTD 35,1985 

Tick-borne (V) Crimean-Congo 

hemorrhagic fever 

Other NTD 35,1985 

Tick-borne (V) Alkhurma hemorrhagic 

fever 

Other NTD 35,1985 

Tick-borne (V) Kyasanur Forest disease Other NTD 35,1985 

Tick-borne (V) Louping ill Encephalitis 300,2656 

Tick-borne (V) Omsk hemorrhagic 

fever 

Other NTD 35,1985 

Tick-borne (V) Powassan Encephalitis 300,2656 

Tick-borne (V) Tick-borne encephalitis Encephalitis 300,2656 

Tick-borne (V) Tick-borne encephalitis 

- Russian spring 

summer 

Encephalitis 300,2656 

Tick-borne (V) Thogoto Encephalitis 300,2656 

Tick-borne (V) Colorado tick fever Other NTD 35,1985 
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Avian contact 

(V) 

Avian influenza Not identified 1003 

Mammal contact 

(V) 

Chandipura and 

Vesicular stomatitis 

Other NTD 35,1985 

Mammal contact 

(V) 

Hendra virus disease Encephalitis 300,2656 

Mammal contact 

(V) 

Monkeypox Other IDs 116,0651 

Mammal contact 

(V) 

Nipah and Nipah-like 

virus disease 

Encephalitis 300,2656 

Mammal contact 

(V) 

Rabies Rabies 1,242,9022 

Mammal contact 

(V) 

Tanapox virus disease Not identified 1003 

Mammal contact 

(V) 

Vaccinia and cowpox Not identified 1003 

Filoviridae Ebola Other NTD 35,1985 

Filoviridae Marburg Other NTD 35,1985 

Picornaviridae Poliomyelitis Other IDs 116,0651 

Robovirus Argentine hemorrhagic 

fever (Junin virus) 

Other NTD 35,1985 

Robovirus Bolivian hemorrhagic 

fever (Machupo virus) 

Other NTD 35,1985 

Robovirus Brazilian hemorrhagic 

fever (Sabia virus) 

Other NTD 35,1985 

Robovirus Lassa fever Other NTD 35,1985 

Robovirus Venezuelan 

hemorrhagic fever 

Other NTD 35,1985 

Robovirus Whitewater Arroyo 

virus infection 

Other NTD 35,1985 

Robovirus Hantavirus infection – 

Old World 

Other NTD 35,1985 

Robovirus Hantavirus pulmonary 

syndrome 

Other IDs 116,0651 

HIV HIV HIV 69,480,6612 
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a – for a more thorough description of pathogenic agents included in these terms, please refer to 

the publication by Hay et al. (2013). 

Table footnotes 

1. Other infectious diseases 

A variety of diseases are included in the GBD “Other infectious diseases” category (see 

appendix of GBD outputs for correspondence between GBD categorisations and ICD-10 codes 

[24,25,27]). Of the 355 diseases listed in a previous study considering the diversity of infectious 

diseases [26], 66 were classified as “Other infectious diseases”, each assigned 7,660,320/66 = 

116,065 DALYs. 

2. Direct correspondences 

Diseases for which direct associations could be made between the nomenclature of the GBD 

and the list of mapping diseases are included in the table above. Some differences are apparent 

in the level of the nomenclature at the disease level, with GBD entries corresponding to clusters 

rather than individual diseases. For instance, the GBD “malaria” entry corresponds to the 

cluster level in the mapping list, which is made up of the five disease species (Plasmodium 

falciparum, P. vivax, P. ovale, P. malariae and P. knowlesi). 

3. Non-corresponding diseases 

For a handful of diseases, reconciliation of the disease with GBD (directly or through an ICD-

10 code) was not possible. Typically these diseases were of endogenous origin (and were often 

classified as non-communicable within GBD) or related to ectoparasites. These diseases were 

each allocated a nominal 100 DALYs. Of the diseases included in the GBD, the infectious 

disease with lowest DALYs was yellow fever with 30,680, followed by leprosy with 39,707. 

The nominal DALY allocation to diseases not identified in the GBD list would therefore not 

skew any of the analytical outputs but enabled the diseases to be included in the analytical plots. 

4. Diarrhoeal diseases 

A variety of diseases are included in the GBD “Diarrheal diseases” category (see appendix of 

GBD outputs for correspondence between GBD categorisations and ICD-10 codes [24,25,27]). 

Of the 355 diseases listed by Hay et al. (2013), 22 were classified as “Diarrheal diseases”, each 

assigned 72,796,573/22 = 3,308,935 DALYs. 

5. Other neglected tropical diseases 
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A variety of diseases are included in the GBD “Other neglected tropical diseases” category (see 

appendix of GBD outputs for correspondence between GBD categorisations and ICD-10 codes 

[24,25,27]). Of the 355 diseases listed by Hay et al. (2013), 89 were classified as “Other 

neglected tropical diseases”, each assigned 3,132,659/89 = 35,198 DALYs. 

6. Encephalitis 

A variety of diseases are included in the GBD “Encephalitis” category (see appendix of GBD 

outputs for correspondence between GBD categorisations and ICD-10 codes [24,25,27]). Of the 

355 diseases listed by Hay et al. (2013), 16 were classified as “Encephalitis”, each assigned 

4,804,232/16 = 300,265 DALYs. 

7. Food-borne trematodiases 

A variety of diseases are included in the GBD “Food-borne trematodiases” category (see 

appendix of GBD outputs for correspondence between GBD categorisations and ICD-10 codes 

[24,25,27]). Of the 355 diseases listed by Hay et al. (2013), 12 were classified as “Food-borne 

trematodiases”, each assigned 3,634,820/12 = 302,902 DALYs. 

8. Other intestinal infectious diseases 

A variety of diseases are included in the GBD “Other intestinal infectious diseases” category 

(see appendix of GBD outputs for correspondence between GBD categorisations and ICD-10 

codes [24,25,27]). Of the 355 diseases listed by Hay et al. (2013), 7 were classified as “Other 

intestinal infectious diseases”, each assigned 428,255/7 = 61,179 DALYs.  
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Ranking the disease-specific priorities of the global public health community. 

An important factor in determining a prioritization road-map for disease mapping is to ensure 

that diseases for which maps are in greatest demand are addressed first. This was achieved by a 

survey of a subset of anticipated end-users of the maps, to see which diseases were being 

targeted by the major public health stakeholders: publicly-funded health agencies, private 

companies (e.g. vaccine developers), political commitments, non-governmental organisation 

(NGOs), advocates and practitioners, as well as the scientific research community. Examples 

from the different categories of stakeholders were looked into to capture a sample across the 

spectrum of interest groups. 

1. International global health agencies 

Diseases of primary interest to the NGO and private sector of the global health community were 

surveyed from a varied spectrum of agencies. Agencies whose interests were focused on a 

single cause were excluded (e.g. President’s Malaria Initiative and the Polio Global Eradication 

Initiative); as were those whose scope was too comprehensive and far-reaching to allow 

determination of specific diseases which they prioritized (e.g.UNICEF, WHO and World 

Bank). The agencies included in the review are listed in the table below and were selected to 

cover a broad range of fields interested in public health. It was found that the diseases identified 

by such agencies reached a critical threshold of around 45 diseases – this number remained 

constant beyond approximately 15 agencies, as a result the specific agencies selected is not 

significant. Webpages describing each agency’s scope and priorities were searched, and all 

diseases cited as being a focus of the agency’s work were recorded. Diseases were allocated a 

point for each agency which targeted them. 

Tag-line descriptions and URLs of the fifteen agencies surveyed for their diseases of focus. 

Agency Description (paraphrased from self-
description)  URL 

BMGF: Bill & Melinda 
Gates Foundation 

Funding agency: harness advances in science and 
technology to save lives in developing countries. 

http://www.gatesfoun
dation.org/What-We-
Do 

Carter Center 
Focus on eradication and elimination of diseases. 
Health education and simple, low-cost methods. 
Surveillance and delivery systems. 

http://www.cartercent
er.org/health/index.ht
ml 

CDC Neglected Parasite 
Infections 

Focussed public health action focus on diseases 
selected based on: number of people infected, 
severity of the illness, preventability and 
treatability. 

http://www.cdc.gov/p
arasites/npi.html 

Clinton Foundation 
Forms partnerships to strengthen health systems, 
increase access to lifesaving services, fight 
climate change, expand economic opportunities. 

http://www.clintonfou
ndation.org/our-
work/clinton-health-
access-initiative 

CORE Group Brings together 70+ members to improve and http://www.coregroup.

http://www.coregroup.org/index.php
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expand community health practices. Supports 
NGOs and governments. 

org/index.php 

GAVI Increasing access to immunisation. http://www.gaviallian
ce.org/support/nvs/ 

IVI Private company: vaccine development http://www.ivi.int/web
/www/02_04 

London 2012 
Declaration/WHO 2020 
goals for NTDs 

Commitment & collaboration by varied set of 
partners to address NTD disease burden.  

http://unitingtocombat
ntds.org/ 

MSF: Médecins Sans 
Frontières 

Medical consultations: medical activities range 
from vaccination campaigns to complex surgery 

http://www.msf.org.uk
/medical-issues-0 

PATH Driving transformative innovation to save lives. 
Development to delivery. 

http://www.path.org/o
ur-work/emerging-
and-epidemic-
diseases.php 

PSI: Population Services 
International 

Focus on serious challenges to global health. 
Communication & distribution efforts to ensure 
acceptance & proper use of health services & 
products. 

http://www.psi.org/ou
r-work/healthy-lives 

Sabin 
Private company: vaccine development. 
Development of sustainable, cost-effective 
vaccines. 

http://www.sabin.org/
programs/vaccine-
development 

Shantha Biotechnics Private company: vaccine development. Develop 
cost-effective human health care products. 

http://www.shanthabio
tech.com/r&d.html 

TDR: Special Programme 
for Research and 
Training in Tropical 
Diseases 

Hosted by WHO, global programme for scientific 
collaboration to help facilitate, support and 
influence efforts to combat diseases of poverty. 

http://www.who.int/td
r/diseases-topics/en/ 

USAID 
US government agency. Works to end extreme 
global poverty and enable resilient, democratic 
societies realise their potential. 

http://www.usaid.gov/
what-we-do/global-
health 

 

2. Notifiable Diseases 

Diseases which were notifiable to any of the following Public Health agencies were given one 

point. These countries were chosen in order to reflect the main GBD regions (‘High Income’, 

‘Latin America and Caribbean’, ‘Sub-Saharan Africa’, ‘North Africa and Mediterranean’, 

‘South Asia’, ‘Southeast Asia East Asia and Oceania’ and ‘Central and Eastern Europe and 

Central Asia’. 

USA - http://wwwn.cdc.gov/NNDSS/script/ConditionList.aspx?Type=0&Yr=2014 

Brazil - http://www.anvisa.gov.br/hotsite/cruzeiros/documentos/2013/Annex%20II%20-

%20%20NOTIFIABLE%20DISEASES%20IN%20BRAZIL.pdf 

Zambia – http://www.hsa.org.za/misc/Notifiable%20Diseases.pdf 

United Arab Emirates - 

https://www.haad.ae/HAAD/LinkClick.aspx?fileticket=NR4IhJoy5Bo%3D&tabid=1177 

http://www.coregroup.org/index.php
http://wwwn.cdc.gov/NNDSS/script/ConditionList.aspx?Type=0&Yr=2014
http://www.anvisa.gov.br/hotsite/cruzeiros/documentos/2013/Annex%20II%20-%20%20NOTIFIABLE%20DISEASES%20IN%20BRAZIL.pdf
http://www.anvisa.gov.br/hotsite/cruzeiros/documentos/2013/Annex%20II%20-%20%20NOTIFIABLE%20DISEASES%20IN%20BRAZIL.pdf
http://www.hsa.org.za/misc/Notifiable%20Diseases.pdf
https://www.haad.ae/HAAD/LinkClick.aspx?fileticket=NR4IhJoy5Bo%3D&tabid=1177
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India - http://health.puducherry.gov.in/details_of_notifiable_diseases.htm 

Malaysia - 

http://www.jknselangor.moh.gov.my/documents/pdf/sharingDoc/pdf/leptospirosis/Notifikasi.pd

f 

Croatia - http://hzjz.hr/wp-content/uploads/2013/11/definicije_zb_12.pdf  

http://health.puducherry.gov.in/details_of_notifiable_diseases.htm
https://owa.nexus.ox.ac.uk/owa/redir.aspx?C=LYe87sozoE2Ll7VIj6l7Mg8OD86uBtIIvB1kxls8da2CnpqEE2Z8BmWA9E8-i0om-rxRv0M0Jnc.&URL=http%3a%2f%2fwww.jknselangor.moh.gov.my%2fdocuments%2fpdf%2fsharingDoc%2fpdf%2fleptospirosis%2fNotifikasi.pdf
https://owa.nexus.ox.ac.uk/owa/redir.aspx?C=LYe87sozoE2Ll7VIj6l7Mg8OD86uBtIIvB1kxls8da2CnpqEE2Z8BmWA9E8-i0om-rxRv0M0Jnc.&URL=http%3a%2f%2fwww.jknselangor.moh.gov.my%2fdocuments%2fpdf%2fsharingDoc%2fpdf%2fleptospirosis%2fNotifikasi.pdf
http://hzjz.hr/wp-content/uploads/2013/11/definicije_zb_12.pdf
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Final cluster prioritisation ranking. B = bacteria, Pl = platyhelminth, N = nematode, V = 
virus, VBD = vector-borne disease.  

Ranking Cluster 
1 Malaria 
2 HIV 
3 Tuberculosis 
4 Food/Water-borne (B) 
5 Water-borne (Pl) 
6 Trypanosomiasis 
7 Filariasis 
8 Soil-transmitted helminths 
9 Leishmaniasis 

10 Unknown agent 
11 Picornaviridae 
12 Food/Water-borne (N) 
13 Fly-borne (N) 
14 Direct contact (B) 
15 Mosquito-borne (V) 
16 Mammal contact (V) 
17 Tick-borne (V) 
18 Tick-borne (B) 
19 Food/Water-borne (Pl) 
20 Fungus 
21 Flea/Mite-borne (B) 
22 Robovirus 
23 Filoviridae 
24 Treponematoses 
25 Babesiosis 
26 Cestodes 
27 Burkholderiaceae 
28 Avian contact (V) 
29 Other arbovirus 
30 Other parasites 
31 Other VBD (B) 
32 Arthropoda 
33 Oomycetes 
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A.2. Appendix to Chapter 3 

This appendix consists of three parts: 

(i) Global evidence consensus for Cutaneous Leishmaniasis – due to space constraints, this 

appendix is available online at http://datadryad.org/resource/doi:10.5061/dryad.05f5h/2. Paper 

versions are available on request. 

(ii) Global evidence consensus for Visceral Leishmaniasis – due to space constraints, this 

appendix is available online at http://datadryad.org/resource/doi:10.5061/dryad.05f5h/1. Paper 

versions are available on request. 

(iii) Populations living in areas of environmental risk of Leishmaniasis. 

  

http://datadryad.org/resource/doi:10.5061/dryad.05f5h/2
http://datadryad.org/resource/doi:10.5061/dryad.05f5h/1


These data tables reported the estimated populations living in areas of environmental risk of 
cutaneous leishmaniasis (CL) or visceral leishmaniasis (VL). For a full methodology and 
indications of geographic range of these populations, please consult the full publication that this 
dataset is associated with: Pigott et al. (2014) “Global distribution maps of the leishmaniases” 

Country Estimated Population at Risk of CL 

Brazil 148786750 

Colombia 44869432 

Venezuela 26249248 

Peru 20095782 

Mexico 11929507 

Ecuador 12469102 

Guatemala 8991769 

Argentina 7970827 

Haiti 6559161 

Dominican Republic 5910084 

Bolivia 5727962 

Honduras 5488859 

Paraguay 5209033 

USA 4438373 

El Salvador 4660440 

Costa Rica 4243499 

Nicaragua 4003127 

Panama 3308074 

Guyana 651271 

Suriname 520165 

Guadeloupe 415227 

Martinique 368280 

Belize 237741 

French Guiana 216055 

New World Total 333,319,768 

Table 1: Population at risk estimates for CL in the New World 

Country Estimated Population at Risk of CL 

India 319099420 

Pakistan 156427700 

China 88989808 



Egypt 81115232 

Iran 60143656 

Nigeria 52041104 

Bangladesh 44769740 

Italy 35991912 

Algeria 30969660 

Morocco 30282374 

Iraq 29738302 

Spain 28491340 

Saudi Arabia 21682114 

Sudan 21327576 

Syria 20784102 

Yemen 20909202 

Turkey 20876026 

Ethiopia 20051208 

Afghanistan 15616552 

DR Congo 13122353 

Uzbekistan 12793034 

Kenya 12633773 

Ghana 12069712 

France 10412137 

Tunisia 9711311 

Côte d'Ivoire 79260723 

Sri Lanka 7250986 

Greece 6818007 

Jordan 6358596 

Israel 6241936 

Cameroon 6020805 

Portugal 5996409 

Libya 5716142 

Senegal 5869205 

Burkina Faso 5379299 

Uganda 5133872 

Mali 4558003 

Nepal 4574548 



Turkmenistan 3957351 

Tajikistan 3792547 

Malawi 3715664 

Togo 3708668 

Lebanon 3469485 

Kashmir 3325686 

Azerbaijan 3336433 

West Bank 2842185 

Niger 2852365 

Chad 2634509 

Oman 2438769 

South Sudan 1632959 

Somalia 1554121 

Gaza Strip 1515670 

Myanmar 1766342 

Albania 1451897 

Eritrea 1449614 

Kuwait 1360076 

Georgia 1182311 

Armenia 1038948 

Gambia 1085648 

Guinea 1157852 

Mauritania 933688 

Central African Republic 873835 

South Africa 739913 

Djibouti 651927 

Kazakhstan 605987 

Namibia 538628 

Jammu Kashmir 461560 

Guinea-Bissau 409057 

Cyprus 383121 

Bulgaria 373336 

Kyrgyzstan 458086 

Malta 340932 

Croatia 277165 



Western Sahara 276087 

Macedonia 123064 

Thailand 146535 

Bosnia and Herzegovina 49072 

Dhekelia and Akrotiri SBA 25129 

Timor-Leste 7553 

Old World Total 1,378,171,654 

Table 2: Population at risk estimates for CL in the Old World 

Country Estimated Population at Risk of VL 

Brazil 103739410 

Colombia 11152233 

Mexico 2917514 

Peru 9544072 

Venezuela 7910364 

Guatemala 3834989 

Bolivia 1053440 

Haiti 1544787 

El Salvador 2955878 

Paraguay 2764511 

Ecuador 2650906 

Honduras 2001578 

Nicaragua 1431155 

Argentina 1055045 

Panama 1108801 

Costa Rica 506949 

Suriname 304616 

Guadeloupe 133458 

New World Total 156,609,706 

Table 3: Population at risk estimates for VL in the New World 

Country Estimated Population at Risk of VL 

India 495733890 

China 205894780 

Pakistan 84579008 

Bangladesh 72436664 



Egypt 64553600 

Nigeria 47012432 

Italy 44722576 

Iran 45267152 

Ethiopia 36732612 

Spain 31302114 

Turkey 27892914 

Algeria 27377244 

Morocco 21228010 

Uzbekistan 16710510 

Sudan 16259580 

Myanmar 14260147 

Iraq 16618775 

Kenya 14151164 

Nepal 13864455 

Yemen 12390054 

DR Congo 12956326 

France 12602770 

Syria 10079691 

Ghana 8797417 

Tunisia 8903542 

Saudi Arabia 6791114 

Afghanistan 8350620 

Greece 8662354 

Portugal 7716353.5 

Thailand 7357333 

Côte d'Ivoire 6163972 

Burkina Faso 5888366 

Senegal 5951419 

Uganda 4603301 

Azerbaijan 5478662 

Malawi 4266093 

Kazakhstan 3494969 

Kashmir 4140429 

Mali 4540417 



Libya 4890205 

Jordan 4676653 

Zambia 4129548 

Israel 4664590 

South Sudan 3749817 

Togo 4209735 

Cameroon 3426504 

Tajikistan 3349900 

Somalia 2363005 

Kyrgyzstan 3003517 

Eritrea 2665204 

Lebanon 3000633 

Sri Lanka 1948560 

Turkmenistan 2730315 

Bulgaria 2543448 

Chad 2679550 

West Bank 2750155 

Serbia 1975425 

Niger 2398483 

Guinea 2152579 

Albania 2267011 

Oman 2081964 

Georgia 1799810 

Tanzania 1575703 

Armenia 1634395 

Mozambique 1545311 

Gaza Strip 1515670 

Angola 1276322 

Macedonia 1366606 

Gambia 1155756 

Central African Republic 1069348 

Jammu Kashmir 749959 

Guinea-Bissau 678762 

Bosnia and Herzegovina 514575 

Ukraine 109877 



Djibouti 652505 

Croatia 524861 

Malta 340932 

Viet Nam 234543 

Mongolia 159656 

Western Sahara 275970 

Cyprus 237389 

Timor-Leste 164646 

Montenegro 132288 

Bhutan 24241 

Old World Total 1,531,128,756 

Table 4: Population at risk estimates for VL in the Old World 

 

 



A.3. Appendix to Chapter 4 

This appendix consists of three parts 

(i) Figure 5 – figure supplement 1: Covariates used in predicting zoonotic transmission niche of 

Ebola. 

(ii) Figure 5 – figure supplement 2: Marginal effect plots for each covariate used in the Ebola 

virus distribution model. 

(iii) Figure 5 – figure supplement 3: Comparison of predictions for zoonotic niche of Ebola 

virus excluding the Guinea outbreak. 

  



Figure 5—figure supplement 1.Covariates used in predicting zoonotic transmission niche 
of Ebola. 

(A) Displays elevation across Africa measured in metres, relative to sea level. (B and C) Show 
enhanced vegetation index (EVI) values (mean and spatial range respectively) on a scale from 0 
to 1. (D–G) Display land surface temperature (LST) (mean and spatial range for day and night 
respectively) measured in degrees Celsius. (H) Shows potential evapotranspiration (PET) for 
Africa, in millimetres per month and (I) gives the composite, relative probability of occurrence 
of the three suspected reservoir bat species. For details of how each of these covariate layers 
was derived see ‘Materials and methods’.  



 

Figure 5—figure supplement 2.Marginal effect plots for each covariate used in the Ebola 
virus distribution model. 

Each panel illustrates the marginal effect (averaging over the effects of other covariates) that 
changes in each of the covariates has on the predicted relative probability of occurrence of 
zoonotic Ebola virus transmission. Grey regions and solid lines give the 95% confidence region 
(a metric of uncertainty) and mean value calculated across all 500 submodels. The mean 
relative contribution of the covariate to the model (the proportion of iterations in which the 
covariate was selected by the model-fitting algorithm, indicating sensitivity to the covariates) is 
given as an inset number. The dependency plots are ordered by mean relative contribution of 
the covariate. EVI = enhanced vegetation index, LST = land surface temperature and PET = 
potential evapotranspiration 

 

  



 

Figure 5—figure supplement 3.Comparison of predictions for zoonotic niche of Ebola 
virus excluding the Guinea outbreak. 

(A) Shows the predicted zoonotic niche excluding the index case for the Guinea outbreak from 
the dataset used to train the model. (B) Shows the prediction when including the Guinea data in 
the model (the model presented in Figure 5). The circle depicts the location of the Guinean 
index case (#23 in Table 1). As per Figure 5, the scale reflects the relative probability that 
zoonotic transmission of Ebola virus could occur at these locations; areas closer to 1 (red) are 
more likely to harbour zoonotic transmission than those closer to 0 (blue). 

 



A.4. Appendix to Chapter 5 

This appendix consists of two parts: 

(i) Supplementary Figure 1: Prediction range of model 1: human cases only. 

(ii) Supplementary Figure 2: Prediction range of model 2: both human index cases and 

infections in animals. 

  



 

Supplementary Figure 1. Prediction range of model 1:  human cases only. The 

difference between the 5 and 95% confidence interval of predicted values was 

calculated. Areas in red have the greatest range in prediction values whilst areas in 

white, the smallest. The maximum range of pixel values is 0.76. 

 



 

Supplementary Figure 2. Prediction range of model 2: both human index cases 
and infections in animals. The difference between the 5 and 95% confidence interval 

of predicted values was calculated. Areas in red have the greatest range in prediction 

values whilst areas in white, the smallest. The maximum range of pixel values is 0.74. 

 



A.5. Appendix to Chapter 6 

This appendix consists of three parts: 

(i) Supplementary information 1: Plots of all covariates entered into the boosted regression tree 

(BRT). 

(ii) Supplementary information 2: Effect plots for BRT covariates. 

(iii) Supplementary information 3: Evidence consensus scoring for Crimean-Congo 

haemorrhagic fever – due to size constraints this will be made available upon request 

  



Supplementary Information 1 

Figure 1. Plots of all covariates entered into the boosted regression tree (BRT). 

(a) % grass or shrub land cover; (b) mean annual land surface temperature; (c) standard 
deviation of mean annual EVI; (d) mean annual precipitation (mm); (e) mean annual 
EVI  

 

 

 

 

 

 



Supplementary Information 2 

Figure 1. Effect plots for BRT covariates. 

 

 (a) % grass or shrub land cover; (b) mean annual land surface temperature; (c) standard 
deviation of mean annual EVI; (d) mean annual precipitation (mm); (e) mean annual EVI  

 



A.6. Appendix to Chapter 7 

This appendix consists of four parts: 

(i) File S1: Evidence consensus. 

(ii) File S2: Model outputs. 

(iii) File S3: Partial dependency plots. 

(iv) File S4: Population at risk. 



Supplementary Information for Mylne et al. (2015) “Mapping the zoonotic niche of Lassa 
fever in Africa” – File S1 Evidence consensus 
 

Methodology 

 

Evidence consensus is designed to assess a variety of information sources to evaluate the 

likely presence or absence of a disease in a specific country.1 Whilst highlighting countries 

where conflicting information or data gaps and uncertainty cloud the ability for a definitive 

presence/absence assessment is important in its own right, these surfaces can also be 

incorporated into models of disease risk as a way of informing background data selection and 

masking out areas which are environmentally suitable for transmission of disease, but where 

the disease is absent for other reasons such as human control or biogeographic features.2-4. 

Four main data sources were used to assess the variety of information associated with Lassa 

fever across the African continent. They included: health organisation status; peer-reviewed 

literature evidence of infection in humans; case data looking at outbreak sizes; and animal 

infection information. 

 

Health organisation status (-3 to +3) 
Three bodies that assess national status of endemicity for Lassa fever were included: the World 

Health Organization (WHO);5 the Centers for Disease Control (CDC);6 and the Global Infectious 

Diseases and Epidemiology Online Network (GIDEON).7 For each organisation, +1 was scored 

if a country was indicated as disease endemic or had the disease present and -1 was scored if 

Lassa fever was reported as absent. 

 

Reports of human infection (+2 to +6) 
A search for articles on Lassa fever was performed using PubMed, Web of Science and 

Scopus. Within these articles, cases of Lassa fever in humans were identified for as many 

African countries as possible. Each case was evaluated for contemporariness (+3 2007-2014, 

+2 1999-2006, +1 1998 and earlier) and diagnostic accuracy (+3 for PCR or genetic isolation, 

+2 for serological based detection, +1 for reported cases without diagnostic support). The 

highest scoring report was included in the final table. 

 

Case data for outbreaks (-6 to +6) 
Outbreaks were identified and assessed by size and contemporariness as outlined below: 

Case numbers Date Score 

20+ 2007-2014 +6 

20+  1999-2006 +5 

20+  1998 and earlier +4 

5-19  2007-2014 +3 

5-19  1999-2006 +2 



5-19  1998 and earlier +1 

 

Where no outbreak was identified, we assessed healthcare expenditure and adjacency to 

countries with reported cases to quantify the likelihood of genuine absence versus 

underreporting. Information on healthcare expenditure was derived from the WHO World Health 

Statistics 8 listing of per capita total expenditure on health at the average exchange rate in USD 

for the year 2011. Healthcare expenditure was categorised into three classes: Healthcare 

Expenditure (HE) Low (<$150), HE Medium ($150<x<$500), HE High (>$500). Adjacency was 

considered where countries shared a common border. Adjacency was categorised into four 

classes: (i) no neighbours reported cases of Lassa fever; (ii) one neighbour reported cases 

(unless the country only bordered one or two countries); (iii) two neighbours reported cases 

(unless the country only bordered two countries) or half of the bordering countries had cases; 

and (iv) three neighbours reported cases or all neighbouring countries had cases. The 

complication in categorisation was necessary in order to avoid unfairly penalising those 

countries with fewer shared borders. Healthcare expenditure and adjacency were then 

considered within the context of each other and scores assigned as follows: 

Healthcare class No neighbours One neighbour Two 

neighbours/half 

of all neighbours 

Three or more 

neighbours/all 

neighbours 

HE Low -2 0 +3 +6 

HE Medium -4 0 +2 +5 

HE High -6 0 +1 +4 

 

Animal infection (+1) 
In addition to collecting data on human infections, animal infection reports were also included. If 

there was evidence of infection in the rodent host (the Natal multimammate mouse, Mastomys 

natalensis) +1 was added as a supplementary score. 

 

Final evaluation 
All the scores were added together to generate the final evidence consensus value. The 

denominator (maximum possible score) varied depending on which criteria were included. If no 

peer-review literature cases could be found the denominator was 9 (3 from Health Reporting 

Organisation status and 6 from case data/healthcare expenditure status). If peer-reviewed 

reports were present, the denominator was 15 (3 from Health Reporting Organisation status, 6 

from the peer-review literature cases and 6 from case data/healthcare expenditure status). 

Where a country had evidence of rodent infection, the denominator was increased by 1 (i.e. /10 

or /16). The final score was then reported as a percentage. The full evidence consensus table is 

outlined below. 



Table S1.1: Evidence consensus  
Country GIDEON WHO CDC Peer 

Review 

Case Data Animal Score 

Algeria Not 

endemic 

Absent Absent 

 

-3 

 -  Neighbours 

Mali 

HE Medium 

($233) 

 

0 

 -  -3+0/9 

 

-33% 

Angola Not 

endemic 

Absent Absent 

 

-3 

 -  No 

neighbours 

HE Medium 

($178) 

 

-4 

 -  -3-4/9 

 

-78% 

Benin Not 

endemic 

Present Present 

 

+1 

2014 

Serology 9 

 

+5 

15 cases in 

2014 9 

 

+3 

 -  1+5+3/15 

 

+60% 

Botswana Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Medium 

($404) 

 

-4 

 -  -3-4/9 

 

-78% 

Burkina Faso Endemic Absent Present 
 

+1 

1975 
Serology 10 

+3 

Neighbours 
Ivory Coast, 

Ghana, Benin, 

and Mali 

HE Low ($39) 

 

+6 

 -  1+3+6/15 
 

+67% 

Burundi Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($21) 

 

-2 

 -  -3-2/9 

 

-56% 

Cameroon Not 

endemic 

Absent Absent 

 

-3 

 - Neighbours 

Nigeria 

HE Low ($64) 

 

0 

Serological 

evidence in 

1989 11 

 

+1 

-3+0+1/10 

 

-20% 

Cape Verde Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Medium 

($153) 

 

-4 

 -  -3-4/9 

 

-78% 

Central Endemic Absent Absent  - No  -  -1-2/9 



African 

Republic 

 

-1 

neighbours 

HE Low ($19) 

 

-2 

 

-33% 

Chad Not 

endemic 

Absent Absent 

 

-3 

 - Neighbours 

Nigeria 

HE Low ($25) 

 

0 

 -  -3+0/9 

 

-33% 

Comoros Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($31) 

 

-2 

 -  -3-2/9 

 

-56% 

Congo Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($85) 

 
-2 

 -  -3-2/9 

 

-56% 

Cote d'Ivoire Endemic Absent Present 

 

+1 

1975 

Serology 10 

 

+3 

All neighbours 

have reported 

Lassa cases 

HE Low ($84) 

 

+6 

 -  1+3+6/15 

 

+67% 

Democratic 

Republic of 

the Congo 

Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($15) 

 

-2 

 -  -3-2/9 

 

-56% 

Djibouti Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low 

($119) 

 

-2 

 -  -3-2/9 

 

-56% 

Egypt Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low 

($137) 

 

-2 

 -  -3-2/9 

 

-56% 

Equatorial 

Guinea 

Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE High 

($1051) 

 

-6 

 -  -3-6/9 

 

-100% 

Eritrea Not 

endemic 

Absent Absent 

 

 - No 

neighbours 

 -  -3-2/9 

 



-3 HE Low ($12) 

 

-2 

-56% 

Ethiopia Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($14) 

 

-2 

 -  -3-2/9 

 

-56% 

Gabon Endemic Absent Absent 

 

-1 

 - No 

neighbours 

HE Medium 

($401) 

 

-4 

 -  -1-4/9 

 

-56% 

Gambia Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($24) 

 
-2 

 -  -3-2/9 

 

-56% 

Ghana Endemic Absent Present 

 

+1 

2012 

PCR 12 

 

+6 

Neighbours 

Ivory Coast 

and Burkina 

Faso 

HE Low ($83) 

 

+3 

 -  1+6+3/15 

 

+67% 

Guinea Endemic Present Present 

 

+3 

2013 

PCR 13 

 

+6 

22 cases 

between 1996 

and 1999 14 

 

+2 

Multiple 

infections 

reported 15, 

16 

 

+1 

3+6+2+1/16 

 

+75% 

Guinea-

Bissau 

Not 

endemic 

Absent Absent 

 

-3 

 - Neighbours 

Guinea 

HE Low ($35) 

 

+3 

 -  -3+3/9 

 

0% 

Kenya Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($35) 

 

-2 

 -  -3-2/9 

 

-56% 

Lesotho Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($35) 

 

-2 

 -  -3-2/9 

 

-56% 

Liberia Endemic Present Present 

 

+3 

2010 

PCR 17 

 

21 cases in 

2007 18-20 

 

 -  3+6+6/15 

 

+100% 



+6 +6 

Libya Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Medium 

($211) 

 

-4 

 -  -3-4/9 

 

-78% 

Madagascar Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($19) 

 

-2 

 -  -3-2/9 

 

-56% 

Malawi Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($30) 

 

-2 

 -  -3-2/9 

 

-56% 

Mali Endemic Absent Present 

 

+1 

1975 

Serology 10 

 

+3 

Neighbours 

Guinea, Ivory 

Coast and 

Burkina Faso 

HE Low ($51) 

 

+6 

PCR 

isolation in 

2013 21 

 

+1 

1+3+6+1/16 

 

+69% 

Mauritania Not 

endemic 

Absent Absent 

 

-3 

 - Neighbours 

Mali 

HE Low ($51) 

 

0 

 -  -3+0/9 

 

-33% 

Mauritius Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Medium 

($450) 

 

-4 

 -  -3-4/9 

 

-78% 

Mayotte Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

Assumed HE 

High 

 

-6 

 -  -3-6/9 

 

-100% 

Morocco Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Medium 

($195) 

 

-4 

 -  -3-4/9 

 

-78% 

Mozambique Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($33) 

 -  -3-2/9 

 

-56% 



 

-2 

Namibia Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Medium 

($486) 

 

-4 

 -  -3-4/9 

 

-78% 

Niger Not 

endemic 

Absent Absent 

 

-3 

 - Neighbours 

Nigeria, 

Benin, 

Burkina Faso 

and Mali 

HE Low ($25) 

 

+6 

 -  -3+6/9 

 

+33% 

Nigeria Endemic Present Present 

 
+3 

2013 

PCR 22, 23 
 

+6 

208 cases in 

2014 24 
 

+6 

Serological 

evidence 
(2005) 25 

and viral 

isolation 

(1975) 26 

 

+1 

3+6+6+1/16 

 
+100% 

Réunion Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

Assumed HE 

High 

 

-6 

 -  -3-6/9 

 

-100% 

Rwanda Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($62) 

 

-2 

 -  -3-2/9 

 

-56% 

Sao Tome 

and Principe 

Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low 

($108) 

 

-2 

 -  -3-2/9 

 

-56% 

Senegal Endemic Absent Absent 

 

-1 

 - Neighbours 

Guinea and 

Mali 

HE Low ($54) 

 

+3 

 -  -1+3/9 

 

+22% 

Seychelles Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Medium 

 -  -3-4/9 

 

-78% 



($413) 

 

-4 

Sierra Leone Endemic Present Present 

 

+3 

2011 

PCR 27 

 

+6 

153 cases in 

2010 28 

 

+6 

Multiple 

infections 

reported 29, 

30 

 

+1 

3+6+6+1/16 

 

+100% 

Somalia Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

Assumed HE 

Low 

 

-2 

 -  -3-2/9 

 

-56% 

South Africa Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE High 
($670) 

 

-6 

 -  -3-6/9 

 

-100% 

South Sudan Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($32) 

 

-2 

 -  -3-2/9 

 

-56% 

Sudan Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low 

($119) 

 

-2 

 -  -3-2/9 

 

-56% 

Swaziland Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Medium 

($270) 

 

-4 

 -  -3-4/9 

 

-78% 

Togo Not 

endemic 

Absent Present 

 

-1 

 - All neighbours 

have reported 

cases 

HE Low ($43) 

 

+6 

 -  -1+6/9 

 

+56% 

Tunisia Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Medium 

($304) 

 

-4 

 -  -3-4/9 

 

-77% 



Uganda Endemic Absent Absent 

 

-1 

 - No 

neighbours 

HE Low ($41) 

 

-2 

 -  -1-2/9 

 

-33% 

United 

Republic of 

Tanzania 

Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

HE Low ($38) 

 

-2 

 -  -3-2/9 

 

-56% 

Western 

Sahara 

Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

Assumed HE 

Low  

 

-2 

 -  -3-2/9 

 

-56% 

Zambia Not 

endemic 

Absent Absent 

 
-3 

 - No 

neighbours 
HE Low ($87) 

 

-2 

 -  -3-2/9 

 
-56% 

Zimbabwe Not 

endemic 

Absent Absent 

 

-3 

 - No 

neighbours 

Assumed HE 

Low 

 

-2 

 -  -3-2/9 

 

-56% 

 



 
Figure S1.1: Map of Africa showing evidence consensus scores for Lassa fever 
presence/absence  

Areas in red indicate consensus on disease presence whilst areas in blue have consensus on 

disease absence.  



References 

 

1. Brady OJ, Gething PW, Bhatt S, et al. Refining the global spatial limits of dengue virus 

transmission by evidence-based consensus. PLoS Negl Trop Dis 2012;6:e1760. 

2. Pigott DM, Bhatt S, Golding N, et al. Global distribution maps of the leishmaniases. 

Elife 2014;3:e02851. 

3. Bhatt S, Gething PW, Brady OJ, et al. The global distribution and burden of dengue. 

Nature 2013;496:504-7. 

4. Cano J, Rebollo MP, Golding N, et al. The global distribution and transmission limits of 

lymphatic filariasis: past and present. Parasit Vectors 2014;7:466. 

5. World Health Organization. Lassa fever - fact sheet #179. 

http://www.who.int/mediacentre/factsheets/fs179/en/ [accessed 25th March 2015]. 

6. CDC. Lassa fever. http://www.cdc.gov/vhf/lassa/ [accessed 25th March 2015]. 

7. Edberg SC. Global Infectious Diseases and Epidemiology Network (GIDEON): a world 

wide Web-based program for diagnosis and informatics in infectious diseases. Clin Infect Dis 

2005;40:123-6. 

8. WHO. World Health Statistics 2014. Geneva: World Health Organization, 2014. 

9. ProMED-mail. Lassa fever - Benin (02) 20141126.2992727. www.promedmail.org 

[accessed 24 March 2015]. 

10. Frame JD. Surveillance of Lassa fever in missionaries stationed in West Africa. Bull 

World Health Organ 1975;52:593-8. 

11. Gonzalez JP, Josse R, Johnson ED, et al. Antibody prevalence against haemorrhagic 

fever viruses in randomized representative Central African populations. Res Virol 

1989;140:319-31. 

12. Dzotsi EK, Ohene SA, Asiedu-Bekoe F, et al. The first cases of Lassa fever in Ghana. 

Ghana Med J 2012;46:166-70. 

13. Klempa B, Koulemou K, Auste B, et al. Seroepidemiological study reveals regional co-

occurrence of Lassa- and Hantavirus antibodies in Upper Guinea, West Africa. Trop Med Int 

Health 2013;18:366-71. 

14. Bausch DG, Demby AH, Coulibaly M, et al. Lassa fever in Guinea: I. Epidemiology of 

human disease and clinical observations. Vector Borne Zoonotic Dis 2001;1:269-81. 

15. Lalis A, Leblois R, Lecompte E, et al. The impact of human conflict on the genetics of 

Mastomys natalensis and Lassa virus in West Africa. PLoS One 2012;7:e37068. 

16. Fichet-Calvet E, Lecompte E, Koivogui L, et al. Fluctuation of abundance and Lassa 

virus prevalence in Mastomys natalensis in Guinea, West Africa. Vector Borne Zoonotic Dis 

2007;7:119-28. 

17. Amorosa V, MacNeil A, McConnell R, et al. Imported Lassa fever, Pennsylvania, USA, 

2010. Emerg Infect Dis 2010;16:1598-600. 

18. ProMED-mail. Lassa fever - Liberia: RFI 20070410.1210. www.promedmail.org 

[accessed 24 March 2015]. 

http://www.who.int/mediacentre/factsheets/fs179/en/
http://www.cdc.gov/vhf/lassa/
http://www.promedmail.org/
http://www.promedmail.org/


19. ProMED-mail. Lassa fever - Liberia (02): confirmed 20070413.1235. 

www.promedmail.org [accessed 24 March 2015]. 

20. ProMED-mail. Lassa fever - Liberia (03) 20070430.1406. www.promedmail.org 

[accessed 24 March 2015]. 

21. Safronetz D, Sogoba N, Lopez JE, et al. Geographic distribution and genetic 

characterization of Lassa virus in sub-Saharan Mali. PLoS Negl Trop Dis 2013;7:e2582. 

22. Dongo AE, Kesieme EB, Iyamu CE, et al. Lassa fever presenting as acute abdomen: a 

case series. Virol J 2013;10:123. 

23. Ajayi NA, Nwigwe CG, Azuogu BN, et al. Containing a Lassa fever epidemic in a 

resource-limited setting: outbreak description and lessons learned from Abakaliki, Nigeria 

(January-March 2012). Int J Infect Dis 2013;17:e1011-6. 

24. ProMED-mail. Lassa fever - Nigeria, Liberia 20140328.2363217. www.promedmail.org 

[accessed 24 March 2015]. 

25. Okoror LE, Esumeh FI, Agbonlahor DE, et al. Lassa virus: seroepidemiological survey 

of rodents caught in Ekpoma and environs. Trop Doct 2005;35:16-7. 

26. Wulff H, Fabiyi A, Monath TP. Recent isolations of Lassa virus from Nigerian rodents. 

Bull World Health Organ 1975;52:609-13. 

27. Branco LM, Boisen ML, Andersen KG, et al. Lassa hemorrhagic fever in a late term 

pregnancy from northern Sierra Leone with a positive maternal outcome: case report. Virol J 

2011;8:404. 

28. ProMED-mail. Lassa fever - Sierra Leone (04): (NO) 20101111.4101. 

www.promedmail.org [accessed 24 March 2015]. 

29. Leski TA, Stockelman MG, Moses LM, et al. Sequence variability and geographic 

distribution of lassa virus, Sierra Leone. Emerg Infect Dis 2015;21:609-18. 

30. McCormick JB, Webb PA, Krebs JW, et al. A prospective study of the epidemiology and 

ecology of Lassa fever. J Infect Dis 1987;155:437-44. 

 

http://www.promedmail.org/
http://www.promedmail.org/
http://www.promedmail.org/
http://www.promedmail.org/


Supplementary Information for Mylne et al. (2015) “Mapping the zoonotic niche of Lassa 
fever in Africa” – File S2 Model outputs 
 

Figure S2.1: Predicted geographical distribution of the zoonotic niche for Lassa virus 
using a 1:1 ratio diagnostic weighting schema for human or animal infections diagnosed 
via PCR/viral isolation and serological tests, respectively (Model 1) 
The scale reflects the environmental suitability for zoonotic transmission of Lassa virus. Areas 

closer to 1 (red) are more suitable than those closer to 0 (blue). The area under the curve 

statistic, calculated under a stringent cross-validation procedure is 0.79±0.02.  

 
  



Figure S2.2: Predicted geographical distribution of the zoonotic niche for Lassa virus 
using a 2:1 ratio diagnostic weighting schema for human or animal infections diagnosed 
via PCR/viral isolation and serological tests, respectively (Model 2) 

The scale reflects the environmental suitability for zoonotic transmission of Lassa virus. Areas 

closer to 1 (red) are more suitable than those closer to 0 (blue). The area under the curve 

statistic, calculated under a stringent cross-validation procedure is 0.79±0.02.  

 
  



Figure S2.3: Predicted geographical distribution of the zoonotic niche for Lassa virus 
using a 4:1 ratio diagnostic weighting schema for human or animal infections diagnosed 
via PCR/viral isolation and serological tests, respectively (Model 3) 

The scale reflects the environmental suitability for zoonotic transmission of Lassa virus. Areas 

closer to 1 (red) are more suitable than those closer to 0 (blue). The area under the curve 

statistic, calculated under a stringent cross-validation procedure is 0.78±0.02.  

 
  



Figure S2.4: Predicted geographical distribution of the zoonotic niche for Lassa virus for 
human or animal infections diagnosed via PCR/viral isolation tests (Model 4) 
The scale reflects the environmental suitability for zoonotic transmission of Lassa virus. Areas 

closer to 1 (red) are more suitable than those closer to 0 (blue). The area under the curve 

statistic, calculated under a stringent cross-validation procedure is 0.73±0.04.  

 
  



Figure S2.5: Predicted geographical distribution of the zoonotic niche for Lassa virus 
using a 1:1 ratio diagnostic weighting schema for human infections diagnosed via 
PCR/viral isolation and serological tests, respectively (Model 5) 

The scale reflects the environmental suitability for zoonotic transmission of Lassa virus. Areas 

closer to 1 (red) are more suitable than those closer to 0 (blue). The area under the curve 

statistic, calculated under a stringent cross-validation procedure is 0.77±0.02.  

 
  



Figure S2.6: Model 1 prediction range 

The difference between the 5% and 95% confidence interval of predicted values was 

calculated. Areas in red have the greatest range in prediction values whilst areas in white, the 

smallest. The maximum range of pixel values is 0.800275. 



Table S2.1: Summary statistics for model outputs. Relative contributions for each of the 
top five predictors are reported as a percentage 

Statistic Model 1  Model 2 Model 3 Model 4  Model 5  

AUC ± 
s.d 

0.79±0.02 0.79±0.02 0.78±0.02 0.73±0.04 0.77±0.02 

1st 
predictor 

Mean EVI:  

26.5% 

Mean EVI:  

25.6% 

Mean EVI:  

25.0% 

Mean EVI:  

24.5% 

Night-time 

mean LST: 

25.3% 

2nd 
predictor 

Night-time 

mean LST: 

19.2% 

Night-time 

mean LST: 

17.9% 

Night-time 

mean LST: 

17.2% 

Night-time 

mean LST: 

18.1% 

Day-time mean 

LST: 19.5% 

3rd 
predictor 

Predicted host 

distribution:  

13.6% 

Elevation 

(DEM):  

14.3% 

Elevation 

(DEM):  

14.7% 

Day-time mean 

LST: 15.8% 

Mean EVI:  

15.1% 

4th 
predictor 

Elevation 

(DEM):  

11.7% 

Predicted host 

distribution:  

12.1% 

Predicted host 

distribution:  

12.5% 

Mean PET:  

12.2% 

Predicted host 

distribution:  

11.7% 

5th 
predictor 

Mean PET:  

10.6% 

Mean PET:  

11.0% 

Day-time mean 

LST: 11.3% 

Elevation 

(DEM):  

10.6% 

Elevation 

(DEM):  

9.9% 

AUC: area under the curve; host: the Natal multimammate mouse, Mastomys natalensis; s.d: 

standard deviation  



Supplementary Information for Mylne et al. (2015) “Mapping the zoonotic niche of Lassa 
fever in Africa” – File S3 Partial dependency plots 
 

Figure S3.1: Partial dependency plots for the predicted geographical distribution of the 
Natal multimammate mouse, Mastomys natalensis 

 
EVI_mean: enhanced vegetation index mean; EVI_range: enhanced vegetation index range; 

LSTday_mean: Day time land surface temperature mean; LSTday_range: Day time land 

surface temperature range; LSTnight_mean: Night time land surface temperature mean; 

LSTnight_range: Night time land surface temperature range; PET_mean: potential 

evapotranspiration mean; DEM: digital elevations models 



Figure S3.2: Partial dependency plots for the predicted geographical distribution of the 
zoonotic niche for Lassa virus  

 
EVI_mean: enhanced vegetation index mean; EVI_range: enhanced vegetation index range; 

LSTday_mean: Day time land surface temperature mean; LSTday_range: Day time land 

surface temperature range; LSTnight_mean: Night time land surface temperature mean; 

LSTnight_range: Night time land surface temperature range; PET_mean: potential 

evapotranspiration mean; DEM: digital elevations models; mur_distribution: predicted 

geographical distribution of the Natal multimammate mouse, Mastomys natalensis 



Supplementary Information for Mylne et al. (2015) “Mapping the zoonotic niche of Lassa 1 
fever in Africa” – File S4 Population at risk 2 
 3 
Figure S4.1: Predicted geographical distribution of at-risk populations to Lassa virus  4 
The continuous environmental suitability surface was converted into a binary at-risk (red), not-5 
at-risk (blue) pixel layer. The threshold probability for a 5 km x 5 km at-risk pixel was calculated 6 
to be equal to or greater than 0.6459206. Countries with borders outlined by a solid line are 7 
those where cases of Lassa fever  have previously been reported. Countries with borders 8 
outlined by a dash line have not previously reported Lassa fever cases. 9 

10 
  11 



Table S4.1: Location and size of at-risk populations to Lassa virus in countries with past 12 
Lassa fever cases 13 

Country Population size 

Benin 964,696 

Burkina Faso 22,154 

Côte d'Ivoire 6,885,680 

Ghana 3,797,054 

Guinea 4,930,742 

Liberia 2,899,680 

Mali 310,155 

Nigeria 13,684,312 

Sierra Leone 3,423,218 

Total 36,917,691 

 14 
Table S4.2: Location and size of at-risk populations to Lassa virus in countries with no 15 
past Lassa fever cases 16 

Country Population size 

Cameroon 340,758 

Guinea-Bissau 85,662 

Niger 1,687 

Senegal 23,169 

Togo 336,291 

Total 787,567 

 17 
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The primary aim of this review was to evaluate the state of knowledge of

the geographical distribution of all infectious diseases of clinical significance

to humans. A systematic review was conducted to enumerate cartographic

progress, with respect to the data available for mapping and the methods

currently applied. The results helped define the minimum information

requirements for mapping infectious disease occurrence, and a quantitative

framework for assessing the mapping opportunities for all infectious diseases.

This revealed that of 355 infectious diseases identified, 174 (49%) have a strong

rationale for mapping and of these only 7 (4%) had been comprehensively

mapped. A variety of ambitions, such as the quantification of the global

burden of infectious disease, international biosurveillance, assessing the like-

lihood of infectious disease outbreaks and exploring the propensity for

infectious disease evolution and emergence, are limited by these omissions.

An overview of the factors hindering progress in disease cartography is pro-

vided. It is argued that rapid improvement in the landscape of infectious

diseases mapping can be made by embracing non-conventional data sources,

automation of geo-positioning and mapping procedures enabled by machine

learning and information technology, respectively, in addition to harnessing

labour of the volunteer ‘cognitive surplus’ through crowdsourcing.
1. Introduction
The primary goal of this review is to establish the minimum set of information

that is needed on the epidemiology of an infectious disease, to make an

informed decision on the most appropriate techniques for mapping its global

distribution. The assessment is intended to be applicable to all infectious dis-

eases of clinical significance in humans, but makes no attempt to prioritize

the case for mapping among the diseases considered.

More than 1400 species of infectious agents have been reported to cause

disease in humans [1–3]. These include pathogens for some 347 diseases of sus-

tained clinical importance, for which it is commercially viable to compile

information relevant to their diagnosis, epidemiology and therapy, as a

decision-support tool for clinicians [4,5]. Logistical constraints required a

focus in this review on these clinically important diseases. Among these there

are 110 diseases that pose a threat to non-immune travellers [4]. Sixty-two of

these clinically significant diseases can be prevented by vaccination; 19 usually

as routine childhood immunizations [4,6,7].

There are a variety of reasons for wanting to map the geographical distri-

bution of an infectious disease. Mapping is a primary goal in spatial

epidemiology [8–16]. Maps of disease distribution and intensity allow an

immediate visualization of the extent and magnitude of the public health
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problem. When based on empirical evidence, maps can sup-

port carefully weighted assessments by decision makers on

the advantages and disadvantages of alternative courses of

action [17–19]. These may range from helping plan national

scale intervention strategies [20,21] to advice for individuals

on whether to vaccinate and/or provide prophylaxis before

travel [6,22]. These maps can also document a baseline

from which intervention success or failure can be monitored.

In addition, as modes of data gathering evolve and

improve (for example, through enhanced electronic surveil-

lance [17] and Internet-based health reporting [23],

including HealthMap/ProMED [24,25], BioCaster [26,27]

and Argus [28,29]) and techniques develop to exploit these

data (for example, semi-automated rapid mapping), these

geographical distributions (often referred to in this literature

as baseline disease risk assessments) can also provide a

‘normal’ against which real-time outbreak alerts can be

assessed for international biosurveillance [30–32].

Furthermore, as the portfolio of infectious disease distri-

bution maps expands and their fidelity improves, the

public health community will be better able to evaluate the

factors that predispose a time and place to the origin

[33,34], and emergence of infectious disease outbreaks

[3,35–42]. Unfortunately, contemporary inferences about

the fundamental ecology of infectious diseases (such as

decreased species richness [43] and increased range size

[44] with latitude and their potential for spread [45,46]) are

crude spatially because they rely on data not systematically

collected for this purpose and aggregated to the national

level [4]. Ultimately, this improved basic understanding

will help mitigate the processes that drive the diversity of

infectious disease threats with which we contend [47].

There is, therefore, a clear need to perform baseline risk

assessments for routine public health, improve biosurveillance

and provide better long-term preparedness by improving

fundamental epidemiological understanding [31].

An understanding of the public health benefit of the

mapping of infectious disease is not new [48–50] and selected

old examples for malaria include these references [51–55]. His-

torical disease cartography usually suffered at least one of the

following problems. First, authors very rarely documented

the evidence-base that was used to make the map. Second,

when mapping was implemented before the advent of geo-

graphical information systems, significant errors arose simply

as a function of cartographic skill. These errors were magnified

enormously when working at global scales. Third, no assess-

ment of the fidelity of the map or how this precision might

vary spatially across the map extent was ever given. These

limitations constrained significantly the public health utility

of the maps and are to a greater or lesser extent resolved in

many of the contemporary mapping efforts reviewed here.

Today, there are a range of different geographical distri-

butions or baseline ‘risk’ maps available [56], which have

been derived for a variety of purposes, by a wide community

of public health cartographers using a diverse toolbox of map-

ping methods [8–16]. Moreover, the maps use a variety of

disease-related metrics (occurrence, incidence, prevalence),

and an even wider array of covariates to inform the predictions

[8,57,58]. This complexity means that global comparisons

between maps of different diseases are extremely difficult

and wider synthesis remains elusive. In part, this review

aims to help audit and navigate this diversity and the sup-

plemental information provides an extensive bibliography
arising from a systematic review of all diseases of clinical

significance [4].

In this review, we also consider the minimum information

requirements for disease mapping. When considering carto-

graphic options for diseases of clinical importance, the first

question is: do we know the life cycle of the pathogen, its vec-

tors, reservoirs, hosts and routes of transmission? This

sounds trivial, but for many pathogens there is still consider-

able uncertainty around the life history. Second, do we have

information about the spatial and temporal patterns of the

disease? Third, do we understand the dynamic processes of

transmission that determine the patterns we observe in

space and time? This level of detail will usually indicate

some intimate epidemiological knowledge of covariates

(temperature, rainfall, land use patterns, etc.), that can help

in understanding the spatial and temporal distribution of a

disease. Progression along this gradient of questions reflects

increased basic epidemiological understanding and, there-

fore, an increased ability to map the disease. Fourth, it is

important to know what quantity and quality of data are

available for mapping. It is self-evident that more high qual-

ity contemporary data leads to more robust maps. Many

obstacles exist that can make the relevant data scarce, how-

ever. For example, health-related data may be closely

protected by governments and other institutions or these

data may simply be scattered so widely in the formal litera-

ture that their systematic assembly is a significant logistical

challenge. Fifth, it is also important to know whether pre-

vious credible mapping efforts have been conducted. This

will help answer questions one through four and, broadly

speaking, the longer the history of robust mapping activities,

the increased likelihood of reliable mapping outcomes.

The ability to map a disease stems largely from the type

of data that are available for mapping [10,15]. The accuracy

of maps is then largely determined by the abundance, spatial

representativeness and heterogeneity of those data [59]. Point

data types used in disease mapping are generally geo-

referenced occurrence or prevalence records. Occurrence

data simply record an observation of a disease at a given

location and time, and are characteristic of the data provided

routinely by HealthMap/ProMED [24,25], BioCaster [26,27]

and Argus [28,29]. The other commonly recorded point

data are infection prevalence surveys, which not only locate

a disease in time and space, but also measure the infected

fraction of the sampled local population and thus, enable

the standard quantification of the ‘abundance’ of a disease.

This is often referred to as its endemicity [60]. An accurate

global representation of the contemporary endemicity of a

disease is a key achievement for infectious disease mapping,

because it affords a rich diversity of operationally important

public health inferences: for example, clinical burden [61,62]

and basic reproductive number estimation [18,63] to inform

national elimination feasibility assessment [20,64].

A wide range of approaches have been developed for

empirical modelling of species and disease distributions,

given data on point observations of occurrence [65], with

the objective of identifying the fundamental niche of the

target organism [66,67]. Of the plethora available, the boosted

regression trees (BRT) method [68,69] is selected by the

authors as a default for occurrence mapping. A schematic

overview of the occurrence mapping process is provided in

figure 1. This selection was based on a number of factors:

first, in a review of 16 species modelling methods, BRT was

http://rstb.royalsocietypublishing.org/
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Figure 1. A schematic overview of a niche/occurrence mapping process (for example boosted regression trees (BRT)) that uses pseudo-absence data guided by
expert opinion. Consensus based definitive extent layers of infectious disease occurrence at the national level (a) are combined with accurately geo-positioned
occurrence (presence) locations (b) to generate pseudo-absence data (c). The presence (b) and pseudo-absence data (c) are then used in the BRT analyses, alongside
a suite of environmental covariates (d ) to predict the probability of occurrence of the target disease (e).
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one of the top performing methods evaluated using the area

under the receiver operating characteristic curve (AUC) and

correlation statistics [16,70]; second, the method is flexible

in being able to accommodate different types of predictor

variables (e.g. continuous or categorical data); third, it is

easy to understand, implement and uses reliable, well docu-

mented and freely available R code [71]; and fourth, the

resulting maps are simple to interpret and include a ranked

list of environmental predictors. The authors also have exten-

sive experience with this technique after a global scale project

to map the distribution of the anophelines of public health

importance [72–76]. These references provide a detailed stat-

istical explanation and examples of how BRT was applied to

species distribution mapping.

Model-based geostatistics (MBG) [77,78] has recently

been more widely applied in infectious disease mapping

[17,79–83] and is the technique of choice where data allow.

There are several reasons for this. First, MBG deals explicitly

with the spatial (and with extension temporal) autocorrelation

of disease data; this is still widely ignored in occurrence

mapping. Second, MBG models can be configured to offer a

much more robust parameterization of factors that can affect

disease endemicity (such as age of the individuals sampled,

the diagnostic technique used, the influence of covariates

etc.). Third, by fitting the models using Bayesian inference,

outputs can be presented to show the full uncertainty of

the prediction in all parts of the predicted maps. The main

impediments to its wider use are the lack of bespoke software

with which to implement the models and its relatively large

computational burden.

We assume that advances with respect to occurrence

mapping or MBG techniques may modify our guidance

with regard to mapping techniques and elaborate on some

of the generic improvements that may be made in infectious
disease mapping in §4. Those we have favoured here are

proved methods that can be applied now.

In summary, the objective of this review is to formalize

the questions outlined in §1, in order to define rules for

advocating specific cartographic techniques for a baseline

risk assessment for each disease of clinical importance, and

then to assess to what level this mapping potential has

been realized. A substantial literature review has been

conducted to collate the data required to make those carto-

graphic suggestions evidence-based and is provided as

electronic supplementary material.
2. Material and methods
(a) Selection of infectious diseases of

clinical importance
A total of 347 infectious diseases of clinical importance were

selected for review based on the GIDEON database, accessed

November 2010. GIDEON is an infectious disease information

and diagnostic resource available online through subscription

that derives its content from a range of sources including formal

peer-reviewed journals and informal sources such as Ministry of

Health reports [4,5]. This list was then revised to 355 diseases

based on further re-definitions and decoupling of some groups.

These diseases were placed into one of 11 classifications based on

transmission type: animal contact, blood/body fluid contact,

direct contact, endogenous, food/water-borne, respiratory, sexual

contact, soil contact, unknown, vector-borne and water contact.

Revisions were as follows: mucosal and cutaneous leishma-

niasis were re-classified as cutaneous/mucosal leishmaniasis,

Old World and New World; the spotted fevers were also divided

into New and Old World to better differentiate between the var-

ious species of bacteria and ticks that spread the disease in

different parts of the world; malaria was split into Plasmodium

http://rstb.royalsocietypublishing.org/
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Figure 2. A schematic of the disease classification process. The classification system results in diseases being categorized into one of five options: (1) do not map; (2)
map observed occurrence; (3) map maximum potential range of reservoir or vectors; (4) niche/occurrence mapping with BRT and (5) MGB-based endemicity maps.
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falciparum, Plasmodium vivax, Plasmodium ovale and Plasmodium
malariae, because variation in geographical range and epidemio-

logical patterns of these pathogenic species would be masked if

considered together; AIDS was removed and was combined

with HIV; conjunctivitis-inclusion was similarly removed, and

incorporated into trachoma; the umbrella term ‘adenovirus

infection’ was divided into acute febrile respiratory disease

(adenoviral), adenoviral haemorrhagic conjunctivitis, keratocon-

junctivitis (adenoviral) and adenovirus infection; similarly,

enterovirus infection was divided into enterovirus haemorrhagic

conjunctivitis and enterovirus infection; human herpesvirus 6

was renamed Roseola; sandfly fever was added because of its

possible impact on travellers; and avian influenza virus serotype

H5N1 was added because of its epidemic potential.
(b) Data assembly
(i) Natural history
Data were collected on the natural history of each infectious

agent. Information on the genus and species, disease reservoir,

vector species (if applicable), mode of transmission, incubation

period, vaccine (where relevant) and geographical distribution

was obtained using GIDEON. Taxonomic classifications were

supplemented by the Tree of Life Project (http://tolweb.org).

Further evidence regarding geographical distribution and vac-

cine development was found in the American Public Health

Association’s Control of Communicable Disease Manual [7].
(ii) Transmission dynamics
The basic reproduction number (R0) was used to quantify the

transmission potential of the various aetiological agents. The

R0 is defined as the average number of secondary infections pro-

duced when a single-infected individual is introduced into a

fully susceptible population [84–87]. A literature search was con-

ducted to obtain R0 values in humans and reservoirs of zoonotic

diseases. The search was carried out in PubMed (http://www.

pubmed.gov) using the terms ‘[disease name]’ and ‘reproduction

number’ in the ‘all fields’ search box in September 2011. The

search was then repeated replacing ‘reproduction number’ with

‘reproduction ratio’, ‘reproduction rate’, ‘reproductive number’,

‘reproductive ratio’ and ‘reproductive rate.’ That search pattern

was reiterated with ‘[Genus species]’ or ‘[diseases synonym]’
replacing ‘[disease name],’ if applicable. This procedure was also

performed in ISI-Web of Knowledge (http://isiwebofknowledge.

com) in the ‘title/keywords/abstract’ field. These searches often

produced few or no results and the entire search process would

be conducted again using Google Scholar (http://scholar.google.

co.uk). Data regarding R0 values and the reservoir species when

relevant were abstracted from references obtained, and if multiple

R0 estimates were reported among sources for a single disease, the

range of estimates was recorded. The range for all R0 estimates was

assumed to start from 0.

(iii) Thumbnail maps
To visualize the approximate endemic regions of a disease,

simple maps were constructed from the distribution data pro-

vided by GIDEON. A list of 275 global countries and

territories were coded as 1 for endemic and 0 for non-endemic

for each listed disease. The database was then imported into

ArcGIS 10 (ESRI 2010) and displayed as global maps at the

national level.

(iv) Occurrence data availability and quality
To determine the relative amount of information available for the

various infectious diseases, a search was done using only the dis-

ease name as the text term in PubMed on 4 November 2011 and

using the species name in GenBank on 1 March 2012 (for selected

diseases). Data on the number of feeds for each disease from the

start of data collection were received from HealthMap and

ProMED on 23 November 2011 and from BioCaster on 24 Febru-

ary 2012. Because only data from manual searches of PubMed

has, to our knowledge, been used in mapping, we base our ana-

lyses on PubMed figures only, but provide the potential data

from the other sources in the electronic supplementary material.

These may improve the prospects for mapping of many of the

diseases once the utility of these information sources has been

confirmed by experiment.

(c) Decision rules devised to categorize mapping
options

Decision rules were created for disease mapping options, shown

schematically in figure 2. The Option 1, do not map, classification

was used for those conditions which are known to occur

http://tolweb.org
http://tolweb.org
http://www.pubmed.gov
http://www.pubmed.gov
http://www.pubmed.gov
http://isiwebofknowledge.com
http://isiwebofknowledge.com
http://isiwebofknowledge.com
http://scholar.google.co.uk
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http://scholar.google.co.uk
http://rstb.royalsocietypublishing.org/


rstb.royalsocietypublishing.org
PhilTransR

SocB
368:20120250

5

 on June 9, 2015http://rstb.royalsocietypublishing.org/Downloaded from 
worldwide, and hence do not show sustained spatial variation in

occurrence. The diseases within this category range from sexu-

ally transmitted diseases such as Chlamydia, viral agents such

as Epstein–Barr Virus or rhinoviruses causing the common

cold and endogenous diseases (infections caused by previously

dormant or inapparent pathogens, often from the typical com-

mensal microbial flora of humans—such as urinary tract

infections caused by Escherichia coli or brain abscesses by Staphy-
lococcus aureus). The incidence of these diseases may show

enormous spatial variation. These differences are linked often

to variation in human or human-related factors, however, and

are best mapped using techniques associated with the cartogra-

phy of non-infectious disease [88]. More traditional surveillance

within this cosmopolitan distribution, therefore, may have a

public health rationale and this is explored on a case by case

basis in the electronic supplementary material. For most of

these conditions, it would be useful to apply a simple mask

of human population density to give a more realistic picture of

where the disease is truly observed globally. Option 2, map the
observed occurrence, would apply to diseases that have few data

available and limited information regarding the disease ecology.

A cut-off of fewer than 25 PubMed hits per endemic country was

applied to designate a paucity of data for any operationally sig-

nificant disease. For example, Mayaro virus has 90 search results

on PubMed for 11 potentially endemic countries and, therefore,

only about eight results per country. There has also not been a

definitive reservoir host identified for Mayaro, which would be

needed for the following option. Option 3, map the maximum
potential range, is appropriate for a disease that also has fewer

than 25 PubMed results per country, but information is available

regarding reservoir or vector species that would place bound-

aries on the potential disease distribution, as is the case with

African tick bite fever with its known vector distribution. Map-

ping of the disease using ecological niche modelling, Option 4,

would implement BRT technology on observed occurrence data.

Adequate information regarding occurrence of disease (greater

than 25 PubMed hits per country) is needed to use this strategy.

This information would be usefully supplemented with infor-

mation on where the disease is not found, obtained through

systematic searches or derived by expert opinion maps. If the

authors were aware of systematic searches of occurrence data

that were significantly richer than the PubMed hits, these were

documented and the mapping option re-evaluated accordingly.

Option 5, the implementation of MBG to mapping, is reserved for

diseases that have more than 25 results per country of systemati-

cally recorded prevalence data. This strategy uses MBG for the

creation of complete endemicity maps with detailed uncertainty

metrics. The mapping option to be used is dependent on the

amount and nature of the disease data available, implying that

diseases currently classified for one option would be eligible

for a higher grade in the future as further data become available.
(d) Scoring the quality of existing mapping of the
geographical distribution of disease

It was also of critical interest to obtain information regarding

the extent to which the diseases had been previously mapped.

A search was again conducted in PubMed using the text terms

‘[disease name/synonym]’ and ‘map’ as well as ‘[disease name/

synonym]’ and ‘epidemiology,’ selecting for reviews in October

2011. If an excess of results were returned (more than 1000), this

was further narrowed using the search terms ‘distribution’ or

‘global.’ For diseases transmitted by a specific vector, the search

was repeated using the text terms ‘[vector species name]’ and

‘map.’ The same process was repeated for prominent reservoir

species. The search was also performed using ISI-Web of Knowl-

edge. Irrelevant references were removed from the search output,
and all references regarding the spatial temporal distribution of a

disease, vector or reservoir were checked to determine the par-

ameter mapped (for example, occurrence, prevalence, incidence,

or risk) and in what geographical region.

In order to allow for both relative and quantitative assess-

ment of each map, we devised a metascore, which evaluated

three criteria: data quality, geographical scope and the mapping

technique used.

Data quality (out of nine) was scored in three ways. (i) Con-

temporariness, where three points were awarded if data less than

10 years old was used, two points for the use of data greater than

or equal to 10 years to less than 20 years old, and one point for

data greater than 20 years old. If no age could be identified, no

points were given. For papers reporting a range of dates, the

score was based on the most recent, with the exception of

databases that provide country-specific estimates that were sur-

veyed across different time periods. In that case, an additional

half point (2.5) was given. (ii) Diagnostic accuracy, where three

points were awarded for the use of data diagnosed by genotype

or PCR, or in the case of vector maps, where advanced modelling

techniques had been used on a large number of occurrence

points. Two points were given to those studies that had used hos-

pital or national health surveys or confirmed case reports; an

additional half a point was gained if serological or immunologi-

cal data had been used. Vectors maps received two points if

simple interpolation techniques had been used on occurrence

data. One point was awarded if cited literature had been used.

One point was also given for unpublished health organization

data collected as part of routine health management information

systems (HMIS) or presumptive diagnosis, with a half point

given to non-specific numerical data. The use of expert opinion

in drawing vector maps was awarded one point. If the data

came from an unknown source, or was not listed in the article,

no points were awarded. (iii) Geo-positional accuracy, where

three points were awarded for the use of data coupled with

GPS coordinates, two points if survey coordinates could be

derived from supporting maps, or data was provided to admin-

istrative level 1; an additional half a point was earned if

administrative level 2 was used, or towns and villages were

specified. One point was gained if approximate coordinates of

unknown provenance or country level data was present. Expert

opinion ranges obtained from cited literature received half a

point. If no geo-positional data was associated with the map,

no points were awarded.

The geographical scope was scored out of 100. The GIDEON

endemic country lists for each disease were converted into

national populations at risk using the UN population data

from 2010 [89]. Each map was assessed for how many countries

were included (rounded up to the national level, to match the

resolution of GIDEON), and population covered was calculated

and expressed as a percentage (out of 100%) of the GIDEON

endemic total.

The mapping technique used (mapping option used/theor-

etically best mapping option) was calculated using the criteria

outlined above, each map was evaluated for the mapping

option used (for example, if BRT modelling techniques had

been used, the map was to Option 4 standard), and was related

to the potential mapping option that could be used, based upon

the amount and quality of data present for that disease. For

instance, if a map of Lassa fever (which is an Option 4 disease

owing to there being more than 25 PubMed hits per country)

only uses occurrence points (Option 2 standard), a score of 2/4

would be achieved.

The metascore was then calculated as the product of these

figures ([Quality]/9 � [Scope] � [Option Used]/[Option Poten-

tial]) resulting in a maximum of 100. Scores of greater than or

equal to 75 per cent were deemed to have evaluated the global

distribution of the specific disease to a satisfactory standard.

http://rstb.royalsocietypublishing.org/


Table 1. The number of clinically important infectious diseases and the subset
of those with a rationale for mapping by transmission category (see §2).

classification

clinically
significant
diseases
(n 5 355)

diseases with
rationale for
mapping
(n 5 174)

animal contact 20 9

blood/body

fluid contact

14 5

direct contact 23 7

endogenousa 35 0

food/water-

borne

82 36

respiratory 39 9

sexual contact 11 2

soil contact 21 14

unknown 11 4

vector-borne 88 80

water contact 11 8
aEndogenous infections are those caused by previously inapparent or dormant
pathogens arising from the typical commensal microbial flora of humans.
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3. Results
The electronic supplementary material provides full details

of all the epidemiological and mapping evidence collated

and scored and the decision rules applied. The electronic sup-

plementary material includes a summary page on each of the

355 diseases with details of the natural history, transmission,

quantity of data available, quality of data from previously

published maps and recommendations for future mapping

endeavours. The information included on natural history

was the ICD-10 code, transmission classification (table 1),

type of pathogen (agent), taxonomic details, mode of trans-

mission, reservoir species (host organism that is a source of

infection or potential reinfection of humans) and incubation

period.

The epidemiological characteristics highlighted include

the vaccine availability, and estimates of the basic reproduc-

tion number (R0) in human and reservoir populations,

where applicable. A number of diseases (126) were con-

sidered to have an R0 value of less than 1 because they are

primarily zoonotic diseases. Citations were provided to sup-

port that transmission occurs mainly in animals. The R0

estimates ranged from point source outbreaks of diarrhoeal

diseases or less than 1 for zoonoses to 100 for P. vivax malaria

and Ross River virus and 1000 for P. falciparum malaria. Esti-

mates were not obtained for many of the reservoir species,

but for those that were found, the range was from 1.06 for

Old World mucocutaneous leishmaniasis in dogs to 28 for

West Nile fever virus in birds.

Occurrence details included information on the number

of PubMed and GenBank hits, relevant reports from Health-

Map, ProMED and BioCaster feeds, and the approximate

number of endemic countries. A table of previously pub-

lished maps was included incorporating information on
whether the map is of the disease, vector or host reservoir;

geographical scope; data quality score; mapping option

used; metascore; citation.

The option for future mapping (figure 2) was determined

using the PubMed hits returned and the number of endemic

countries per diseases (see the electronic supplementary

material). A total of 181/355 were classified as Option 1

(do not map); 64 were classified as Option 2 (map observed

occurrence); 32 were classified as Option 3 (map maximum

potential range); 68 were classified as Option 4 (map using

BRT) and 10 were classified as Option 5 (map using MBG).

There are trends within the diseases that have a strong

rationale for mapping. Unsurprisingly, endogenous diseases

exhibit little sustained spatial variation in occurrence,

whereas those transmission categories that are inherently

linked to some feature of the environment, or other factor

that varies on a global scale, such as vector-borne disease,

water contact and soil contact tend to show greater variation.

The remaining transmission types have just under half of

the diseases showing differing global patterns of distribution.

Similar trends are also apparent when we consider the occur-

rence of agents of disease—nearly two-thirds of diseases

caused by parasites show tendency to vary over a spatial

scale, as do 61 per cent of all viruses; on the other hand,

there is evidence for spatially variable distributions in only

28 per cent of bacteria. Clearly, these sets of results are

inherently linked; of the 61 viral diseases that would benefit

from having mapped distributions, 41 are vector-borne and

a further eight are soil contact; of those bacterial species

that are not endemic worldwide, about two-thirds are

vector-borne. Such a trend is not so apparent when consider-

ing parasitic diseases and their routes of transmission (many

are food/water-borne). This could be due to their require-

ments for external development, and thus potentially

environmentally determined life cycles.

Of the 174 diseases with strong rationale for mapping,

only seven had maps that scored higher or equal to 75 per

cent on the metascore. These were coltiviruses (Old World),

dengue, Lassa fever, Mayaro, monkey pox, P. falciparum
and P. vivax; all vector-borne diseases. Figure 3a shows

radial plots of all the 174 diseases with a rationale for map-

ping, as well as separate plots by agent (figure 3b–e). The

white line represents the highest scoring metascore for each

disease; the black space above each individual line equates

to the information deficit present.
4. Discussion
We have collated a significant amount of information on 355

diseases of clinical importance and have made evidence-

based suggestions on the appropriate cartographic approaches

to use in mapping each disease. These have been summarized

in the results and are elaborated for each disease in the elec-

tronic supplementary material. In the following sections, we

review some of the common omissions in existing maps and

look to novel data sources, new techniques and information

technology developments that may change the future land-

scape of infectious disease mapping.

This review has provided the opportunity to make some

preliminary observations on some of the common omissions

in infectious disease mapping that might be considered when

embarking on new cartographies. They are as follows.

http://rstb.royalsocietypublishing.org/


(a) (b)

(d ) (e)

(c)

Figure 3. Radial plots for all diseases with a rationale for mapping, ordered clockwise, by metascore (white line). A white line from the centre to the edge of
the circle would show a perfect metascore. (a) Reflects all diseases (n ¼ 174 of 355), (b) viral diseases (n ¼ 62 of 101), (c) parasitic diseases (n ¼ 61 of 96),
(d ) bacterial diseases (n ¼ 36 of 128), and (e) comprises fungal (n ¼ 9 of 17), protoctistan (n ¼ 2 of 2) and diseases of unknown pathogen (n ¼ 4 of 10).
Note that there was one algal disease, which did not have a rationale for mapping and is not shown in this diagram.
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(a) Other relevant maps
The most consistent omission is the lack of additional

information that can provide significant epidemiological

insight—often referred to as ‘expert opinion’. These definitive

extent data can be an ad hoc collection for each disease that

may include information on biological and biogeographic

limits (often as range maps), as well as, further distribution

or occurrence data on intermediate and reservoir hosts.

There are several occurrence mapping methods that can use

this information, such as weighted forms of BRT that have

been trialled extensively with respect to the anophelines

[72–75] (figure 1). They do this by overcoming the biogeo-

graphic and taxonomic ignorance of all occurrence mapping

techniques that assume the globally realized niche approxi-

mates the fundamental niche. The careful use of definitive

extent data would substantially reduce the degree to which

inferences are required.
(b) Formalizing expert opinion
Further investigation is also advised on using the Cooke

method to help determine the importance ascribed to the

expert opinion [90,91]. Essentially these methods allow a

simple way to gauge the accuracy of an expert source by test-

ing their knowledge on a set of subject related questions to

which the answers are well known. For a cartographic pro-

blem set, this could be very easily formalized by rating

answers for a related disease we know the distribution of

extremely well. It may be possible to link this with BRT

and formalize the weights that are ascribed to other relevant

epidemiological information.
(c) Human population distribution
There is a systematic deficit in the use of human population

distribution maps [92,93], both as a mapping covariate and

for determining the population at risk of infection or the

reservoir of infection. Some effort may also be invested in

incorporating the latest human population surfaces into the

information suite. The diseases for which human population

distribution may help refine risk assessments, including both

those with a rationale for mapping and those ubiquitous

clinically important diseases for which the recommendation

was not to map, have been highlighted (see the electronic

supplementary material).

(d) Refining of environmental covariates
Most cartographic applications use environmental covariates

crudely without any adjustment to the epidemiology of the

diseases concerned. Where detailed information and exper-

iments on the environmental responses of a disease have

been conducted it has proved valuable to combine this with

the covariate. An example would be the way that temperature

data have been used not only to map the environmental

limits of P. falciparum and P. vivax globally [94], but have

also been transformed into indexes of transmission suit-

ability. These indexes were more strongly selected for by

the model than untransformed covariates in endemicity map-

ping. The diseases to which such advances may be relevant

are indicated (see the electronic supplementary material).

(e) Public health interventions
It is still rare for geographically specific intelligence on public

health interventions to be used in the mapping of diseases.

http://rstb.royalsocietypublishing.org/


Table 2. The cartographically relevant holdings of the National Center for Biotechnology Information PubMed and GenBank systems. The searches were
conducted on 4 November 2011 and 1 March 2012, respectively.

system PubMed GenBank

start year 1946 [98] 1982 [99]

frequency of updates daily [98] Daily [100]

number of species catalogued .250 000 [100] .250 000 [100]

approximate number of entries 21 million [101] 340 million [100]

number of clinically relevant diseases for which data are available 168 155

occurrence point sources for mapping 526 564 672 327

Table 3. Geo-positioned occurrence data archived by the HealthMap and BioCaster online disease outbreak reporting systems. HealthMap uses automated text
processing to classify and position alerts that are then confirmed by a human analyst [25]. BioCaster has automated text processing to classify and position
alerts processed through a multilingual ontology [26]. The totals were assembled using data provided for HealthMap on 23 November 2011 and BioCaster on 24
February 2012.

system HealthMap BioCaster

start year 2006 2006

approximate posts per day 300 [24] 100 [29]

number of languages 10 (J. S. Brownstein 2012, personal communication) 11 [102]

number of diseases tagged 245 (J. S. Brownstein 2011, personal communication) 230 (N. Collier 2012, personal communication)

number of clinically relevant

diseases for which data are

available

84 of 245 99 of 230 (N. Collier 2012, personal

communication)

total occurrence points 337 105 (J. S. Brownstein 2011, personal

communication)

189 361 (N. Collier 2012, personal

communication)

occurrence point sources for mapping 66 284 (J. S. Brownstein 2011, personal

communication)

140 038 (N. Collier 2012, personal

communication)
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Such information could be used in the same way as other

‘expert opinion’ data sources by BRT. Where human interven-

tions have significantly affected the distribution of a disease,

for example vaccine coverage in a population [95–97], this

has been identified. We have sought to identify those diseases

for which this information may be relevant but have not

searched systematically for the availability of relevant

public health information.

There are many potential novel data sources that may be

used for global infectious disease mapping. The resources

described below have never been used systematically to

address the paucity in occurrence data across the range of infec-

tious diseases reviewed. Substantial progress will be made

from exploiting the geospatial information in the formal litera-

ture (e.g. PubMed, www.ncbi.nlm.nih.gov/pubmed) and in

genetic and protein sequence databases (e.g. GenBank, www.

ncbi.nlm.nih.gov/genbank). The potential information avail-

able has been identified for each disease in the electronic

supplementary material and is further summarized in table 2.

Significant prospects for the rapid acquisition of occur-

rence data are also clearly possible from online outbreak

alert resources (i.e. HealthMap/ProMED [24,25], BioCaster

[26,27] and Argus [28,29] records). The potential information

available has been identified for each disease in the electronic

supplementary material and is further summarized in table 3

for those systems where data can be freely shared.
Finally, there is a revolution occurring in both the volume

and public availability of data about the health and wellbeing

of individuals and populations through various forms of social

media [103]; most notably Twitter (twitter.com). This is an

online social media site that allows users to post ‘Tweets’;

messages less than or equal to 140 characters which

are freely available to all. It took 3 years to reach the first

billion Tweets, but by March 2011, it took only a week to

reach one billion posts and 140 million Tweets are now

posted daily with an increasing number of them automatically

geo-positioned. This wealth of accurately geo-positioned infor-

mation has already begun to be harvested for public health

purposes. Twitter feeds surrounding the 2009 H1N1 flu out-

break were analysed and found to predict outbreaks one to

two weeks in advance of traditional surveillance [104,105].

Tweets can also be analysed to identify a broader range

of health-related terms such as symptoms, syndromes and

treatments to illuminate geographical patterns in syndrome

surveillance [106].

Our optimism about the future use of social media is

tempered by the realization that the main contemporary

issue in disease mapping, of dealing with the lack of relevant

data, will subside, and that our new challenges will be infor-

matics, developing systems and processes to take on the

big data challenges of the future. This is discussed in the

following section.

http://www.ncbi.nlm.nih.gov/pubmed
http://www.ncbi.nlm.nih.gov/genbank
http://www.ncbi.nlm.nih.gov/genbank
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There are also many novel techniques that may be used to

improve the prospects of global infectious disease mapping,

notably automation through machine learning and harnes-

sing the cognitive surplus. In the defined schema (figure 2),

it is more logistically and technically difficult (and thus

expensive) to map diseases from Option 1 (do not map)

through to Option 5 (map endemicity with MBG). It is also

more expensive to deal with conditions for which data retrie-

val is a significant logistical obstacle. This will be directly

proportional to the number of PubMed and other (see earlier)

data source hits identified.

The HealthMap and BioCaster systems have pioneered

machine learning algorithms that automatically classify rel-

evant reports, identify the infectious disease of interest and

determine the geographical location of the outbreak. Scaling

these to cope with this potential data deluge is a non-trivial

but largely technical problem. Ideally, the results of this process

should be audited and verified by subject matter experts but this

is non-scalable, time consuming and prohibitively expensive.

As an alternative, developments in social computing have

led to increased interest in using large numbers of non-experts

as a cheaper and scalable method for data filtering: the

so-called crowdsourcing or distributed cognition [107,108].

Currently established ways to crowdsource exist (i) framing fil-

tering tasks as fun online games, incentivizing users to filter

data for free [109] and (ii) posting the task online and seeking

non-experts using a pay-per-example setting as pioneered by

the Amazon Mechanical Turk system [110,111]. The central

idea is that, if questions can be structured in a simple and intui-

tive way, and presented to a large number of individuals, the

central tendency of responses is likely to provide an accurate

answer. Crowdsourcing is particularly appealing in the con-

text of filtering social media disease reports because of the

non-expert nature of key components of the task, such as

geo-positioning. Crowdsourcing is not, of course, a panacea

for data filtering. The reliability of contributors must be

quantitatively assessed and iteratively adjusted for, again
with reference to a gold-standard reference set of externally

validated results.

In conclusion, this systematic review has shown that we

have an astonishingly poor knowledge of the global distri-

bution of the vast majority of infectious diseases of clinical

importance. Less than 5 per cent of clinically important infec-

tious diseases have been mapped reliably. This presents clear

obstacles to advances in determining the global burden of

these conditions, our ability to differentiate outbreaks of con-

cern in international biosurveillance, and our ability to

understand the geographical determinants of disease emer-

gence, past, present and future. We have shown that

contemporary solutions exist to enable us to use new data

and new technology to rapidly improve the cartography of

a wide range of clinically important pathogens. Few concep-

tual barriers exist to making rapid progress and to ‘seeing

further’ into the relatively unknown landscape of infectious

disease mapping.
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D.L.S. and D.B.G. also acknowledge support from the RAPIDD pro-
gramme of the Science & Technology Directorate, Department of
Homeland Security, and the Fogarty International Center, National
Institutes of Health (http://www.fic.nih.gov). This work also forms
part of the output of the Malaria Atlas Project (MAP, http://www.
map.ox.ac.uk), principally financially supported by the Wellcome
Trust, UK (http://www.wellcome.ac.uk). The funders had no role
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or preparation of the manuscript. Thanks are extended to Dr Kevin
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The leishmaniases are neglected tropical diseases of significant public health importance. However,
information on their global occurrence is disparate and sparse. This database represents an attempt to
collate reported leishmaniasis occurrences from 1960 to 2012. Methodology for the collection of data from
the literature, abstraction of case locations and data processing procedures are described here. In addition,
strain archives and online data resources were accessed. A total of 12,563 spatially and temporally unique
occurrences of both cutaneous and visceral leishmaniasis comprise the database, ranging in geographic
scale from villages to states. These data can be used for a variety of mapping and spatial analyses covering
multiple resolutions.
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Background & Summary
The leishmaniases cause a range of clinical symptoms, from cutaneous lesions to visceral, often fatal,
complications1. Considered as one of the ‘neglected tropical diseases,’ knowledge of this disease is
relatively poor, particularly when compared to conditions with similar burden profiles2,3. Indeed, the real
burden of this disease remains unknown4. Case survey data such as that presented by Alvar et al.5, whilst
informative, is prone to biases associated with reporting and national healthcare provisioning. Alternate
methods should be employed in conjunction with such data to compensate for these issues and provide
different approaches for estimating disease distribution and burden. An example of mapping the
leishmaniases is presented in Pigott et al.6 where the authors were able to estimate the current global
distribution of these diseases by using the database of 12,563 unique records of occurrence presented here
and statistical modelling to produce a pixel-based assessment of the likelihood of disease occurrence.

This database comprises occurrence records from 1960 to 2012, and represents a significant expansion
in data compared to existing databases7. Database creation and management procedures are outlined
below, along with a description of the final database structure. Information for accessing the full database
is provided here as well in order to (a) allow for replication of the Pigott et al.6 study, (b) enable the
maps to be improved upon as new modelling methods and datasets become available, (c) provide an
additional data source for both local-scale and regional mapping studies and (d) provide information
for public health organisations on leishmaniasis in specific regions. All data files are available from
Dryad (Data Citation 1).

Methods
The methods described here expand upon those outlined in Pigott et al.6 by providing more details on
data collection and the protocol for positioning of the data. This paper also provides the methodology for
standardisation and validation of the occurrence dataset not previously described.

Data collection
PubMed and Web of Knowledge were searched using the keyword ‘leish*’ for all articles dating up until
December 2012. Abstracts for all articles were imported into a bibliographic referencing tool and assessed
for relevance, removing articles that did not contain information relating to disease occurrence. From
these searches, 4,845 articles were identified and the corresponding texts obtained in full, where possible.

Leishmaniasis occurrence, defined as a report indicating one or more confirmed cases of leishmaniasis,
within a specific administrative unit or 5 × 5 km pixel in a given calendar year, was divided into two
categories representing the two main forms of the disease: cutaneous (including cases of localised
cutaneous leishmaniasis, diffuse cutaneous leishmaniasis and mucosal leishmaniasis) and visceral
leishmaniasis (including cases of post-kala-azar-dermal leishmaniasis (PKDL)). Only autochthonous
symptomatic cases were included; wherever possible, cases that were imported were traced back to the
original source of infection, otherwise they were excluded. If reports of PKDL also included information
on prior VL infection, the latter was recorded; if not, the PKDL case was registered in the database as a
VL occurrence. Similarly, only confirmed cases were included. Diagnoses via PCR or parasite cultures,
serological tests or microscopic identification were included, as were articles indicating non-specific
‘laboratory diagnosis’.

In addition to this, information was made available from the strain archives of the Centre National de
Référence des Leishmanioses (CNR-L) at the Montpellier University Hospital Centre, France. In total,
information from 3,465 strains isolated from humans was provided, collected between 1954 and 2013 (in
the final database this was restricted to 1960–2012 to be consistent with the literature searches). These
strains have been collected by various groups from around the world, cryopreserved in the International
Biological Resources Centre of Leishmania, Montpellier, France and have subsequently undergone
isoenzymatic identification8,9. In addition, information from GenBank was extracted by searching for
Leishmania spp. known to cause disease in humans10.

Informal online information sources, including online news articles and ProMED-mail reports11, were
provided by HealthMap (http://healthmap.org)12. The automated system systematically searches various
news aggregators, open mailing lists, electronic disease surveillance networks and public health outbreak
report feeds. The HealthMap classification system parses out disease and disease-related keywords from
the body of these articles as well as classifying the report by one of five classifications—breaking (i.e.,
information relating to an ongoing outbreak), context (an article supplying background information on
the disease, or relating to policy or research articles), warning (articles that suggest an outbreak or
unusual case load is likely in the near future), not-disease related (false-positives resulting from the
disease term classification system), and old news (referencing previous outbreaks). Duplicate articles,
such as identical reports issued by different news services, are identified and processed by the system by
aggregating contemporary articles together and checking for similarities. Later human review of the
automated assignments ensures data quality and identifies opportunities to improve the automated
process. Articles included in our dataset were those categorised as ‘breaking’ with the disease tag
‘leishmaniasis’ and totalled some 109 reports.
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Geo-positioning of data
Each article sourced from the literature search was read and the geographic coordinates of the cases
described in each article manually extracted. In many cases, either due to multiple places sharing the
same name or to differences in spelling of place names (particularly when translating between different
languages), additional contextual information from the article was required for accurate positioning. Each
case was reported to the highest degree of spatial resolution available based upon the information
provided. This ranged from point locations (indicative of a precise location, such as a village), to areas,
termed polygon locations, which correspond approximately to districts (specifically an Admin 2 unit as
classified by the Food and Agriculture Organization’s Global Administrative Unit Layers (GAUL)
coding13), and areas corresponding to states or provinces (the first national subdivision, GAUL Admin 1).
For cities or towns, the coordinates of the centre were recorded, unless a specific part of the city (or an
explicit latitude and longitude) was described. In the case of district and provincial level data, the
approximate centroid of the polygon (obtained using Google Maps; https://maps.google.co.uk) was
recorded, to allow for consistent identification in subsequent analyses.

Montpellier’s CNR-L strain archive has geographic tags associated with it (provided by the
original survey teams), and those that included at least a sub-national identifier (ranging from
villages to provinces) were geo-positioned using Google Maps by the same rules as with the literature-
sourced occurrences. GenBank archived material that had associated spatial tags was similarly
geopositioned.

HealthMap automatically geopositions the data it parses using a custom-built gazetteer12. An
algorithm searches for matches between the online article and language-specific terms linked to locations
in the geographic reference database, and therefore can identify potential location tags. These matches are
then evaluated by a ruleset that attempts to determine the relevance of each location tag (i.e., to
distinguish publication relevant tags from outbreak and disease relevant locations) by assessing the
number and position of the location keywords within the text. Certain common misleading phrases, such
as ‘Brazil nut’ and ‘guinea pig’ are also accounted for in this phase.

Occurrence standardisation
As the occurrence database was derived from a wide range of disparate sources, we attempted to
standardise the occurrence reports both spatially and temporally. Firstly, using the centroid coordinates,
all polygon-level data was assigned to a specific admin unit (as defined by GAUL). Point-level data was
similarly aligned to a 5 × 5 km pixel gridded surface of the world. For occurrences that spanned several
years, these were disaggregated so that a location that reported cases from 2000 to 2003 (for example)
would represent four separate occurrences, one for each year. Occurrence records which were duplicates
in both space (either per pixel or per polygon) and time (per calendar year) were removed from the
database thus removing the potential for duplicated reports of the same cases. As such, a unique record in
the database is defined as the occurrence of one or more cases in a given location in a specific year.
Therefore, irrespective of the number of cases or reports that occur within a given polygon or pixel in a
given year, they are summarised as one unique occurrence, i.e., an area with 500 cases in a given year is
equivalent to an area with 5 cases. By focussing on using unique occurrences, we avoided issues of bias
associated with oversampling caused by higher reporting in one location over another, and thus gather a
more accurate picture of the global distribution of these diseases, which is particularly important when
using presence-absence based modelling techniques.

Data Records
The database associated with this article (available via Dryad (Data Citation 1) contains the following
fields:

1. OCCURRENCE_ID: a unique identifier assigned to each unique occurrence of disease.
2. SOURCE_TYPE: indicating whether sourced from literature, Montpellier CNR-L strain archives,

GenBank or HealthMap.
3. LOCATION_TYPE: indicative of point or polygon level data.
4. ADMIN_LEVEL: the administrative level associated with the occurrence. Values are 1 (state or

province), 2 (district) and -999 (point).
5. X: the longitudinal coordinate of the point or polygon centroid in decimal degrees (WGS1984 Datum).
6. Y: the latitudinal coordinate of the point or polygon centroid in decimal degrees (WGS1984 Datum).
7. YEAR: the year of occurrence.
8. COUNTRY: the name of the country within which the occurrence lies.
9. DISEASE: indicating whether cutaneous or visceral form of the disease.

Technical Validation
All occurrences were compared to standardised 5 × 5 km pixel grids of the world and checked that they
fell on land. Those not on land were automatically repositioned to the nearest land pixel. In addition, all
occurrences were referenced with the evidence consensus map produced by Pigott et al.6 This map is a
quantitative measure of the consensus of various sources of evidence for the presence or absence of
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leishmaniasis within that province, scored on a scale from +100 to −100. Importantly, the dataset used to
generate the evidence consensus scores included a wider range of data sources (e.g., health organisation
statuses and national-level case data) and included data that did not meet our geographic precision
inclusion criteria for the occurrence dataset as described below. Occurrences that fell in regions where
there was a consensus on disease absence (between −25 and −100) were manually double-checked by the
authors to ensure that the latitude and longitude were correct and that the corresponding articles
reported a genuine occurrence of leishmaniasis. Finally, any polygon greater in area than one squared
degree was removed from the database, as the generalisation of modelling covariates at this scale would be
misleading and present a possible source of bias in the model.

The final validated database consisted of 12,563 unique occurrences (6,426 for cutaneous leishmaniasis
and 6,137 for visceral leishmaniasis) with source locations and occurrence types listed in Table 1. Figs 1
and 2 show the cumulative distributions of unique occurrence records of cutaneous and visceral
leishmaniasis over time, subdivided by continent.

Usage Notes
This dataset can be used to investigate the spatial epidemiology of leishmaniasis at a range of scales, from
sub-national studies to regional assessments.

In addition, the framework outlined here can easily be extended to a variety of other diseases, as has
already been demonstrated with dengue14, and given the potential to automate some of these methods
further15, the entire process should become increasingly easier and timely. An initial analysis of this
dataset was within a niche modelling framework assessing the global distribution of the leishmaniases6.
The code used to carry out technical validation of the dataset and to generate the predictive risk maps
presented in Pigott et al.6 is freely available as an R software package seegSDM from GitHub (https://
github.com/SEEG-Oxford/seegSDM) and is accompanied by a tutorial for its use.

This dataset could be used to assess regional and national variation in disease reporting rates
by comparing the density and distribution of occurrence data with existing estimates of case numbers.
In areas where there is a lack of regular reporting, occurrences may indicate a potential cryptic
burden of disease. Since much of this data is derived independent of centralised healthcare provisioning,
it can act as a secondary indicator of disease presence. In addition, the data can be considered
in the context of burden estimation, particularly in helping to delineate the spatial limits of
leishmaniasis risk.

Despite its comparative ubiquity with respect to other forms of epidemiological data, such as
disease prevalence, one of the main limitations of disease occurrence data is the potential for
sampling bias16,17, where disease occurrence is more likely to be reported from some areas (e.g., those
with strong healthcare systems) than others. Consequently, analyses of these data must account for this

Point data Admin 1 data Admin 2 data Total

Origin and resolution of occurrence data

Cutaneous Leishmaniasis

Literature 3,680 879 1,220 5,779

CNR-L (Montpellier) 531 47 31 609

HealthMap 31 — — 31

GenBank 6 — 1 7

Total 4,248 926 1,252 6,426

Visceral Leishmaniasis

Literature 3,050 1,500 1,068 5,618

CNR-L (Montpellier) 429 24 29 482

HealthMap 32 1 — 33

GenBank 3 — 1 4

Total 3,514 1,525 1,098 6,137

Table 1. Origin and spatial resolution of leishmaniasis occurrence data (reproduced from Pigott et al.6).
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Figure 1. The cumulative number of unique cutaneous leishmaniasis occurrence records per year, from

1960 to 2012, coloured by region (red=Africa, green=Americas, blue=Asia, purple= Europe).

Figure 2. The cumulative number of unique visceral leishmaniasis occurrence records per year, from 1960

to 2012, coloured by region (red=Africa, green=Americas, blue=Asia, purple= Europe).
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bias in order to avoid biased conclusions. The importance of this bias is very much dependent
on the intended use of the data and a variety of techniques have been developed to assess and
accommodate this17–19. Pigott et al.6 mitigated this issue in their predictive mapping study by including
an ‘evidence consensus’ map which accounted for reporting rates at a sub-national level. This problem is
not only restricted to data from the published scientific literature; data from HealthMap and other
internet-based resources are also likely to be influenced by variation in internet usage patterns and online
engagement20.
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Ebola is a zoonotic filovirus that has the potential to cause outbreaks of variable magnitude in human
populations. This database collates our existing knowledge of all known human outbreaks of Ebola for the
first time by extracting details of their suspected zoonotic origin and subsequent human-to-human spread
from a range of published and non-published sources. In total, 22 unique Ebola outbreaks were identified,
composed of 117 unique geographic transmission clusters. Details of the index case and geographic spread
of secondary and imported cases were recorded as well as summaries of patient numbers and case fatality
rates. A brief text summary describing suspected routes and means of spread for each outbreak was also
included. While we cannot yet include the ongoing Guinea and DRC outbreaks until they are over, these
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outbreaks and help evaluate surveillance and control guidelines for limiting the spread of future epidemics.
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Background & Summary
The genus Ebolavirus belongs to the family Filoviridae and contains five known species to date that vary
in their distribution, reservoir hosts and their pathogenicity to humans. With the exception of Reston
ebolavirus which has only shown pathogenicity among primates and porcids, all of these have shown
some capacity to spill over from their natural reservoirs and cause human cases1,2. While only a single
human case of Tai Forest ebolavirus has been documented3, the remaining three species (Zaire ebolavirus,
Sudan ebolavirus and Bundibugyo ebolavirus) are all known to permit human to human transmission
after the initial suspected zoonotic transfer resulting in outbreaks of different sizes, geographic extents
and case fatality rates (Fig. 1)4,5.

Which reservoir species are responsible for maintaining Ebolavirus transmission between outbreaks is
not well understood6, but several candidate species have been identified. In Gabon three species of bats
(Hypsignathus monstrosus, Epomops franqueti and Myonycteris torquata) were found to be infected with
Ebola virus7 and some human outbreaks have been directly linked to bat exposure8. While it is
increasingly clear that gorillas (Gorilla gorilla) and chimpanzees (Pan troglodytes) are dead end hosts for
the virus, infection in populations of these species is frequently found and they still present a risk of
animal to human transmission3,9–14. For many outbreaks it has been difficult to definitively identify the
source of human Ebola index cases, but activities that bring humans into close contact with the blood of
mammals through activities such as hunting and the bushmeat trade are common to many of the index
cases8,14–16.

Following the initial suspected zoonotic transfer, secondary transmission can result from close contact
between infectious individuals or corpses and other humans, usually through exposure to infectious
bodily fluids2. Due to the close degree of contact required for secondary transmission, certain specific
community activities are commonly associated with hotspots of secondary transmission such as family
home care, traditional burial practices that involve washing the corpse, or healthcare settings where
sufficient protective measures are not in place15,17,18. These focal transmission events combined with an
incubation period of 5–9 days mean transmission can often be observed in waves of cases2,18 in both
space and time.

Spread of cases over longer distances is often associated with treatment seeking that draws people from
rural villages that typify the index case locations to big urban centres with central medical facilities
(Supplementary Figures 1–22). While this mostly involves domestic land travel19, some instances of
international importation by air travel have been documented18. Following travel of an infectious
individual, either secondary clusters of Ebola cases will occur, or transmission will be interrupted by
control methods such as quarantine and patient contact tracing20,21. Due to the variable rate of
progression of symptoms of Ebola virus disease (EVD) (onset of Ebola Haemorrhagic fever can range
from 2–21 days2), case fatality rates can vary significantly depending on a number of factors associated

Figure 1. The size (a) and case fatality rate (b) of the 22 previous Ebola outbreaks (suspected and

confirmed cases). Circle area is proportional to the total number of reported cases (a) or deaths (b) for each

outbreak. Circle colour represents different species of Ebolavirus. Black dotted lines in (b) show the median

and upper and lower 75% quantiles of outbreak case fatality rate.
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with Ebola virus pathogenesis and the quality and timing of symptomatic care. The complex interaction
between surveillance, control, treatment seeking, patient-contact rates and their combined effects on the
dynamics of transmission dictate the spread, magnitude and case fatality rate of an Ebola outbreak.

This database collates existing knowledge on the geographic spread of past Ebola outbreaks in a
standardised format that allows the dynamics of different outbreaks to be compared. Procedures for data
abstraction are outlined and each outbreak is summarised with a map and brief text description. These
data will be useful for conducting spatial analyses of Ebola outbreak spread. We include every outbreak
preceding the atypical 2013 Guinea epidemic which has spread further and faster than any previous
epidemic. Once the current Guinea and Democratic Republic of the Congo (DRC) outbreaks are over,
this database will be updated to include the same standardised data fields for these contemporary
outbreaks. Periodic updates to include any additional Ebola outbreaks will also ensure this resource has
on-going relevance in Ebola spread analyses. In particular, a comparison between the Guinea 2013
outbreak and historical outbreaks will allow an evaluation of surveillance and control guidelines in terms
of their appropriateness for mitigating the spread of future Ebola outbreaks of variable magnitude. In the
meantime, it is hoped that these data will support research into EVD epidemiology which can be brought
to bear on the current outbreak.

Methods
Data collection
Tables listing proven outbreaks of Ebola virus, sourced from the scientific literature5 and from health
reporting organisations22, were used to coordinate initial searches of the formal scientific literature using
Web of Science and PubMed for each specific outbreak. Relevant papers were abstracted and, where
possible, outbreak-specific epidemiological surveys were sourced. The citations in these references were
obtained in order to reconstruct the outbreak in detail and extract a range of epidemiological data relating
to geographic spread, case and fatality numbers.

In this analysis we excluded ongoing outbreaks meaning that the current Guinea and DRC spread data
are not yet included. When this outbreak is over and data has been assimilated we will update this
database to incorporate the Guinea and DRC outbreaks using the same procedures described below,
which will allow a comparison with historical outbreaks of Ebola.

Definitions of index, secondary and imported cases
Index cases were defined as any human infection resulting from interaction with non-human sources of
the disease. Among the sources examined, index cases were identified based on reported interaction with
suspected zoonotic reservoirs or hosts, such as non-human mammals during hunting trips8,14–16,23. In
cases where a mode of suspected zoonotic transmission could not be established, the first reported case
was assumed to be the index case. Any cases arising from existing human infections are considered as
secondary infections. Cases reported after the index cases were assumed to be secondary cases unless they
were accompanied by specific details of likely exposure to a zoonotic reservoir or non-human host. If a
case was reported in an area where no further cases occurred and no continued transmission was
documented, these were termed imported cases.

Procedure for geo-positioning
For each index, secondary or imported case cluster that could be linked to a unique geographic location
we performed a range of procedures similar to methods employed elsewhere24,25 to assign geographic
coordinates. For index and secondary cases these locations were representative of the site of suspected
zoonotic transfer or human-to-human transmission respectively. Index cases were geopositioned as the
location where exposure to the suspected zoonotic reservoir was likely to be highest. For example hunters
who butchered carcases on hunting expeditions were geopositioned as a polygon covering the area of the
hunting trip not a point at the hunters’ homes. In contrast, if an individual purchased bushmeat from a
local market for preparation and consumption at home, the home of the individual was georeferenced as
the index case, as it was considered the location of highest exposure to the suspected zoonotic reservoir.
For imported cases these locations were representative of all locations that infected patients travelled to,
but did not cause onward transmission. For the purpose of this analysis we excluded international
imported cases that did not cause autochthonous secondary transmission as, in most cases, they
represented diagnosed foreign workers or expatriates who were evacuated for specialised treatment3,10. In
such circumstances appropriate preventative measures are employed meaning that risk of onward
transmission is negligible.

Each occurrence was reported to the highest degree of spatial resolution available based upon the
information provided, as long as they could be categorised into one of: index, secondary or imported cases.
This ranged from point locations (indicative of a precise location, such as a village), to areas, termed
polygon locations, which correspond approximately to administrative regions or custom digitised areas
based on site descriptors within the primary articles. Administrative regions were defined as classified by
the Food and Agriculture Organization’s Global Administrative Unit Layers (GAUL) coding26. These
classify national boundaries as admin0 units, states or provinces as admin1 units and districts as admin2
units. By classifying Ebola occurrences as polygons we were able to represent the geographic uncertainty
around the exact location of Ebola transmission which could have occurred anywhere within the defined
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region. For towns, the coordinates of the centre were recorded, unless a specific part of the town (or an
explicit latitude and longitude) was described. Coordinates for point locations were extracted using Google
Earth (version 7.1.2). If the area concerned could not be assigned to a finer resolution than 5 km×5 km, it
was entered as polygon rather than point data. If specified regions could not be linked to an admin2
or admin1 unit, custom polygons were digitised using site descriptions in the text articles. For imprecise
descriptors e.g., ‘15 km from the town’ with no direction specified or ‘cases occurred on a north-south road
between village X and Y’, circular polygons were digitised based on radius distances given or extreme
points that defined the geographic limits of transmission. These circular polygons could be trimmed if their
area included admin1 or admin2 administrative regions which reported no EVD patients. Some articles
referred to ‘healthcare districts’ that did not correspond to admin1 or admin2 units, but were definable
based on maps presented in the primary literature that were digitised or were available on the map sharing
website IKI (www.ikimap.com)27. For index cases that referred to suspected zoonotic transfer in specific
forests or game reserves, polygons were drawn based on the specified park or forest geographic boundary as
shown in Google Earth. Two exceptional cases were present. In the first, for outbreak 13, the index case
transmission site description merely mentioned a case being reported as ‘near the town of Mbandza’. In this
instance a circular polygon was defined with radius of half the distance to the next specified location of
transmission (7.5 km)15. In the second, for outbreak 9, two locations described in the primary literature
could not be located, but were described as ‘near to the town of Booue’18. As a result the same procedure
was undertaken and a radius of 30 km was defined around the village of Booue. All digitising was
performed using ArcGIS 10.128.

Key outbreak metrics recorded
The total number of cases for each outbreak was obtained from the most recent primary source (Table 1
(available online only)). Cases included both clinically suspected and laboratory confirmed cases at the
point of care, or diagnosed retrospectively. The number of people who died with a suspected or
confirmed diagnosis of EVD was also recorded. These data were spatially disaggregated as much as
possible from the information given in the text to give measures of spatial variation in case fatality rate
within an outbreak.

Outbreak start and end time were defined by reports of the first (index) and last cases respectively. For
each secondary and imported case that occurred in a novel location, the source of importation was recorded
where reported. When possible this was reconciled with the date of the first secondary or imported case in
each cluster to determine geographic spread order. We only included confirmed sources of origin, as
determined by detailed patient histories, not suspected sources and no differentiation of spread order to two
new clusters from the same source was made unless both new clusters documented the date of their first
secondary case. If two secondary case clusters had a confirmed source but no differentiation of order we
assigned them the same spread order. Similarly if a secondary case cluster could have come from two
specified sources both were included as sources of spread. Due to a lack of epidemiological investigation at
the time, or through information being lost in the reporting chain, the spread order of many secondary and
imported case clusters was partially complete or missing altogether (Table 2).

For each outbreak the above details were combined with additional information from the original
articles on method and timing of spread to construct the text descriptions accompanying the spread maps
in Supplementary Figures 1–22 (selected examples in Figs 2,3,4). Spread is defined as movement of an
infected individual from the location of infection to a transmission-free area. For example an individual
who was likely infected from the suspected zoonotic reservoir on a hunting expedition in the forest then
caused secondary infections back in their local village, would qualify as having spread the virus from the
forest to the village. By contrast if the first reported case occurred in a village where subsequent secondary
cases then occurred, no spread would have been recorded as index and secondary transmission occur in
the same location.

Spread order (%) Source (%) Onset timing (%) End timing (%) Case data (%)

Complete 51 69 32 6 27

Partial 44 2 41 0 21

Unknown 5 29 27 94 52

Table 2. Completeness of epidemiological details among the 117 Ebola virus transmission occurrences.
Spread order is considered complete if the order of each occurrence in their respective outbreaks is known,
partial if their order could not be distinguished from every occurrence in each outbreak and unknown if their
order was unknown in the outbreak. Source was considered complete if spread could be linked to one source
occurrence, partial if spread is known to have come from one of a number of source occurrences and
unknown if source was unidentifiable (index cases excluded). Both onset and end timing were considered
complete if day, date and year was known, partial if just month and year was known. Case data was
considered complete if the number of cases and deaths was known, partial if either cases or deaths
was known.
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Selected examples are presented in Figs. 2,3,4. In the first, initial focal infection jumped from village to
village, as well as longer distance dispersal primarily through treatment seeking of infected patients
(Fig. 2). In the second (Fig. 3) more limited outbreak, cases occurred in two main clusters, with one
containing working camps surrounding the site of suspected zoonotic transfer and the other villages and
a local hospital in the vicinity of Makokou. In the final example outbreak (Fig. 4) secondary transmission
spread radially out from the village of Balimba following treatment seeking of a faith healer. Similar to
outbreak 1, infected patients travelled to local and national healthcare centres for treatment, in some cases
causing secondary transmission at great distances from the index case.

In the text descriptions, methods, sources and order of spread were described in a standardised
manner, where information allowed. A brief summary of the evolution of the outbreak over time and the
breakdown of total number of cases, deaths and case fatality rate over the course of the entire outbreak is
also given.

Figure 2. Map of the South Sudan (1976) outbreak. The first reported cases of Sudan Ebola virus were in

three workers at a cotton factory in Nzara, in close proximity to three game reserves. The method of

acquisition was unknown. The first secondary cases arose in Nzara infecting a total of 67 people who were

primarily family members of the factory workers. Further secondary transmission clusters emerged in

Maridi following spread from Nzara due to seeking treatment, after which further cases occurred in Juba

due to patients who were referred. Additional cases from Maridi were also referred directly to Juba making

the source of infection in Juba difficult to identify. Secondary transmission also emerged in Tembura due to

a patient seeking family care, although the source of this infection is unknown. Imported cases from Juba to

Khartoum and from Nzara to Omdurman were also reported following a patient seeking treatment and a

referral for diagnosis respectively (see inset). The principal mode of transmission in this outbreak was

initially familial, although in Maridi secondary transmission arose through nosocomial transmission.

Seeking of treatment was the principal cause of geographic spread. The first index case became ill on the

27 June 1976 before the first secondary cases in July and subsequent secondary transmission clusters from

August to October. Cases peaked in September (138 cases, 65 deaths). The final case was reported on

25 November 1976. Imported cases in Omdurman and Khartoum were reported in August and September,

respectively. Overall, 284 cases were reported with 151 deaths giving a CFR of 53.2%. This figure varied in

different locations: Nzara (67,31,46%), Maridi (213,116,55%), Tembura (3,3,100%), Juba (1,1,100%). Arrows

indicate order of spread. Where spread order is known, numbers are indicative of the order of spread.

Arrows sharing the same number indicate that it was not possible to distinguish which spread

happened first.
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A wider-scale map showing the locations of all the outbreaks since 1976 is also available in
Supplementary Fig. 23 and a table detailing which type of data were obtained from which source for each
outbreak is given in Table 1 (available online only)3,8,10,13–18,20,29–46.

Data Records
The data from this analysis are summarised in two types of data format (Data Citation 1). First a data
table details unique geographic locations of Ebola occurrence, including information on type of
transmission, location, spread, timing and case number. These geographic locations are grouped into
individual outbreaks (n= 22) and summary statistics on timings and case and death numbers are given
for each outbreak. Second, geographic information files are provided that match the information
presented in the data table to explicit geographic areas. These are available in a variety of formats that can
be read by geographic information system (GIS) applications. Information from these two file types were
used to make the outbreak summary maps and text in Supplementary Figures 1–22 (selected examples in
Figs. 2,3,4).

Data table of unique Ebola virus transmission locations
The table includes the following fields, detailed below. The value ‘NA’ was entered if information was
unknown, unreported or indeterminable. The term ‘occurrence’ refers to Ebola transmission locations
that are either unique in the geographic location or in their type of transmission (index, secondary or
imported). Each row in the table represents a unique Ebola occurrence. A group of occurrences make up
contained ‘outbreaks’ and fields with the prefix ‘OB’ summarise various metrics related to the entire
outbreak that each occurrence belongs to.

UNIQ_ID: A unique identification number for each occurrence at which index, secondary or
imported cases of EVD have occurred at unique geographic locations (n= 117).

NAME: Text description of the point or polygon that defines the location of the occurrence.
COUNTRY: The country where the majority of cases occurred in each outbreak.
VIRUS: The Ebola virus species of each outbreak.

Figure 3. Map of the Gabon (1994) outbreak. The first reported cases of Zaire Ebola virus were in miners

from the Mekouka and Andock encampments, suspected to have contracted the infection in the

surrounding area. The method of acquisition was unknown. The first secondary cases arose within these

two encampments and then spread to the Minkebe camp. Further secondary transmission clusters emerged

in Mayela then Makokou general hospital after 32 patients from the forest encampments sought treatment.

Cases were also reported in Ekataniabe and Ekobakoba who had recent travel histories to Makokou general

hospital. The principal modes of transmission were among workers at first, followed by nosocomial in

Makokou general hospital and familial in Mayela (connected by a single traditional healer). The initial case

was reported on 13 November 1994 before secondary transmission clusters occurred from the end of

January to February 1995. Cases and deaths peaked in December (26 cases, 14 deaths (53.8% CFR)). The

final case was reported on 9 February 1995 in Ekobakoba. Overall, 49 cases were reported with 30 deaths,

giving a CFR of 61.2%. For map key, see Fig. 2.
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CASE_TYPE: The type of transmission represented by the Ebola occurrence. Can be either ‘index’,
‘secondary’ or ‘import’.

DATA_TYPE: Whether the occurrence represents a point or larger polygon location.
LAT: The latitude of the centre point of the point or polygon of the occurrence.
LONG: The longitude of the centre point of the point or polygon of the occurrence.
LOC_NTS: Additional notes describing the site location of the occurrence.
SPR_ORDER: The order of spread between occurrences over the course of the outbreak, as

determined by the date of onset of the first case in a given occurrence. Index cases are represented with
the value ‘1’. Two or more occurrences share the same spread order if it is unknown which of the two
areas Ebola virus transmission spread to first.

SOURCE_1: The unique identification number of the occurrence where the first EVD patient
came from.

SOURCE_2: The unique identification number of the occurrence where the first EVD patient came
from. An occurrence may have more than one source if infected patients came from more than one
source but it is unknown which triggered secondary transmission.

SOURCE_3: The unique identification number of the occurrence where the first EVD patient came
from. An occurrence may have more than one source if infected patients came from more than one
source but it is unknown which triggered secondary transmission.

STR_DAY: Day of first reported case in the occurrence.
STR_MNTH: Month of first reported case in the occurrence.
STR_YEAR: Year of first reported case in the occurrence.
END_DAY: Day of last reported case in the occurrence.
END_MNTH: Month of last reported case in the occurrence.

Figure 4. Map of the Gabon (1996b) outbreak. The index case of Zaire Ebola virus likely came from one of

three infected hunters in a logging camp near Mvoung. The timing of infection makes it difficult to

distinguish index cases from secondary cases during the early stages of this outbreak, but it is likely that the

first secondary cases emerged amongst the hunters who then sought treatment from a traditional healer in

Balimba. After falling ill, the traditional healer from Balimba sought treatment in Booue, where the disease

then radially spread through the communities in the surrounding areas. A further secondary transmission

cluster emerged in Libreville (see inset) after patients from Balimba sought treatment there. In Libreville

one doctor became infected and flew to Johannesburg, South Africa for treatment before receiving a

diagnosis of Ebola. Limited further nosocomial transmission (1 case) occurred upon his arrival in

Johannesburg. Imported cases in Makokou General Hospital and Lastourville were also reported after

patients from Balimba sought treatment. No clear principal mode of transmission was observed for the

early stages of the outbreak, but in Libreville secondary transmission mainly arose through nosocomial

transmission. The index case was reported on the 13 July 1976 before the first secondary cases in

September and subsequent secondary transmission clusters from September to January. Cases peaked in

September and deaths peaked in October. The final case was reported on 18 January 1997. Overall 60 cases

were reported with 45 deaths, giving a CFR of 75%. For map key, see Fig. 2.
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END_YEAR: Year of last reported case in the occurrence.
REP_CASE: The total number of cases (suspected or confirmed) reported over the course of the

outbreak, but only within the occurrence.
REP_DEATH: The total number of deaths (suspected or confirmed) reported over the course of the

outbreak, but only within the occurrence.
OB_ID: A unique identification number for each outbreak (n= 22).
OB_STR_DAY: Day of first reported case of the outbreak.
OB_STR_MNTH: Month of first reported case of the outbreak.
OB_STR_YEAR: Year of first reported case of the outbreak.
OB_END_DAY: Day of last reported case of the outbreak.
OB_END_MNTH: Month of last reported case of the outbreak.
OB_END_YEAR: Year of last reported case of the outbreak.
OB_CASE: The total number of cases (suspected or confirmed) reported over the course of the

outbreak in all areas.
OB_DEATH: The total number of deaths (suspected or confirmed) reported over the course of the

outbreak in all areas.

Geographic information files
The geographic information files include index, secondary and imported cases linked to geographic
locations. All fields match those in the data table. Unknown, unreported or indeterminable data are
represented by the character combination ‘NA’.

Technical Validation
For each outbreak, all relevant text articles were used to confirm or reach a consensus on the likely result.
Where differing results were found (e.g., total case count), figures from primary research articles took
preference over review, summary articles or periodical epidemiological reports.

The extracted geographic and epidemiological summary information was cross-checked by at least two
different researchers to ensure accuracy.

All point and polygon locations were checked in ArcGIS 10.128 against national and subnational
boundaries to ensure their location matched the text descriptions. A gridded raster file from the Global
Lakes and Wetlands Database47 giving the locations of rivers and lakes was also included to check points
and polygons fell on land rather than water. Any points that fell in water were moved to the nearest
land pixel.

Usage Notes
The data presented here can be used in combination with spatial and temporal meteorological and
socioeconomic information to generate hypotheses about the factors that may be important in the
emergence of index cases and the spread of secondary and imported cases of EVD.

Pigott et al. combined data on Ebola index cases with a suite of environmental information in a species
distribution model to map the zoonotic niche of Ebola transmission across Africa48. Matching more
varied and finer scale local information at the sites of the index cases presented here could help develop
our understanding of the complex process of Ebola virus emergence and the risk posed by certain human
activities and land use patterns.

Using the secondary and imported case data, it would be possible to model and investigate causes of
spread of human Ebola outbreaks. Understanding spread of the pathogen in past outbreaks may aid
control of the current outbreak. A comparison between the spread of historical outbreaks and the spread
of the current ongoing outbreak once it is over will be useful for informing Ebola surveillance and control
guidelines to minimise the size and burden of these sporadic zoonoses.

Finally, this dataset can be used to investigate how the rate, extent and the environment in which
Ebola outbreaks spread relates to important outbreak measures such as the total number of cases and case
fatality rate. Understanding what distinguishes brief, geographically limited and low mortality Ebola
outbreaks from those that impose a much higher public health burden will be important for informing
future surveillance, control and treatment efforts49. This dataset provides the most comprehensive
collection of standardised data on Ebola outbreak spread currently available and will be an important
resource for these uses. These records will also be updated periodically with data from ongoing and future
Ebola outbreaks to ensure the ongoing relevance of this database.
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In order to map global disease risk, a geographic database of human Crimean-Congo haemorrhagic fever
virus (CCHFV) occurrence was produced by surveying peer-reviewed literature and case reports, as well as
informal online sources. Here we present this database, comprising occurrence data linked to geographic
point or polygon locations dating from 1953 to 2013. We fully describe all data collection, geo-positioning,
database management and quality-control procedures. This is the most comprehensive database of
confirmed CCHF occurrence in humans to-date, containing 1,721 geo-positioned occurrences in total.
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Background & Summary
The quality of reporting of Crimean-Congo haemorrhagic fever virus (CCHFV) infection is inconsistent
by country and by region and is often biased by difficulties in diagnosis, limited resources for diagnostic
testing and the variable reporting capacities of national health systems. Furthermore, active surveillance
of human CCHFV infection is rare, so it is difficult to gauge the limits and intensity of transmission in a
consistent manner across the world. As such, this database focuses on known occurrences rather than
incidence of human CCHFV infection, with each occurrence identified by its unique geographical
location on the globe and the year in which it occurred between 1953 and 2013. Sources of information
include published literature, case reports and informal online sources, described in detail in our methods
section.

Because the purpose of this database is to enable the identification of all locations of known
occurrences of human CCHFV infection globally, many different types of information sources were used
for compiling the database. These included individual case reports, reports of many cases in a particular
location over a given period of time (up to several years), and active surveillance studies. As such, no
information about the number of cases represented by each occurrence record was recorded, as the
denominator would not be consistent over space or time, and as such attempts to model incidence or
prevalence of CCHF would be a misuse of the database. Rather, with this database it is possible to model
the probability of occurrence of CCHFV transmission to humans with a high degree of spatial resolution,
for example as Bhatt et al.1 did for dengue. In that study, the global probability of occurrence of human
dengue infection was derived over long-term average conditions at a 5 km× 5 km resolution using a
similar occurrence database as we describe here for CCHF, as well as a suite of environmental covariates.
It would be unnecessary to repeat this type of labour-intensive data collection for these diseases or others
for which this work has already been done2,3. In drawing upon information from studies in multiple
locations, this type of database is intended to allow inferences to be made about the likelihood of disease
transmission in locations with little or no information and thereby inform future research and
surveillance efforts. Because the locations of disease occurrence are recorded at the finest level of detail
possible (i.e., points when the exact location was known or else polygons for administrative units when
this was the best information available), this database allows these environmental characteristics to be
determined as accurately as possible in a consistent manner at larger spatial scales.

It should be noted that we did not discriminate studies or reports based upon the clinical outcome of
the human CCHF infections they reported; this information was not consistently reported across all
of the varied sources and we aimed to be comprehensive in our inclusion of all known locations of
confirmed human CCHFV infection. We did, however, exclude cases where a healthy individual tested
positive for CCHFV antibodies due to potential cross-reactivity with other viruses and the inability to
determine the site and time of infection.

We describe all data collection processes in full, as well as the geo-positioning, quality-control and
database-management procedures. The database’s construction from many different sources of
information makes it the best currently available standardised data available on global CCHFV infection
in humans, comprising 1,721 geo-positioned occurrences in total worldwide. The database is not
necessarily confined to use for global analyses, as it contains enough detailed information for certain parts
of the world to carry out modelling at a regional or even sub-national scale. Regions and countries are
specified in addition to the specific location of every record in order to facilitate sub-setting of the
database for the user’s needs.

Methods
Data collection
An occurrence database comprising point (e.g., town or city) or polygon (e.g., county or province)
locations of confirmed CCHF infection presence was compiled from peer-reviewed literature, Genbank
records, and HealthMap alerts. A literature search was conducted on PubMed and Web of Science using
the terms ‘CCHF’ or ‘Crimean Congo Hemorrhagic Fever’ or ‘Crimean Hemorrhagic Fever’ or ‘Congo
Hemorrhagic Fever’. The same terms were used in our Genbank search. An occurrence was defined as
one or more laboratory or clinically confirmed infection(s) with CCHFV occurring at a unique location
(the same polygon, or 5 km× 5 km pixel for points) within one calendar year. All occurrence data
underwent manual review and quality control to ensure reliability and precision of geo-positioning.
Original data sources can be provided in PDF format by requesting the files from the corresponding
author.

Informal online data sources were collated automatically by the web-based system HealthMap (http://
healthmap.org) as described elsewhere4. Briefly, HealthMap is an online infectious disease outbreak-
monitoring system that captures data from a range of electronic sources in nine different languages. The
system performs hourly scans of online news aggregators, listservs, electronic disease surveillance
networks and public health outbreak report feeds. It captures four fields: headline (the headline, title or
subject line), date (publication date), description (a brief summary) and information text (the main
content of the article or report). The information text is passed to HealthMap’s classification engine,
which parses out one or more disease names and outbreak locations using dictionaries of disease and
location patterns. The system then uses a separate algorithm to assign relevance scores that classify alerts
as (i) breaking (information about a new outbreak or new information about an on-going outbreak),
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(ii) context (content about research, policy or background on a particular disease), (iii) warning (articles
that warn about the potential for an outbreak), (iv) not disease-related (articles that are captured by the
system because they contain words that match disease names in the dictionary but are not in fact about
an infectious disease) or (v) old news (an article that mentions a historical outbreak). Finally, HealthMap
handles duplicates by aggregating together highly similar alerts such as those released by a news wire
service and published in multiple periodicals. The requirements for including a CCHF occurrence record
from the HealthMap data set in our database were that the article or report contained one of thirty-six
key words or phrases in twenty different languages, including ‘CCHF’, ‘CCHFV’, and ‘Crimean-Congo’ in
English. The article must also have been classified by the system as ‘breaking’. The HealthMap data set
included in the current database was last updated on 26th May 2012.

Geo-positioning of data
All available location information was extracted from each peer-reviewed article and PROMED case
report. The site name was used together with all contextual information provided about the site position
to determine its latitudinal and longitudinal coordinates using Google Maps (https://www.maps.google.
co.uk/). Place names are often duplicated within a country, so the contextual information was used to
ensure the correct site was selected. When the site name was not found, the contextual information was
used to scan sites in the approximate area to check for names that had been transliterated in Google Maps
in a different way to the published article (e.g., Imichli and Imishly). If the study site could be geo-
positioned to a specific city, town or village, its centre was recorded and termed a ‘point location’ (i.e.,
associated with a specific latitude and longitude). Point occurrences also included explicit co-ordinates
supplied in the article. In reports where more accurate details about the specific location within the city,
town or village were available (such as a specific suburb), this was used to define the point occurrence. If
the study site could only be identified at an administrative area level (e.g., province or district), the
latitude and longitude of a point within the area, along with its name and administrative level, was
recorded from Google Maps and then later overlaid in a geographic information system (GIS) to identify
the appropriate polygon for the administrative unit. All administrative units were as recognised by the
FAO Global Administrative Unit Layer (GAUL) system3. These occurrences referring to an area
were termed ‘polygon locations’. Reports of autochthonous (locally transmitted) cases or outbreaks were
entered as an occurrence within the country in which transmission occurred. If imported cases were
reported with information about the site of infection, they were geo-positioned to the country where
transmission occurred. If imported cases were reported with no information about the site of contagion,
they were not entered into the database. All formal occurrence records underwent spatial and temporal
standardisation as described below, in order to ensure consistent definition of an occurrence before
undergoing technical validation.

Geo-positions for the HealthMap data were generated using a custom-built gazetteer, or geographic
dictionary, of over 4,000 relevant phrases and place names and their corresponding geographic
coordinates. The system uses a look-up tree algorithm that searches for matches between sequences of
words in alert info text and sequences of words in the gazetteer. When a match is found, a set of rules are
applied which attempt to determine the relevance of the place name to the outbreak that is being reported
based on the position of the phrase in the report text. The gazetteer includes place names at a range of
spatial resolutions (e.g., neighbourhoods, cities, provinces and countries) and uses certain phrases to
trigger exclusion of a place name (e.g., Brazil nut). All HealthMap records were added to the
unstandardised database and then underwent spatial and temporal standardisation, as well as technical
validation, along with the records from the literature and ProMED reports.

Occurrence database management: locational and temporal standardisation
As the database was compiled from many different sources and by multiple persons, it was first necessary
to standardise the data entries such that identical locations which may have been geo-positioned slightly
differently were given the same unique identifier. To do this, polygon records were all assigned a unique
administrative code by overlaying the recorded geographic coordinates in the GIS with corresponding
administrative unit shapefiles5. Point records were given the same unique identifier if they lay in the same
5 km× 5 km pixel within a global grid. Finally, any record associated with a polygon measuring larger
than 1° × 1° at the equator was removed from the database, although the authors are happy to provide the
records for these polygons upon request.

It was next necessary to temporally standardise the database, as the collected CCHF occurrence data
came in a variety of temporal forms. For example, some sources reported multiple cases in a single
location throughout a year with no finer-scale temporal information. However, in other sources
(particularly online sources), multiple cases in the same location throughout the year were presented as a
new report each time subsequent transmission occurred. Furthermore, many sources described endemic
transmission occurring across multiple years. As a result, we chose to define a single occurrence at a given
unique location (as identified above) as one or more confirmed human cases of CCHFV infection
occurring within one calendar year in that location, as this was the finest temporal resolution available
across all records. This involved a procedure which: (i) disaggregated any records which were in the
same location but spanning multiple years into individual records for each respective year; and then
(ii) aggregated all records with the same unique location identifier and occurring within the same year to
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form a single occurrence record. It should be emphasized that because the studies and case reports from
which data was compiled represent various types of both active and passive surveillance, the resulting
database alone cannot reveal the actual frequency of CCHF occurrences, and that each unique location
where any CCHFV infections occurred were only assigned one occurrence per year, regardless of the
number of infections reported. The database next and finally underwent technical validation, as
described below.

Data Records
The database is publicly available online (Data Citation 1) as a comma-delimited file for ease of use and
the ability to import it into a variety of software programs. Each of the 1,721 rows represents a single
occurrence record (one or more CCHF cases in the same unique location within a single calendar year).
A summary of the data management procedure, beginning with the raw inputs and showing the
proportion of data lost through the stages of quality control before reaching the final occurrence database,

Figure 1. Occurrence data processing summary, beginning with the raw inputs and showing the proportion of

data gained or lost through the stages of temporal standardisation and quality control before reaching the final

occurrence database.
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Figure 2. The numbers of occurrence locations per year separated by region.
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is provided in Fig. 1. Only three records were entered at the country level, and were all in countries with
an area greater than 1 degree squared at the equator, so no country-level records existed in the final
database as can be seen below. Fig. 2 displays the numbers of occurrence locations per year separated by
region. The fields contained in the database are as follows:

1. OCCURRENCE_ID: Unique identifier for each occurrence in the database after temporal and
locational standardisation.

2. LOCATION_TYPE: Whether the record represents a point or a polygon location.
3. ADMIN_LEVEL: The administrative level which the record represents when the location type is a

polygon. Values are 1 (state or province), 2 (district) and −999 when the location type is a point.
4. GAUL_AD1: The first-level GAUL code which identifies the Admin-1 level occurrences as well as

the Admin-1 polygon within which any smaller polygons and points lie.
5. GAUL_AD2: The second-level GAUL code which identifies the Admin-2 level occurrences as well as

the Admin-2 polygon within which any points lie. Values of −999 are assigned when the polygon was
Admin-1 level.

6. UNIQUE_LOCATION: A unique identifier created for all locations (both points and polygons)
based upon the unique point locations (in same 5 km× 5 km pixels) and the GAUL codes.

7. X: The longitudinal coordinate of the point or polygon centroid (WGS1984 Datum).
8. Y: The latitudinal coordinate of the point or polygon centroid (WGS1984 Datum).
9. YEAR: The year of the occurrence.
10. COUNTRY: The name of the country within which the occurrence lies.
11. REGION: The region within which the occurrence lies—values are Asia, Europe, and Africa

(includes the Arabian peninsula).

Technical Validation
The following procedures were carried out on the final database to ensure the accuracy and validity of the
occurrence records.

1. A raster distinguishing land from water was created at a 5 km× 5 km resolution and was used to
ensure all disease occurrences were positioned on a valid land pixel.

2. We cross-validated all of the unique occurrence locations against CCHFV transmission extent based
upon an evidence-based consensus score, derived in a similar manner as Brady et al.6 previously
carried out for dengue. In brief, this classification was determined according to a qualitative evidence
base that assessed consensus among a wide variety of evidence types on presence or absence of human
CCHF cases at a national and sometimes sub-national level. This consensus ranged from complete
agreement on absence (score of −100) to complete agreement on presence (100). We chose to exclude
points in areas with scores of less than −25. This conservative criterion was intended to preserve points
in areas of uncertainty on CCHF status.

3. A random sub-sample of HealthMap occurrence points were manually checked to identify common
geo-positioning problems which were rectified in the final database.

The result is a database consisting of 1,721 geo-positioned occurrences in total worldwide, broken
down by region and location type in Table 1.

In addition to the main comma-delimited file, three Supplementary Files are included as part of the
file set which can be found online (Data Citation 1). These include two text documents: (i) a bibliography
of the published literature used for inputting occurrence records, and (ii) a list of accession ID numbers
for those records obtained from GenBank. The third Supplementary File is an additional comma-
delimited file containing the HealthMap records entered into the database (before standardization and
technical validation). This database contains information on the year of each report, as well as the latitude
and longitude of the disease occurrence and the source from which this information was extracted.
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