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“Remember that all models are wrong; the practical question is how wrong do they have to be 

to not be useful.” 

-- George P. Box 
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DISSERTATION ABSTRACT 

 

Environmentally transmitted pathogens (ETPs) have been understudied despite their threats to the 

health of wildlife, domestic animals, and humans. These pathogens can survive for extended 

periods in the environment, and thus, understanding sources of variation in the off-host life stage 

is important for evaluating heterogeneity in host infection risk and outbreak dynamics. Variations 

among the three components of the epidemiological triangle (i.e., environment, host, and 

pathogen) may alter the timing, intensity, and spatial distribution of disease outbreaks. I first built 

a theoretical agent-based simulation model to assess how environmental characteristics, host 

behaviors, and ETP traits altered spatio-temporal patterns of disease dynamics. Model outcomes 

highlighted the dual roles of pathogen reservoir formation and host behavioral responses toward 

reservoirs in shaping the timing and intensity of outbreaks and the creation of high-risk pathogen 

hotspots on a landscape. I then applied this method to infection dynamics of Bacillus anthracis, 

the causative agent of anthrax. This widely distributed, multi-host pathogen must kill its host and 

be released into the environment where it forms persistent spores able to survive for years and 

transmit to new hosts. I focused on Etosha National Park, Namibia, where anthrax is endemic, 

unmanaged, and mostly affects mammalian herbivores. Combining a Poisson process model with 

long-term datasets on host behaviors and pathogen survival at reservoir sites, showed that early 

preference for foraging at infectious sites, combined with seasonality in spore concentrations at 

death, was a significant factor driving the number of secondary infections. Notably only wet-

season formed reservoirs produced secondary infections. Finally, building an agent-based model 

of anthrax dynamics in Etosha, I showed that changes in host density, movement patterns, rainfall 

conditions, and pathogen persistence can significantly alter outbreak dynamics. In particular, 

smaller host range size, lower density and drought led to fewer host-pathogen encounters and 
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smaller outbreaks, while wetter conditions led to massive outbreaks, the intensity and timing 

depending on the host density. This dissertation highlights how variation in the environment, the 

hosts and the pathogens can profoundly modify ETP dynamics, emphasizing the necessity to study 

these three factors to infer the timing, intensity, and distribution of environmental diseases. 
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0 DISSERTATION INTRODUCTION 

 

The recent COVID-19 pandemic shed a bright spotlight on the value of studying infectious 

disease dynamics. Indeed, infectious diseases—or those caused by pathogenic organisms that can 

spread among hosts within a population—are responsible for significant economic losses (Smith 

et al., 2019). They also pose a risk of spillover between wildlife, domestic animals, and/or humans 

(Plowright et al., 2017) and are a concern for species conservation as they can cause local 

extinction of wild populations (Smith et al., 2009). Studying disease dynamics is thus critical to 

better manage or mitigate the risk of disease outbreaks. To investigate disease outbreaks, we 

require knowledge about the pathogen itself, the hosts that the pathogen infects, and the 

environment in which host-pathogen interactions occur. These three components comprise the 

epidemiological triangle, which is essential to understanding how a disease moves through host 

populations and how pathogens survive (van Seventer and Hochberg, 2017).  

One critical source of variation in pathogen transmission within a population depends upon 

the transmission mode. Two major transmission modes exist: direct and indirect. A directly 

transmitted pathogen requires close contact between an infected and a susceptible host to be 

transmitted. For example, the canine distemper virus spreads when animals cough or sneeze next 

to susceptible individuals (Martinez-Gutierrez and Ruiz-Saenz, 2016), the rabies virus is spread 

when an infected individual bites a susceptible one (Fisher et al., 2018), and chlamydia (Chlamydia 

pecorum) is transmitted during sexual intercourse (Burach et al., 2014). Indirect transmission 

happens when the pathogen can survive outside a host long enough to be transmitted to the next 

one, either through the external environment, or via a vector, i.e., an intermediary host that helps 

transmit the pathogen. Many vectors are arthropods, such as mosquitoes, ticks, and fleas, and 
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transmit numerous pathogens. The mosquito Aedes aegypti, can transmit dengue fever, yellow 

fever, chikungunya, and Zika viruses to humans (Leta et al., 2018). Ticks transmit Lyme disease, 

babesiosis, or tick-borne encephalitis, among others (Madison-Antenucci et al., 2020). When no 

vectors are required, transmission can occur from contact between a susceptible host and 

contaminated environments. For example, Vibrio cholerae (Rebaudet et al., 2013), Salmonella 

spp. (Holschbach and Peek, 2018), and  Escherichia coli (Chekabab et al., 2013) are transmitted 

to humans by ingestion of contaminated food or water. While direct transmission represents the 

most common transmission mode, certain pathogens can combine multiple pathways, such as 

Yersinia pestis, the cause of the plague, which can be transmitted by fleas and from contaminated 

environments (Easterday et al., 2012), or chronic-wasting disease (CWD) caused by a prion, which 

can be transmitted from direct contact, and environmental reservoirs (Potapov et al., 2016). 

Theoretical studies have largely focused on directly transmitted diseases and more recently on 

vector-borne pathogens compared to environmentally transmitted diseases (Hollingsworth et al., 

2015).   

Environmentally transmitted pathogens (ETPs) have the particularity of surviving outside 

their hosts for extended periods, from hours to decades (Gerba, 2009). Persistent ETPs specifically 

can maintain diseases in an ecosystem and allow re-emergence of outbreaks long after they had 

seemingly faded out.  Environmental reservoirs for avian influenza are believed to explain the re-

emergence of the disease 2-4 years after it disappeared (Breban et al., 2009; Rohani et al., 2009). 

White-nose syndrome, caused by Pseudogymnoascus destructans, a fungus infecting hibernating 

bats, can survive within the roosting habitat while bats are away during the summer periods, 

allowing re-infection of bats every year (Hoyt et al., 2021). ETPs are often considered to be 

opportunistic pathogens as they are non-specific, do not require a host to survive and can become 
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pathogenic under certain conditions (Brown et al., 2012). This makes them harder to manage, as 

targeting the environment rather than a host is essential in these systems (Anttila et al., 2015, 2013; 

Samsing and Barnes, 2024). Different strategies have been observed to ensure pathogen survival 

in the external environment. Sporulation is a well-studied strategy among bacteria (Bacillus spp. 

and Clostridium spp. especially, [Swick et al., 2016]), but other pathogens such as fungi can 

sporulate to facilitate their survival in the environment (Huang and Hull, 2017). Spores are very 

resistant to unfavorable abiotic conditions and allow pathogens to survive for extended periods 

(Bressuire-Isoard et al., 2018; Nicholson et al., 2000). Certain pathogens are also able to grow in 

the environment, such as fungi like Coccidioides spp. (del Rocío Reyes-Montes et al., 2016) and 

Pseudogymnoascus destructans (Reynolds et al., 2015), or bacteria like the fish pathogen 

Flavobacterium columnare (Suomalainen et al., 2006). This external growth, often slow under 

unfavorable conditions, allows these microbes to be maintained between infections or until 

favorable conditions arise (Denham et al., 2019). Pathogens have also been observed in symbiotic 

relationships, notably in aquatic systems where associations with zooplankton have been observed 

(Perera et al., 2022). For example, the presence of copepods in water is associated with a longer 

survival of Vibrio spp. (Mueller et al., 2007; Nuttall and Moisander, 2023). Comprehending the 

mechanisms allowing ETPs to survive for extended periods in the environment is necessary, as 

differences in survival can impact disease dynamics and thus management strategies (Sinclair et 

al., 2012). 

Depending on the pathogen, ETPs can be released into the environment in different 

patterns, which is likely to influence subsequent infection risk and its spatial distribution. 

Understanding the spatial distribution of ETPs is significant as this can alter the contact rate and 

thus, the number of infections. Certain pathogens are released by their hosts continuously or semi-
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continuously in small quantities over the infection duration via urine (e.g. Leptospira spp. [Zaidi 

et al., 2018]), feces (e.g., Campylobacter spp. and Salmonella spp.; [Siembieda et al., 2011]), and 

other body fluids. Other ETPs, called obligate killers, must kill their hosts to be released into the 

environment and transmitted to the next host. Those pathogens are released in large quantities at 

the host death site (e.g., Bacillus anthracis, responsible for anthrax disease [Hugh-Jones and de 

Vos, 2002]; baculoviruses in Lepidoptera [Redman et al., 2016]; or Metschnikowia bicuspidata 

fungus in Daphnia dentifera [Sánchez et al., 2023]). Finally, pathogens can be released through 

both modes (e.g., CWD, which is shed in urine, feces, saliva, scent gland secretions, and upon host 

death [Haley et al., 2009; Schramm et al., 2006]; Batrachochytrium salamandrivorans released 

from skin and upon host death [Carter et al., 2024]; Erysipelothrix rhusiopathiae, a bacterium 

released in feces and upon host death infecting multiple hosts such as muskoxen (Ovibos 

moschatus) and swine  [Mavrot et al., 2020; Ugochukwu et al., 2019]).  Due to differences in how, 

where and when pathogens are released from infected hosts and differences in survival rates in the 

environment, it can be complex to study ETPs in free-ranging wildlife (Becker et al., 2023). 

Specifically, for highly persistent ETPs, determining temporal infection risk can be challenging as 

it may require years of intensive fieldwork (Barandongo et al., 2023; Turner et al., 2014). 

 Individual heterogeneity in hosts can also have important effects on disease dynamics and 

the spatial distribution of pathogens. Indeed, characteristics pertaining to host heterogeneity, such 

as age, physiology, and behaviors can alter host susceptibility and disease dynamics (Hawley and 

Altizer, 2011). For ETPs, behavioral modifications linked to visual cues of pathogen presence in 

an environment can alter the risk of contact and, thus, the dynamic of a disease (e.g., the landscape 

of disgust [Buck et al., 2018; Weinstein et al., 2018]). This has a particular implication for trying 

to obtain the basic reproduction number, R0, of an ETP, which represents the average number of 
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individuals, in a fully susceptible population, an infected host may infect over its infectious period 

(Diekmann et al., 1990). This parameter has often been obtained for directly transmitted pathogens 

(Alimohamadi et al., 2020; Guerra et al., 2017), however, determining this parameter for an ETP 

proves challenging for multiple reasons (Blackburn et al., 2019). First, extended pathogen survival 

in the environment allows a time lag between the creation of environmental pathogen reservoirs 

and infection of secondary hosts (e.g., decadal anthrax outbreaks in Kruger National Park, South 

Africa, [Huang et al., 2022]). Second, host behavioral decisions to engage with a reservoir can 

evolve over time, as does the infectivity of the reservoir (Turner et al., 2014) adding more 

complexity to estimating the reproduction number of those pathogens. Third, the distribution of 

reservoirs in a heterogeneous environment can have consequences in terms of the number of 

encounters and initial risk of a reservoir (Gajewski et al., 2024). Specifically, fragmentation and 

resource distribution may affect host movements, altering both the contact risk and the spatial 

distribution of pathogens (Belasen et al., 2022; Suzán et al., 2008). Finally, differences in host 

susceptibility and immunity can have repercussions for both the distribution of pathogens in the 

environment and their initial infectivity potential. For example, super-shedder individuals can 

release an unexpectedly high quantity of pathogens into the environment (Chase-Topping et al., 

2008; Matthews et al., 2009), contributing disproportionally to transmission risk by creating 

localized pathogen transmission risk hot spots. Understanding and managing ETPs is thus reliant 

upon unraveling the complex relationships arising from variation in the pathogens, hosts, and the 

environment, emphasizing the importance of studying all sides of the epidemiological triangle.  

Mathematical models have been widely used to predict the risks that infectious diseases 

pose to human and animal populations and to determine how to reduce transmission. With the 

increased computational capacities and knowledge about disease transmission, model designs have 
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evolved toward the inclusion of more ecological complexity, going from, for example, non-

spatially explicit compartmental models (Susceptible-Infected-Recovered models and their 

derivates, Stone et al., 2012) to reaction-diffusion models (Lou and Salako, 2023), contact network 

analysis (Craft, 2015), metapopulation approaches (Ball et al., 2015) and spatially explicit agent-

based models (ABM, Tracey et al., 2014). Specifically, the use of ABMs in epidemiology has 

increased in the past decade largely due to their ability to model complex relationships between 

the environment, the host, and the pathogen (Carlos et al., 2023; Lane-deGraaf et al., 2013; Perez 

and Dragicevic, 2009; Strasburg and Christensen, 2024). ABMs allow modeling of individual 

organisms, called agents, moving in a spatially explicit environment that is able to change over 

time. By modeling at the individual level, ABMs facilitate the integration of different sources of 

heterogeneity and determination of the components most important for the disease dynamics. 

Indeed, each agent follows a set of pre-defined rules, allowing them to react depending on their 

surroundings and their individual characteristics (Railsback and Grimm, 2019). By computing 

complex relationships, these models can inform us about the underlying processes that allow an 

infectious disease to spread throughout a population and the direct and indirect consequences of 

disease management (Willem et al., 2017). For example, many ABMs were developed to 

understand transmission risks and spatial distribution of vector-borne diseases, notably by focusing 

on the role of human movement in the movement of vectors and ways to limit the spatial spread 

of the associated disease (e.g., dengue virus [Karl et al., 2014; Miksch et al., 2019];  malaria [Alam 

et al., 2017; Pizzitutti et al., 2018; Smith et al., 2018], or human African trypanosomiasis [Alderton 

et al., 2018; Grébaut et al., 2016]). ABMs for managing CWD in cervids through hunter-harvest 

decisions consider direct transmission only (Belsare et al., 2020; Belsare and Stewart, 2020). 

However, environmental transmission of CWD is believed to have a role in CWD spread when the 
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disease becomes endemic in a region (Thompson et al., 2024). Specifically, when environmental 

transmission occurs, ABMs can be very useful due to the ability to integrate individual host 

movement decisions, a major component to determine the number of encounters between hosts 

and reservoirs, a parameter necessary to estimate the risk of transmission for ETPs (Bonnell et al., 

2018; Dougherty et al., 2018). While ABMs can be useful based on their capacity to include 

heterogeneity of hosts, pathogens and landscape, they are computationally time-consuming, and 

require substantial data input, calibration, and validation, making them very ecosystem specific 

(Niemann et al., 2021; Sun et al., 2016)..  

In my dissertation, I used ABMs to study the mechanisms driving variation in timing, 

intensity, and spatial distribution of disease outbreaks caused by ETPs. Notably, I was interested 

in how the three sides of the epidemiological triangle—the pathogen, the host, and the 

environment—interact to create specific spatiotemporal disease dynamic patterns. ABMs are a 

useful methodology as they allow the inclusion of many variations in the pathogen, and in host 

ecology; as well as to re-create the emergence of specific host-pathogen interactions depending on 

the environmental properties, such as the landscape structure or the role of abiotic factors. By their 

capacity to be spatially-explicit and built around individual agents, information such as the number 

of contacts an individual has with a reservoir, the locations where infections occurred or when, 

and where pathogens are released can be obtained from ABM simulations. These are specifically 

important as they are directly linked to the spatial properties of ETPs, as well as the timing and 

intensity of outbreaks. While I started my research journey with a general approach to 

understanding ETPs, I specialized on anthrax transmission among its herbivorous hosts in Etosha 

National Park, Namibia (hereafter Etosha).  
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 Anthrax, caused by the gram-positive bacterium Bacillus anthracis (BA), is an obligate-

killer ETP found in all inhabited continents (Carlson et al., 2019). This pathogen has been studied 

for decades, in a very large variety of ecosystems and among different host species (Australia 

[Barro et al., 2016], Africa [Adesola et al., 2024], Asia [Sardar et al., 2023] Europe [Schmid and 

Kaufmann, 2002], or North America [Nekorchuk et al., 2019]). Thanks to the numerous studies 

among a large range of ecosystems and hosts, anthrax is a well-suited ETP for investigating the 

roles of environmental specificities, host ecology, and pathogen characteristics on emergence and 

maintenance of an ETP. Three natural exposure pathways to anthrax exist, including inhalation, a 

mostly uncommon pathway with the highest mortality risk; cutaneous, which has a low risk of 

mortality; and gastrointestinal, which has a relatively high mortality risk if untreated. For humans, 

the cutaneous pathway is most common, notably among farmers and butchers handling infected 

meat or animal products (Islam et al., 2013), inhalation is of greatest concern for bioterrorism 

(Goel, 2015), and a fourth transmission pathway specific to humans includes injectional anthrax 

from administration of contaminated intravenous drugs (Berger et al., 2014). In wildlife, 

gastrointestinal exposure is the main transmission pathway and occurs from different exposure 

ways such as from grazing, browsing, drinking, or bone-handling (Hugh-Jones and de Vos, 2002; 

Turner et al., 2014) (figure 1). 

The anthrax bacterium has two life forms: vegetative cells and spores. Upon uptake by a 

host, BA spores germinate into vegetative cells, which proliferate and release toxins, causing 

septicemia and death within a few days (Beyer and Turnbull, 2009). At host death, blood fails to 

clot and hemorrhages, releasing vegetative cells into the environment, where they must sporulate 

or die (Dragon and Rennie, 1995). BA spores are highly resistant to abiotic factors and can survive 

for extended periods in the environment, usually decades (Barandongo et al., 2023; Dragon and 
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Rennie, 1995). The ability of BA spores to persist in the environment for long periods allows the 

disease to re-emerge after years without a single case recorded, creating regional epidemic anthrax 

outbreaks. For example, six outbreaks, killing thousands of wood bison (Bison bison athabascae) 

were recorded in the Canadian Northwest Territories between 1963 and 2006 (Dragon et al., 1999; 

Nishi et al., 2007). Similarly, major outbreaks in Kruger National Park, South Africa historically 

occurred at a decadal interval, with thousands of recorded cases (Huang et al., 2022; Pienaar, 

1961). In contrast, certain ecosystems are considered anthrax endemic, due to the recurrent 

observation of usually small anthrax outbreaks, such as observed in Kenya (Muturi et al., 2018), 

Bangladesh (Chakraborty et al., 2012; Islam et al., 2016),  Zambia (Munang’andu et al., 2012) or 

Namibia, especially Etosha (Lindeque and Turnbull, 1994). 

Anthrax outbreaks in Etosha have been studied extensively for multiple decades and are 

unmanaged, allowing natural outbreak cycles to be observed (Barandongo et al., 2023; Cizauskas 

et al., 2014; Ebedes, 1976; Huang et al., 2021; Lindeque and Turnbull, 1994; Turner et al., 2013). 

BA is considered to have originated in southern Africa (Keim et al., 1997), and anthrax is endemic 

in Etosha, making this location a notable system for studying anthrax outbreaks. Etosha is a semi-

arid savanna with outbreaks recorded yearly among mammalian herbivores (Turner et al., 2013). 

Anthrax is strongly seasonal and, in Etosha, cases peak during the end of the wet season (March-

April) among the two most abundant grazers, plains zebra (Equus quagga) and blue wildebeest 

(Connochaetes taurinus) (Turner et al., 2013). Mixed-feeders (i.e., those consuming a mix of 

grasses and leaves of woody vegetation or browse) are the second most impacted species, 

especially the springbok (Antidorcas marsupialis) and African elephant (Loxodonta africana), the 

latter having most cases recorded during the dry season. Finally, browsers, although susceptible to 

the disease, are only seldom infected. Thanks to the availability of long-term datasets, the regular 



10 
 

and stable observations of outbreaks and the diversity of host species, Etosha is a prominent 

ecosystem to make inferences on the drivers of anthrax disease dynamics. 

 For my first chapter, I was interested in understanding how hosts' behavioral decisions, 

pathogens' dynamics, and landscape features alter ETPs' disease dynamics and spatial distribution. 

While theoretical models are abundant for direct and vector-borne diseases, they are lacking for 

ETPs.  Thus, I developed a theoretical simulation ABM to determine which of the host behaviors, 

pathogen characteristics, and environmental features drive ETPs outbreak dynamics and spatial 

distribution. Establishment and maintenance of the disease was mostly influenced by host 

behavioral decisions when facing an environmental reservoir, the persistence of the pathogen in 

the environment, and the initial concentration of pathogen released into the environment. The 

spatial distribution of the ETPs in the landscape was most influenced by the pathogen release 

pattern from the infected host, with pathogens released upon death creating few highly infectious 

hotspots, while pathogens released from shedding created many low-infectivity risk zones. This 

theoretical model allowed us to emphasize the significant role of host decisions on disease 

dynamics, and of ETP release mechanisms on the spatial distribution of outbreaks. 

 Then, my overall goal was to adapt this simulation model to anthrax outbreaks in Etosha 

to understand how each side of the epidemiological triangle shapes the endemicity of anthrax 

outbreaks in this system. However, to develop and parameterize an ABM for anthrax in Etosha, 

some key parameters were still required, notably the exposure risk associated with anthrax 

reservoir encounters. Thus, my second chapter focused on determining the reproduction number 

of anthrax reservoirs in Etosha. I used a three-year camera trap dataset combined with a Poisson 

process model to simulate the reproduction number R of anthrax, defined as the number of hosts 

an anthrax reservoir may infect over its infectious period, considering a non-naïve population. 
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From the camera trap analysis, plains zebra and blue wildebeest seem to encounter anthrax 

reservoirs at random, but the probability of grazing on reservoirs was higher than on control sites. 

Upon effective contact with a reservoir, our model estimated that 107 to 108 spores needed to be 

ingested for a lethal infection to occur. Due to strong seasonality in anthrax reservoir infectivity, 

only reservoirs formed during the wet season resulted in secondary infections; dry-season formed 

reservoirs led to no additional cases. The temporal variation in BA spore concentration and host 

behavior towards environmental reservoirs were important for calculating the reproduction 

number of a reservoir, with most of the secondary infections occurring within three years of 

reservoir establishment. This study highlighted the challenge posed by persistent ETPs in 

recording the number of secondary infections arising from a single reservoir over its entire 

infectious period. It also highlighted the necessity of characterizing host behavior at environmental 

reservoirs, as behavioral choices can alter contact rates and thus the dynamics of a disease. 

 Finally, my third chapter consisted of integrating the insights obtained from my first two 

chapters and from the extensive research conducted on anthrax in Etosha to build an ABM to 

investigate the interplay among environmental variation, host ecology, and pathogen persistence 

on anthrax dynamics in Etosha. By varying rainfall conditions, the seasonality of outbreaks in 

Etosha was lost, both under drought and wetter conditions. However, under drought conditions, 

the number of cases recorded dropped rapidly, while under wetter conditions, the number of cases 

tended to be very high. Notably, when host density was high, we could simulate epidemic-like 

outbreaks, with large outbreaks causing a decline in the host population, leading to a substantial 

drop in cases thereafter. Varying host range sizes also significantly impacted outbreaks. Indeed, a 

smaller range size led to fewer cases due to a decline in reservoir encounters. This ABM 

specialized on anthrax unraveled the importance of the abiotic conditions on the maintenance of 
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anthrax outbreaks in the Etosha system. Indeed, changes in rainfall, and hence vegetation, had 

significant impact on the movement of herbivorous hosts, which altered exposure risk, leading to 

a drop in cases or to massive outbreaks. These results emphasize the necessity of including 

variation along the three sides of the epidemiological triangle, and the subsequent interactions that 

stem from modification of a single component.  

By developing a theoretical ABM and then applying it to a specific system, I was able to unravel 

some key sources of variation in ETP outbreak dynamics and spatial distributions. Notably, host 

behavior when encountering a reservoir, specifically the decision to engage with it or not is a major 

component required to estimate the intrinsic risk a reservoir poses in an environment. For anthrax, 

while no direct attraction toward reservoirs on a landscape was observed, the probability of 

interacting with an infectious site once it was encountered was higher than for non-infectious sites, 

emphasizing the necessity of fine-scale behavioral data. Knowing pathogen survival rates in an 

environment and the associated pathogen concentration present at a reservoir over time proved to 

be an important component of understanding the timing and intensity of outbreaks. While BA can 

be detected a decade after host death at a carcass site, the risk of effective anthrax transmission 

was present only within the first few years of reservoir creation. Seasonality of cases was extremely 

important for anthrax, as during the unfavorable dry season of Etosha, the concentration of BA 

spores formed at carcass sites was for the most part below transmission levels. Finally, 

environmental conditions, mostly abiotic factors, were shown to be extremely important as they 

can alter host movements, which can then alter host-pathogen encounter rates, destabilizing the 

endemicity of anthrax in Etosha. To conclude, my dissertation emphasizes the importance of 

studying how hosts, pathogen and environment interact, and how variation in any side of the 
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epidemiological triangle may affect the disease dynamics in term of timing, intensity and spatial 

distribution.  

Figures 

 

FIGURE 1: The main anthrax transmission pathways hypothesized for herbivorous wildlife. The 

main transmission mode for grazers is from grazing at infectious carcass sites. Browser species are 

infected when foraging on leaves that have been contaminated with Bacillus anthracis by blowflies 

after deposition of spores from their emesis and feces following the consumption of infected body 

fluids. Inhalation, while a possible pathway from dust exposure is likely uncommon. Osteophagia 

and bone handling may lead to anthrax transmission. Finally, drinking at water sources 

contaminated by anthrax carcasses or scavengers is a possible anthrax transmission pathway. 

Illustration from Huang et al., (2022), by Andi Kur, Sequential Potential. 
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PICTURE 1: Plains zebra (Equus quagga) in Etosha National Park, Namibia, standing and bleeding 

from the nose (left) and carcass of the same individual found the next day (right) after being 

scavenged. Photos by Amélie Dolfi, May 2022 
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1.1 Abstract 

Environmentally transmitted pathogen (ETP) dynamics can be complex to characterize, often due 

to discrepancies in the spatial and temporal scales of the infectious environment and host 

movement. To manage ETP outbreaks, it is critical to understand which variables pertaining to the 

host, pathogen, and landscape are most relevant to the disease dynamic. However, persistent ETPs 

can be challenging to study in free-ranging wildlife due to the difficulty of recording infections, 

infection duration, and pathogen release events. Thus, we developed a theoretical agent-based 

simulation model to examine the role of pathogen transmission mode, environmental survival and 

infectivity; host movement and behavior; and landscape quality and fragmentation on disease 

prevalence and spatial distribution. The model explores three pathogen release pathways: (i) 

continuous shedding (e.g., via saliva or feces), (ii) at host death, or (iii) through both shedding and 

death. Depending on host movement behavior and habitat selection, hosts either created ‘hot spots’ 

for transmission risk by aggregating pathogens in the environment or they widely dispersed the 

pathogen across the landscape. In each case, the pathogen distribution in the environment will be 

shaped by the host's decisions and subsequent transmission events. Parameters linked to host 

behavioral response when facing environmental reservoirs (avoidance-attraction), the duration of 

environmental persistence, and the infectivity of reservoirs were most relevant to determine the 

establishment and maintenance of the disease over time for all pathogen-releasing modes. The 

spatial distribution of exposure risk depended on the pathogen release mode, with pathogens 

released upon the host death creating fewer more infectious hot spots, while continuous shedding 

led to a larger spatial extent of low-risk infection by creating many low-risk hot spots. Attraction 

and avoidance of reservoirs led to a greater proportion of the environment infected, with higher 

variance under avoidance. Surprisingly, landscape structure did not appear to be a significant 
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parameter. Our results shed light on how ETP characteristics and host behavior interact to shape 

outbreak dynamics and the emergence of environmental infection risk “hot spots.” Future 

empirical ETP research could further explore the effects of host avoidance-attraction of 

environmental pathogen reservoirs on disease dynamics.  

 

Keywords: simulation model, environmentally transmitted pathogen, resource-selection function, 

spatial disease risk, individual-based model, spatial heterogeneity, movement ecology, 

environmental reservoir  

 

1.2 Introduction 

For infectious pathogens transmitted to mobile hosts, infection risk can be heterogeneous 

across a landscape. Understanding how this spatial heterogeneity emerges is critical for predicting 

disease dynamics and mapping transmission risk (Hagenaars et al., 2004). Spatial heterogeneity in 

disease risk has been well studied for directly transmitted and vector-borne pathogens, notably by 

studying hosts’ movement and interactions. However, the study of the spatial distribution of 

environmentally transmitted pathogens (ETPs) has been lagging. These pathogens can be 

particularly challenging to study due to the difficulty in accurately recording pathogen presence in 

the environment (Bellan et al., 2013), and in determining the associated transmission risk (Becker 

et al., 2023). Long-term pathogen monitoring remains sparse, especially for persistent ETPs where 

decades can be required to record the spatiotemporal risk. Monitoring these pathogens proves 

field-intensive (Barandongo et al., 2023), emphasizing the necessity to combine empirical field 
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study and theoretical models to better comprehend long-term ecological implications 

(Lindenmayer et al., 2012).  

Many mathematical models have been developed to understand and predict disease 

outbreak risk and to map the spatial distribution of transmission risk (White et al., 2018a). 

Knowing the spatial distribution of infection risk is essential for mitigating outbreak emergence 

and predicting spillover risks (Plowright et al., 2017; Washburne et al., 2019). Some pathogens, 

mostly directly and vector-borne transmitted, have been particularly well studied over their 

spatiotemporal distribution, such as rabies outbreaks (Blanton et al., 2012; Bonilla-Aldana et al., 

2022), tuberculosis (Chang et al., 2023; Shaweno et al., 2018) or dengue fever (Andrioli et al., 

2020; Hazrin et al., 2016). Those models emphasize the importance of mapping disease risk to 

better respond to and control disease emergence by targeting the most at-risk areas and hosts. 

However, because ETPs rely on the environment for transmission and can survive outside hosts 

for extended periods (Gerba, 2009), understanding where they are distributed and the risks they 

pose upon contact with a host is an especially important but significant gap in current knowledge. 

In this study, we used spatially explicit simulation models to make inferences about ETP disease 

dynamics, focusing on how different pathogen release modes by infected hosts affect spatial 

patterns of pathogen clustering in the environment and, hence, infection risk.  

Spatial risk dynamics are dependent on landscape features and structure (Bonnell et al., 

2018; Leach et al., 2016; White et al., 2018b), host characteristics and movement (e.g., 

heterogeneity in behavior, susceptibility [VanderWaal and Ezenwa, 2016]; movement [Dougherty 

et al., 2018] and responses to environmental cues [White et al., 2020]), and pathogen 

characteristics (e.g., survival in the environment [Mitchell et al., 2007]). From a landscape 

perspective, factors such as habitat quality, fragmentation, and the distribution of specific 
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resources (e.g., water; Ostfeld et al., 2005) can have significant impacts on the spatial 

heterogeneity of transmission risk. For example, habitat quality can shape transmission risk by 

attracting hosts toward high-quality habitats, increasing the risk of transmission from increased 

direct contact (VerCauteren et al., 2018) or increased contact with infectious environments (Leach 

et al., 2016). Habitat fragmentation can have contrasting effects depending on the pathogen 

studied. Indeed, fragmentation can increase the risk of disease transmission, as reported for human 

risk for Lyme disease (Allan et al., 2003; Heylen et al., 2019) or for infection by Giardia 

intestinalis among chimpanzees (Pan troglodytes verus) and red colobus (Piliocolobus 

rufomitratus) (Gillespie and Chapman, 2008; Sá et al., 2013). However, fragmentation can also 

reduce disease pressure: higher habitat fragmentation can reduce tsetse fly (Glossina spp.) 

abundance, reducing Trypanosoma congolense transmission risk (Van den Bossche et al., 2010). 

Further, for many pathogens such as bovine tuberculosis (Mycobacterium bovis), host aggregation 

at localized resources like waterholes and baited sites can act as transmission hot spots, enhancing 

transmission between domestic and wildlife hosts (Cowie et al., 2016; Miller et al., 2003; Payne 

et al., 2017). Landscape plays an essential role in understanding pathogen transmission. For ETPs 

which rely upon the environment for transmission, defining habitat quality and fragmentation is 

necessary to understand the landscape connectivity for the hosts and, in turn, the contact risks. 

Layered on top of these landscape factors are heterogeneities in host and pathogen 

characteristics. Together, these elements shape where infected hosts shed pathogens into the 

environment, the transmissibility and survival of pathogens in those environments, and where and 

how susceptible individuals later uptake those pathogens (Wilber et al., 2022). In the first of these 

processes, infected hosts can release pathogens into the environment, creating patches of infection 

risk, hereafter referred to as environmental reservoirs. The release mode depends upon the 
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pathogen-host combination but can be simplified based on the release timing relative to infection 

and host death. When hosts are infectious before death, shedding releases pathogens on a regular 

or semi-regular basis via urine (e.g., leptospirosis [Levett et al., 2001], Hendra virus [Edson et al., 

2015]), feces (e.g., gastrointestinal nematodes  [Zajac and Garza, 2020]), saliva (e.g., Marburg 

virus [Amman et al., 2021]), or other tissues or bodily fluids. Obligate killer pathogens, on the 

other hand, release pathogens all at once upon host death (e.g., Bacillus anthracis, responsible for 

anthrax disease [Hugh-Jones and de Vos, 2002]; baculoviruses in Lepidoptera [Redman et al., 

2016]; or Metschnikowia bicuspidata fungus in Daphnia dentifera [Sánchez et al., 2023]). 

Parasites can also be released through both modes (e.g., chronic wasting disease, CWD, can be 

shed via urine, feces, saliva, scent glands secretions, and upon host death  [Haley et al., 2009; 

Schramm et al., 2006]; Batrachochytrium salamandrivorans can be released in ponds from 

shedding and upon host death [Carter et al., 2024], Erysipelothrix rhusiopathiae, a bacterium 

released in feces and upon host death [Mavrot et al., 2020; Ugochukwu et al., 2019]). ETP release 

mode significantly affects the spatial distribution of pathogens as continuous shedding will 

increase the spatial extent of the pathogen due to the pathogen being released in multiple 

environmental locations. In contrast, a strictly obligate killer pathogen will only be released at the 

death site. Similarly, transmission mode may impact the virulence-transmission relationship of 

pathogens (Turner et al., 2021) and thus cause different disease dynamics.  

Once in the environment, transmission dynamics are affected by pathogen survival and 

transmissibility, which can vary through time (e.g., seasonally; Koelle et al., 2005) and space (e.g., 

increased survival in some habitats; Alegbeleye and Sant’Ana, 2020). Susceptible hosts may then 

contact ETPs through ingestion of contaminated water or forage (e.g., guinea worm transmission 

during drinking events [Garrett et al., 2020]); using infectious environments (e.g., 
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Batrachochytrium dendrobatidis transmission in ponds [Rumschlag et al., 2022]; white-nose 

syndrome transmitted in bat roosting habitat [Hoyt et al., 2021]); or from contact with infected 

environmental features such as smelling, licking, or touching contaminated material (e.g., white-

tailed deer (Odocoileus virginianus) interactions at scent-marking sites may transmit CWD [Egan 

et al., 2023]).  

However, hosts may exhibit a range of behavioral responses to infectious environments 

that affect disease dynamics, including avoidance or attraction to infectious sites. For example, the 

‘landscape of disgust’ concept proposes that individuals tend to avoid spending time close to sick 

individuals or unappealing environments (Buck et al., 2018; Weinstein et al., 2018a). Both direct 

and indirect cues can help hosts avoid parasites. Indirect cues such as feces, carcasses, or scents 

can be associated with parasite risk, for example, herbivores avoid foraging near feces (Hutchings 

et al., 2001) and mandrills (Mandrillus sphinx) use olfaction to avoid grooming infected 

conspecifics (Poirotte et al., 2017). Direct cues are also used to avoid parasite risk, such as animals 

avoiding habitats with biting flies (Belanger et al., 2020). On the other hand, attraction to infectious 

sites may occur and enhance risk transmission. For example, indirect attraction of rats (Rattus spp.) 

to raccoon (Procyon lotor) latrines can enhance rat risk of infection with raccoon roundworm, 

Baylisascariasis procyonis (Weinstein et al., 2018b). Supplemental feeding and bait can 

concentrate hosts, enhancing the risk of direct and indirect parasite transmission (Sorensen et al., 

2014), e.g., bovine tuberculosis and brucellosis (Brucella abortus) transmission between cattle 

(Bos taurus) and elk (Cervus canadensis) (Brook et al., 2013; Cross et al., 2010).   

When attraction to sites contaminated with ETPs occurs, those sites may become ecological 

traps—defined in the disease context as habitats that do not maximize host fitness due to the 

presence of infectious pathogens (Schlaepfer et al., 2002). Habitat quality and environmental 
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survival of ETP are expected to be important factors determining the creation of ecological traps 

in a landscape. Notably, high-quality habitats can facilitate direct and indirect transmission, while 

low-quality habitats can act as refugia due to the lower host density and lower infection risk (Leach 

et al., 2016). However, it is still unclear how landscape structure, host movement, behavior and 

infection duration, and the persistence and infectivity of pathogens with different release modes 

alter disease dynamics and spatial parasite distribution. This knowledge gap is important as more 

and more habitat fragmentation and land use changes occur worldwide, leading to animal 

movement and behavior disruptions, which can increase outbreak emergence and spill-over risk 

(Altizer et al., 2013; Gottdenker et al., 2014).  

We developed a theoretical simulation agent-based model to examine the role of landscape 

features, host behaviors and ETP characteristics on disease dynamics and spatial distribution of 

environmental reservoirs after introducing a single infected individual in a closed population. The 

landscape features considered included fragmentation and aggregation. Among ETP 

characteristics, we assessed the role of pathogen release patterns from infected hosts, the 

environmental persistence, and the infectivity risk of the pathogen upon release into the 

environment. Finally, for the host characteristics, we examined the strength of selection for 

resource quality and for environmental reservoirs (specifically attraction, avoidance, or neutrality 

towards environmental reservoirs), and the duration of infection. Our results shed light on the 

effect of host-pathogen interactions for different types of ETPs on disease dynamics and spatial 

distribution of infection risk, which may inform disease management efforts.   
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1.3 Materials and Methods 

1.3.1 Model description 

Following the models from (White et al., 2020, 2018b), we developed a stochastic, Susceptible-

Infected-Removed agent-based model (ABM) for ETPs in a closed population (i.e., no 

immigration, emigration, birth, or natural death) in a spatially explicit discrete lattice landscape, 

where resources varied in quality (medium or high). For a full description of the model following 

the overview, design concepts, and details (ODD) protocol of Grimm et al. (2020) for describing 

individual-based models, see Appendix A. We modeled three transmission scenarios where 

pathogens are released into the environment (i.e., in a cell of the landscape) (i) at host death, 

referred to as the Obligate-killer scenario (OK), (ii) shed over the infectious period, referred to as 

the Continuous-shedder scenario (CS), or (iii) both shed over time and at host death, referred to as 

the Shedder-killer scenario (SK). Each simulation began with one infected individual introduced 

into a fully susceptible population composed of N individuals, with N an assigned parameter per 

simulation (Table 1.1). In all scenarios, when infected individuals reached their maximum 

infectious period, they were removed from the simulation. This can be seen as either individuals 

dying (OK and SK scenarios) or being fully immune to the disease (CS). 

Binary landscapes were generated using the midpoint displacement algorithm (Turner and 

Gardner, 2015). The landscapes varied in their proportion of high-quality resources available (p) 

and their degree of resource aggregation (Hurst exponent, H). Four 33 x 33 cell landscapes were 

generated and used for simulations: (i) medium resource availability with low aggregation: p = 

0.5; H = 0.5; (ii) high resource availability with low aggregation: p = 0.8, H = 0.5; (iii) medium 

resource availability with high aggregation: p = 0.5, H = 0.8; and (iv) high resource availability 
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with high aggregation: p = 0.8, H = 0.8 (Appendix A figure A1). The landscapes assumed a torus 

shape (i.e., wrapped boundaries) to avoid movement edge effects.  

The ABM was composed of four sub-models occurring in the following order (figure 1.1): (i) host 

movement, (ii) new infection of susceptible hosts, (iii) pathogen release from infected hosts, and 

(iv) decay of environmental (cell) infectivity.   

1.3.1.a Host movement 

Host movement was modeled using a resource selection function (RSF) with movement choices 

weighted by the habitat quality and presence of pathogens. Each of the N hosts could move only 

one cell at a time, in a Von Neumann neighborhood (i.e., the eight cells surrounding the current 

cell [Kari, 2005]), or stay in their current cell. A 2D movement kernel and RSF were used 

following White et al., (2018b). The probability of a host moving from its current location, a, to a 

new location, b, is:  

𝑃 =
𝜙(𝑎,𝑏) ⋅𝜔𝑏

∑ [𝜙(𝑎,𝑐𝑘) ⋅𝜔𝑘]
9
𝑘=1

     (1.1) 

Where ϕ(.) is a 2D movement kernel, ck represents the center point of each grid cell accessible by 

the individuals, and ωb and ωk are RSFs governing a host’s movement preference for cells b and 

k, respectively. The RSF of any given cell j is  𝜔𝑗 = exp⁡(𝛽 ∗ ⁡𝑅𝑗 +⁡𝛽1 ∗ ⁡𝑃𝑗)⁡, with Rj representing 

the resource quality and Pj representing the presence of an environmental reservoir. The 

coefficients β and β1 represent the strength of selection. When coefficient β1 is negative, it 

represents an avoidance of reservoir sites (e.g., “landscape of disgust”), and when it is positive, it 

represents an attraction (e.g., rat attraction to raccoon latrines). 

For the 2D movement kernel, we assumed the simplest case of a uniform circular distribution: 
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𝜙(𝑟)  =  
1

2𝜋𝑟2
       (1.2) 

where the movement kernel is inversely proportional to radial distance (r) from the center point of 

the current grid cell such that: 

𝑟  =  √(𝑥𝑎  −  𝑥𝑐)
2  +  (𝑦𝑎  −  𝑦𝑐)

2     (1.3) 

To account for a uniform circular distribution, we multiplied the inverse distance weight (i.e., 1/r) 

by the kernel's circumference (i.e., 1/2πr). 

1.3.1.b Pathogen release from infected hosts 

 If shedding occurs prior to death (CS and SK scenarios), pathogens were released into cells at each 

step for the entire period that individuals were infected. At each step, infected individuals either 

died or recovered from infection at rate γ. If an individual died from infection (OK and SK 

scenarios), they released pathogens into the cell in which they died before their removal from the 

simulation.  

Upon pathogen release, the initial infectivity of cell c, denoted by the parameter ρc, is the 

probability of infection given effective contact (e.g., foraging) between the host and the 

environmental cell. This probability differs depending on the type of pathogen release. We 

expected pathogen loads released during continual shedding to be lower than those released from 

an infectious carcass at death. For CWD, it is assumed that CWD-prions shed in excreta by live 

deer would be far lower than the prions available in a carcass (Chen et al., 2010; Mathiason et al., 

2010). As such, if the pathogen was released during a shedding event, its initial infectivity was 

denoted ρS, and was defined as ten times lower than ρD, the initial infectivity from pathogens 

released upon death. We assumed that pathogens accumulate in the cell when multiple release 

events happen in the same cell and over time. Thus, if a cell already had a positive infectivity, the 
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value of ρD and ρS is added for each pathogen release event in that cell. We make the simplifying 

assumption that the cell infectivity probability is directly proportional to the pathogen load in the 

environment. Hence, infectivity increased additively with pathogen release, decreased 

exponentially over time, and was bound between 0 and 1.  

1.3.1.c Infectivity decay 

We allowed infectivity of a cell to decay over time, assuming that the infectivity ρ of cell c, at time 

t+1 followed an exponential law: 

𝜌𝑐,𝑡+1  =  𝜌𝑐,𝑡 ⋅ 𝑒
−𝜇      (1.4) 

where µ is the decay rate.  

We removed reservoirs from the environment (cell infectivity returned to zero) when we 

considered their infectivity to be below a minimum level necessary for transmission (as in a 

minimum infectious dose). This level was based on the initial infectivity of the shed pathogen 

parameter (ρS) and the pathogen decay rate (μ), such that minimum infectivity, ρmin was the 

infectivity achieved after two half-lives of ρS: 

𝜌𝑚𝑖𝑛  =  (𝜌𝑆  ⋅  𝑒
−𝜇 )

2⋅ln(2)

𝜇      (1.5) 

with a decay rate, µ. This approach allowed us to vary ρS and ρD without changing the duration of 

infectivity in the environment, which was then solely controlled by µ. 

1.3.1.d Disease transmission 

Every susceptible host present on an environmental reservoir (i.e., an infectious cell) was at risk 

of infection. The probability of infection depended on the probability of having a contact with the 

pathogen that resulted in transmission (i.e., an effective contact), ξ, and of the cell infectivity (see 
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1.3.1.b and 1.3.1.c for cell infectivity details). For example, in the case of an ingested pathogen, 

an effective contact could represent the probability of foraging at the reservoir, which would 

depend on the resource quality (Owen-Smith et al., 2010). In our model, we assumed that ξ 

depended on resource quality, with effective contacts being twice as likely in high-resource 

habitats as in medium-resource habitats. When a host effectively had contact with a reservoir, the 

probability of transmission also depended on the cell's infectivity. The probability of transmission 

was contingent on an effective contact with a reservoir, and depended on the cell’s infectivity. 

1.3.1.e Model parameters 

In total, eight parameters were varied for each of the three transmission scenarios (parameters in 

Table 1.1 and the four different landscapes described above). To evaluate the role of each 

parameter in shaping infection prevalence and the spatial distribution of pathogens in the 

environment, we used a Latin Hypercube Sampling (LHS) design to obtain 250 parameter sets 

(Balakrishnan, 2012, package ‘FME, v.1.3.6.3, [Soetaert and Petzoldt, 2010]). We chose an LHS 

over a factorial design due to the high number of parameter sets required by the factorial design. 

Each parameter set was tested on each transmission scenario, leading to 750 parameter sets. We 

ran the simulations for each parameter set until we obtained 100 successful simulations, defined 

as a minimum of five subsequent infections, capping the number of failed simulations at 10,000. 

Each simulation ran for a maximum of 10,000 steps. Simulations ended when no more susceptible 

individuals were present in the environment or when the disease faded out (no infected hosts or 

environmental cells).  

The model and subsequent analysis were coded using the R software, version 4.3.2 (R Core Team 

2023), using the packages ‘dplyr’ (v.1.1.3; Wickham et al., 2023), ‘tidyr’ (v.1.3.0; Wickham et al., 

2019), and ‘extraDistr’ (v.1.9.1; Wolodzko, 2023). 
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1.3.2 Analysis 

For each simulation, we recorded the number of susceptible and infected hosts, the number of cells 

infected per time step, as well as the infectivity and location of each infected cell every 150 steps. 

1.3.2.a Disease dynamics 

We assessed the disease dynamics by computing seven summary statistics. Three of these were 

computed at the parameter set level: (i) the percentage of simulations where the pathogen went 

extinct before the end of the simulation (referred to as pathogen fade-out), (ii) the percentage of 

simulations where the population went extinct / was fully immune before the end of the simulation 

(referred to as susceptible die-out), and (iii) the proportion of successful simulations (at least five 

subsequent infections). The other four summary statistics obtained for each simulation included: 

(iv) the proportion of environmental cells that were infectious at least once, (v) the proportion of 

the host population that was ever infected, (vi) the maximum number of continuous temporal steps 

with at least one infection occurring, and (vii) the maximum number of consecutive temporal steps 

between two infections. 

For each summary statistic, we conducted a variable importance analysis by fitting random forests 

(Breiman, 2001). Partial dependence plots (PDPs) were obtained to visualize each parameter's 

effect. Random forests and variable importance analysis were done using the package 

‘randomForest’ (v.4.7-1.1; Liaw and Wiener, 2002), and the PDPs were created using the package 

‘pdp’ (v.0.8.1; Greenwell, 2017). 

1.3.3 Pathogen spatial distribution 

To estimate environmental pathogen spatial distribution, we conducted tests for global spatial 

autocorrelation and local clustering. We computed Moran’s I index to determine the global spatial 

autocorrelation of pathogen reservoirs in the environment using the ‘ape’ package (v.5.7-1;  
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Paradis and Schliep, 2019). Moran’s I values are bounded between -1 and 1, with -1 designating 

perfect dispersion of reservoirs in the environment, 0 full randomness, and 1 perfect clustering of 

environmental reservoirs. We obtained this index every 150 steps of each simulation, then 

compared between simulations using the median value per simulation. We also conducted a local 

spatial cluster analysis to identify regions of high environmental infectivity using the software 

SaTScan (v.10.1.2, https://www.satscan.org/; Kulldorff, 1997) with the R package ‘rsatscan’ 

(v.1.0.7;  Kleinman, 2023). The analysis ran using a normal distribution on a purely spatial model 

and a requirement of at least two cells per cluster. We calculated the “infectivity risk” within a 

cluster by dividing the “risk within” a cluster as SaTScan estimated by the cluster's area. For each 

simulation, we ran SaTScan every 600 steps, starting at step 300, and recorded the number of 

unique clusters of high environmental infectivity created over the simulation period. Clusters were 

considered unique if they overlapped by less than 50% of their area. 

We conducted additional variable importance analyses for our metrics of pathogen spatial 

distribution using random forests and corresponding PDPs. We conducted these analyses with (i) 

the global clustering of reservoirs (median Moran's I per simulation), (ii) the number of unique 

clusters created over a simulation, (iii) the mean peak cluster infectivity risk per simulation, and 

(iv) the mean cluster radius.    

1.4 Results 

1.4.1 Disease dynamic 

Globally, the disease dynamics observed for the OK and SK scenarios were quite similar, 

suggesting that the deposition of pathogens at death contributes more to shaping the disease 

dynamics than continuous shedding for diseases when both transmission modes occur. However, 

https://www.satscan.org/
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regarding pathogen spatial distributions, the two modes with shedding, SK and CS, were more 

similar.  

Eighteen of the 750 parameter sets did not reach the number of successful simulations required 

(i.e., fewer than five infections occurred). Of those 18 scenarios, 13 were from the CS scenario, 

four from the OK, and one from the SK. Using a random forest analysis, we see that for all 

transmission modes, an increase in reservoir attractivity, β1, in initial cell infectivity at pathogen 

shedding, ρ, and a slower pathogen decay rate, μ, led to a higher proportion of successful outbreaks 

(Table1.2, Appendix Table A1, figure A2). Table 1.2 summarizes the values of the main significant 

parameters for the variable importance analysis, and Table A1 shows all parameters.  

When simulations were successful, four types of outbreaks were observed (figure 1.2). The first 

outbreak type showed infection of all susceptible hosts before the end of the simulation. The 

infection was often fast, happening within as few as 1,128 (mean ± standard deviation given for 

all following results: 5,221 ± 2,127; OK); 821 (5,089 ± 2,292; CS), and 493 steps (4,117 ± 2,080; 

SK). Second, we could observe a rapid pathogen fade-out, with only a few individuals infected 

before fade-out, happening as fast as 2,208 (6,463 ± 2,094; OK), 1,536 (5,722 ± 2,329; CS), and 

2,282 steps (6,984 ± 1,956; SK). When infections and susceptible hosts were maintained for the 

entire simulation, these had two different presentations, with either sporadic infections occurring 

across the simulation, with long periods between consecutive infections, or by having regular 

infections of only a few individuals at a time (i.e., short periods between consecutive infections). 

Overall, the pathogen faded out in 22% of the successful simulations, and the entire population 

died out or became fully immune in 25%. Specifically, the risk of pathogen fade-out was higher 

for the CS (29%) compared to the OK (19%) and SK (20%) scenarios. The susceptible hosts died 

out in 19% of CS simulations, compared to 21% for the OK and 34% for the SK scenarios. From 
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the simulations where the pathogen faded out, an average of 35% of the population was infected 

before it faded out. For the CS scenario, 31 parameter sets had a 100% risk of pathogen fade-out, 

compared to 13 for the OK scenario and only 4 for the SK scenario. The main parameter explaining 

pathogen fade-out for all transmission scenarios was the pathogen decay rate μ, with an increase 

in the decay rate leading to an increase in fade-out (figure A3). In contrast, the susceptible hosts 

died out more often when the pathogen decay rate µ was lower, the reservoir site attracted the hosts 

(positive β1), and the initial pathogen infectivity ρ was higher (figure A4).  

The differences between sporadic and regular infections were most apparent in the maximum 

periods of continuous infections and non-infections. Both periods were similar between the three 

transmission scenarios, with an average of 2.7 (± 1.2) steps with continuous infection and an 

average of 1,133 (± 961) steps between two infections. With simulations capped at 10,000 steps, 

some scenarios reached up to 8,839 steps (CS), 9,066 steps (OK), and even 9,697 steps (SK) 

between infections (figure 1.3a), emphasizing the importance of ETP's ability to spark new 

outbreaks long after they seemingly died off. For all transmission modes, a decrease in initial 

reservoir infectivity ρ or pathogen decay μ, and avoidance of reservoir sites (negative β1) led to 

longer periods of continuous non-infection (figure A5). Opposite to this, an attraction toward 

reservoir sites (positive β1) and an increase in ρ led to longer periods of continuous infection for 

all three scenarios. Specifically for OK, an increase in the number of susceptible individuals N, 

and for CS, a longer infection duration γ also increased the periods of continuous infections (figure 

A6).  

While few individuals were typically infected simultaneously, pathogens still often reached high 

proportions of the host population and the environment. The proportion of the population infected 

during the simulations varied from 5 individuals (the minimum to be considered a “successful” 
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simulation) to the entire population. The proportion of infected hosts within a simulation was often 

high, CS having the lowest proportion with a median of  84.4% (quantile 25%-75%: 2.5%-99.4%), 

followed by OK with 93.9% (11.6%-99.7%) for OK, and final SK with the highest infection 98.8% 

(70.0%-100%) for SK. Host attraction to reservoir sites (positive β1) and higher initial reservoir 

infectivity ρ were the most important parameters that increased host infection (figure A7). 

The proportion of the environmental cells infected at least once over the simulation varied widely, 

from 0.1% to 98.3% (15.8% ± 17.7%, figure 1.3b). While the minimum number of cells infected 

was similar for all three transmission scenarios, OK had fewer cells infected at the maximum, with 

only 46.0% (12.1% ± 9.2%). For this scenario, initial infectivity ρ, the number N of susceptible 

individuals, and the attraction of reservoirs on host movement β1 were the most important 

parameters, with an increase in any of those three increasing the number of cells infected. The CS 

scenario reached a maximum of 97.3% of the environment infected (14.4% ± 18.9%), and the SK 

scenario reached 98.3 % (27.6% ± 19.4%). For those scenarios, an increase in the infection 

duration γ, the initial infectivity of the reservoir ρ, and the number N of susceptible individuals in 

the simulation led to a higher proportion of environmental cells infected. It is worth noting that 

reservoir attractivity has a parabolic effect, with both avoidance and very high attractivity leading 

to a lower spatial extent of environmental infection. This was particularly marked in the SK 

scenario (figure A8).  

1.4.2 Disease spatial distribution 

For all scenarios, the median Moran’s I for the entire simulation time varied from -0.73 to 0.83, 

with a mean of 0.03 ± 0.09. The OK scenario drove those extremes, while SK and CS had a 

minimum and maximum Moran of -0.51 – 0.55 and -0.55 – 0.78, respectively (figure 1.4b). For 

all transmission modes, the strength of host selection for reservoir sites, β1, was the main parameter 
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of importance, followed by the decay rate µ and the initial reservoir infectivity, ρ (figure A9). The 

spatial autocorrelation always began as negative for all scenarios (i.e., more evenly distributed). 

For all scenarios, increased avoidance of reservoir sites leads to a Moran’s I close to 0, meaning 

that no spatial autocorrelation of the environmental reservoir is observed (figure 1.4a). When 

reservoir attraction was present, CS had the highest autocorrelation (i.e., clustering of reservoirs) 

compared to SK and OK scenarios, and the autocorrelation of SK and OK scenarios peaked earlier 

than that of CS. Once the peak was reached, spatial autocorrelation was maintained when the 

pathogen decay rate was low (figure 1.4a.b), but it quickly decreased toward random distribution 

of environmental reservoirs with the pathogen decay rate (figure 1.4).  

When focusing on the local clustering, CS scenarios developed more unique clusters (2.1 ± 1.2) of 

lower infectivity risk (9.5 x 10-4 ± 3.2 x 10-3), compared to SK (1.7 ± 0.8 unique cluster with peak 

infectivity of 4.5 x 10-3 ± 8.1 x 10-3) and OK (1.3 ± 0.6 unique clusters with peak infectivity of 2.7 

x 10-3 ± 8.4 x 10-3) scenarios (figure 1.5). However, CS and OK scenarios had similar mean cluster 

sizes (CS: 3.0 ± 1.7 cell radius; OK: 2.9 ± 2.3), compared to SK (3.5 ± 2.0), but OK clusters 

reached a maximum radius of up to 34.7 cells, while SK and CS reached a maximum radius of 

28.0 and 27.6 respectively.  

Depending on the transmission mode, variables explaining the number of unique clusters differed. 

For SK, the infection duration γ, the proportion of high-resource habitat, p, and the number of 

susceptible hosts N were most important. For OK, the pathogen decay rate, µ, N, and β1 were most 

important. For CS, µ, γ, and β1 were most important. The parameters µ and β1 had a parabolic 

effect, with a minimum number of clusters created at each extreme value (figure 1.5b). This means 

that neutrality toward the reservoir site and a relatively moderate decay rate led to more high-

infectivity clusters. An increase in p and a decrease in N and γ decreased the number of clusters 
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(figure A10). For all transmission scenarios, the peak infectivity risk within a cluster depended 

primarily on ρ, β1, and µ, with an increase in ρ and β1 and a decrease in µ leading to an increase in 

the relative risk (figure 1.5a, figure A11). Lastly, parameter importance for cluster size varied by 

scenario. OK depended on β1, γ, and ρ; SK on γ, N, and µ; while CS depended on γ, µ and ρ. An 

increase in N and γ led to larger clusters in all scenarios (figure 1.5). However, the attraction to 

reservoirs led to bigger clusters for CS but smaller clusters for SK and OK (figure 1.5). An increase 

in the pathogen decay rate led to smaller clusters in CS but larger clusters in OK. A more parabolic 

effect was present for SK, with larger clusters at either low or very high decay rates. Finally, an 

increase in the initial reservoir infectivity increased the cluster size for CS and SK, while larger 

clusters were recorded at low and high ρ for the OK scenario (figure A12). 

1.5 Discussion 

Our study aimed to determine how the mode of pathogen release from infected hosts affected the 

dynamics of ETP outbreaks and their spatial distribution. Our simulations underscore the pivotal 

role of several key parameters, including the strength of host selection for environmental 

reservoirs, β1, the pathogen environmental decay rate, μ, the initial infectivity at pathogen release, 

ρ, and the infection duration, γ. The density of susceptible hosts emerged as a more influential 

factor for the spatial distribution of reservoirs than for outbreak dynamics. Surprisingly, the 

landscape structure played only a minor role in the spatial distribution of the reservoirs, with the 

aggregation of resources and their effect on host movement not proving to be significant 

parameters, and the proportion of high-resource habitat only slightly impacted the number of high-

infectivity clusters created during an outbreak. The lack of landscape importance may be due to 

the landscape design not differing enough per simulations or because the landscape variables are 

categorical, so they could not stand out in the variable importance analysis. This point will be 
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considered with further analysis. Curiously, the probability of effective contact between hosts was 

consistently found to be a non-significant factor.  We assume that the strong effect of host selection 

toward reservoir sites, β1, probably obscured any effect of effective contacts. That parameter was 

assumingly able to regulate the number of encounters with reservoir sites.  The outbreak sizes of 

the SK scenarios were more similar to those of the OK. In contrast, the spatial distribution of 

reservoirs for the SK scenario resembles more that of the CS scenario. This suggests that the higher 

infectivity of reservoirs created from death events matters more for initiating and maintaining 

outbreaks, while pathogen shedding over the infection period ensures a larger spatial extent of 

pathogen presence and their connectivity in the environment.  

An extended period between two consecutive infections could be observed for every transmission 

mode, emphasizing the importance of environmental pathogen persistence in sparking outbreaks 

in places where it had seemingly faded out long previously. Interestingly, a lower pathogen decay 

rate and lower initial infectivity led to longer periods between consecutive infections. These could 

be seen as opposite as a slower decay rate leads to more environmental pathogens over time, while 

a lower initial risk means fewer pathogens in the environmental reservoir. While the concentrations 

of pathogens released in the environment start at very different numbers, the exponential nature of 

the decay function means the number of pathogens declines quickly early on, and then pathogens 

persist at lower numbers for a long time. This may obscure large differences in initial infectivity 

if exposures do not occur in the earliest steps after reservoir formation. The extended survival of 

pathogens at low concentrations manifests the ability of low environmental pathogenicity to spark 

new host infections even when the risk of infections seems below the transmission level. This 

reinforces the significant threat posed by persistent pathogens as stochasticity and time can lead to 

the infection of a single unlucky host that can potentially spark a new outbreak (e.g., anthrax 
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outbreaks can emerge after multiple years gaps [Gachohi et al., 2019; Liskova et al., 2021]). 

Persistent pathogens complicate the definition of a disease outbreak due to the ability of a single 

reservoir to re-infect new hosts over long periods. Here, we defined an outbreak as the clustering 

of infections in space and time, and for persistent pathogens, a single reservoir site can cause 

multiple outbreaks over time. For migrating species susceptible to environmental pathogens, 

mostly ectoparasites or those transmitted from fecal-oral transmission, long-distance movements 

are presumed to lower the disease pressure by allowing them to evade infectious habitats (Altizer 

et al., 2011). However, the persistence of pathogens in the environment permits re-infection when 

individuals return.  

When pathogens enter the environment through continuous shedding, the spatial extent of 

environmental contamination is higher than for pathogens released via death events. When only 

one pathogen release mode is present, a CS scenario creates more infection clusters of lower 

infectivity than an OK scenario, which creates fewer infectious clusters of higher infectivity. For 

CS, this translates into a higher spatial autocorrelation among cases, most notably when the 

infection duration increases and shedding occurs in localized habitats. When the duration of 

infection increases, but movement decisions toward reservoirs are random or show avoidance, 

shedding across the landscape leads to a higher percentage of the environment being infectious. 

This more heterogeneous pathogen distribution under CS can increase the number of contacts 

between susceptible hosts and the low-risk environmental reservoirs, which translates into a higher 

number of secondary infections due to higher reservoir encounters. On the other hand, OK makes 

fewer high-risk hotspots, which have fewer secondary infections; this may be because fewer 

infectious sites lead to fewer encounters. It appears that for OK, any attraction, even small, toward 

reservoir sites, high infectivity, and long environmental persistence are necessary to produce a 
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surge in infection cases instead of sporadic infections over time because the number of contacts 

between hosts and reservoir may be increased, as well as the risk when contact is effective. For 

CS to create high-risk hot spots, we can expect attraction to and shedding at specific sites to 

enhance the risk. For example, scent-marking sites for deer (Huang et al., 2024) and roosting sites 

for bats (Hoyt et al., 2021) can become high-infectivity hot spots due to continual shedding at these 

locations.  

The model also points out the parabolic effect of β1 and µ on the number of clusters and β1 on the 

spatial extent of environmental infectivity. Host avoidance of reservoirs and fast pathogen decay 

lead to few infectivity clusters due to reduced infection risk and shorter survival of the reservoir. 

However, attraction to the pathogen reservoirs led to fewer clusters and to lower spatial infection 

extent, probably due to the accumulation of pathogens within the same clustered environmental 

cells, reducing the spreading of pathogens in the landscape but emphasizing the role of site 

attraction in creating fewer clusters of higher infectivity. Our model highlights the importance of 

estimating pathogen risk in the environment, notably to determine where pathogens can 

accumulate and create infection risk hot spots. While it is not an easy task for ETPs (Becker et al., 

2023), focusing on sampling sites where shedding and exposure are more likely to occur would be 

influential in better estimating and preventing disease transmission risks. 

When focusing on landscape infectivity, it was surprising that OK had the lowest spatial 

autocorrelation with the highest variation in Moran’s I. This was most notable when avoidance or 

neutrality to reservoirs was present and with faster pathogen decay. This may come from the 

stochasticity in movement decisions, mostly when neutrality toward the reservoir was present, 

which leads to the highest variation in spatial autocorrelation. Conversely, for pathogens released 

by CS, spatial autocorrelation was often present, notably when hosts avoided reservoirs and 
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pathogen reservoirs decayed slowly. For these pathogens, reservoir avoidance pushed individuals 

to move away from the infectious environment and to deposit parasites in the uninfected landscape, 

increasing the spatial extent of the pathogen. This was heightened by a slow pathogen decay, which 

allowed pathogens to be present in the entirety of the landscape at different infectivity levels.  

Our general modeling framework allowed us to explore the relative importance of transmission 

mode, environmental persistence, and the infectivity of environmental reservoirs on ETP outbreak 

dynamics and spatial distribution. We made some simplifying assumptions to balance 

computational feasibility and generality in order to reflect most of our knowledge about ETPs. 

First, the initial infectivity at pathogen release was fixed during a simulation. However, we know 

that the quantity of pathogen shed by infected hosts may depend on the hosts' sex, age, physiology, 

and seasons (Altizer et al., 2006). Including variability in the initial infectivity would allow 

accounting for super-shedding events, which could alter the spatial distribution of the risk, 

increasing effective transmission contact (Chase-Topping et al., 2008; Matthews et al., 2009). It 

would also be worth including seasonality in future models as it can alter the transmission risk by 

altering a reservoir's initial infectivity and pathogen survival. Notably, many pathogens show 

differential infection per season (Nyerere et al., 2020; Perez-Saez et al., 2022; Pittiglio et al., 2022). 

Thus, including seasonality could allow periods of the year when few to no infections are present, 

permitting the visualization and understanding of the main drivers behind the seasonal dynamics. 

For example, the quantity of anthrax bacterium released by hosts infected during the dry season 

can be lower by 1.36 orders of magnitude than during the wet season, which subsequently leads to 

no risk of anthrax transmission from a reservoir created during the dry season (Barandongo et al., 

2023; Dolfi et al., 2024). Similarly, eggs of the gastrointestinal nematodes Haemonchus 

contortus and Trichostrongylus spp. could not survive when they were deposited during the dry 
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season (Chiejina et al., 1989). Seasonality can also alter the probability of effective contact with 

the pathogen due to host behavioral modification, such as changes in habitat quality modifying the 

contact rate (Breban et al., 2009; Kessler et al., 2018). It can also alter the concentration of 

pathogens within a reservoir and thus the transmission risk due to climatic events, such as floodings 

or extreme temperatures (Lau et al., 2010).  

To simplify our model, we assumed that hosts would have a fixed response (e.g., avoidance, 

neutrality, attraction) to environmental reservoirs for the entire duration of a given simulation. 

However, host responses to environmental reservoirs might vary through time. An initial 

avoidance might occur when pathogens are released from blood, feces, or dead bodies. However, 

nutrients released in body fluids may enhance the site attractivity after the environmental cues 

disappear, while the pathogen concentration is still relevant for transmission. For example, 

Bacillus anthracis can facilitate grass seed germination (Ganz et al., 2014), which may further 

enhance plant growth and greening up from nutrients released from zebra carcass sites during the 

following year (Turner et al., 2014), attracting herbivores to the infectious environment. Including 

this more versatile role of the reservoir on host movement by fluctuating the attraction and 

repulsion over time could be an important extension of our model. 

In this study, we do not simulate any change in behavioral response post-infection. However, 

pathogens can modify the behavior of individuals, notably as clinical stages of infections develop. 

For instance, CWD-infected mule deer (Odocoileus hemionus) tend to move more slowly and 

utilize different landscapes, with more individuals dying closer to rivers (Barrile et al., 2024); 

wolves (Canis lupus) infected by sarcoptic mange (Sarcoptes scabiei)  reduce their daily 

movement (Cross et al., 2016); and amphibians infected by Batrachochytrium dendrobatidis 

selected warmer and drier open habitat (Barrile et al., 2021). Including behavioral modification 
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post-infection in our model could be an important factor in better visualizing the pathogens' spatial 

distribution.  

While we only modeled indirect environmental transmission, many diseases can have multiple 

transmission pathways: environment, vector-borne, and direct contact, the latter arguably being 

the more common mode of transmission. For example, multiple transmission pathways exist for 

CWD (Miller et al., 2004; Miller and Williams, 2003), avian influenza (Mata et al., 2019), plague 

(Russell et al., 2021), or Batrachochytrium salamandrivorans (Islam et al., 2021). Persistent 

environmental pathogens have been shown to maintain and spark new outbreaks long after direct 

pathogen transmission disappears, and specifically for avian influenza, environmental 

transmission can be important in starting outbreaks, allowing direct transmission to take over and 

create intense outbreaks  (Breban et al., 2009; Mata et al., 2019; Rohani et al., 2009). For CWD, 

environmental accumulation of prions within the early phase of the disease introduction, enhanced 

by direct transmission, may lead to a dominance of indirect transmission in the future due to the 

long persistence of prions (Almberg et al., 2011). Thus, future models could include the different 

pathogen transmission modes and unravel the importance of each transmission mode depending 

on the scale of the outbreak by determining which transmission mode is most important for 

maintaining an acute outbreak compared to the outbreak initiation.  

This study aimed to explore how transmission mode, pathogens characteristics, host movement 

decisions, and landscape structures alter ETP outbreak dynamics and spatial distribution of 

environmental reservoirs. Our findings highlight how the different pathogen release modes 

contribute differently to the outbreaks: death events are more important for the disease dynamics, 

while continuous shedding events ensure the spatial extent of environmental reservoirs. The host's 

behavioral response toward the environmental reservoir was consistently a significant factor of 
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interest; avoidance of the reservoir reduced the intensity of outbreaks but increased the spatial 

extent of pathogens, while attraction increased the intensity of outbreaks, reducing the spatial 

extent of the pathogen but increasing the number of high infectivity hotspots. While it can be 

arduous to determine the role of environmental reservoirs on host behavior, this seems to be an 

important factor to target in future empirical studies. Notably, future empirical research would 

benefit from determining specific local environmental sites where hosts are most at risk of 

shedding pathogens and having effective contact with them. A better understanding of local 

environmental pathogens and hosts behavioral responses would improve the ability to respond to 

the emergence of diseases.     
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1.7 Tables 

TABLE 1-1: Parameter levels used in the simulation, their role in the model, and biological 

relevance. Note: The parameter sets tested in the model were obtained using a Latin Hypercube 

Sample. RSF = Resource Selection Function. 

Parameter Range Role in the model Biological relevance 

Initialization 

N 300 - 800 Number of hosts in the 

environment 

Host density threshold is important in 

epidemiology (Lloyd-Smith et al., 

2005) 

Pathogen dynamic 

ρD 

ρS 

 0.0025 - 0.025 

 0.00025 - 0.0025 

Infectivity of environmental 

reservoirs upon pathogen 

release at death (D) or 

continuous shedding (S) 

Quantity of pathogen released, linked to 

dose-response function (Ng et al., 2022) 

µ 0.0002 - 0.002 Pathogen decay rate in the 

environment 

Short vs. Long-lived organisms 

(Walther and Ewald, 2004) 

γ 0.7 - 0.95 Host infection duration Speed at which animal dies or recovers. 

Shapes the duration and spatial extent 

of pathogen shedding and the distance a 

host may travel before dying (White et 

al., 2020) 

Host movement and behavior 

β 0 - 6 Strength of selection for 

habitat quality  

Attraction toward better habitat; if high-

quality habitat is also more likely to be 

infectious, ecological traps may form 

(Leach et al., 2016) 

β1 -1 - 1  Strength of 

selection/avoidance for 

environmental reservoirs  

Host can be neutral, attracted (Cross et 

al., 2010), or avoid reservoir cells 

(Hutchings et al., 2001), shaping the 

risk of infection 
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ξ 

  

0.4 – 0.8 

 

Probability of transmission 

relevant contact in high-

quality resource cell 

Host may engage more with the 

environment when in high-quality 

habitat, which impacts their risk of 

effective contact with pathogens 

(Owen-Smith et al., 2010) 

 

 

TABLE 1-2: Variable importance analysis for the six main parameters of importance (see Appendix 

Table A1 for all parameters). Values represent the mean decrease in accuracy. The top 3 variables 

of importance are in bold, and the number of stars shows their order of important *** = most 

important parameter, ** = 2nd most important, and * = 3rd most important. Values have been 

scaled for each variable to facilitate their visualization. OK = Obligate-killer; CS = Continuous-

shedder; SK = Shedder-Killer. N is the initial population size, β1 is the host strength of selection 

for environmental reservoir, γ represents the infection duration; µ is the pathogen decay rate, ρD 

and ρS are the initial infectivity at pathogen release for death (D) and shed (S) events. 

 Scenario N β1 γ µ ρD ρS 

Proportion of 

successful 

simulations 

OK -0.42 1.77*** -0.54 1.30* 1.69**  

CS -0.45 2.40*** 0.29 1.54*  1.90** 

SK -0.61 0.92*** -0.70 0.60** 0.27* 0.23 

Simulations with 

disease fade out 

OK -0.37 0.02** -0.18 2.41*** -0.14*  

CS -0.20 0.60** -0.24 3.75***  0.10* 

SK -0.31 -0.05** -0.41 2.38*** -0.24* -0.24* 

Simulations with 

susceptible die 

off  

OK -0.62 1.54*** -0.55 1.38** 0.92*  

CS -0.50 0.72* 0.42 1.33***  0.73** 

SK -0.42 1.84** -0.20 2.38*** 0.92* 0.91 

Period of 

continuous non-

infection 

OK -0.06 1.40** -0.61 0.88* 1.73***  

CS -0.03 1.30** 0.10 3.30***  1.27* 

SK -0.43 0.73*** -0.28 0.28 0.50* 0.43** 
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Period of 

continuous 

infection 

OK 0.39* 2.18*** -0.35 -0.25 1.41**  

CS 0.34 2.66*** 1.12* 0.08  1.70** 

SK 0.28 1.43*** -0.14 -0.25 0.45** 0.35* 

Proportion of 

infected 

population   

OK -0.32 2.41*** -0.54 0.13* 1.70**  

CS -0.24 2.79*** 0.43* 0.34  1.88** 

SK -0.50 1.31*** -0.61 -0.05 0.38* 0.39** 

Proportion of 

infected cells  

OK -0.42** -0.53* -0.65 -0.72 -0.09***  

CS 0.61* 0.41 3.08*** 0.25  1.48** 

SK 1.06** 0.49 2.54*** 0.22 0.81 0.87* 

Median Moran’s 

Index 

OK -0.41 0.89*** -0.67 0.10** 0.02*  

CS -0.02 3.60*** 1.17 1.43*  1.62** 

SK -0.34 1.70*** -0.36 0.56** -0.06* -0.06* 

Number of high-

infectivity 

clusters 

OK -0.64** -0.68* -0.73 -0.61*** -0.71  

CS 1.34 2.09* 2.70** 2.75***  1.10 

SK -0.16 -0.04** -0.03*** -0.16 -0.49 -0.49 

Mean relative 

cluster infectivity 

OK -0.03 1.04* 0.30 1.45** 3.92***  

CS -0.73 -0.57** -0.75 -0.63*  -0.32*** 

SK -0.33 0.60* 0.32 0.34 1.43** 1.44*** 

Mean cluster size OK -0.55 3.01*** 1.70** 0.55 0.71*  

CS -0.11 -0.52 1.19*** 0.26**  0.09* 

SK 0.75** -0.06 2.16*** 0.65* -0.32 -0.33 
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1.8 Figures 

 

 

FIGURE 1.1: Overview of the agent-based model process and scheduling. We start by initializing 

the model. Then, we simulate the host movement, transmission, pathogen release, and cell 

infectivity for up to 10,000 steps. Finally, we record and analyze the disease dynamics and spatial 

distribution of the pathogens, by recording the number of high-risk clusters. 
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FIGURE 1.2: Four outbreak dynamic types were observed during the simulations. The dynamics 

represented in this figure represent an example of simulation observed.  The top plot represents 

the number of infected individuals per time step, and the bottom plot shows the number of 

susceptible individuals. Individuals lose their infected status by either dying from the infection or 

becoming fully immune; in each case, they are removed from the environment. The four outbreak 

types are shown in colors: Grey represents outbreaks maintained throughout the simulation, with 

regular infections occurring. Green represents outbreaks maintained through simulation with only 

a few sporadic cases. Turquoise shows pathogen fading out after 500 steps. Orange shows the 

population fully dying/ immune after about 3,500 steps, following a surge in infection, peaking 

around step 2,500. 
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FIGURE 1.3: a. Maximum number of steps between two consecutive infections, and b. percentage 

of environmental cells that were infectious at least once during the simulation, per simulation 

depending on the pathogen decay rate (slow decay: µ < 7.7 x 10-4; fast decay: µ> 7.7 x 10-4); the 

transmission mode (yellow: continuous-shedder (CS), blue: obligate-killer (OK); green: shedder-

killer (SK)) and the strength of host selection for reservoir sites β1 (avoidance, neutrality, or 

attraction). Note that the simulations were capped at 10,000 steps. 
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FIGURE 1.4: a. Temporal evolution of the median Moran’s I over the 10,000 simulation time steps, 

and b. Moran’s I median per parameter sets.  Each plot is split by the pathogen decay rate µ 

(slowest to fastest decay rate from top to bottom), the strength of host selection for reservoir sites, 

β1 (continuous line: avoidance; dashed line: attraction), and the transmission mode (yellow: 

Continuous-shedder (CS); blue: Obligate-killer (OK), green: Shedder-killer (SK)). A faster decay 

rate leads to no autocorrelations (Moran’s I close to 0) observed for each transmission mode and 

selection strength. OK presents the highest variation, notably under reservoir avoidance and fast 

pathogen decay. 
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FIGURE 1.5: Scatterplot of the transmission risk clusters peak infectivity depending on the radius. 

Each panel represents all simulations for the specific pathogen release mode (from left to right: 

continuous-shedder, obligate-killer, shedder-killer) and for the effect of reservoirs on host 

movement decisions (from top to bottom: avoidance, neutrality, attraction). The numbers in each 

panel represent the total number of unique clusters recorded for all simulations. The x and y-axis 

are square-transformed to facilitate visualization. 
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PICTURE 2:  Left: A female blue wildebeest (Connochaetes taurinus) grazing in the grassland. 

Right: A herd of six plains zebra (Equus quagga) grazing next to Rietfontein waterhole. Three 

black-faced impala (Aepyceros melampus petersi) and one zebra can be observed on the other side 

of the waterhole and birds are flying above the water. Photos by Amélie Dolfi, June 2022, Etosha 

National Park, Namibia  

https://doi.org/10.1098/rspb.2023.2568
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2.1 Abstract 

An important part of infectious disease management is predicting factors that influence disease 

outbreaks, such as R, the number of secondary infections arising from an infected individual. 

Estimating R is particularly challenging for environmentally transmitted pathogens given time lags 

between cases and subsequent infections. Here, we calculated R for Bacillus anthracis infections 

arising from anthrax carcass sites in Etosha National Park, Namibia. Combining host behavioural 

data, pathogen concentrations and simulation models, we show that R is spatially and temporally 

variable, driven by spore concentrations at death, host visitation rates and early preference for 

foraging at infectious sites. While spores were detected up to a decade after death, most secondary 

infections occurred within 2 years. Transmission simulations under scenarios combining site 

infectiousness and host exposure risk under different environmental conditions led to dramatically 

different outbreak dynamics, from pathogen extinction (R < 1) to explosive outbreaks (R > 10). 

These transmission heterogeneities may explain variation in anthrax outbreak dynamics observed 

globally, and more generally, the critical importance of environmental variation underlying host–

pathogen interactions. Notably, our approach allowed us to estimate the lethal dose of a highly 

virulent pathogen non-invasively from observational studies and epidemiological data, useful 

when experiments on wildlife are undesirable or impractical. 

Keywords: Bacillus anthracis, disease transmission, environmentally transmitted pathogen, 

host–pathogen contact, reproduction number 

 

2.2 Introduction 

Environmentally transmitted pathogens (ETPs) represent a large proportion of the most 

burdensome infectious disease agents globally  (Hopkins et al., 2022). Understanding their 
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epidemiology often proves very challenging as they are difficult to detect, and for some, the 

environmental reservoirs are still poorly known  (Martinez-Bakker et al., 2015; Rohani et al., 

2009). Persistence in the environment is highly dependent on the traits of the pathogen and the 

characteristics of the environment. Brucella abortus bacteria can persist 20–80 days (Aune et al., 

2012), Toxoplasma gondii oocytes can survive for months (Shapiro et al., 2019),  and the prion 

responsible for scrapie can survive for at least 16 years (Georgsson et al., 2006). Persistent 

pathogens in the environment can extend existing outbreaks or initiate ‘new’ outbreaks years into 

the future. For example, avian influenza outbreaks emerge in North America every 2–4 years, with 

emergence sparked by ingestion of virions from environmental reservoirs established in previous 

outbreaks (Breban et al., 2009; Martin et al., 2018). Here, we estimate the number of secondary 

infections arising from pathogen reservoirs for a highly persistent ETP and how environmental 

variation affecting pathogen survival and host behaviours alters host–pathogen contact rates and, 

ultimately, transmission.  

For directly transmitted pathogens, the basic reproduction number R0 is an estimate of the 

average number of secondary cases produced from a single infectious individual introduced into a 

susceptible population and is often used as a key epidemiological parameter (Diekmann et al., 

1990). However, the assumption of a naive population is not met for diseases in endemic areas, 

and estimating R0 for ETPs is arduous due to the extended infectious time in the environment, 

variation in the spatial extent of pathogen reservoirs, and heterogeneity in host movement, 

behaviour and susceptibility (Blackburn et al., 2019; VanderWaal and Ezenwa, 2016). In cases 

where ETPs are only released into the environment at host death (i.e. obligate killer pathogens 

[Ebert and Weisser, 1997]), one host mortality will form one infectious reservoir ‘patch’ in the 

environment. We can assess the reproduction number R, which does not assume a naive 
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population, defined here for ETPs as the average number of secondary infections produced by one 

infectious patch over its infectious period. This novel formulation of the reproduction number 

acknowledges that the population may not be entirely susceptible, without needing to know the 

susceptible proportion of the population to calculate the effective reproduction number Re. For 

persistent ETPs, patches can remain infectious spanning multiple, seemingly independent, 

outbreak events and monitoring of pathogen reservoirs is thus needed to identify how pathogen 

concentrations affect transmission risk over time (McCallum et al., 2017).  

In addition to pathogen persistence, information on host movement and behaviour is 

essential to identify contacts with pathogen reservoirs in heterogeneous landscapes that vary in 

exposure risk. Movement ecology studies of host locations can be combined with pathogen 

location data to estimate host–pathogen contact rates  (Dougherty et al., 2022; Manlove et al., 

2022). However, the temporal scales of host telemetry studies are often too coarse to determine an 

encounter with infectious patches present at a fine spatial extent. Fine-scale behavioural 

information like direct observation is needed to identify contacts with infectious patches in 

heterogeneous environments. For terrestrial vertebrates, the infectious sites often represent a small 

part of the host range, such as a water source or specific pasture sites (Barasona et al., 2017; 

Titcomb et al., 2021), depending on how and where pathogens are released from hosts. Thus, 

reservoir-focused sampling techniques to monitor host behaviours and transmission risk can fill a 

gap in our understanding of transmission for ETPs.  

Hosts may modulate their behaviour based on cues suggesting the presence of infectious 

patches. Exposure may be reduced if hosts avoid detectable cues associated with infection risk 

such as faeces, carcasses or macroparasites (Hart, 1990), a response now called the ‘landscape of 

disgust’ (Buck et al., 2018; Weinstein et al., 2018). Conversely, exposure risk can be enhanced by 
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attraction toward contaminated water or nutrient-rich foraging sites, leading to ingestion of 

pathogens with forage or water (Titcomb et al., 2021; Turner et al., 2014). Because behaviour can 

depend on the state of the reservoir site, quantifying host–environment contact is crucial to assess 

disease transmission potential at heterogeneous environmental reservoirs.  

Bacillus anthracis is a bacterial pathogen with two life forms; infectious spores that are 

maintained in the environment, and vegetative cells that multiply and cause disease inside 

mammalian hosts (Baillie and Read, 2001). Spores at carcass sites can be found on grasses for 

several years (Turner et al., 2014)  and in exposed surface soils for up to a decade (Turner et al., 

2014). A new case occurs when a host ingests spores while grazing at a carcass site (Huang et al., 

2022; Turner et al., 2014), if the exposure exceeds the lethal dose threshold (Turner et al., 2016; 

WHO, 2008). If exposed to a lethal dose, the host will die within a few days, and the site of death 

becomes a new infectious patch in the soil (an area less than 20 m2 [Turner et al., 2014]). For B. 

anthracis, estimating R is made conceptually tractable with this ETP being an obligate killer, 

where one host fatality generates one infectious patch that can then cause secondary infections. 

We aimed to estimate R for B. anthracis, incorporating variation in the three sides of the 

epidemiological triangle: host, pathogen and environment. We assessed host individual and 

population-level attraction to infectious sites using camera traps at anthrax carcass sites and paired 

controls sites, and quantified foraging behaviour of two host species, plains zebra (Equus quagga, 

hereafter zebra) and blue wildebeest (Connochaetes taurinus, hereafter wildebeest). We then 

estimated pathogen concentrations on soil and grasses at reservoir sites over a decade using 

interpolation and extrapolation from empirical datasets on soil and grass spore concentrations. 

Finally, we developed a simulation model to determine the exposure risk of the two host species 

to B. anthracis by estimating R, defined as the number of individuals a single anthrax infectious 
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site may infect over its decadal lifespan. Knowing R and its duration for ETPs may inform wildlife 

disease management decisions, such as assessing spatial overlap with appropriate time lags at the 

interface between livestock and wildlife. 

2.3 Materials and Methods 

2.3.1 Study area 

Etosha National Park (hereafter Etosha) is a 22 270 km2 nature reserve in northern Namibia 

containing a large salt pan surrounded by grasslands, shrublands and woodlands (Turner et al., 

2022). Etosha encompasses a sub-tropical, semi-arid savannah biome with a single wet season 

(January–April) and a long dry season (cool dry season, May–August and hot dry season, 

September-December). In Etosha, anthrax occurs mainly during wet seasons, through ingestion of 

spores by grazing herbivores (Cizauskas et al., 2014; Havarua et al., 2014; Turner et al., 2013). 

The two main host species are plains zebra and blue wildebeest which represent 50.3%, and 16.2% 

of all confirmed anthrax cases recorded 1968–2020, respectively (2150 anthrax cases among all 

hosts; Etosha Ecological Institute; all data from this institute were communicated by Claudine 

Cloete in 2023). The population density of zebras is more than six times higher than wildebeests 

(estimate of 16 174 zebras and 2 482 wildebeests, [Turner et al., 2014]), and population estimates 

of both species have been fairly stable over the last 30 years (Turner et al., 2022). Additional 

information about heterogeneities in anthrax dynamics within this study area is available 

(Barandongo et al., 2023; Huang et al., 2022, 2021). 

2.3.2 Camera site data collection 

Motion-sensing remote camera traps were used to collect animal behavioural data at carcass sites 

(study design and camera placement described in Turner et al., 2014). In brief, 13 rock-delimited 

2.5 m radius zones at anthrax carcass sites (from 12 zebras and one wildebeest) paired with 13 
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control sites situated 100 m away were monitored between March 2010 and March 2013, totalling 

14 779 days of observation (figure B1). The sites were situated within the same habitat, thus, we 

assumed that visitation would not differ between the carcass and control sites. Motion-triggered 

cameras took 10 pictures at 1s intervals continuously when movement was detected. Vegetation 

greenness for each site pair was obtained from the normalized difference vegetation index (NDVI) 

at a resolution of 250 m2 every 8 days (Global Inventory Modeling and Mapping Studies [Pinzon 

and Tucker, 2014]).  

Site visitation was recorded from photographs when animals entered the rock-delimited zones. The 

information recorded included date, time, species, age (juvenile: less than 1-year-old; sub-adult: 

1–2 years old; adult: greater than 2 years old), sex, total time spent on site and time spent grazing 

in seconds. Age, sex, location in the image and coat patterns (Appendix B1) were used to ensure 

whether the same individual was assessed across triggers proximate in time, defined as a gap of a 

few minutes. Depending on the position of the animal and the lighting of the image, age and sex 

could not always be determined, so the confidence of age/sex observations was ranked from 0 

(impossible to identify) to 3 (certain), with confidence scores of 0 and 1 removed from relevant 

analyses. Two observers manually coded host demographics from images (C.C. and A.C.D.). 

2.3.3 Host parameter analysis 

We assessed the attractiveness of carcass sites to zebra and wildebeest from camera trap data, 

defining three behavioural response variables for both species, for each site: (i) monthly average 

number of visitations, (ii) monthly average probability of grazing given visitation and (iii) time 

spent grazing given grazing occurred (Appendix B1). We investigated how the treatment (carcass 

or control), the number of months after death (MAD), environmental factors (NDVI and season), 

demographic variables (age and sex), and spatial variables (distance to the closest perennial water 
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and distance to an edge of the main Etosha salt pan; Table B1) affected each of the three 

behavioural response variables, using generalized linear models. All analyses and models were 

conducted using the R software (R Core Team, 2018), with packages lme4 (Bates et al., 2015), 

and glmmTMB  (Brooks et al., 2017). Only months with at least 20 days of recording for both 

cameras at a site (carcass and control) were included in the analysis. Out of the 546 individual 

camera-months sampled, 438 met this inclusion criterion. For included months with missing data, 

these had an average of 2.5 days missing (Appendix B1, figure B2). The monthly visitation was 

analysed using a zero-truncated negative-binomial model, the proportion of monthly grazing 

events was analysed using a binomial model, and the time spent grazing using a log-transformed 

linear mixed model. Interactions between season and distance to water, as well as between 

treatment and MAD were included. In each model, we kept treatment, age and sex as fixed effects 

and site ID as a random factor. Model selection was made using the Akaike Information Criterion. 

For each response variable, 16 models were tested (Table B2), totalling 48 models per species. 

2.3.4 Pathogen parameter estimation 

Pathogen concentrations on grasses and soil, measured as colony-forming units (CFUs) per gram 

of dry matter, were obtained at zebra anthrax carcass sites (sampling method and data in Turner et 

al., [2014] and Barandongo et al., [2023]). Concentrations of spores on grasses were recorded at 

23 sites up to 4 years after death. Two measurements were obtained from grasses, the concentration 

of pathogen on the aboveground material (i.e. everything above the roots), or in the upper portion 

of the aboveground material (the aboveground component after removal of 1 cm at the base of the 

plant which can collect soil; this upper grass portion is hereafter referred to as the ‘grass’ 

component ingested in simulations). Soil spore concentrations were recorded for up to 12 years at 

40 carcass sites, but no spores were detected after 10 years (Barandongo et al., 2023).  
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To obtain estimates of spore concentrations on grasses and in soil over the full time series, we 

interpolated the soil CFU for all missing values (156 out of 442) at the 40 sites using the log-linear 

model from Barandongo et al. (2023), with site age as a predictor. Then, we extrapolated the 

concentration of spores on grasses for all 40 sites over 10 years using two steps. We first fit a 

loglinear model using the soil CFU and age of sites to obtain the concentration of spores on the 

aboveground grass components: 

𝑙𝑜𝑔10(𝐶𝐹𝑈𝑎𝑏𝑜𝑣𝑒𝑔𝑟𝑜𝑢𝑛𝑑,𝑠,𝑡 + 1) = ⁡ 𝑙𝑜𝑔10(𝐶𝐹𝑈𝑠𝑜𝑖𝑙,𝑠,𝑡 + 1) + 𝛽 ∗ 𝐴𝑔𝑒𝑠 +⁡𝜀𝑠,𝑡⁡⁡  (2.1) 

where β is the regression coefficient, ε is the error at site z and time after death t. Then, we 

extrapolated the expected values of CFU on the grass tops, using a log-linear model based on the 

aboveground CFU only. 

2.3.5 Reproduction number estimation: infection risk simulation 

We estimated the reproduction number, R, as the number of lethal infections occurring at an 

infectious site over a decade by simulating host exposure to the pathogen. To simulate host 

behaviour, we drew the number of animals visiting an infectious patch, the probability of grazing, 

and grazing time from empirical probability density functions (PDFs). Then, to simulate individual 

host–pathogen exposure we estimated the quantity of spores ingested based on time spent grazing 

and seasonal patterns of soil ingestion (Turner et al., 2013). We only considered an exposure to be 

an infection if the number of spores ingested, at one visitation, exceeded a fixed lethal dose; we 

did not consider multiple exposures. The estimated B. anthracis lethal dose by ingestion is between 

105 and 108 spores (Turner et al., 2016), so we considered four threshold doses (105,106,107 and 

108) to estimate which threshold matched the anthrax dynamic observed. Each model iteration 

simulated each season of each post-death year 0–10. A visual representation of the model is 

presented in figure 2.1. We ran each simulation 100 times to account for stochasticity. The host 
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empirical PDFs were built using the 3-year period of camera trap data and were subdivided using 

the significant variables obtained from the statistical analyses, mainly season, year after death and 

distance to water or salt pan (see main text result; Appendix B2, figures B3–B8). Using a 

subdivided dataset allowed us to consider how host visitation and behaviours vary under a range 

of environmental conditions. We used PDFs rather than model predictions as we wanted to draw 

values from a distribution which encompasses the extreme values present in the data, better 

representing the stochasticity present in the system. From the statistical analysis, carcass sites 

influenced host visitations and grazing during the first 24 months, after which carcass and control 

sites did not differ. We assumed that behaviours at control sites, and at older carcass sites (i.e. 

greater than 2 years old, after the attraction signal has faded), were plausible estimates for visitation 

rates and behaviours at older carcass sites (i.e. 2–10 years in the simulation). To account for this 

temporal signal in host behaviour, we separated the datasets into three time periods: year 0, year 1 

and years 2–10. To estimate host parameters for years 0 and 1, we used data from carcass sites for 

years 0 and 1 after death, respectively. For host parameters in years 2–10, we pooled data from 

control sites and for carcass sites over 2 years old. Individual pathogen exposure was simulated by 

estimating the amount of forage ingested, then calculating the associated spore intake using 

empirical data. The number of grams ingested, ngrami, by individual i,is 

𝑛𝑔𝑟𝑎𝑚𝑖 = 𝑇𝑖 ∗ 𝐵𝑛𝑠 ∗ 𝐵𝑤𝑠    (2.2) 

where Ti is the time spent grazing by individual i, Bns is the number of bites per second and Bws is 

the weight of a bite for species s. Foraging zebras take bites of about two grams and an average of 

27 bites min−1 (Chen et al., 2021; Okello et al., 2002) while wildebeest take bites averaging 1 g 

bite−1 and 26 bites min−1 (Chen et al., 2021; Okello et al., 2002). To estimate the number of spores 

ingested by each individual, we randomly selected one of the 40 carcass sites for which we have 
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spore concentrations as the site of foraging. Because zebra and wildebeest ingest not just grass, 

but also soil and roots when grazing (Arthur and Alldredge, 1979; Collas et al., 2019), and because 

spore concentrations are higher in soil/roots than on grasses (Turner et al., 2014), we modelled the 

ingested spore concentration as a mix of grass and soil ingestion. The quantity of soil ingested 

while grazing at infectious patches is unknown, however, we expect hosts primarily consume grass 

when grazing. We assume that if soil was ingested, it would represent 10% of intake mass (Turner 

et al., 2016). To denote this, we included a parameter β representing the portion of soil ingested 

per bite (β = 0.1 if soil ingestion occurs, β = 0 otherwise). For each gram ingested, we treated the 

concentration of spores in the grass and in the soil as a Poisson process (to counterbalance errors 

that arise from extrapolation without accounting for variance in this step, as in Turner et al., (2016), 

and we assumed that the concentration of pathogen at the site is not modified by grazing. Thus, 

we calculate the number of spores ingested, Di,z,t, by individual i, at infectious site z, of age t as 

𝐷𝑖,𝑧,𝑡 =⁡∑ ((1 − 𝛽)⁡𝑃𝑜𝑖𝑠[𝐶𝐹𝑈𝑔𝑟𝑎𝑠𝑠,𝑧,𝑡] + ⁡𝛽⁡𝑃𝑜𝑖𝑠[𝐶𝐹𝑈𝑠𝑜𝑖𝑙,𝑧,𝑡])
𝑛𝑔𝑟𝑎𝑚𝑖
𝑛=1  (2.3) 

where ngrami is the number of grams of food ingested, β is the proportion of soil ingested and 

CFUz,t is the number of spores ingested from grass and soil components. Because herbivores ingest 

soil more often during the wet season than the dry season (Turner et al., 2013), we included a 

weight ωwet and ωdry representing seasonal differences in the proportion of individuals that ingest 

soil while grazing, while others ingest grass only. We tested all combinations with ωwet and ωdry 

varying from 0 to 1, by 0.1 increments. For example, a simulation with the proportion ωwet = 0.4 

and ωdry = 0 would simulate that 40% of grazing individuals ingest grass and soil while 60% ingest 

grass only during the wet season, and all grazing individuals ingest only grass during the dry 

season. Based on host foraging ecology (Havarua et al., 2014; Turner et al., 2013), we assumed 

that the most likely parameter space for Etosha is within 0–40% of individuals ingesting soil when 
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grazing, with a higher percentage during the wet versus dry season. To further explore the role of 

environmental variability on R, we repeated simulations considering seasonality in the timing of 

reservoir formation and interannual variation in host foraging behaviour. The concentration of 

spores in soil reservoirs is over an order of magnitude lower when individuals die in dry seasons 

versus wet seasons (Barandongo et al., 2023). Thus, to understand how the season of death impacts 

secondary infections, we separated infectious sites formed in dry seasons (five sites) from 

infectious sites formed in wet seasons (35 sites). Similarly, to explore interannual variation in R, 

we simulated the wet season under drought conditions using dry season behavioural data and under 

average rainfall conditions using wet season behavioural data. The camera trap data were collected 

during average to above-average rainfall years, however, in Etosha, zebras are less at risk of 

anthrax during drought due to changing habitat selection reducing exposure risk (Huang et al., 

2021). Under drought conditions, ‘wet season’ habitat use mirrors habitat use observed in dry 

seasons. With these changes, we considered five different data combination: (i) all data from hosts 

and infectious sites; (ii) all data from hosts and wet season formed infectious sites, (iii) all data 

from hosts and dry season formed infectious sites, (iv) data from hot dry host behaviour and wet 

season formed infectious sites and (v) data from hot dry host behaviour and dry season formed 

infectious sites. Finally, to investigate which lethal dose threshold best represented anthrax 

dynamics in the system, we simulated the number of cases that would be produced over 100 years, 

using infection model results combining zebra and wildebeest. We initialized the simulation using 

zebra and wildebeest anthrax mortality data from 2003 to 2013, representing 235 cases (Etosha 

Ecological Institute). For each time step, we obtained the number of yearly new cases by drawing 

the number of new infections occurring at each of the 235 sites from the infection model result, 

discriminating the sites by age. A maximum of 10 000 new infections per year was fixed, as it 
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represents the average population of zebra and wildebeest present in Etosha (Etosha Ecological 

Institute). We used the model combination using all host and infectious sites to simulate this 

prediction. This is a simple model, used to inform where the lethal dose threshold might fall in 

free-ranging wildlife populations. 

2.4 Results 

2.4.1 Host parameters 

Of 119 226 triggers of the camera traps, 5196 contained zebras and 1043 contained wildebeests. 

Based on sequential triggers clustered in time, we identified visitations by 3838 zebras and 830 

wildebeests. At visits to carcass sites, 37.2% of zebras grazed and 60.3% of wildebeests grazed, 

while at visits to control sites only 24.6% of zebras and 42.0% of wildebeests grazed. For both 

species, most recorded individuals were adult females (figure 2.2a.b; all statistical results in 

Appendix B2). Among zebras, more individuals were recorded on sites closer to permanent water 

(p < 0.05), during the hot dry season (p < 0.0001) and at control sites (p < 0.05, figure 2.2a). For 

wildebeests, sites nearer the salt pan (p < 0.01) as well as carcass sites (p = 0.01) had more 

visitations (figure 2.2b). Despite small visitation differences at carcass and control sites, the 

probability of grazing was significantly higher at carcass sites for both species (p < 0.0001; figure 

2.2a,b). In addition, for zebra, the probability of grazing was higher for females (p < 0.0001), adults 

(p < 0.05), during the cool dry season (p < 0.05) and under higher NDVI (p < 0.0001). The 

probability of grazing at carcass sites significantly decreased the older the site (p < 0.001). 

Wildebeest grazing was similarly affected by NDVI (p < 0.05), and sites farther from permanent 

water significantly increased the probability of grazing during the dry season (p < 0.05). Finally, 

given that grazing occurred, the time spent grazing for both species did not differ between site 

treatments. However, season played a major role in foraging time. Zebra grazed for longer times 
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during both dry seasons (p < 0.001) than the wet season, while wildebeest spent longer times 

grazing during the cool dry season (p < 0.0001; figure 2.2c.d). 

2.4.2 Pathogen estimation 

For the 40 monitored carcass sites, we obtained a yearly concentration of spores per gram of soil 

or grass. For the soil pathogen concentrations, 35% of the data came from the model interpolation, 

while all the data presented for the grass tops came from the extrapolation. The concentration of 

spores on grasses was much lower than in soil, starting nearly three orders of magnitude lower 

(figure 2.3). Our data suggest that after 5 years, spores are absent from the grass, despite persisting 

in the soil. 

2.4.3 R estimation 

Across models, zebra had more anthrax infections than wildebeest, matching patterns observed in 

disease surveillance data. Since otherwise both species showed similar trends, we only show zebra 

results, and report wildebeest in Appendix B. There was variability in R estimation due to the high 

heterogeneity in visitations, the proportion of individuals ingesting soil while grazing, and the 

lethal dose threshold considered (figure 2.4; Appendix figures B9–B11). From our simulations, 

the lethal dose threshold most likely to match the dynamics observed in Etosha is between 107 and 

108 spores for both species. Indeed, for a lethal dose threshold of 105,106 and 107, the estimated R, 

for our parameter space, is above two and we predict an exponential increase in anthrax cases over 

time, while, for a lethal dose of 108, R is below one and we simulated pathogen extinction occurring 

after 70 years, on average (figure 2.5). If the lethal dose falls between 107 and 108 spores, 

extrapolating from our models, a host would need to ingest between 687 and 6878 g of grass only, 

or between 1.5 and 14.8 g of grass with soil (when soil is 10% of intake biomass) to become 

infected at a newly infectious site. The former is unlikely to occur based on site size and host 
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behaviour, emphasizing the critical importance of soil ingestion for transmission risk. Seasonality 

played a pivotal role in anthrax epidemiology and infectious site heterogeneity. In general, a larger 

proportion of individuals ingesting soil led to more infections, but the magnitude of this effect 

varied seasonally. For the same proportion of individuals ingesting soil during the dry or the wet 

season, more infections occurred during the dry season, possibly due to seasonal behavioural 

differences, with longer grazing times recorded during the dry season (compare R above versus 

below the diagonals, figure 2.4b; figure B11b). Infectious sites formed in the wet season drove 

disease dynamics in this system (figure 2.4c.e; figure B11c,e); and dry season formed infectious 

patches contributed no cases (all R = 0, figure 2.4d.f; figure B11d.f), probably due to the lower 

spore concentrations found at dry season formed sites. Similarly, seasonality in host visitation rates 

played an important role in the number of individuals infected, with fewer infections during 

drought conditions (figure 2.4e; figure B11e) than average rainfall conditions (figure 2.4c; B11c), 

probably due to fewer visits and grazing events. 

The risk of infection diminished rapidly with site age (figure 2.6; figure B12). If individuals only 

consumed grass, no infections were predicted after 3 years regardless of the lethal dose threshold 

or host species (figures B13 and B14). However, when at least some individuals ingested soil when 

grazing, infections continued for longer. The higher the proportion of individuals ingesting soil, 

the higher the number of infections, occurring over a longer time since death. For a lethal dose 

threshold of 105, infections occurred throughout the 10 years of simulation, while for thresholds 

of 106,107 and 108, no infections were recorded after years 9, 5 and 4, respectively. 

2.5 Discussion 

Determining fine-scale transmission dynamics for ETPs can be complex due to the difficulties in 

characterizing contact locations, reservoir infectiousness and frequency of interactions in 
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heterogeneous environments. This study used simulation models combining long-term monitoring 

data of a pathogen in its environmental reservoir with fine-scale host behavioural data to estimate 

the number of secondary infections arising from infectious patches of an ETP. Together with 

knowledge of the long-term epidemiology of this system, this method has allowed us to evaluate 

variation in the number of secondary infections, R, arising from heterogeneities along the three 

sides of the epidemiological triangle (host, pathogen, and environment). Our results suggest 

ecological mechanisms for why anthrax disease dynamics and seasonality can vary so dramatically 

in different ecosystems and offers a perspective on how ETP heterogeneities alter outbreak 

dynamics.  

Investigating host individual behaviours at infectious reservoir sites revealed how fine-scale 

behavioural variation scales up to altered disease dynamics. Both host species had similar 

visitation rates between site treatments (at times even higher for zebra at control sites) and the time 

spent grazing did not differ between site treatments by age or sex. The critical difference in 

behaviour was that, over the study period, a higher proportion of animals chose to graze when 

encountering a carcass site: zebra by 1.5 times and wildebeest by 1.4 times. Notably, individuals 

were most likely to graze at infectious sites within 2 years after creation, when higher pathogen 

concentrations are more likely to result in a fatal exposure. This pattern goes against what would 

be expected under the landscape of disgust theory (Weinstein et al., 2018), as we see an increase 

in risky behaviour at infectious sites. Carcasses are known to enhance the nutrient content and 

palatability of the grasses at the site of death (Towne, 2000; van Klink et al., 2020), and B. 

anthracis spores may further promote plant growth (Ganz et al., 2014), increasing the chances of 

spores being ingested by a potential host. However, when focusing on the seasonality of anthrax 

infections, visitations and grazing probabilities were often higher during dry seasons than the wet 
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season, suggesting a higher risk of infection during the dry seasons, contrary to what we observe 

in the system. The key difference in risk between seasons thus arises from soil contact, since 

herbivores ingest significantly more soil in wet than dry seasons  (Turner et al., 2013). Bacillus 

anthracis being a soil-borne pathogen, the quantity of soil a host ingests when grazing is a major 

component of transmission risk. Thus, one limit of our model comes from uncertainty in our 

estimate of the amount of soil ingested during foraging at an infectious patch (β parameter of 

equation (2.3)). While the quantity will vary depending on host and environmental factors, our 

estimate for this parameter was based on the faecal analysis from Turner et al. (2013) and does not 

account for seasonal differences in forage digestibility. However, by varying the proportion of 

individuals ingesting soil, we explore the effect of spore exposure from soil in addition to spore 

exposure from grasses on R, and how this varies in different seasons. A finer assessment of the 

proportion of individuals ingesting soil at reservoir patches, the quantity of soil ingested, and the 

impact of seasonality on those variables across ecosystems would be important to increase our 

understanding of the disease transmission risk.  

At the host population level, these behavioural patterns demonstrate two important findings. First, 

high variation in visitation rates suggests that encounters with infectious patches occur somewhat 

randomly at a local scale. Forage choice at the smallest spatial and temporal scales is an important 

driver of pathogen exposure; however, larger-scale factors such as proximity to desirable 

landscape features and seasonal changes in habitat selection affect the number of individuals 

available in an area to encounter infectious sites. Second, the expected R varies based on 

environmental conditions, which led to dramatically different disease dynamics in simulation 

models. Environment affects site infectiousness and host encounters, as well as spatio-temporal 

patterns in when and where host mortality occurs. Infectious sites created during the wet season 
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have higher spore concentrations than those formed in the dry season season (Barandongo et al., 

2023), and in Etosha, dry seasons and drought shift hosts out of the high-risk area into habitat with 

lower anthrax risk (Huang et al., 2021; Zidon et al., 2017); but see pattern in Tanzania, (Aminu et 

al., 2022). Infectious patches formed during the dry season did not contribute any new cases and 

host behaviours under drought-simulated conditions (based on dry season behaviours) 

significantly decreased R compared to average to wetter conditions, patterns that match disease 

outbreak dynamics in this ecosystem (Hampson et al., 2011; Huang et al., 2022). Thus, 

environmental variation in both infection potential of reservoir patches and host behaviour 

reinforces the wet season timing of anthrax in this ecosystem, where mortalities occurring in 

preferred wet season habitats are more likely to contribute secondary infections than mortalities 

occurring in dry season habitats.  

The seasonality of anthrax outbreaks across the global range of B. anthracis varies from outbreaks 

associated with wet seasons or high rainfall events, to large, intermittent outbreaks often associated 

with dry seasons or droughts (Clegg et al., 2007).  Our simulation results suggest underlying 

mechanisms that could drive variation in seasonality of outbreaks across ecosystems. For example, 

soil ingestion occurring during the dry season led to bigger outbreaks than during the wet season. 

This matches patterns observed across locations; outbreaks occurring during dry seasons are more 

epidemic-like, compared to the outbreaks occurring in the wet season that are typically smaller 

and more endemic-like (Hampson et al., 2011; Huang et al., 2022). This pattern could be explained 

by a seasonal behavioural change, with higher visitation rates during the end of the dry season 

increasing the exposed population, combined with longer times spent grazing, increasing 

individual exposure risk. We could then expect that extreme weather events such as drought could 

impact the disease dynamics in different ways. For environments where anthrax deaths peak during 
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the dry season, drought would accelerate exposures and outbreak sizes, while for environments 

where anthrax deaths peak during the wet season, drought would lead to a lower infection risk. 

The intensity and frequency of anthrax outbreaks likewise vary across the global range of B. 

anthracis. In areas like Etosha where regular, small outbreaks maintain endemicity, contacts occur 

annually but are seasonally constrained, reducing the number of exposures occurring at sites. 

However, for ecosystems where outbreaks occur infrequently (e.g., decadal periods in Kruger 

National Park, South Africa [Huang et al., 2022]; sporadic events in Ruaha National Park, 

Tanzania, [Stears et al., 2021]; re-emergence after 70 years in Northwest Siberia, [Ezhova et al., 

2021]), understanding the cause of disease emergence with such a long time-lag between the last 

recorded case is more difficult to understand. While anthrax can survive for decades in the soil, 

the concentration of spores is reduced and the risk of an effective contact resulting in anthrax 

mortality is low. Environmental perturbations may drive outbreaks with time lags that exceed the 

lifespan we detected for surface soils of reservoirs. Extreme events such as droughts, floods, or 

permafrost melting may impact host–pathogen contact rates, exposure doses or host susceptibility. 

Anthropogenic disturbances can also enhance exposure risk, such as when soil scarification 

brought B. anthracis spores from historic burial grounds protected in deeper soil layers for 45 

years—to the surface, causing anthrax cases (Turnbull et al., 1996). Outbreak emergence decades 

after the last recorded case may be due to a ‘series of unfortunate events’ that result in infections 

when contact rates and exposure dose are relatively low or improbable (similar to the alignment 

of conditions promoting disease spillover Plowright et al., 2017]).  

The lethal dose required to kill a host in natural settings varies with individual susceptibility and 

behaviour (Turner et al., 2016). Using host behaviour combined with pathogen concentrations and 

knowledge of long-term outbreak patterns, we were able to refine our estimation of the lethal dose 
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of B. anthracis in free-ranging wildlife. Anthrax persists endemically and from estimates of the 

frequency at which animals are exposed to different doses of the pathogen, we can infer lethal 

doses, in this case between 107 and 108 spores that would give a frequency of infection matching 

the observed dynamics. This information would otherwise be difficult to determine without 

expensive and impractical animal trials on large, long-lived wildlife species. Our models assumed 

infection occurs after a single exposure, without considering previous exposures, and that the lethal 

dose is fixed over the simulation for all individuals. Lethal doses may vary among and within 

individuals, depending on factors that alter immune function such as age, sex, reproductive status, 

nutrition or other infections (Cizauskas et al., 2015). Herbivores show evidence of exposure to 

sublethal doses of B. anthracis (Cizauskas et al., 2014; Ochai et al., 2022); however, whether these 

sublethal exposures confer immune protection or how the timing of previous exposures alters 

susceptibility to subsequent exposures in wild populations remains unknown. If previous exposure 

builds resistance (Caraco and Turner, 2018; Gutting et al., 2016), this would reduce the R by 

increasing the lethal dose required for mortality. For inhalational anthrax, experimental daily 

exposure of New-Zealand white rabbits (Oryctolagus cuniculus) to low spore concentrations 

resulted in death when an accumulated dose, lower than required for a single exposure (Gutting et 

al., 2016), was reach over a three-week study period (Taft et al., 2020). Adding multiple exposures 

would complicate the computation of R as grazing at multiple infectious sites may occur before 

infections take place, making it harder to track the number of secondary infections occurring from 

a single infectious site.  

By assessing the R for B. anthracis infectious patches, we show that heterogeneities in hosts, 

pathogen, and environment are highly interconnected, leading to strong temporal variation in 

disease dynamics. Variation in these interactions may explain outbreak differences observed in 
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different ecosystems, where host–pathogen exposure rates under dry versus wet conditions change 

due to herbivore foraging behaviour altered by rainfall variability and vegetation dynamics 

overlaid upon a landscape of variable pathogen risk. Estimating R using multiple data sources 

demonstrated how heterogeneity of the disease system, notably the variability in the transmission 

potential of infectious sites, altered epidemiological dynamics. Understanding this heterogeneity 

may be of importance for risk estimates and control efforts in animal husbandry and conservation 

in anthrax-prone areas. Future work on how the lethal dose may be connected to recurrent sublethal 

exposures and general animal health may further explain anthrax dynamics in arid areas 

worldwide.  

Recent studies have recognized the importance of linking fine-scale host movement to disease 

transmission (Albery et al., 2022; Manlove et al., 2022), where excluding individuals’ movement 

decisions can then lead to incorrect predictions (Dougherty et al., 2022; Roever et al., 2014). 

Simulation models showed that including feedback into wild boar (Sus scrofa) movement 

decisions led to significantly different results about persistence of classical swine fever, which has 

severe consequences for disease management (Scherer et al., 2020). For ETPs specifically, 

infectious patches can be quite small compared to host ranges  (Huang et al., 2023) and correctly 

characterizing contacts between host and pathogen is crucial to better inform disease transmission 

risk. Connecting the three sides of the epidemiological triangle, i.e. connecting how environmental 

changes affect pathogens, hosts and host–pathogen contacts in heterogeneous landscapes may be 

of high importance to increase accuracy in disease risks predictions (Manlove et al., 2022). For 

Hendra virus (Hendra henipavirus), spillover from Australian flying foxes, or fruit bats (Pteropup 

spp.) to horses to humans, is associated with habitat loss and food shortages caused by land use 

change and climate change (Eby et al., 2023). These changes shift bat movements and foraging 
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behaviours, increasing spillover events. Similarly, our study emphasizes the importance of the 

environmental compartment, notably how seasonality affected pathogen reservoir infectivity and 

host movements and foraging decisions, with implications for disease transmission risk at seasonal 

and interannual scales. 
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2.9 Figures 

 

FIGURE 2.1: Model visualization for the estimation of the reproduction number R of anthrax in 

Etosha National Park, Namibia. Each simulation ran over 10 years and was repeated 100 times. 

Each year is separated into three seasons (k), the hot wet, cool dry and hot dry seasons. Each 

probability density function (PDF) is obtained using the camera trap data. During the hot wet 

season, the proportion of animals ingesting grass and soil ω is ωwet, while it is ωdry during the cool 

and hot dry seasons. The yearly reproduction number Rt is the sum of the number of infections 

occurring during each of the three seasons k of year t. The reproduction number R is the sum of 

the yearly reproduction number. 

 

https://github.com/ameliedolfi/Reproduction_number
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FIGURE 2.2: Total number of individuals by age and sex recorded visiting (lighter colours) and 

grazing (darker colours) at anthrax carcass sites (a,b), and the time spent grazing (in seconds) by 

season, at control (blue) and carcass (red) sites (c,d), for plains zebra (Equus quagga: a,c) and blue 

wildebeest (Connochaetes taurinus: b,d ) in Etosha National Park, Namibia. 
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FIGURE 2.3: Decline in Bacillus anthracis spore concentrations at 40 anthrax carcass sites in 

Etosha National Park, Namibia, over time, on grass tops (green) and in surface soils (brown). Grass 

concentrations were obtained from extrapolation of the soil concentrations (equation 2.1). 
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FIGURE 2.4:  Variation in the reproduction number, R, for plains zebras (Equus quagga) at anthrax 

carcass sites, for a lethal dose threshold of 107 Bacillus anthracis spores based on differences in 

seasonality of host visitation, season of reservoir formation, and percentage of individuals 

ingesting soil during grazing, estimated over the 10-year lifetime of a B. anthracis reservoir site. 

The percentage of animals ingesting soil while grazing is varied from 0% to 100%. In all cases, 

animals are ingesting 10% soil, 90% grass (by weight) if soil is consumed. Soil contact during 

foraging is considered for two seasons, wet season (numbers below the diagonal) and dry season 

(numbers above the diagonal). The R values falling along the diagonal represent no difference in 

soil exposure by season. The black line represents the most likely parameter space for the study 

system, according to host foraging literature (Havarua et al., 2014; Turner et al., 2013). The grey 

tiles represent an R < 1, then a colour gradient is used for R >1. (a) reading key; (b) all host and 

reservoir data; (c) visitation rates under good rainfall, wet season reservoirs; (d) visitation rates 

under good rainfall, dry season reservoirs; (e) visitation rates under simulated drought, wet season 

reservoirs; (f ) visitation rates under simulated drought, dry season reservoirs. 



109 
 

 

FIGURE 2.5: Prediction of the number of anthrax cases recorded over 100 years depending on lethal 

dose thresholds of 105,106,107 and 108. The shaded area represents the standard deviation over the 

100 simulations. The black dashed line represents the recorded mortality in Etosha National Park, 

Namibia from 1974 to 2020. Each simulation started with the recorded mortality data from a 

decade (2003–2013). The x-axis represents the total number of potentially infectious carcass sites 

present in the environment (each site ‘disappears’ after 10 years). Predictions were made using the 

simulation model output, with a limit of 10 000 new cases. The lethal doses 105,106 and 107 lead 

to an explosion of cases, while the lethal dose of 108 leads to extinction. Lethal doses maintaining 

a relatively stable number of cases over time would be between 107 and 108. The y-axis is log-

transformed 
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FIGURE 2.6: Variation in the average number of plains zebra (Equus quagga) secondary anthrax 

mortalities occurring per year after death at an anthrax carcass site, depending on the lethal dose 

threshold of Bacillus anthracis spores ingested. Opaque colours and dotted error bars represent the 

average number of infections within the assumed parameter space of our study system, i.e., the 

percentage of animals ingesting soil while grazing varied from 0% to 40%. The transparent bars 

and solid error bars represent the average number of secondary infections for the entire parameter 

space, i.e. the percentage of animals ingesting soil while grazing varied from 0% to 100%. The y-

axis is square root transformed to better visualize small numbers. Error bars represent standard 

deviation. 
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PICTURE 3: Group of herbivores drinking at the Okaukuejo waterhole, in Etosha National Park, 

Namibia. We can see two springboks (Antidorcas marsupialis), two black-faced impalas 

(Aepyceros melampus petersi), one blue wildebeest (Connochaetes taurinus), and six plains zebra 

(Equus quagga). Photo by Amélie Dolfi, May 2022  
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3.1 Abstract 

Anthrax, caused by the obligate-killer pathogen Bacillus anthracis (BA) kills a diversity of hosts 

in a multitude of ecosystems, from prairies to savannas to tundra. Mammalian herbivores are the 

most susceptible hosts and become infected when foraging at anthrax infectious sites. After host 

death, BA is deposited into the soil, where it can survive for decades in spore form. While these 

spores are hardy, their survival depends on the soil type and environmental conditions. Depending 

on the ecosystem, the disease dynamics can vary widely from endemic to epidemic outbreaks. It 

is assumed that epidemic outbreaks are density-dependent, such that host population must be large 

enough to sustain the outbreak. Understanding the factors driving the differences in outbreak 

dynamics is crucial to better respond to and manage the disease. In this study, we developed an 

agent-based model to determine how variations in host density, range sizes, rainfall conditions, 

and pathogen persistence alter anthrax dynamics in Etosha National Park, Namibia. Host range 

size, host density, and environmental conditions were the most important factors in altering the 

timing and intensity of outbreaks. When hosts had smaller than typical home ranges, the number 

of cases remained low over the simulation period due to a lower host-pathogen encounter rate. 

Under wetter conditions, large outbreaks occurred early on, with outbreak size depending on the 

initial host density, followed by a decline in host population density, and with it a decline in anthrax 

cases. This simulation model emphasized how modifications in environmental features, pathogen 

persistence, and host ecology alter the timing and intensity of anthrax outbreaks in an endemic 

savanna system. In particular, host movement was the main driver for understanding anthrax 

dynamics. Thus, our model emphasized the need to determine what drives host movements and 

how environmental conditions can modify those movements to better characterize anthrax 

outbreaks. 
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3.2 Introduction  

Bacillus anthracis (BA), the causative agent of anthrax, is found in all inhabited continents 

(Carlson et al., 2019), with the disease dynamics being dependent on the ecosystem. BA is a multi-

host obligate-killer bacterium, meaning it must kill its host and be released into the environment 

before transmitting to a new susceptible host. This pathogen has a broad spatial distribution and 

occurs in widely different environments, from Australian and African savannas (Durrheim et al., 

2009; Muturi et al., 2018) to North American prairies (Mongoh et al., 2008), to Bangladeshi 

tropical floodplains (Hassan et al., 2015), to Siberian tundras (Ezhova et al., 2021). The large 

differences in the ecology of these locations and their available host species make it challenging 

to understand the key factors underlying variation in anthrax outbreak dynamics. 

While anthrax mainly affects wild and domestic herbivores, cases in carnivores are reported, and 

it remains a risk for humans (Beyer and Turnbull, 2009; WHO, 2008). For livestock and wildlife, 

gastrointestinal exposure is the main transmission pathway and occurs when foraging or drinking 

(Hugh-Jones and de Vos, 2002; Turner et al., 2014). As a multi-host pathogen, BA infects a large 

diversity of herbivores, including those with different diets (grazers, mixed-feeders, browsers) and 

in varying environments. Among grazers, such as cattle (Bos taurus), hippopotamus 

(Hippopotamus amphibious), plains zebra (Equus quagga), or bison (Bison bison), anthrax is 

transmitted through ingesting contaminated grass or forage (Schild et al., 2006; Walker et al., 

2020). For browsers such as white-tailed deer (Odocoileus virginanus) and greater kudus 

(Tragelaphus strepsiceros), anthrax is transmitted by ingestion of spore-contaminated browse 

(Clegg et al., 2007; Mullins et al., 2015). Leaves become contaminated from blowflies that feed 

on nearby anthrax-infected carcasses, rest on woody vegetation, and excrete BA (Basson et al., 

2018; Blackburn et al., 2014). Depending on the season, anthrax infections may occur from either 
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exposure pathway for herbivores that consume both grass and browse (mixed-feeders), such as elk 

(Cervus elaphus) and impala (Aepyceros melampus). This diversity of host species and 

transmission routes highlights the extensive risk posed by anthrax, which can infect very different 

host species in many different ecosystems. 

BA spores are highly resistant to biotic and abiotic factors and can survive for extended periods in 

the environment, usually decades (Barandongo et al., 2023; Dragon and Rennie, 1995; Manchee 

et al., 1981). However, the survival of spores depends on soil properties, temperature, relative 

humidity, and the genetic diversity of the pathogen (Dey et al., 2012; Govender, 2022; Smith et 

al., 2000). Heterogeneity in spore survival can have significant impacts on anthrax outbreak 

dynamics. Specifically, we can characterize anthrax outbreaks into two broad types: endemic and 

epidemic. In endemic systems, recurrent seasonal, usually small, outbreaks are observed, such as 

in Kenya (Muturi et al., 2018), Bangladesh (Hassan et al., 2015), or Türkiye (Bayir, 2023). In 

epidemic systems, massive outbreaks occur infrequently. For example, an anthrax outbreak in 

2004 in Malilangwe Wildlife Reserve, Zimbabwe, killed nearly the entire kudu population and 

70% of the nyala (Tragelaphus angasii) population (Clegg et al., 2007). In 2016, in Siberia, 

thousands of reindeer (Rangifer tarandus) died of anthrax, about 70 years after the last recorded 

epidemic (Ezhova et al., 2021). It is assumed that epidemic systems are strongly linked to the host 

density (De Vos and Bryden, 1996). Indeed, during these outbreaks, most of the host population 

is killed; thus, enough time is required between consecutive outbreaks for the host population to 

recover sufficiently to support another outbreak.  

Anthrax outbreaks are seasonal, although the seasonality varies across locations (Pittiglio et al., 

2022). In some ecosystems, outbreaks are associated with heavy rainfall and wet seasons (e.g. in 

Bangladesh [Hassan et al., 2015] or Tanzania [Mlengeya et al., 1998]) possibly due to the rainfall 
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unearthing spores (Durrheim et al., 2009), or increasing grass growth in preferred habitats, 

increasing pathogen exposure (Turner et al., 2014). In contrast, droughts are associated with 

anthrax outbreaks in Zimbabwe (Clegg et al., 2007), Ethiopia (Shiferaw et al., 2002), and Zambia 

(Turnbull et al., 1991). In these areas, drought conditions likely cause aggregation of herbivores 

close to waterholes, an increase in physiological stressors reducing host resistance to anthrax, or 

the ingestion of spores along with dry forage creating small lesions in the mouth that facilitate 

infections (Hugh-Jones and de Vos, 2002).  

Due to the long persistence of anthrax spores in the environment, the multi-host nature of this 

disease, and the variation in environments and host ecology over different time scales, it can be 

challenging to link all ecological components together to understand the disease dynamics arising 

in different ecosystems (Huang et al., 2022). Mathematical models have been developed over time 

to better understand anthrax transmission risk and obtain the reproduction number of this disease 

(Blackburn et al., 2019; Dolfi et al., 2024). The use of differential equations is the main modeling 

framework that has been applied (Friedman and Yakubu, 2013; Furniss and Hahn, 1981; Osman 

et al., 2018; Saad-Roy et al., 2017), but these models often lack spatiotemporal components (e.g., 

assuming all hosts can encounter any reservoirs at any time of the simulation) which can be quite 

significant, especially for modeling ETP disease dynamics (Arab, 2015; Elliott and Wartenberg, 

2004; Lawson, 2013). Similarly, individual-level variation in host behaviors and susceptibility can 

alter disease dynamics, and their inclusion into models can prove necessary for better 

understanding pathogen transmission risk (Craft, 2015; Paull et al., 2012). 

Agent-based models (ABM) can capture the role of complex relationships between individual and 

landscape heterogeneity in disease emergence and dynamics (Scherer et al., 2020; White et al., 

2018). By allowing agents to move independently in their environment and to respond to different 
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stimuli following a set of pre-defined rules, we can observe the emergence of broad-scale patterns 

without forcing them into the model (Grimm et al., 2020; Railsback and Grimm, 2019). Notably, 

one theoretical ABM inspired by anthrax dynamics (Dougherty et al., 2018) emphasized the 

importance of individual host movement decisions in understanding the risk of transmission by 

measuring the number of encounters between hosts and reservoirs. However, this model lacked 

host heterogeneity in susceptibility and was based on a theoretical landscape rather than an in-situ 

ecosystem. 

Here, we developed an ABM to evaluate how modifications in host density and behavior, pathogen 

persistence, and rainfall patterns alter disease dynamics.  While we focus our model on one specific 

location, Etosha National Park (hereafter Etosha) in Namibia, for which detailed knowledge about 

anthrax is available (see below), the objectives of this model were to broaden our understanding 

of what drives the timing and intensity of anthrax outbreaks. Etosha is an endemic system for 

anthrax, and we seek to understand how host species and behaviors, pathogen characteristics, 

seasonality and rainfall conditions interact to maintain Etosha as an anthrax-endemic system. 

These findings, and the ABM developed in this study, have the potential to be generalized to other 

anthrax systems to improve our general understanding of the drivers of anthrax outbreaks in 

different ecosystems. 

3.3 Materials and Methods 

3.3.1 Study area 

3.3.1.a Environmental characteristics 

Etosha is a 22,270 km2 nature reserve situated in northern Namibia at the base of the Cuvelei basin 

(Turner et al., 2022). It is a sub-tropical, semi-arid savannah with two distinct seasons: the wet 

season (January–April) and the dry season (May-December). Etosha encompasses a 5,000 km2 salt 
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pan seldom used by herbivores and was defined as a barrier to movement in our model. Etosha has 

a gradient of increasing rainfall from west to east, with annual rainfall of about 260mm (rainfall 

from 1983-2020, from the Etosha Ecological Institute, (EEI)) in the west, 400mm in the central 

region, and 520mm in the east. Natural water sources are primarily artesian or contact springs, 

mostly found south of the main salt pan, but boreholes are also present along tourist roads (Turner 

et al., 2022). 

An extensive classification of Etosha’s vegetation was done by Le Roux and collaborators (1988). 

For our model, we simplified the vegetation into four habitats: sweetgrass, sandveld, mopane 

(Colophospermum mopane) shrubland, and mopane woodland (habitats shown in figure 3.1). 

Common species in the sweetgrass habitat include highly palatable grass species such as 

Enneapogon desvauxii and Eragrostis nindensis, and dwarf shrubs such as Leucosphaera bainesii, 

Cyathula hereroensis, Monechma spp. Sweetgrass habitat, found southwest of the salt pan, is 

preferred by grazers in the wet season, although under pressure of migratory herds of grazing 

herbivores, this resource is depleted annually. The sandveld, found northeast of the salt pan, is 

favored by browsing herbivores and contains a variety of trees and shrubs, such as Terminalia 

prunioides, T. sericea, Croton menyharthii, and Philenoptera nelsii, as well as less palatable 

grasses, such as Schmidtia kalahariensis, and Digitaria seriata. The other two habitats are 

dominated by mopane, with differences defined by its growth form and height, driven by variations 

in soil characteristics and rainfall. Mopane shrubland is found primarily west of the salt pan, 

together with other woody shrubs such as Catophractes alexandri, and L. bainesii, as well as less 

palatable grasses such as Aristida adscensionis and A. rhiniochloa. Mopane woodland, found 

primarily southeast of the salt pan, also contains marula trees (Sclerocarya birrea), Spirostachys 

africana, Combretum apiculatum, T. prunioides, and acacias such as Vachellia nilotica. In those 
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woodlands, the herbaceous layer is composed of species such as E. desvauxii, E. cenchroides, and 

A. adscensionis.  

3.3.1.b Anthrax in Etosha  

Anthrax outbreaks in Etosha have been studied extensively for multiple decades (Barandongo et 

al., 2023; Cizauskas et al., 2014a; Ebedes, 1976; Huang et al., 2021; Lindeque and Turnbull, 1994; 

Turner et al., 2013). Anthrax is considered to have originated in southern Africa (Keim et al., 1997) 

and, in Etosha, this disease is unmanaged, making this park an excellent study area for 

understanding anthrax outbreaks in wildlife populations. Anthrax cases are recorded annually in 

Etosha, and, while sporadic cases can occur throughout the year, anthrax deaths peak at the end of 

the wet season (March-April) among grazers. The primary anthrax hosts in Etosha are grazers, 

specifically plains zebra (Equus quagga, hereafter zebra) and blue wildebeest (Connochaetes 

taurinus, hereafter wildebeest), representing respectively 50% and 16% of all confirmed cases 

between 1975 and 2020 (mortality data obtained from EEI). Mixed-feeding hosts are the next most 

common, especially springboks (Antidorcas marsupialis) which represent 14% of all cases, and 

African elephants (Loxodonta africana, hereafter elephant), which represent 16% of cases, with 

deaths peaking during the late dry season (around November). All other species, which include 

browsers, carnivores, and other herbivores infrequently detected, make up the remaining 4% of 

anthrax cases. Among the grazers, the main anthrax transmission pathway is through the ingestion 

of spores while grazing at infectious carcass sites. In Etosha, most cases are recorded in the central 

region, where grazing herbivores congregate on preferred sweetgrass habitat during the wet 

season. During dry seasons and drought years, this preferred habitat is depleted, and most grazers 

migrate along the Etosha salt pan toward less preferred foraging grounds (Huang et al., 2021; 

Zidon et al., 2017). This seasonal migration reduces the impact of this disease on grazing hosts, 
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providing a reprieve from anthrax with lower exposure risk in other habitats (Huang et al., 2021). 

However, BA spores can survive for up to 10 years in Etosha soils (Barandongo et al., 2023) and 

up to two years on grasses (Turner et al., 2014), allowing a continuation of infections once 

individuals return to the sweetgrass habitat. While anthrax cases can be observed year-round, 

reservoirs formed during the wet season are the main source of anthrax transmission in Etosha 

(Dolfi et al., 2024), emphasizing the seasonal dynamics of this disease. However, the transmission 

route is still unknown for elephants. Elephants are mixed feeders and are more likely to browse 

than graze during the season of highest anthrax mortality (Turner et al., 2013), and exposure from 

dust bathing or drinking is unlikely (Barandongo et al., 2023; Turner et al., 2016). Currently BA 

exposure for elephants is suspected to occur from osteophagia or mourning behaviors at elephant 

anthrax carcass sites (Joel, 2021). 

3.3.2 Model description 

We developed an ABM representing herbivore hosts moving within Etosha and being at risk of 

BA infection upon grazing at an infectious site. The model description following the ODD 

(Overview, Design concepts, Details) protocol for ABMs, as updated by Grimm et al. (2020), can 

be found in Appendix C. The model and analysis were done using R software (version 4.3.2. R 

Core Team, 2023).  

In summary, the model includes two agents: herds of anthrax hosts and anthrax spore reservoirs. 

We used herd agents to limit the number of agents in the model, reducing its computational 

intensity. Empirically, individuals within a herd tend to stay close and move together, which would 

complicate the movement of simulated individual agents, as the movements of individuals from 

the same herds are non-independent (Allen et al., 2020; Fischhoff et al., 2007). The environment 

is defined using grid cells representing the geographical locations of Etosha.  
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The state variables for the herds of hosts (referred to as hosts hereafter) are the foraging type, the 

herd disease status (‘S’ for susceptible, ‘I’ for infected), and the number of infected individuals 

within the herd. The forage type is split into four categories: (i) non-selective grazers, called 

‘grazer1’ in the model (e.g., representative of zebra), (ii) selective grazers, ‘grazer2’ (e.g., 

representative wildebeest), (iii) small-bodied mixed-feeders, ‘mixed-feeder1’ (e.g., representative 

of springbok), and (iv) large-bodied mixed-feeders, ‘mixed-feeder2’ (e.g., representative of 

elephant). The anthrax reservoir agents' state variable is the infectivity risk, defined as the 

probability of infection, given effective contact. The environmental grid cells are 250m2 and are 

composed of the vegetation type defined as five habitat categories: (i) sandveld, (ii) mopane 

woodland, (iii) mopane shrubland, (iv) sweetgrass, and (v) barrier (i.e., the salt pans). We also 

record if a grid cell contains a waterhole, and if not, we record the distance of all grid cells to the 

closest waterhole. The model runs for 5 years at a weekly time step (one time step = 7 days).  

We initialized the model by creating the gridded environment and adding host agents and BA 

reservoirs (figure 3.1). All input data were drawn from long-term datasets collected by the EEI. 

We used the functional water points for the waterhole distribution as of 2006. To initialize the host 

spatial distribution, we used herd locations from the aerial survey of Etosha conducted in the dry 

season of 2015 (Kilian, 2015). Finally, we initialized infectious environment locations based on 

confirmed anthrax mortalities and their GPS locations recorded from 2000-2010. 

The model includes seven sub-models, which proceed as follows: (i) rainfall; (ii) host movements 

within the landscape using a resource selection function (RSF); (iii) death of infected host and 

anthrax reservoir creation; (iv) probabilistic herd dissolution if death by anthrax occurred; (v) 

anthrax transmission; (vi) environmental anthrax risk decay; and (vii) new host creation. Each of 

these sub-models is described in the subsections that follow. 
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3.3.2.a Rainfall 

Rainfall is a major source of heterogeneity in savanna ecosystems, as it can alter animal 

movements due to herd aggregation around water points during dry periods (VanderWaal et al., 

2017). To determine if rainfall occurs during a time step, we make a binomial draw, weighted by 

prain,m, the probability of accumulating 10mm of rainfall per month m. We chose 10mm as this is 

the effective rainfall quantity to initiate grass growth in Etosha (du Plessis, 2001). We calculated 

this probability from the daily rainfall data from 1983-2020 from EEI, computing the proportion 

of weeks with at least 10mm of rainfall per month over the entire rainfall dataset. 

When rain occurs, we consider that host herds do not need to visit a waterpoint during their weekly 

movement; we assume that ephemeral water is present in the environment (Naidoo et al., 2020; 

Schaffer-Smith et al., 2022), allowing hosts to satisfy their water requirements without long 

movements to perennial water. 

3.3.2.b Movement 

Resource-selection function 

The movement of hosts is modeled using an RSF. Within one model time step (i.e., a 7-day period), 

herds can be found anywhere within their weekly home range. The weekly home range depends 

on the host foraging type and comprises η cells. Movements are determined by an RSF, which 

incorporates the habitat type, the distance to the nearest water points, and the distance to the 

seasonal migration zone. Two migration zones are defined: a migration zone toward the central 

region of Etosha, where forage grounds are better during the wet season, and a migration zone 

along the southern edge of the main salt pan during the dry season (see Appendix C figure C1; 

Zidon et al., 2017). We are assuming that grazers have a memory of the better foraging areas 

(Bracis and Mueller, 2017), and we therefore chose to facilitate the migration movement using the 
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distance to the migration zone. The probability of a host moving from its current location to a new 

location, b, is:  

𝑃 =
𝜔𝑏

∑ [𝜔𝑘]
𝜂
𝑘=1

     (3.1) 

Where ωb and ωk are RSFs governing a herd’s movement preference for cells b and k, respectively. 

The RSF of any given cell j is: 

   𝜔𝑗 = exp⁡(𝛽 ∗ ⁡𝑊𝑜𝑜𝑑𝑗 +⁡𝛽1 ∗ ⁡𝑆𝑎𝑛𝑑𝑣𝑒𝑙𝑑𝑗 +⁡𝛽2 ∗ ⁡𝑆ℎ𝑟𝑢𝑏𝑗 +⁡𝛽3 ∗ ⁡𝐺𝑟𝑎𝑠𝑠𝑗 + 

     ⁡𝛽4 ∗ ⁡𝐵𝑎𝑟𝑟𝑖𝑒𝑟𝑗 +⁡𝛽5 ∗ ⁡𝑊𝑎𝑡𝑒𝑟𝑑𝑖𝑠𝑡𝑗 ⁡+ ⁡𝛽6 ∗ ⁡𝑀𝑖𝑔𝑟𝑎𝑡𝑖𝑜𝑛𝑑𝑖𝑠𝑡𝑗)     (3.2) 

with Woodj, Sandveldj, Shrubj, Grassj, and Barrierj, representing the type of vegetation in cell j. 

Because a cell contains only one type of vegetation, only one of those five will equal 1, the rest 

will be 0. The associated 𝛽 represent the strength of selection for the specific vegetation type. 

Coefficients vary per herd foraging type and season to represent different foraging preferences by 

host species and time of year (Table 3.1). Water_distj represents the distance to the closest water 

point in km, and β5 is the strength of selection for that variable, which also varies by host foraging 

type and season. All four foraging types represented here are water-dependent, but the water 

requirements and how far they can move from water depends on the species (Veldhuis et al., 2019). 

For example, grazers are more water-dependent than mixed-feeders, which can obtain water from 

browsing on leaves. As a consequence, grazers will move longer distances from water as 

vegetation around waterholes is depleted (Redfern et al., 2003). Migrationdist,j is the distance in km 

between cell j and the migration zone, for either the wet or dry season. The same coefficient β6 

regulates the strength of attraction toward the migration zones in both seasons; the higher β6, the 

stronger the selection for a cell closer to the migration zone. The values attributed to each 

coefficient can be found in Appendix C, Table C1. 

Polygon of host occurrence 
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Once the next step point is selected, we used the package ‘gdistance’ (version 1.6.4 [van Etten, 

2017]) to calculate the shortest path between the two locations to ensure that individuals did not 

cross park fences to reach their destination. To account for uncertainty in herd movement during 

our 7-day time steps, we add a buffer of occurrence around the host movement path, σ, depending 

on the host foraging type (Table 3.1). This simplifying assumption allows us to reduce the 

computationally intensive resolution of the model by modeling weekly time steps instead of daily 

steps. The buffer also helps to account for the increased spatial extent of a single herd due to 

individual movements within the herd.  

When rain occurs, we consider the movement to be as described above, as the presence of local 

ephemeral surface water does not constrain herds to go to a waterhole to drink (figure 3.2a). In 

contrast, if rainfall did not occur during the movement step (i.e., a week), we assume that the 

movement must incorporate a waterhole (figure 3.2b). For this, we selected the closest water point 

along the movement path and included it in the herd movement buffer. This approach allows us to 

explicitly include water dependency in our movement model, while also allowing agents to 

minimize travel distance to water sources. With the simulated occurrence buffers (hereafter 

referred to as polygons), we assumed that a herd could be exposed to infectious environments 

anywhere within its buffer.   

3.3.2.c Infected host death and reservoir creation 

Empirically, anthrax deaths occur within 2-5 days after infection (Easterday et al., 2020), so 

simulated herds with infected individuals create a new anthrax reservoir in the time step following 

infection. Using the occurrence polygon of hosts, we randomly select a location within which the 

infected individual dies, and the spore reservoir is established. The initial infectivity of an anthrax 

reservoir, denoted ρ, depends on the season (Dolfi et al., 2024) and represents the risk of infection 
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given effective contact. For a reservoir formed during the wet season, the initial probability is 

drawn within the truncated normal law with a mean of 7.5 x 10-4 and variance of 2.5 x 10-4, and 

with a mean of 5 x 10-5 and variance of 1 x 10-5 for the dry season formed reservoirs. We make the 

simplifying assumption that the cell infectivity probability is directly proportional to the pathogen 

load in the environment.  

3.3.2.d Herd dissolution 

Upon the death of an individual, herds may dissolve and be removed from the simulation. We use 

binomial draws weighted by the herd dissolving probability, γ, which depends on the host type 

(Table C1). Each time a herd loses an individual, we repeat the binomial draw, so herds with more 

losses have a higher cumulative probability of dissolution than those with fewer losses. 

Parameterization of γ for grazer1 and mixed-feeder2 is designed to represent species with tight 

knit social structure, such that the death of an individual has a higher probability of inducing 

dissolution of their herd by destabilization than for the other foraging types. As an empirical 

example, if a matriarch dies in an elephant herd, the herd may become unstable, with reduced 

social cohesion and potential dispersion of some individuals (Lee et al., 2022; Wittemyer et al., 

2005). Similarly, among zebras, if a stallion dies, there is an increased risk of herd fission 

(Penzhorn, 1984). For grazer2 and mixed-feeder1, the value of γ is lower to represent weaker social 

ties or structure; as such, the death of an individual may be less impactful on herd persistence.  

3.3.2.e Infection  

If there are BA reservoirs within a herd’s occurrence distribution, there is a risk of infection. 

Infection depends on the combination of (1) effective contact between a herd and an infectious 

reservoir, and (2) the probability of infection, given that effective contact occurred. To determine 

if effective contact occurred, we made a binomial draw for each anthrax reservoir within an 
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occurrence polygon, weighted by the probability ξ of effectively interacting with that reservoir. ξ 

depends on the host forage type and season (Cunningham Jr. and Cunningham Sr., 2024; Havarua 

et al., 2014; Woolley et al., 2011). If an effective contact occurs with a reservoir, we perform 

another binomial draw, in this case, weighted by the reservoir infectivity ρ (determined by initial 

infectivity and decay rate; see 3.3.2.c and f). Within a time step, a reservoir can only infect one 

individual per herd. However, herds may encounter multiple reservoirs, leading to multiple 

independent infections during one time step. 

3.3.2.f Anthrax risk decay 

We allowed the infectivity of a cell to decay over time, assuming that the infectivity ρ of cell c, at 

time t+1, followed an exponential law: 

𝜌𝑐,𝑡+1  =  𝜌𝑐,𝑡⁡. 𝑒
−𝜇    (3.3) 

where µ is the decay rate.  

We removed reservoirs from the environment (cell infectivity returned to zero) when we 

considered their infectivity below a minimum level, ρmin, defined as an infectivity of 5 x 10-7, 

necessary for transmission (as in a minimum infectious dose). 

3.3.2.g Reproduction 

Reproduction occurs in an annual pulse every year during the week around March 15. Because our 

agents represent herds rather than individuals, we assume that herds can undergo fission 

(especially driven by yearlings) following birth events, resulting in new herds in the environment.  

We draw the number of new herds based on the number of herds present in the environment and 

the host foraging type using a truncated normal distribution (mean = δ, sd = δsd, min = δmin, max = 

δmax). As we assume that herds split from each other, each new herd initially takes the spatial 

coordinates of the herd from which it split.  
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3.3.3 Model scenarios and analysis 

We aimed to determine what factors drive Etosha outbreak dynamics and which of the host density, 

host range sizes, pathogen decay rate, and rainfall conditions led to most modifications of the 

dynamic. We used the primary literature to parameterize an Etosha-like base model (hereafter, 

base Etosha model) that reproduces key observed anthrax dynamics in this system (see Table C1 

for the fixed parameter values). In particular, we used Huang et al., (2023) to determine the herd 

movement variables, and Barandongo et al., (2023) and Dolfi et al., (2024) for the pathogen 

parameterization. Birth rates and herd dissolving rates were set to ensure the stability of host 

populations in our base model, as populations in Etosha have been relatively stable for the past 30 

years (Turner et al., 2022). We validated our Etosha model by ensuring that the number of cases 

recorded yearly, per species, and per season matched observations made for the Etosha system. 

Once our Etosha model was established, we varied certain parameters (Table 3.1) to determine 

their impact on outbreak dynamics. We included variations in the pathogen decay rate μ (rapid vs. 

slow), the density of herds (low vs. high density), the range size of herds, η and σ (small vs. large), 

and rainfall patterns—including their effect on host migration. For this latter condition, we 

included four rainfall scenarios: (1) regular rainfall as empirically observed in Etosha, with 

migration present along the salt pan during the dry season; (2) wetter conditions, leading to no 

migration and herd movement following the wet season parameters only; (3) drought conditions 

leading to no migration and herd movement following the dry season parameters only; and (4) a 

variable rainfall pattern. For this last scenario, the rainfall pattern of each year (regular, wetter, or 

drought) is drawn randomly, with each year having a 40% risk of being a drought, 35% of being a 

regular rainfall year, and 25% of being a wetter-than-average year. 
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We decided to vary these parameters by comparing Etosha and Kruger National Park (Kruger 

hereafter), the latter having epidemic anthrax outbreaks (Huang et al., 2022). Both parks contain 

similar host species, but in Kruger, anthrax outbreaks are assumed to be density-dependent (De 

Vos and Bryden, 1996), with a high density of hosts leading to large outbreaks. Host ranges are 

much smaller in Kruger than in Etosha (Huang et al., 2023), and herbivores in Kruger do not 

engage in seasonal migration as the large availability of water in the park allows hosts to satisfy 

their foraging and water demand without movement over long ranges (Redfern et al., 2003). 

Finally, anthrax persistence in both parks may differ due to differences in BA strains. Indeed, B-

clade strains, which can be found in northern Kruger and a few other locations, survive less well 

than the A-clade strains, which are found in Kruger, Etosha, and globally (Govender, 2022; Smith 

et al., 2000). 

We used a factorial design to determine the effects and interactions between our parameters, 

resulting in 72 scenarios. Each scenario was run ten times up to 5 years (i.e., 260-time steps) or 

until no anthrax reservoirs or infected hosts were present. 

For each simulation, we extracted the number and seasonality of cases over time. To determine 

which of the four variables (pathogen decay, host density, movement ranges, and rainfall 

conditions) was the most important for shaping these outcomes, we conducted a variable 

importance analysis using random forests with the ‘party’ package (version 1.3.-14, [Strobl et al., 

2008]). 

3.4 Results 

Under the Etosha base scenario (i.e., all parameters drawn from the Etosha system), we observed 

40-60 anthrax cases per year over the simulation period, with seasonal increases in cases during 

simulated wet seasons (figures 3.3, 3.4). Cases were primarily among grazer1, with grazer2 and 
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the two mixed feeder foraging types infected infrequently (figure 3.3). These observed dynamics 

aligned with empirical observations from Etosha, where anthrax cases typically number between 

10 and 100 per year, with most cases occurring in the wet season among zebras (figure 3.3). 

However, while our model reproduced coherent infection numbers for grazer1 (i.e., zebras in 

Etosha); it was not performing as well for the other hosts. Especially, elephants in Etosha exhibit 

more anthrax cases in the dry season, and we did not observe a similar peak for the corresponding 

foraging type (‘mixfeeder2’) in our simulations. However, elephant anthrax dynamics are driven 

by a few large outbreaks under drought conditions (Huang et al., 2022) which is unlikely to be 

observed in a relatively short simulation under average rainfall conditions. 

Building off the base Etosha model, changing only a single parameter could cause widely different 

anthrax dynamics (figure 3.4), indicating that all the components we varied have key impacts on 

disease dynamics in this system. Notably, the number of cases recorded per simulation year 

decreased when we simulated a drought, a low density of hosts, a smaller host range, or a faster 

pathogen decay (figure 3.4a). In contrast, more infections were observed under wetter and more 

variable rainfall conditions, high host density, and slower pathogen decay (figure 3.4a). We 

observed a high degree of variability in outbreak sizes in the variable rainfall scenario, with 

stochasticity in rainfall conditions leading to few or no cases during drought compared to hundreds 

of cases under wetter conditions (figure 3.4, 3.5a).  

In addition to their impact on outbreak size, we observed that simulated rainfall conditions strongly 

impacted outbreak seasonality (figure 3.4b), even to the extent of eliminating seasonality in 

anthrax cases. Under the Etosha base scenario, the majority of cases occurred from January to 

April (wet season), and a drop in cases was observed during the remainder of the year (figure 3.3, 

3.5b). Under wetter conditions (i.e., wet season conditions year-round), anthrax cases were 
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consistently high across all months (figure 3.5b). Likewise, dry condition simulations (i.e., dry 

season conditions year-round) consistently produced few anthrax cases throughout simulation 

months (figure 3.5b). Under variable conditions, anthrax cases were higher across all months, 

potentially driven by the wetter-than-average years (figure 3.5b). 

When examining the scenarios with multiple parameters differing from the Etosha base model, we 

observed that almost every scenario with small host range sizes produced fewer than 10 yearly 

infections (Figure 3.6). When host ranges were small, the number of cases recorded was similar to 

the base Etosha model only when host density was high, with an Etosha-like pathogen decay rate 

and wetter conditions. If the pathogen decay rate was slower, this scenario led to double the number 

of cases than the base Etosha model. When fast pathogen decay was modeled, a high host density 

was necessary to reproduce Etosha anthrax infection numbers. For scenarios with higher 

population density, the number of cases recorded was always higher than the corresponding 

scenarios with lower host densities (figure 3.6). 

For every scenario, wetter conditions consistently led to more yearly infections (figure 3.6), and 

under small range sizes or fast pathogen decay parameters, scenarios showed the highest number 

of cases recorded within a year. However, the scenarios with an Etosha-based range size, and an 

Etosha-based or slower pathogen decay rate led to more cases recorded within a year under the 

variable rainfall conditions (figure 3.6b). Over all simulations, wetter conditions led to an initial 

explosion of cases, causing a large decrease in the grazer1 population (figure 3.5b) which 

subsequently limited the number of cases observed (i.e., compare years 4 and 5 for the ‘wetter’ 

scenario in figure 3.5a, figure C2). These large outbreaks happened earlier under high density 

scenario compared to the lower density scenarios.  
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From our variable importance analysis (figure C3), the size of the host ranges was the most 

important parameter in determining the median yearly outbreak sizes, with a lower range size 

leading to fewer overall encounters (figure C4) and thus fewer cases. The second most important 

parameter was the density of hosts, followed by the rainfall conditions. Higher density, wetter 

conditions and variable rainfall led to more simulated cases each year, as compared to low host 

density, Etosha base density and rainfall patterns, or drought conditions.  

3.5 Discussion 

We used an ABM to investigate key drivers of anthrax outbreak dynamics in Etosha National Park, 

Namibia. Our model reproduced anthrax outbreak dynamics consistent with observations from 

Etosha. In particular, the model correctly reproduced seasonal outbreaks in the wet season, with 

cases predominantly among plains zebra (i.e., grazer1 of our simulation). However, we could not 

correctly reproduce outbreak dynamics among the selective grazers and the two mix-feeders. The 

model's inability to capture the anthrax dynamic for other species than zebras may be due to the 

rarity of outbreaks for those species, making it difficult for the model to reproduce. Especially, 

most of the elephant cases recorded in Etosha occurred during outbreaks in the 1980s following 

droughts, after which few to no elephant cases were recorded per year (Huang et al., 2022). During 

the 10-year sample used to initialize the reservoir layer, only 32 elephant cases were recorded 

(EEI’s mortality data).  Ensuring that our Etosha model reproduced the dynamics observed among 

zebras, i.e., the primary host in this system, allowed us to compare the different simulation 

scenarios with the base Etosha model and make inferences about which parameters are the main 

drivers of the anthrax dynamics observed in Etosha. These results can then also inform which 

parameters may be key components to study further in other anthrax systems (e.g., as in model-

guided fieldwork [Restif et al., 2012]).  
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 Host range size was the most important parameter affecting the number of anthrax cases 

per simulation year, with very few cases under the small host range scenarios. To parameterize the 

different home range scenarios, we used information from Kruger National Park, South Africa as 

Kruger and Etosha contain similar anthrax host species but experience widely different outbreak 

dynamics. Our simulations showed that reducing range sizes can significantly reduce the number 

of encounters between a host and environmental reservoirs and thereby reduce the number of 

infections. The anthrax hosts in Etosha have much larger home ranges than the same species in 

Kruger, from 1.5 times larger for elephants, 1.6 times larger for kudus, 8.3 times for zebra, to 17.3 

times for wildebeests (Huang et al., 2023). These differences in range size may explain the 

differences in anthrax outbreaks between the two parks. However, range size was not the sole 

predictor of anthrax infection, as elephants—which always had the largest ranges compared to 

other host species—were not the most frequently infected hosts in simulations. Elephants use a 

different habitat from the grazers, preferring woodlands (Harris et al., 2008; Loarie et al., 2009), 

and, by being a mixed-feeder, there is a trade-off between grazing and browsing which may lead 

to fewer BA encounters from grazing. Indeed, most anthrax cases occurred in the sweetgrass 

habitat of Etosha, while elephants spent more time in other habitats, such as the mopane woodland 

and sandveld. Increasing range size, and with it an increased number of possible encounters 

between hosts and reservoirs, is an important parameter to consider for anthrax outbreak prediction 

and understanding. Studying host range sizes in wildlife populations in other ecosystems afflicted 

by anthrax may help in estimating anthrax risk and understanding the variations in disease 

dynamics. 

Host density is often a major component of disease dynamics, especially for directly transmitted 

pathogens, with higher density leading to more infections (Tarwater and Martin, 2001). Especially 
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for anthrax in Kruger, epidemic outbreaks are assumed to be density-dependent (De Vos and 

Bryden, 1996). Our simulation was in agreement with this, where higher densities of hosts led to 

the greatest number of infections observed within a year, and, in contrast, the lower density of 

hosts led to the lowest number of yearly infections. Notably, under the wetter simulation scenario, 

the number of anthrax cases per year increased over time until a large outbreak occurred, followed 

by large population declines which subsequently diminished annual cases of anthrax. In this case, 

host density contributed to the creation of epidemic-like outbreaks, as, after a large outbreak, host 

density was too low to maintain high ongoing transmission. While an increase in host density does 

not modify the rate at which hosts interact with the environment (e.g., the rate of foraging does not 

change), the increased number of hosts increases the cumulative probability that a host-pathogen 

encounter will occur in a given time step. This increases the number of hosts infected each time 

step, which consequently increases the number of environmental reservoirs. This positive feedback 

loop can then lead to large outbreaks where most of the hosts encounter reservoirs and become 

infected. Our model only simulated outbreaks over a five-year period which limits our ability to 

reproduce periodic, epidemic-like outbreaks. We suspect that with longer simulation periods, we 

may see periodic epidemics emerge as populations undergo large variations in population density 

as a response to anthrax deaths and eventual recovery (e.g., as observed in Kruger). Ultimately, 

density-dependence and the emergence of periodic epidemics likely depends on the balance 

between host density and movement (which govern exposure to infectious sites) and pathogen 

environmental decay (pathogen must survive long enough for host population to recover).  

Our simulations also highlighted the importance of rainfall conditions in shaping anthrax dynamics 

in a savanna ecosystem. The simulated rainfall conditions impacted the movement and local 

density of hosts, notably by eliminating migration of hosts in the park. When using our model to 
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simulate wetter conditions, (i.e., when hosts could stay within the sweetgrass habitat for longer), 

normal seasonal patterns were reversed, with more cases during the dry than the wet season. This 

increased number of cases during the dry season was likely a result of the dry season being twice 

as long as the wet season, and the ability of hosts to stay in the preferred wet season habitat (where 

much of the environmental BA risk was concentrated) all year long. Empirically, the 2010 anthrax 

outbreak—which was the biggest outbreak in Etosha since the 1960s—killed at least 177 

individuals (confirmed cases only) and was associated with higher-than-average rainfall. The 

rainfall led to better foraging conditions in the sweetgrass area earlier in the season and lasted for 

longer than usual, allowing the outbreak to start in February and to last until June (Huang et al., 

2021). Together, our simulation results and these empirical observations indicate that wetter 

conditions can lead to more anthrax cases and can shift the seasonality of anthrax outbreaks by 

modifying hosts’ movements on a landscape with heterogeneous exposure risk.  

In contrast to wetter conditions, we observed far fewer anthrax cases in simulated drought 

conditions. In our simulations, the migration between preferred wet and dry season forage habitats 

was not present under droughts, and hosts tended to stay in the less preferred mopane woodlands 

in the southeast of Etosha which has lower risk of BA exposure. This agrees with prior empirical 

research on host movement ecology and anthrax case counts during severe drought. Indeed, Huang 

et al., (2021) showed that during a severe drought, zebras avoided the sweetgrass areas during the 

typical “wet season” months as there was insufficient rainfall for grass production, and zebras 

instead moved deeper into less preferred habitats, matching simulation results. As in our 

simulations, anthrax pressure in mopane woodlands is lower, leading to very few observed anthrax 

cases. Rainfall conditions, by altering hosts’ movement, are therefore an important parameter for 

understanding anthrax outbreak dynamics. Studying the effect of abiotic conditions on host 
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movements—and their heterogeneity—is thus essential to capture host-pathogen encounter rates 

and predict their response to environmental change. 

The simulated decay rate of anthrax in the environment, while less responsible for outbreak size 

than other parameters, may have a significant impact on the maintenance of the disease in a system. 

The lack of significance of this parameter in our outcomes likely resulted from the short duration 

of our simulations. For example, we did not observe any pathogen extinction as average BA 

reservoir survival was longer than the duration of simulations (reservoir survival was about seven 

years in the fast decay scenario). However, we did observe a reduction in cases and subsequent 

environmental reservoirs in the Etosha base scenario when shifting to a faster pathogen decay. We 

therefore expect that increased pathogen decay rates would ultimately result in increased pathogen 

extinction events over longer simulation periods. While the survival of BA in Etosha is similar 

over the entire park, soil properties and genetic diversity of BA are important properties for 

predicting the survival of BA at larger spatial scales. Multiple niche models have been developed 

for anthrax (e.g., Blackburn et al., 2017; Deka et al., 2022; Walsh et al., 2018), and they consider 

soil characteristics and other abiotic conditions as indicators of the suitability of an ecosystem for 

anthrax. However, these models typically do not include the role of soil, abiotic factors, or 

pathogen genetic diversity in shaping BA maintenance (but see Mwakapeje et al., 2019). Our 

model suggests that these factors—and the differences in pathogen decay rates they produce—

may be limiting the ability of BA to persist due to variable outbreak dynamics in an ecosystem. 

More research is needed on the heterogeneity in the survival of anthrax in different environmental 

conditions, from different soil properties to different abiotic conditions and for the different clades 

of BA genetic diversity. This information may be crucial to understand the differences in anthrax 

dynamics across diverse ecosystems.  
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Climate change is predicted to have significant impacts on Etosha in the coming decades, by 

reducing rainfall and increasing temperatures (Engelbrecht et al., 2015; Turner et al., 2022). We 

assumed that drought only affected the movement decisions of hosts and the initial quantity of 

pathogen released at death. However, droughts can have major impacts on population health. For 

example, persistent droughts can increase natural death rates as individuals die of hunger or thirst, 

and consequently reduce host density (Walker et al., 1987). As evidenced by our simulations, these 

effects could further alter or even reduce anthrax persistence in the system. Alternatively, host 

susceptibility to pathogens may be enhanced during droughts (Filipe et al., 2020), which could 

also increase susceptibility to anthrax. However, in Etosha, co-infections with gastrointestinal 

helminths, which are of higher prevalence and infection intensity during the wet season, were 

linked to a heightened susceptibility to BA (Cizauskas et al., 2014b). Drought conditions—

especially increased surface temperature, reduced rainfall and increased evaporative water loss 

from soils—may also impact BA directly by altering sporulation and survival rates (Hugh-Jones 

and Blackburn, 2009). In a long-term study of BA survival at environmental reservoirs in Etosha, 

the 2019 drought is suspected to have shortened the lifespan of spore reservoirs due to lack of 

vegetation and extreme exposure to ultraviolet radiation (Barandongo et al., 2023). The effects of 

temperature and rainfall are similarly apparent in the observed seasonality of anthrax reservoir 

formation: in Etosha, infected hosts dying during the dry season led to lower concentrations of BA 

spores at the site of death and had a very low risk of infecting new hosts (Barandongo et al., 2023; 

Dolfi et al., 2024). Future work incorporating natural host death and interactions between 

environmental conditions, host susceptibility, and anthrax decay rates could lead to a better 

understanding of anthrax dynamics under drought conditions, which are expected to occur more 

regularly in Etosha and many other anthrax systems in the future. 
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We incorporated seasonal variability in host movements and contact with infectious sites, but 

additional layers of complexity could be included in future research. For example, the host species 

that dies of anthrax can affect the infectiousness of the resulting carcass site (Bengis, 2010; Joel, 

2021). While we used a fixed parameter for initial infectiousness of anthrax reservoirs, this could 

be modified in the future to specifically investigate the effect of heterogeneity in initial 

infectiousness on broader outbreak dynamics. Similarly, we only modeled the grazing transmission 

pathway in Etosha, as this is the primary route for anthrax transmission in Etosha. However, this 

route can be of lesser importance in other systems. For example, anthrax transmission due to 

blowflies appears to be much more important in ecosystems where browsers are the primary hosts, 

such as in Kruger (Basson et al., 2018; Braack and De Vos, 1990), Malilangwe, Zimbabwe  (Clegg 

et al., 2007), and in Texas, United States (Blackburn et al., 2014). This difference could even 

contribute to the occurrence of epidemic anthrax outbreaks in these sites, as compared to the 

endemicity observed in Etosha. After feeding on infectious body fluids, blowflies can deposit 

between 5-60 droplets on one leaf and each droplet may contain about 500 spores (Braack and De 

Vos, 1990). This means one leaf could contain about 105 spores (Jiranantasak et al., 2022). Among 

grazers, the lethal dose of anthrax is around 107 to 108 spores ingested (Dolfi et al., 2024; Turner 

et al., 2016; WHO, 2008). As such, a browser consuming only a few leaves may ingest enough 

spores to be lethally infected. This last point emphasizes that the blowfly pathway may increase 

pathogen exposure of browsers and lead to epidemic-type systems: blowflies can increase the 

spatial extent of transmission risk to most of the surrounding vegetation, rather than remaining 

within a small, localized grazing site (Dolfi et al., 2024; Turner et al., 2014), thereby exposing 

more susceptible individuals (Clegg et al., 2007). Testing how the blowfly pathway alters disease 

dynamics may be an important future direction to determine how different transmission pathways 
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(e.g., grazing versus browsing) interact with herbivore community composition to shape anthrax 

dynamics and endemicity.  

One key simplification in our model was the 7-day time step. This decision was made to reduce 

the computational intensity of the ABM, however, this choice can impact host-pathogen encounter 

rates (Dougherty et al., 2018). Indeed, by having a weekly time step, our model could not 

reproduce the daily cycle of movements observed among herbivores in a savanna ecosystem. For 

example, our movement model did not include directed movements between different habitats, 

movements linked to drinking events (which usually occur every 1-3 days, [Gaylard et al., 2003]), 

foraging movements, or resting events. To account for these daily movements, we used a buffer to 

approximate a herd’s occurrence distribution. We also assumed that the movement within the 

occurrence distribution was random. This assumption could misrepresent host-pathogen encounter 

rates if hosts are attracted to or actively avoid anthrax reservoir sites. For example, water sources 

could act as attractants—and consequently generate anthrax "hotspots"—especially under drought 

conditions. Future climate risk analysis could, therefore, include water dependence and host 

aggregation at water sources to understand how these factors may affect anthrax dynamics. More 

generally, including more complex movement with a higher temporal resolution (e.g., using GPS 

collar data) could be a useful improvement of our model, though such modifications would 

significantly increase the already high running time of the model. 

Our objective was to determine the drivers of anthrax outbreaks in Etosha, and to understand under 

which conditions we could alter the patterns observed. We found that host range size, host density, 

and rainfall conditions were critical for shaping outbreak size and seasonality. Rainfall conditions 

were especially important due to their interactions with host movements. Alteration of the 

migration pattern observed in Etosha led to widely different outbreaks, from a significant increase 
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of cases under wetter conditions to a large drop in cases under droughts, patterns driven by an 

increase or decrease, respectively, of local host density in the sweetgrass habitat. Host range size 

was also a major contributor to the disease dynamics, as lower range size significantly reduced the 

number of reservoirs a host may encounter, which ultimately reduced the number of cases 

observed. These findings have important implications for understanding differences in outbreak 

dynamics in different ecosystems. The ABM developed in this study may be adaptable to other 

ecosystems and could allow comparison of systems with different anthrax dynamics. Taken 

together, the results of this study highlight the need to further explore the interactions between host 

movement and environmental conditions, and how these dynamics shape transmission of anthrax, 

with extension to other ETPs. 
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3.7 Tables 

Table 3-1: Anthrax agent-based model parameters, scenario variations, and rationale for the 

scenarios. The numbers in bold represent the parameterization most representative of the observed 

Etosha National Park, Namibia system. 

Variable Values Hypothesis 

Pathogen decay 

rate (µ) 

0.005; 0.1; 0.2 Soil properties and genetic group of 

Bacillus anthracis can impact the 

survival of the pathogen, and so the 

transmissibility over time 

(Govender, 2022; Smith et al., 2000) 

Overall initial host 

density 

 349; 698; 1396 Epidemic anthrax outbreaks are assumed 

to be linked to higher density of host 

populations (Furniss and Hahn, 1981) 

Host movement 

range (in km):  

Daily movement η 

Wet - Dry season 

(buffer σ) 

 

Grazer 1:             50 - 30 (16.5) 

                            9 - 18 (7) 

Grazer 2:             18 - 19 (9.5) 

                            3 - 7.5 (3) 

Mixed-feeder1:   24 - 18 (7.5) 

                            3 - 4.5 (2.25) 

Mixed-feeder2:   70 - 50 (16) 

                            48 - 23.5 (12) 

Host home range can affect the number 

of encounters with reservoirs, affecting 

the disease dynamics. In Etosha, home 

ranges are larger than over systems, 

which may explain differences in anthrax 

dynamics (Huang et al., 2023) 

Rainfall conditions Regular: Observed rainfall 

and migration 

 Grazers migrate along the pan during the 

dry season due to forage depletion in the 
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Wetter period: no migration and 

wet season parameters 

Drought: no migration and dry 

season parameters 

Variable: Drought (Risk of 

40%); Regular (35%); Wetter 

(25%) 

wet season habitat (Zidon et al., 2017). 

During drought, grazers stay in the ‘dry’ 

season area which reduces the risk of 

anthrax (Huang et al., 2021) 
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3.8 Figures 

              

 

FIGURE 3.1: Initialization maps of Etosha National Park, Namibia; gridded at a 250m2 resolution. 

The landscape features of the park are split into five habitats: barrier, sandveld, mopane shrubland, 

mopane woodland and sweetgrass. The barrier represents the salt pans, which herbivores seldom 

use. Blue triangles represent waterholes. In (a), host initial spatial distribution was obtained using 

aerial survey data from 2015. Each point represents a herd, and the color represents the four 

foraging types used in the model: grazer1 (non-selective, e.g. plains zebra (Equus quagga)), 

grazer2 (selective, e.g. blue wildebeest (Connochaetes taurinus)), mixed-feeder1 (small bodied, 

e.g. springboks (Antidorcas marsupialis)), and mixed-feeder2 (large bodied, i.e., African elephant 

(Loxodonta africana)). In (b), anthrax initial spatial distribution was obtained from mortality data 
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(2000-2010), and the infection risk depends on the age of the reservoir, and the simulated decay 

rate. 

 

FIGURE 3.2: An example of the movement of one host herd depending on rainfall occurring during 

a weekly time step. In (a), rainfall occurred, so no attraction toward the nearest waterhole was 

necessary due to local ephemeral surface water. In (b), no rainfall occurred, rendering it necessary 

to include the closest water source along the movement path. The beige polygon represents the 

entire environment where individuals from the herd could be found during this time step. In this 

example, the buffer around the path is 2km. The paths do not appear as a straight line due to the 

gridding of the environment. 
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FIGURE 3.3: Average number of anthrax cases recorded in Etosha National Park, Namibia 

(mortality data from Etosha Ecological Institute from 1973-2020) and cases recorded in a five-

year simulation of an agent-based model for Etosha. Each panel represents the host foraging type: 

grazer1 represents non-selective grazer1 (e.g., plains zebras (Equus quagga)); grazer2 are selective 

grazers (e.g. blue wildebeest (Connochaetes taurinus)); mixed-feeder1 are small-bodied mixed 

feeder (e.g. springbok, (Antidorcas marsupialis)) and mixed-feeder2 are large-bodied mixed 

feeder (e.g. African elephant (Loxodonta africana)). The leftmost bar represents the average 

number of cases per year; the others represent the average number per month. The y-axis is square 

root transformed to facilitate visualization. Error bars represent the standard deviations. 
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FIGURE 3.4: Average numbers of simulated anthrax cases in an agent-based model for Etosha 

National Park, Namibia. a. Yearly average number of cases by simulated scenario; and b. Seasonal 

average number of cases recorded over five-year simulations, based on the simulated scenario. The 

Etosha scenario (leftmost) in both panels represents the ‘base’ scenario that we compare to all 

others. In all other scenarios, only one parameter was modified from the Etosha scenario. Error 

bars represent the standard deviations. 
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FIGURE 3.5: Anthrax case numbers and host population sizes from an agent-based model for 

anthrax transmission in Etosha National Park, Namibia, over a five-year simulation. Results are 

shown for four scenarios, which vary only in the simulated rainfall conditions: Etosha base 

scenario (‘Etosha’, green; simulations representative of observed conditions); wetter conditions 

(blue); drought conditions (yellow); and variable conditions (purple)). In (a) we show the yearly 

median number of cases over the simulation period; in (b) we show the monthly median number 

of cases; and in (c) we show population sizes of the four foraging types of our host agents over 

time. Grazer1 represents non-selective grazer1 (e.g., plains zebras (Equus quagga)); grazer2 are 

selective grazers (e.g. blue wildebeest (Connochaetes taurinus)); mixed-feeder1 are small-bodied 

mixed feeder (e.g. springbok, (Antidorcas marsupialis)) and mixed-feeder2 are large-bodied 

mixed feeder (e.g. African elephant (Loxodonta africana)). Note that cases in (a) and (b) represent 

individuals, but population sizes in (c) represent counts of herds. Error bars in (a) and (b) and the 

grey ribbon in (c) represent the standard deviations. The y-axis in (a) was square transformed to 

facilitate the visualization of smaller numbers. 
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FIGURE 3.6: Simulated anthrax cases across the range of parameter space used in an agent-based 

model for anthrax transmission in Etosha National Park, Namibia. Heatmaps show (a) the median 

number of yearly infections and (b) the maximum number of infections recorded for each of the 

scenarios, over five-year simulations. The x-axis represents the rainfall conditions parameter, the 

y-axis represents the host density parameter (“hosts” were herds of susceptible herbivores). The 

panel rows are divided by the home range sizes of the hosts, and the columns by the decay rate of 

the pathogen in the environment. The ‘Etosha’ parameters are representative of observed 

conditions in Etosha. The redder the tiles, the higher the number of cases recorded. 
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4 APPENDIX A: Supplementary material for Chapter one 

 

A1.    ODD protocol 

The model description follows the ODD (Overview, Design concepts, Details) protocol for 

describing individual- and agent-based models, as updated by Grimm et al. (Grimm et al., 2020). 

A1.1    Purpose and patterns 

The purpose of this model was to simulate the effect of environmental pathogen transmission mode 

on the spatial distribution of the pathogen in a landscape within a fully susceptible host population.  

The model addressed the role of host movement decisions, pathogen dynamics, and resource 

quality and fragmentation in spatial disease distribution. The model examined three transmission 

modes, with pathogens being released into the environment either (i) at host death, Obligate-killer 

scenario (OK), (ii) shed over the infectious period, Continuous-shedder scenario (CS), or (iii) both 

shed over time and at host death, Shedder-Killer scenario (SK). We varied multiple parameters in 

the model to test the role of the environment, host, and pathogen (Table A1).  

The simulations were evaluated by analyzing the disease dynamic and spatial distribution of the 

pathogen in the environment. 

A1.2    Entities, state variables, and scales 

The entities included in this model are composed of two agents, the hosts and the pathogen 

reservoirs, which exist on cells within a two-dimensional environment grid.  

The state variables of the hosts were their infectious status (‘S’ for susceptible and ‘I’ for infected) 

and their coordinates. 
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 The pathogen reservoir state variables were the location coordinate, the time step at which they 

were created, and their infectivity. The infectivity of the reservoir referred to the probability of 

infection when a host had effective contact with it.  

The environmental grid cell was composed of 33 x 33 static square cells. The environment 

represented a binary resource, i.e., grid cells are either high (1) or medium (0) resource quality. 

Four landscapes were created and used throughout the simulations (figure A1). Within a 

simulation, the landscape was fixed for the entire simulation duration. 

The model included time, defined as discrete steps of one day. This simulation model is theoretical; 

thus, the resolution of the spatial scale was not fixed but rather species-specific. It assumes that 

host movement to a neighboring cell and infections could occur within one time step. The 

environment was toroidal to avoid edge effects.  

Parameters were inspired by known environmentally transmitted pathogens (e.g., anthrax, 

gastrointestinal nematode, chronic-wasting disease). Due to the persistence potential of some 

pathogens in the environment, the simulations were run for 10,000 steps, representing about 27 

years of duration per simulation.  

A1.3    Process overview and scheduling 

The model was developed to cover the transmission dynamics of ETPs among their mobile hosts. 

It was structured in four processes: one related to the host (movement), two related to the 

interaction between hosts and pathogen (transmission and pathogen reservoir creation), and one 

related to the reservoir only (pathogen reservoir dynamics) (figure 1.1). 

All the processes took place during each time step following a specific order. First, every host 

moved within the environment simultaneously. If susceptible hosts were present on a pathogen 
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reservoir cell, the probability of infection was calculated using the infectivity of the reservoir site, 

given that contact was established. When infection occurred, the host status changed from 

susceptible to infected. After the infection, all previously infected hosts could release pathogens 

in their cells (either by shedding or upon death). When a host dies or recovers from infection (i.e., 

given the probability of survival), it is removed from the simulation. Finally, the infectivity of each 

pathogen reservoir decayed over time, following an exponential decay. Once the simulation was 

finished, output files were written. We recorded the number of susceptible and infected hosts and 

the number of reservoir cells for each time step, as well as the spatial distribution of the reservoir 

cells and their infectivity every 150 steps.  

Host movement and infection processes occurred before the reservoir’s formation and decay, as 

creating a new reservoir may modify the movement decisions of hosts and, thus, the disease 

dynamics. We also had all hosts moving and being infected simultaneously, as the hosts did not 

interact with each other. 

A simulation was considered successful if at least five hosts were infected. We ran each parameter 

set until we obtained either 100 successful simulations or 10,000 failed simulations. 

A1.4    Design concept 

Basic principles: The model addressed the role of host movement behavior, pathogen reservoir 

dynamics, and resource quality and fragmentation on disease dynamic and spatial distribution of 

ETPs. By simulating multiple parameter sets, the model aimed to infer which parameters specific 

to the host, pathogen, or landscape features mostly influenced disease dynamic outcomes.  
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Emergence: The main outcomes of the model were the number of susceptible and infected 

individuals in the population over time as well as the spatiotemporal distribution of the reservoir 

sites in the landscape. 

Adaptation: The model included one direct object seeking adaptive behavior: host agents moved 

in reaction to their environment. Their movement was influenced by both the habitat quality and 

the presence of reservoir sites in their surroundings.  

Objectives: No direct object-seeking behavior was present in the model.  

Learning: There was no learning in the model. 

Predictions: There were no explicit predictions. Movement of hosts implies the implicit predictions 

that moving to a high quality habitat is better for the individuals (the intensity being regulated by 

model parameters) and that avoidance or attraction toward reservoir site will be beneficial to the 

hosts (which of avoidance or attraction is better depends on the model simulations). 

Sensing: Hosts could perfectly sense their environments within a one-cell radius around them and 

make decisions according to the presence/absence of reservoirs and the habitat quality. 

Interaction: One direct interaction was modeled between the host and the pathogen reservoir. 

While the reservoir agent was not impacted by the interaction, the host agent may become infected. 

Interactions occurred at the daily time step resolution. Disease transmission happened from single 

contact between the host and the reservoir. The host did not build immunity over multiple contacts, 

and reservoir infectivity was not impacted by the presence of the host. 

Stochasticity: Stochasticity was used multiple times in the model. At initialization, hosts were 

randomly placed across the landscape, and one host was randomly selected to be infected. Both 
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host movement and infection relied on stochasticity. Host movement followed a resource selection 

function, which included randomness in the cell selection. For the infection risk, the probability of 

contact between a host and the given reservoir cell was randomly drawn, and if contact occurred, 

the probability of being infected was drawn based on the probability of infection at the reservoir 

site.  

Collectives: There were no collectives in the model. 

Observation: The model aimed to determine how pathogen transmission mode, host movement 

and behavior, pathogen dynamics, and resource distribution on the landscape affected disease 

outbreak and spatial reservoir distribution. For each simulation, we recorded the number of 

susceptible and infected individuals and the number of pathogen reservoirs in the environment at 

each time step.  We also recorded the spatial distribution of the pathogen reservoirs and their 

infectivity every 150 steps.  

A1.5    Initialization 

The model's initialization consisted of placing the individual agents within the landscape and 

selecting the first agent to be infected. The ‘Landscape’ parameter selected the environmental 

layer, referring to four specific landscapes pre-created. 

Host agents: We added a fixed number, N, of susceptible host agents in the environment. Each 

host was given a random location, and their status was set to ‘S’. Then, we randomly selected one 

individual and changed their status to ‘I’. No reservoir agents are created during the initialization.  

A1.6.    Input data 

The landscape layer was given at the beginning of each simulation. Four different binary 

landscapes were generated using the midpoint displacement algorithm (Turner and Gardner, 2015). 
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The landscapes varied in their proportion of high-quality resources available (p) and their degree 

of aggregation (Hurst exponent, H). Four 33x33 cell landscapes were generated and used for 

simulations (i) medium resource availability with low aggregation: p = 0.5; H = 0.5; (ii) high 

resource availability with low aggregation: p = 0.8, H = 0.5; (iii) medium resource availability 

with high aggregation: p = 0.5, H = 0.8, and (iv) high resource availability with high aggregation: 

p = 0.8, H = 0.8 (figure A1). The landscapes assumed a torus shape (i.e., wrapped boundaries) to 

avoid movement edge effects.  

A1.7    Sub-models 

See the detailed description of the sub-models in the Materials and Method section of the main 

text of Chapter one.   
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A2.    Supplementary tables  

TABLE A1: Variable importance analysis for all parameters tested within the model. Values represent the mean decrease in accuracy. 

The top three variables of importance are in bold, and the number of starts shows their order of important *** = most important 

parameter, ** = 2nd most important, and * = 3rd most important. Values have been scaled for each variable to facilitate their 

visualization. OK = Obligate-killer; CS = Continuous-shedder; SK = Shedder-Killer. p represents the proportion of high-resource 

habitat; H is the aggregation of the high-resource habitat; N  is the initial population size; β and β1 are respectively the strength of 

selection for high-resource habitat and reservoir presence for the resource-selection function; ξ1 and ξ0 are the probability of effective 

contact in high and low habitat quality respectively; γ is the infection duration; µ is the pathogen decay rate; and ρD and ρS are the initial 

infectivity at pathogen release at death and shed respectively. 

 

Variable  

Scenario p H N β β1 ξ1 ξ0 ϒ µ ρD ρS 

Proportion of 

successful 

simulations 

OK -0.90 -0.89 -0.42 -0.55 1.77*** -0.38 -0.38 -0.54 1.30* 1.69**  

CS -0.91 -0.95 -0.45 -0.52 2.40*** -0.42 -0.46 0.29 1.54*  1.90** 

SK -0.93 -0.95 -0.61 -0.72 0.92*** -0.61 -0.60 -0.70 0.60** 0.27* 0.23 

Simulations with 

disease fade out 

OK -0.64 -0.61 -0.37 -0.41 0.02** -0.41 -0.40 -0.18 2.41*** -0.14*  

CS -0.55 -0.64 -0.20 -0.28 0.60** -0.31 -0.29 -0.24 3.75***  0.10* 

SK -0.61 -0.66 -0.31 -0.37 -0.05** -0.34 -0.34 -0.41 2.38*** -0.24* -0.24* 

Simulations with 

susceptible 

OK -1.13 -1.17 -0.62 -0.47 1.54*** -0.56 -0.56 -0.55 1.38** 0.92*  

CS -1.14 -1.19 -0.50 -0.48 0.72* -0.70 -0.66 0.42 1.33***  0.73** 
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population 

extinction 

SK -0.89 -1.13 -0.42 -0.06 1.84** -0.55 -0.54 -0.20 2.38*** 0.92* 0.91 

Period of 

continuous non-

infection 

OK -0.87 -1.06 -0.06 -0.57 1.40** -0.44 -0.41 -0.61 0.88* 1.73***  

CS -0.92 -1.04 -0.03 -0.46 1.30** -0.60 -0.60 0.10 3.30***  1.27* 

SK -0.98 -1.08 -0.43 -0.33 0.73*** -0.60 -0.61 -0.28 0.28 0.50* 0.43** 

Period of 

continuous 

infection 

OK -0.90 -1.01 0.39* -0.70 2.18*** -0.61 -0.61 -0.35 -0.25 1.41**  

CS -0.79 -1.01 0.34 -0.60 2.66*** -0.51 -0.51 1.12* 0.08  1.70** 

SK -0.96 -1.02 0.28 -0.75 1.43*** -0.70 -0.70 -0.14 -0.25 0.45** 0.35* 

Proportion of 

infected 

population   

OK -0.76 -0.88 -0.32 -0.58 2.41*** -0.38 -0.39 -0.54 0.13* 1.70**  

CS -0.66 -0.88 -0.24 -0.48 2.79*** -0.43 -0.41 0.43* 0.34  1.88** 

SK -0.87 -0.91 -0.50 -0.70 1.31*** -0.59 -0.59 -0.61 -0.05 0.38* 0.39** 

Proportion of 

infected cells  

OK -0.93 -0.93 -0.42** -0.84 -0.53* -0.81 -0.80 -0.65 -0.72 -0.09***  

CS -0.80 -0.85 0.61* -0.20 0.41 -0.35 -0.37 3.08*** 0.25  1.48** 

SK -0.77 -0.85 1.06** -0.16 0.49 -0.37 -0.39 2.54*** 0.22 0.81 0.87* 

Median Moran’I OK -0.71 -0.85 -0.41 -0.63 0.89*** -0.64 -0.64 -0.67 0.10** 0.02*  

CS -0.61 -0.79 -0.02 -0.24 3.60*** -0.32 -0.32 1.17 1.43*  1.62** 

SK -0.77 -0.83 -0.34 -0.64 1.70*** -0.60 -0.61 -0.36 0.56** -0.06* -0.06* 

Number of high-

infectivity 

clusters 

OK -0.70 -0.76 -0.64** -0.70 -0.68* -0.75 -0.74 -0.73 -0.61*** -0.71  

CS -0.34 -0.50 1.34 0.77 2.09* 0.28 0.32 2.70** 2.75***  1.10 

SK -0.11* -0.60 -0.16 -0.31 -0.04** -0.59 -0.57 -0.03*** -0.16 -0.49 -0.49 

OK -0.59 -0.69 -0.03 -0.12 1.04* -0.23 -0.21 0.30 1.45** 3.92***  

CS -0.68 -0.77 -0.73 -0.71 -0.57** -0.77 -0.77 -0.75 -0.63*  -0.32*** 
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Mean relative 

cluster 

infectivity 

SK -0.16 -0.53 -0.33 -0.39 0.60* -0.45 -0.42 0.32 0.34 1.43** 1.44*** 

Mean cluster 

size 

OK -0.92 -1.08 -0.55 0.18 3.01*** -0.19 -0.27 1.70** 0.55 0.71*  

CS -1.19 -1.25 -0.11 -0.74 -0.52 -0.85 -0.85 1.19*** 0.26**  0.09* 

SK -0.69 -0.93 0.75** -0.34 -0.06 -0.59 -0.60 2.16*** 0.65* -0.32 -0.33 
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A3.    Supplementary figures 

 

 

FIGURE A1: Spatially explicit 33 x 33 gridded binary landscape used for the simulations. The four 

landscape varied in their proportion of high-quality resources available (p) and their degree of 

resource aggregation (H) a. Medium resource availability with low aggregation: p = 0.5; H = 0.5; 

(b) High resource availability with low aggregation : p = 0.8, H = 0.5; (c) Medium resource 

availability with high aggregation: p = 0.5, H = 0.8, and (d) High resource availability with high 

aggregation : p = 0.8, H = 0.8. Green represents high-quality resources, and beige represents 

medium-quality resources. 
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FIGURE A2: Partial dependence plot of the three most important parameters for the proportion of 

simulation success. The top row represents the Obligate-killer scenario, the middle row is the 

Continuous-shedder, and the bottom row is the Shedder-killer. Parameters β1 represents the effect 

of environmental reservoirs on the resource-selection movement function, µ is the pathogen decay 

rate, ρD, and ρS are the initial infectivity of a reservoir created respectively by a death event or by 

continuous shedding.  
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FIGURE A3: Partial dependence plot of the three most important parameters for the proportion of 

simulation with disease disappearing. The top row represents the Obligate-killer scenario, the 

middle row is the Continuous-shedder, and the bottom row is the Shedder-killer. Parameters β1 

represents the effect of environmental reservoirs on the resource-selection movement function, µ 

is the pathogen decay rate, ρD, and ρS are the initial infectivity of a reservoir created respectively 

by a death event or by continuous shedding. 
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FIGURE A4 : Partial dependence plot of the three most important parameters for the proportion of 

simulation with the population dying off / being fully immune. The top row represents the 

Obligate-killer scenario, the middle row is the Continuous-shedder, and the bottom row is the 

Shedder-killer. Parameters β1 represents the effect of environmental reservoirs on the resource-

selection movement function, µ is the pathogen decay rate, ρD, and ρS are the initial infectivity of 

a reservoir created respectively by a death event or by continuous shedding. 
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FIGURE A5: Partial dependence plot of the three most important parameters for the maximal 

number of temporal steps between two infections. The top row represents the Obligate-killer 

scenario, the middle row is the Continuous-shedder, and the bottom row is the Shedder-killer. 

Parameters β1 represent the effect of environmental reservoirs on the resource-selection movement 

function, µ is the pathogen decay rate, ρD, and ρS are the initial infectivity of a reservoir created 

respectively by a death event or by continuous shedding. 
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FIGURE A6: Partial dependence plot of the four most important parameters for the maximal 

number of temporal steps with continuous infections. The top row represents the Obligate-killer 

scenario, the middle row is the Continuous-shedder, and the bottom row is the Shedder-killer. 

Parameter N is the number of hosts at the start of the simulation, β1 represents the effect of 

environmental reservoirs on the resource-selection movement function, γ is the infection duration, 

ρD, and ρS are the initial infectivity of a reservoir created respectively by a death event or by 

continuous shedding. 
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FIGURE A7: Partial dependence plot of the four most important parameters for the proportion of 

the population being infected by the end of a simulation. The top row represents the Obligate-killer 

scenario, the middle row is the Continuous-shedder, and the bottom row is the Shedder-killer. 

Parameters β1 represents the effect of environmental reservoirs on the resource-selection 

movement function, γ is the infection duration, µ is the pathogen decay rate, ρD, and ρS are the 

initial infectivity of a reservoir created respectively by a death event or by continuous shedding. 
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FIGURE A8: Partial dependence plot of the five most important parameters for the proportion of 

environmental cells infected. The top row represents the Obligate-killer scenario, the middle row 

is the Continuous-shedder, and the bottom row is the Shedder-killer. Parameter N is the number of 

hosts at the start of the simulation, β1 represents the effect of environmental reservoirs on the 

resource-selection movement function, γ is the infection duration, ρD, and ρS are the initial 

infectivity of a reservoir created respectively by a death event or by continuous shedding. 
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FIGURE A9: Partial dependence plot of the three most important parameters for the median 

Moran’I index value. The top row represents the Obligate-killer scenario, the middle row is the 

Continuous-shedder, and the bottom row is the Shedder-killer. Parameters β1 represent the effect 

of environmental reservoirs on the resource-selection movement function, µ is the pathogen decay 

rate, ρD, and ρS are the initial infectivity of a reservoir created respectively by a death event or by 

continuous shedding. 
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FIGURE A10: Partial dependence plot of the six most important parameters for the number of 

unique high-infectious risk clusters created during a simulation. The top row represents the 

Obligate-killer scenario, the middle row is the Continuous-shedder, and the bottom row is the 

Shedder-killer. Parameters p is the proportion of high-resource habitat in the landscape, N is the 

number of hosts at the start of the simulation, β is the attractivity of high-quality habitat resource, 

and β1 the effect of environmental reservoirs on the resource-selection movement function, γ is the 

infection duration, and µ is the pathogen decay rate. 
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FIGURE A11: Partial dependence plot of the five most important parameters for the mean peak of 

relative infectivity risks within clusters. The top row represents the Obligate-killer scenario, the 

middle row is the Continuous-shedder, and the bottom row is the Shedder-killer. β1 represents the 

effect of environmental reservoirs on the resource-selection movement function, µ is the pathogen 

decay rate, ρD, and ρS are the initial infectivity of a reservoir created respectively by a death event 

or by continuous shedding. 
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FIGURE A12: Partial dependence plot of the four most important parameters for the size of high 

infectivity clusters created during a simulation. The top row represents the Obligate-killer scenario, 

the middle row is the Continuous-shedder, and the bottom row is the Shedder-killer. Parameter N 

is the number of hosts at the start of the simulation, β1 represents the effect of environmental 

reservoirs on the resource-selection movement function, γ is the infection duration, µ is the 

pathogen decay rate, ρD, and ρS are the initial infectivity of a reservoir created respectively by a 

death event or by continuous shedding. 
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5 APPENDIX B: Supplementary material for Chapter two 

 

B1.    Supporting Method 

B1.1    Camera trap photo animal identification 

Coat striping patterns were used to identify individual zebra between sequential pictures and 

triggers, though this was only assessed for triggers proximate in time. Wildebeest had fewer 

individuals in photos than did zebra and following one individual through the picture sequences 

was more straightforward and could be done based on size, age, sex, and position in the field of 

view. To determine sex and age, specific cues were used. For both species, the presence of 

mammary glands, vulva, penis sheath, or penis was used. When these were not visible, we used 

other cues. Male zebras are about 10 % larger than females and tend to have thicker necks and legs 

(Skinner and Chimimba, 2005). For wildebeest, male horns are more prominent and extend beyond 

the ears, with a large, well-developed boss. Females have a round stomach, while males have a 

more angular shape. For the age, sub-adult zebras have a body height similar to adults but look 

thinner, and their backs can still be furry. For wildebeest, the sub-adults have their adult darker 

coat, except between their eyes where brown coat can be present. Their bodies are smaller than 

adults, and, for juveniles, horns start appearing small and straight. 

B1.2    Camera trap data statistical analysis 

Generalized linear models were used to analyse (i) the number of monthly visitations, (ii) the 

monthly proportion of grazing events and (iii) the time spent grazing. The monthly visitation and 

proportion of grazing were obtained by summing the number of visits per month, site ID, and 

treatment by age and sex. Juveniles were not included due to the relatively small number recorded 

and the difficulty of determining their sex. Because each camera was not functioning the whole 

time it was set up (flat battery, SD card failure, knocked down by animals, etc), we only kept the 
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months for which at least 20 days of recording were available for both cameras in a camera pair to 

limit bias due to unequal sampling across months.  In total, 273 months of data were recorded at 

paired camera sites (control and carcass), totaling 546 individual cameras-months of data. Of the 

273 samplings, 219 met our 20 day-cutoff, representing 438 individual camera-months of 

recording. Of those 438 samples, 78% had 0-1 days of missing data (340), and if days were 

missing, it represented an average of 2.5 days (figure B2 represents the number of missing days 

per camera used in the analysis). Considering this, choosing a 20-day cutoff allowed us to limit 

the bias arising from missing data as most of our data had a low number of missing days, without 

dismissing too much of the data collected.  A cutoff of 20 days also allowed to have a similar 

number of months observed per season (156 for hot wet season, 134 for cool dry and 148 for hot 

dry season). A total of 8 fixed variables were tested; a description of each variable and their 

hypothesized role in visitation and grazing are presented in Table B1. Sixteen models were tested 

for each species and for each of the three response variables, as presented in Table B2.  

The number of monthly visitations was analysed using a zero-truncated negative-binomial 

generalized linear mixed model to understand which factors affected the number of individuals 

visiting a site, when we know that individuals are present. The proportion of monthly grazing 

events was analysed using a binomial generalized linear mixed model. Finally, the time spent 

grazing was analysed using a log transformation and a linear mixed model. Site ID was included 

as a random effect in all models. 

B1.3    Probability Distribution Functions (PDFs) 

The PDFs for the number of individuals visiting sites were estimated by dividing our dataset by 

age, sex, year after death, season, treatment, and, for zebra, distance from perennial water, or for 

wildebeest, distance from the Etosha main pan. For the probability of grazing, we divided our 
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dataset by age, sex, treatment, and year after death. Finally, for the time spent grazing, we divided 

by age, sex, and season. For each variable, we manually selected the appropriate bandwidth, i.e., 

the smoothness of the functions using the entire dataset, that best kept the variability of each 

variable, without over-smoothing them. See figures B3 to B8 for the visual representation of the 

PDFs. 

B2.    Supplementary results 

Selected models for zebra and wildebeest:  

Number of visits, zebra: 

Family: Zero-truncated negative binomial 

Link function: Log 

Formula: NV ~ Treatment + Age + Sex + NDVI + Season + Water + Water:Season + (1 | 

ID) 

AIC BIC logLik Deviance Df.resid 

2432.7 2485.6 -1204.3 2408.7 594 

Random effects:  

 Name Variance Std Dev  

ID (Intercept) 0.3119 0.5585 

    

Number of obs: 606, groups: ID, 13 

Dispersion parameter for truncated_nbinom2 family (): 1.21 

Fixed effects: 

 Estimate Std Error Z value Pr(>|z|)  

(Intercept) 0.31916 0.43207 0.739 0.4601  

Treatment -0.21524 0.10001 -2.152 0.0314 * 

AgeSA -1.72172 0.12345 -13.947 < 2e-16 *** 

SexM -0.62605 0.10037 -6.237 4.46e-10 *** 

NDVI 4.44984 0.95215 4.673 2.96e-06 *** 

SeasonCool_dry 0.21739 0.26334 0.825 0.4091  

SeasonHot_dry 1.13777 0.22884 4.972 6.63e-07 *** 

Water -0.08032 0.04024 -1.996 0.0459 * 

SeasonCool_dry:Water 0.04965 0.04370 1.136 0.2558  

SeasonHot_dry:Water -0.09585 0.04268 -2.246 0.0247 * 

 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
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The best model explaining the number of zebras visiting a site was composed of Treatment, Age, 

Sex, NDVI, Season, distance to closest waterhole and an interaction between the distance to closest 

waterhole and season. The number of visits varied with the site ID with a variance of 0.31 and a 

standard deviation of 0.56. 

Number of visits, wildebeest 

Family : Zero-truncated negative binomial 

Link function: Log 

Formula : NV ~ Treatment + Age + Sex + NDVI + Season + Pan + MAD + Treatment:MAD + 

(1 | ID) 

AIC BIC logLik Deviance Df.resid 

792.3 833.1 -384.1 768.3 209 

 

Random effects:  

 Name Variance Std Dev 

ID (Intercept) 5.787e-10 2.406e-05 

 

Number of obs: 221, groups: ID, 12 

Dispersion parameter for truncated_nbinom2 family (): 1.57 

Fixed effects: 

 Estimate Std Error Z value Pr(>|z|)  

(Intercept) 1.233513 0.637571 1.935 0.05303 . 

Treatment 0.981996 0.391218 2.510 0.01207 * 

AgeSA -1.038030 0.208159 -4.987 6.14e-07 *** 

SexM -0.788549 0.170821 -4.616 3.91e-06 *** 

NDVI -0.043934 1.741772 -0.025 0.97988  

SeasonCool_dry 0.239400 0.268689 0.891 0.37293  

SeasonHot_dry -0.007464 0.270472 -0.028 0.97799  

Pan -0.066754 0.025215 -2.647 0.00811 ** 

MAD 0.006732 0.016048 0.419 0.67485  

Treatment:MAD -0.060981 0.024025 -2.538 0.01114 * 

 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

The best model explaining the number of wildebeests visiting a site was composed of Treatment, 

Age, Sex, NDVI, Season, distance to the main Etosha salt pan, the number of months after death 

and an interaction between the treatment and the number of months after death. This interaction 

was negative, meaning the older the carcass site, the fewer visitations by wildebeest. The number 
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of visits did not vary much with the site ID, the variance and standard deviation being very low 

(5.87 x 10-10, 2.4 x 10-5, respectively). 

Probability of grazing, zebra 

Family : Binomial 

Link function: logit 

Formula: PG ~ Treatment + Age + Sex + NDVI + Season + MAD + Treatment:MAD + (1|ID) 

AIC BIC logLik Deviance Df.resid 

1450.4 1494.4 -715.2 1430.4 596 

 

Scaled residuals: 

Min 1Q Median 3Q Max 

-2.8965 -0.7590 -0.3875 0.8788 5.4567 

 

Random effects:  

 Name Variance Std Dev 

ID (Intercept) 0.6473 0.8045 

 

Number of obs: 606, groups: ID, 13 

Fixed effects: 

 Estimate Std Error Z value Pr(>|z|)  

(Intercept) -1.696246 0.382801 -4.431 9.37e-06 *** 

Treatment 1.282767 0.2180068 5.882 4.04e-09 *** 

AgeSA -0.316267 0.136973 -2.309 0.02095 * 

SexM -0.517314 0.103004 -5.022 5.11e-07 *** 

NDVI 3.321061 0.808653 4.107 4.01e-05 *** 

SeasonCool_dry 0.325422 0.152003 2.141 0.03228 * 

SeasonHot_dry -0.030392 0.148745 -0.204 0.83810  

MAD 0.016980 0.009666 1.757 0.07897 . 

Treatment:MAD -0.040494 0.012557 -3.225 0.00126 ** 
 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Correlation of Fixed Effects: 

 (Intr) Tr AgeSA SexM NDVI SeasonCD SeasonHW MAD 

Trt -0.309        

AgeSA -0.027 -0.011       

SexM -0.016 -0.050 -0.027      

NDVI -0.637 0.067 -0.042 -0.105     

SeasonCD -0.465 0.080 0.000 0.017 0.428    

SeasonHD -0.485 0.037 -0.036 0.001 0.515 0.706   

MAD -0.426 -0.545 0.038 -0.050 0.080 0.126 0.062  

Trt:MAD 0.290 -0.896 -0.003 0.040 -0.085 -0.108 -0.070 -0580 
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The best model explaining the probability of grazing for zebras was composed of Treatment, Age, 

Sex, NDVI, Season, the number of months after death and an interaction between the treatment 

and the number of months after death. This interaction was negative, meaning the older the carcass 

site, the lower the probability of grazing on the site. The probability of grazing at a site varied with 

the site ID, with a variance of 0.65 and a standard deviation of 0.80.  
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Probability of grazing wildebeest 

Family : Binomial 

Link function : logit 

Formula: PG ~ Treatment + Age + Sex + NDVI + Season + Water + Water:Season + (1|ID) 

AIC BIC logLik Deviance Df.resid 

537.0 574.4 -257.5 515.0 210 

 

Scaled residuals: 

Min 1Q Median 3Q Max 

-4.0573 -0.9547 -0.1487 0.8651 3.0612 

 

Random effects:  

 Name Variance Std Dev 

ID (Intercept) 0.1542 0.3926 
 

Number of obs: 221, groups: ID, 12 

Fixed effects: 

 Estimate Std Error Z value Pr(>|z|)  

(Intercept) -0.63765 0.96116 -0.923 0.356225  

Treatment 0.69894 0.17977 3.888 0.000101 *** 

AgeSA 0.16699 0.23465 0.712 0.476680  

SexM -0.29730 0.19225 -1.546 0.122004  

NDVI 5.09456 2.23084 2.284 0.022389 * 

SeasonCool_dry -0.62510 0.65865 -0.949 0.342586  

SeasonHot_dry -1.05349 0.46330 -2.274 0.022973 * 

Water -0.23850 0.07111 -3.354 0.000797 *** 

SeasonCool_dry:Water 0.39657 0.17034 2.328 0.019908 * 

SeasonHot_dry:Water 0.27184 0.07825 3.474 0.000512 *** 
 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Correlation of Fixed Effects: 

 (Intr) Trt AgeSA SexM NDVI SnCD SsHD W SnCD:W 

Trt -0.011         

AgeSA -0.124 -0.035        

SexM -0.027 0.045 -0.030       

NDVI -0769 -0.099 0.122 -0.105      

SnCD -0.428 0.028 -0.096 0.022 0.192     

SnHD -0.589 -0.083 -0.039 0.004 0.197 0.482    

W -0.277 -0.085 -0.014 0.007 -0.273 0.299 0.560   

SnCD:W 0.103 -0.072 0.106 -0.001 0.056 -0.886 -0.224 -0.270  

SnHD:W 0.123 0.098 0.057 -0.042 0.309 -0.276 -0.715 -0.800 0.257 

 

 

         

The best model explaining the probability of grazing for wildebeests was composed of Treatment, 

Age, Sex, NDVI, Season, the distance to the closest waterhole and of an interaction between the 

season and the distance to the closest waterhole. This interaction was positive, meaning that, during 
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the dry season, the probability of grazing at a site farther from water was higher than during the 

wet season. The probability of grazing at a site varied slightly with the site ID, with a variance of 

0.15 and a standard deviation of 0.39. 

Time spent grazing, zebra 

Linear mixed model fit by REML 

Formula :log(TG) ~ Treatment + Age + Sex + Season + (1 | ID) 

REML criterion at convergence: 2726.7 

Scaled residuals: 

Min 1Q Median 3Q Max 

-2.4804 -0.6704 -0.0442 0.6346 3.2851 

 

Random effects:  

 Name Variance Std Dev  

ID (Intercept) 0.1135 0.3368 

Residual  1.4866 1.2193 

 

Number of obs: 834, groups: ID, 13 

Fixed effects: 

 Estimate Std Error df t value Pr(>|t|)  

(Intercept) 2.04155 0.14332 31.62995 14.245 2.61e-15 *** 

Treatment -0.03081 0.08611 825.32101 -0.358 0.720556  

AgeSA -0.26195 0.12674 821.65220 -2.067 0.039054 * 

SexM -0.14706 0.09556 823.39532 -1.539 0.124215  

SeasonCool_dry 0.70483 0.11860 787.76400 5.943 4.20e-09 *** 

SeasonHot_dry 0.38290 0.11369 806.15437 3.368 0.000793 *** 

 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

Correlation of Fixed Effects: 

 (Intr) Trt AgeSA SexM SsnCD 

Trt -0.261     

AgeSA -0.100 -0.014    

SexM -0.258 -0.027 0.008   

SsnCD -0.438 -0.076 0.000 0.111  

SsnHD -0.433 -0.032 -0.064 0.096 0.596 

 



201 
 

 
 

201 

The best model explaining the time spent grazing for zebras was composed of Treatment, Age, 

Sex, and Season. The time spent grazing at a site varied slightly with the site ID, with a variance 

of 0.11 and a standard deviation of 0.34. 

Time spent grazing, wildebeest 

Linear mixed model fit by REML 

Formula :log(TG) ~ Treatment + Age + Sex + Season + (1 | ID) 

REML criterion at convergence: 1176.7 

Scaled residuals: 

Min 1Q Median 3Q Max 

-2.2491 -0.6499 -0.0644 0.6163 4.1016 

 

Random effects:  

 Name Variance Std Dev  

ID (Intercept) 0.000 0.000 

Residual  1.611 1.269 

 

Number of obs: 353, groups: ID, 11 

Fixed effects: 

 Estimate Std Error df t value Pr(>|t|)  

(Intercept) 1.9259 0.1970 347.000 9.778 < 2e-16 *** 

Treatment 0.1239 0.1428 347.000 0.867 0.386  

AgeSA 0.1901 0.1767 347.000 1.076 0.283  

SexM 0.1144 0.1564 347.000 0.732 0.465  

SeasonCool_dry 0.8046 0.1877 347.000 4.287 2.35e-05 *** 

SeasonHot_dry 0.2623 0.2056 347.000 1.276 0.203  

 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

Correlation of Fixed Effects: 

 (Intr) Trt AgeSA SexM SsnCD 

Trt -0.496     

AgeSA -0.115 0.032    

SexM -0.341 0.055 0.049   

SsnCD -0.717 -0.020 -0.082 0.171  

SsnHD -0.698 0.160 -0.103 0.030 0.663 

 

optimizer (nloptwrap) convergence code: 0 (OK) 

boundary (singular) fit: see help('isSingular') 
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The best model explaining the time spent grazing for zebras was composed of Treatment, Age, 

Sex, and Season. The time spent grazing at a site did not vary the site ID (variance = 0, Standard 

deviation = 0).   

B3.    Supplementary tables 

TABLE B1: Description of model variables used in the statistical analysis, and their hypothesized 

role in visitation and grazing of plains zebra (Equus quagga) and blue wildebeest (Connochaetes 

taurinus) at carcass and control sites 

Variable Description Hypothesis Source 

Plains zebra Blue wildebeest  

ID Name of site. 

Each site 

comprises a 

carcass and 

control pair  

Differences are expected both in term of utilization 

(overall number of times a site is used) and in the number 

of individuals recorded due to the different spatial 

location. 

 

Treatment Control (non-

infectious) or 

Carcass 

(infectious) 

No differences in the number of individual visiting but 

higher probability of grazing and longer time spent 

grazing expected on carcass sites  

Turner et 

al., 2014 

MAD 

(Month 

After 

Death) 

Number of 

months after 

infected animal 

death 

More grazing events expected within the first 12 months 

after death and up to 30 months.  

Longer time spent grazing at carcass site within the first 

12 months, mainly during the cool and hot dry seasons 

Turner et 

al., 2014 

NDVI Normalized 

Difference 

Vegetation Index, 

recorded every 8 

days at a 250 m 

resolution per ID 

Expect more individual on greener areas (younger and 

more palatable forage, and more movement in high NDVI 

landscapes  

Expect higher probability of grazing in high NDVI but 

time of grazing maxed at average NDVI. 

Boyers et 

al., 2019; 

Hopcraft 

et al., 

2014 
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Season Hot wet  

      (Jan-Apr) 

Cool dry  

      (May-Aug) 

Hot dry  

      (Sep-Dec) 

More visitation expected in Cool and Hot dry due to the 

decrease in forage availability. Higher intensity of grazing 

events in the hot wet season due to increased food 

availability. Grazing time is expected to be higher during 

the cool dry season as during the hot wet, the high 

availability would lead to lower time spent on one spot, 

while in hot dry, not enough food available at one spot. 

Havarua 

et al., 

2014 

Water Distance to the 

closest perennial 

water source 

Water dependent animals expected close to the water, 

mostly during dry season 

Hopcraft 

et al., 

2014 

Pan Smallest distance 

to the main 

Etosha salt pan’s 

edge 

Not expected to be affected 

by the distance to the main 

Etosha pan’s edge 

Observed close to, and 

crossing the main Etosha 

pan’s edge 

Author 

observati

on (AD, 

WT)  

Age Adult  

       (> 2 years)  

Sub-adult  

       (1-2 years) 

More adults are expected on each site due to the higher 

density of adults in the environment. Adult being bigger, 

they might need to forage more often and for longer than 

sub-adult. 

 

Sex Female  

Male 

More females are expected 

to graze due to the higher 

physiological requirement 

of lactating females, but 

same time spent grazing as 

they take more bites per 

minutes. 

Males are bigger than 

females, but do not feed 

during the rut (i.e., end of 

wet season) so we expect 

more females grazing 

during the end of the wet 

season, then no sex 

differences.  

Havarua 

et al., 

2014; 

Neuhaus 

and 

Ruckstuhl, 

2002 
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TABLE B2: The 16 candidate models for each of the three response variables. Only the fixed effect 

is indicated. A random effect representing the site ID was included in each model. The ‘:’ denotes 

an interaction between the parameters. NDVI: Normalized Difference Vegetation Index; MAD: 

Month After Death. Water and Pan represent the distance between from the cameras and the closest 

waterhole or the main Etosha salt pan’s edge. 

Models 

Treatment + Age + Sex 

Treatment + Age + Sex + Season 

Treatment + Age + Sex + NDVI 

Treatment + Age + Sex + MAD + MAD:Treatment 

Treatment + Age + Sex + NDVI + MAD + MAD:Treatment 

Treatment + Age + Sex + Season + Water + Pan 

Treatment + Age + Sex + NDVI + Season 

Treatment + Age + Sex + NDVI + Season + MAD + MAD:Treatment 

Treatment + Age + Sex + NDVI + Season + Pan 

Treatment + Age + Sex + NDVI + Season + Water  

Treatment + Age + Sex + NDVI + Season + Water + Pan + Water:Season 

Treatment + Age + Sex + Season + Water + Pan + Water:Season 

Treatment + Age + Sex + NDVI + MAD + Season + Water + Pan + Water:Season + MAD:Treatment 

Treatment + Age + Sex + NDVI + MAD + Season + Water + Water:Season + MAD:Treatment 

Treatment + Age + Sex + NDVI + Season + Water + Water:Season  

Treatment + Age + Sex + NDVI + MAD + Season + Pan + MAD:Treatment 
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B4.    Supplementary figures 

 

FIGURE B1:  Study area and camera trap data collection in Etosha National Park, Namibia. a) Map 

of Southern Africa with Namibia in grey and Etosha National Park in beige, with an inset of the 

park. b) Locations of camera sites in the central part of Etosha. Each site was composed of a pair 

of cameras (carcass and control) situated 100 m from each other. The colour represents the site ID 

and the shapes the year of death, round is 2010, triangle 2011 and diamond 2012. c) Timetable of 

site data collection. Pairs of cameras were installed in the field between March 2010 and March 

2013. The time represented here indicates that both cameras at a site were functioning. 
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FIGURE B2: Number of days of missing data from a camera per month on recording, for data 

included in statistical analyses. In total, 219 months of paired recording (carcass and control 

cameras at a site) were used in the camera trap study analysis, representing 438 months of data 

from individual cameras. Of those, 340 cameras had 0 or 1 missing day of data. Camera-months 

with more missing data were excluded from analyses. 
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FIGURE B3: Probability density function (PDF) to draw the number of plains zebra (Equus 

quagga) visiting an infectious site. The PDF were constructed using the camera trap dataset and 

were separated by year after death, season, distance to the closest waterhole, age, and sex based 

on results of the statistical analysis. We grouped years after death into three categories (years 0, 1 

and 2-10) since we found a statistical difference in the number of visits within the first 24 months 

of death only.    
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FIGURE B4: Probability density function (PDF) to draw the number of blue wildebeest 

(Connochaetes taurinus) visiting an infectious site. The PDF were constructed using the camera 

trap dataset and were separated by year after death, season, distance to the salt pan’s edge, age, 

and sex based on results of the statistical analysis. We grouped years after death into three 

categories (years 0, 1 and 2-10) since we found a statistical difference in the number of visits 

within the first 24 months of death only.    
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FIGURE B5: Probability density functions (PDF) used to draw the probability of grazing at a site 

for plains zebra (Equus quagga). The PDF were constructed using the camera trap dataset and 

separated by year after death, age, and sex based on results of the statistical analysis. We grouped 

years after death into three categories (years 0, 1 and 2-10) since we found a statistical difference 

in the number of visits within the first 24 months of death only.    
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FIGURE B6: Probability density functions (PDF) used to draw the probability of grazing at a site 

for blue wildebeest (Connochaetes taurinus). The PDF were constructed using the camera trap 

dataset and separated by year after death, age, and sex based on results of the statistical analysis. 

We grouped years after death into three categories (years 0, 1 and 2-10) since we found a statistical 

difference in the number of visits within the first 24 months of death only.    
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FIGURE B7: Probability density functions (PDF) used to draw the time spent grazing at a site for 

plains zebra (Equus quagga). The PDFs are separated by season. The PDFs were constructed using 

the camera trap dataset. We chose to construct three PDFs due to significant effects of season 

detected in the statistical analysis. 
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FIGURE B8: Probability density functions (PDF) used to draw the time spent grazing at a site for 

blue wildebeest (Connochaetes taurinus). The PDFs are separated by season. The PDFs were 

constructed using the camera trap dataset. We chose to construct three PDFs due to significant 

effects of season detected in the statistical analysis.   
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FIGURE B9: Variation in the reproductive number, R, of anthrax carcass sites for plains zebras 

(Equus quagga), based on differences in lethal dose (LD) thresholds of Bacillus anthracis spores, 

and percentage of individuals ingesting soil during grazing, estimated over the 10-year lifetime of 

a reservoir site. The percentage of animals ingesting soil while grazing is varied from 0-100%. In 

all cases, animals are ingesting 10% soil, 90% grass (by weight) if soil is consumed. Soil contact 

during foraging is considered for two seasons, wet season (numbers below the diagonal) and dry 

season (numbers above the diagonal). The R values falling along the diagonal represent no 

difference in soil exposure by season. The black line represents the most likely parameter space 

for the study system. The grey tiles represent a R<1, then a colour gradient is used for R>1.  a= 

reading key, bcde = zebra R for lethal dose thresholds of 105, 106, 107, 108, respectively. 
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FIGURE B10:  Variation in the reproductive number, R, of anthrax carcass sites for blue wildebeest 

(Connochaetes taurinus), based on differences in lethal dose (LD) thresholds of Bacillus anthracis 

spores, the percentage of individuals ingesting of soil during grazing, estimated over the 10-year 

lifetime of a reservoir site. The percentage of animals ingesting soil while grazing is varied from 

0-100%. In all cases, animals are ingesting 10% soil, 90% grass (by weight) if soil is consumed. 

Soil contact during foraging is considered for two seasons, wet season (numbers below the 

diagonal) and dry season (numbers above the diagonal). The R values falling along the diagonal 

represent no difference in soil exposure by season. The black line represents the most likely 

parameter space for this disease system. The grey tiles represent a R<1, then a colour gradient is 

used for R>1. a= reading key, bcde = wildebeest R for lethal dose thresholds of 105, 106, 107, 108, 

respectively. 
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FIGURE B11: Variation in the reproductive number, R, for blue wildebeest (Connochaetes 

taurinus) at anthrax carcass sites, for a lethal dose threshold of 107 Bacillus anthracis spores based 

on differences in seasonality of host visitation, season of reservoir formation, and percentage of 

individuals ingesting soil during grazing, estimated over the 10-year lifetime of a Bacillus 

anthracis reservoir site. The percentage of animals ingesting soil while grazing is varied from 0-

100%. In all cases, animals are ingesting 10% soil, 90% grass (by weight) if soil is consumed. Soil 

contact during foraging is considered for two seasons, wet season (numbers below the diagonal) 

and dry season (numbers above the diagonal). The R values falling along the diagonal represent 

no difference in soil exposure by season. The black line represents the most likely parameter space 

for the study system. The grey tiles represent a R<1, then a colour gradient is used for R>1.  a= 

Reading key, b= all host and reservoir data, c = visitation rates under good rainfall, wet season 

reservoir, d= visitation rates under good rainfall, dry season reservoir, e= visitation rates under 
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simulated drought, wet season reservoir, f= visitation rates under simulated drought, dry season 

reservoir. 

 

 

FIGURE B12: Variation in the average number of blue wildebeest (Connochaetes taurinus) 

secondary anthrax mortalities occurring per year after death at a carcass site, depending on the 

lethal dose threshold of Bacillus anthracis spores ingested. The opaque colour and dotted error 

bars represent the average number of infections within the assumed parameter space of our system, 

i.e., the percentage of animals ingesting soil while grazing is varied from 0-40%. The transparent 

bar and solid error bar represent the average number of infections for the entire parameter space, 

i.e., the percentage of animals ingesting soil while grazing is varied from 0-100%. The y-axis is 

square root transformed to better visualize small numbers. Error bars representant the standard 

deviation of the outputs. 
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FIGURE B13: Variation in the number of secondary anthrax infections in plains zebra (Equus 

quagga) over time, depending on the lethal dose threshold of Bacillus anthracis spores and the 

proportion of individuals ingesting soil when grazing (set at 10% of intake mass) during the wet 

(ωwet) and dry (ωdry) seasons. When no soil is ingested (ωwet = 0% / ωdry = 0%), no lethal infections 

are recorded after three years. When the proportion of individuals ingesting soil increases, the 

number of infections increases, as well as the period during which an infectious site can infect new 

host. The y-axis is square root transformed to better visualize small numbers. 
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FIGURE B14: Variation in the number of secondary anthrax infections in blue wildebeest 

(Connochaetes taurinus) over time, depending on the lethal dose threshold of Bacillus anthracis 

spores and the proportion of individuals ingesting soil when grazing (set at 10% of intake mass) 

during the wet (ωwet) and dry (ωdry) seasons. When no soil is ingested (ωwet = 0% / ωdry = 0%), no 

lethal infections are recorded after three years. When the proportion of individuals ingesting soil 

increases, the number of infections increases, as well as the period during which an infectious site 

can infect new host. The y-axis is square root transformed to better visualize small numbers. 
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6 APPENDIX C: Supplementary materials for Chapter three 

 

C1.    ODD Protocol 

The model description follows the ODD (Overview, Design concepts, Details) protocol for 

describing individual- and agent-based models, as updated by Grimm et al., (2020). The model 

was coded using R software (version 4.3.2,  R Core Team, 2023). 

C1.1    Purpose and patterns 

The model's purposes are to understand what drives the seasonality and endemicity of anthrax 

outbreaks in Etosha National Park, Namibia (hereafter Etosha). Specifically, we are interested in 

how host movement and population dynamics, anthrax persistence in the environment, and 

environmental rainfall conditions affect anthrax outbreaks in this landscape. 

First, we built our base model representing Etosha anthrax outbreaks; then we varied key 

parameters and assessed the role of each parameter in shaping the resulting outbreaks, both in 

terms of seasonality and size.  

C1.2    Entities, state variables, and scales 

The model includes two agents: herds of anthrax hosts, and anthrax reservoirs. The environment 

is defined using grid cells representing the geographical locations of Etosha at a 250m2 spatial 

resolution.  

The herds of hosts’ (referred to as hosts hereafter) state variables are: 

- The foraging type, split into four categories (i) Non-selective grazers (e.g., plains zebra 

(Equus quagga)); (ii) Selective grazers (e.g., blue wildebeest (Connochaetes taurinus)); 

(iii) Small-bodied mix-feeders (e.g., springbok (Antidorcas marsupialis)); (iv) Large-

bodied mix-feeders (e.g., African elephant (Loxodonta africana)) 
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- The herd grid cell location 

- The herd disease status: ‘S’ for susceptible, ‘I’ for infected, 

- The number of infected individuals within the herd 

The anthrax reservoir agents' state variables are: 

- The reservoir grid cell location 

- The reservoir's infectivity risk, defined as the probability of infection given effective 

contact 

The grid cells’ state variables are: 

- The landscape type, defined as five categories: (i) Sandveld, (ii) Mopane woodland, (iii) 

Mopane shrubland, (iv) Sweetgrass, and (v) Barrier 

- The distance to the closest water point  

- The distance to the migration zones (wet and dry season migration zones, see below) 

The model runs at a weekly time step (7-days’ time step) for five years.  

C1.3    Process overview and scheduling 

Processes: The base Etosha model is developed to reproduce outbreaks akin to those empirically 

observed in the park. Seven processes are used in the model: one related to host movement, two 

related to host population dynamics, one related to anthrax transmission to hosts, three related to 

the anthrax infectivity and persistence in the environment (decay of anthrax risk over time, creation 

of new anthrax reservoirs at host death, the effect of rainfall on anthrax reservoir disappearance), 

and one related to the environment (seasonal change in environmental quality). 

The agents update their state variable at each time step. New agents are created once a year (i.e., 

every 52 weeks). 



222 
 

 
 

222 

Schedule: The simulation starts at a fixed date (July 1st 2010). The environment is initialized, and 

the host herds and anthrax reservoir agents are placed. Then the sub-models proceed as follows 

(see Chapter three Material and Method section for the description of each sub-model): 

1) Rainfall 

2) Hosts movement within the landscape using a resource selection function (RSF) 

3) Death of infected hosts and anthrax reservoir creation/ accumulation 

4) Probabilistic herd dissolution if death by anthrax occurred 

5) Anthrax transmission 

6) Environmental anthrax exponential decay 

7) Reproduction: New host herd creation; occurs in a single pulse once per year 

C1.4    Design concept 

Basic principles: The model addressed the role of host movement behavior, anthrax persistence 

and transmission pathways, and landscape features on the dynamics of anthrax outbreaks in an 

endemic ecosystem.  

Emergence: The main outcomes of the model were the emergent properties of anthrax outbreak 

size and seasonality among the different hosts' foraging types.  

Adaptation: Direct and indirect objective-seeking adaption are present in the model pertaining to 

host movement. For all hosts, movement decisions depend on vegetation and the distance to water. 

Indirect memory is included by allowing grazer hosts to migrate along the Etosha Pan’s edge 

during the dry season, and to return to the central region of Etosha during the wet season. GPS 

tags have empirically shown (personal observations) that wildebeests seldom cross the main 

Etosha pan, and on the few occasions when they do so, complete the long-distance crossing within 
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about 2-3 days. Thus, if a simulated host moves into the pan, the model causes them to use a direct, 

straight movement to cross the pan within a single one-week time step. 

Objectives: No objectives 

Learning: No learning 

Predictions: Host movement is driven by the implicit prediction that vegetation and the distance 

to water are the primary driver of hosts movement and they are able to optimize their movement 

choice given the vegetation type and distance to water.  

Sensing: Host herds can fully perceive the environment within their 7-day travel distance. They 

also know the closest waterpoint present within their movement path. 

Interaction: No interaction between hosts. Interaction occurs between hosts and anthrax reservoirs. 

Hosts may become infected upon contact with an anthrax reservoir; the reservoirs are not modified 

by the hosts. The vegetation is not modified by host presence or foraging. 

Stochasticity:  Initialization is fixed in the model, but stochasticity arises across the entire model. 

Rainfall probabilities are drawn using a binomial distribution at every time step. Host movement 

follows an RSF which is inherently stochastic. The probability of effective contact and 

transmission risk are stochastic, each following a binomial distribution. The location where 

infected hosts die and create a new reservoir is drawn using a uniform law within the host 

movement range. Reproduction is also stochastic and follows a truncated normal distribution. 

Collectives: No collectives 

Observation: For each simulation, we record three outcomes at each time step. First the 

environment, host, and reservoir dynamics: Rain (0=No, 1=Yes), number of susceptible and 

infected hosts per foraging type, and the number of reservoirs. Then, we record the spatial location 
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of each host herd (i.e., the movement over time); and finally, we record the spatial location and 

infectivity associated with each reservoir site. 

C1.5    Initialization 

The model initialization consisted of creating the gridded environment for Etosha and adding host 

agents to it.  

Environmental layer: The environmental layer comprised the vegetation and waterholes at a 

250m2 spatial resolution. Values are initialized using the input environment layer data (see C1.6). 

We modeled the anthrax prone areas of Etosha where most of our knowledge is based, i.e., 

everywhere on the east side of Longitude 15.5 East. 

Hosts agents: Host agents are placed into the environment using locations from census input data 

(see C1.6) from Etosha. Each host starts the simulation as ‘Susceptible’.  

Anthrax agent: We used the anthrax mortality data from Etosha (see C1.6) to initialize the anthrax 

layer in the landscape.  

C1.6    Input data 

All input data related to Etosha were shared by Etosha Ecological Institute (EEI).  

Landscape: We used Etosha vegetation and functioning waterholes files to initialize the 

environments in which the model takes place. We used the vegetation characterization from Le 

Roux et al., (1988) and compiled the different layers into five distinct categories: (i) mopane 

woodland, (ii) mopane shrubland, (iii) sandveld, (iv) sweetgrass, and (v) barrier (i.e., the pans). 

We used EEI’s records of functional waterpoints for the waterhole distribution as of 2006.    

Rainfall: We used daily rainfall data from 1990-2013 to obtain our monthly rain probability. We 

summed the rainfall per week for each week, and if the rainfall was above 10mm, we considered 

the rain enough to create ephemeral surface water usable by the hosts to satisfy their weekly water 
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requirements. We then calculated the probability of a random week in a given month having 

rainfall above 10mm (i.e., within a month, all weeks were assumed to have equal probability of 

>10mm of rainfall). While there is a marked rainfall gradient in ENP from east to west (average 

of 260mm in the east and 520mm in the west, EEI), we used the same rainfall parameterization for 

the entire park, as most of the simulated landscape was a subset of Etosha with generally similar 

annual rainfall (most of the simulated park falls within the 400mm-450mm rainfall range [Le Roux 

et al., 1988]).  

Host spatial distribution: We used the July, 2015 aerial census (Kilian, 2015) to initialize the 

spatial location of our host herds. We collapsed the different anthrax host species in Etosha into 

classes based on foraging preferences and typical movement capacity (i.e., small versus large home 

ranges): (i) non-selective grazers being ‘Grazer1’, (ii) selective grazer being ‘Grazer2’, (iii) small-

bodied mixed-feeder being ‘Mixed-feeder1’, and (iv) large-bodied mixed-feeder being ‘Mixed-

feeder2’. The census recorded the location and number of individuals of each species observed 

during transect observations. As we are working with herds, we assumed that each census point 

represented a herd in our model. 

Anthrax cases: Anthrax mortalities and their locations were obtained from 1988-2020. As we 

know that anthrax persist for about 10 years in Etosha (Barandongo et al., 2023), we used all 

anthrax cases recorded from January 2000 to June 2010, and started our simulation on July 2010. 

C1.7    Sub-models 

See the detailed description of the sub-models in the Materials and methods section of the main 

text in Chapter three. Each sub-model used different parameters; the values of fixed parameters 

are given in Table C1. 
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C2.    Supplementary Tables 

TABLE C1: Agent-based model parameters for anthrax transmission in Etosha National Park, 

Namibia. All parameters in this table are fixed for all scenarios tested (see Chapter three Matrial 

and Method). 

 Grazer1 Grazer2 Mixed-feeder1 Mixed-feeder2 

Resource selection function parameters 

Sandveld (β) Wet 

Dry 

0.3 

0.5 

0.3 

0.5 

1 

0.5 

0.5 

1 

Mopane Woodland (β1) Wet 

Dry 

0.4 

1 

0.4 

1 

0 

1 

0.5 

0.8 

Mopane Shrubland (β2) Wet 

Dry 

0.8 

0.7 

0.7  

0.6 

1 

0.7 

1 

0.8 

Sweet grass (β3) Wet 

Dry 

0.9 

0.7 

1 

0.6 

1.5 

0.5 

1 

0.5 

Barrier (β4)  Wet 

Dry 

-3 

-3 

-2 

-1 

-3 

-3 

-3 

-3 

Distance to water (β5) Wet 

Dry 

-2 

-1 

-2 

-1 

-2 

-1 

-2 

-1.5 

Distance to migrating zone 

(β6) 

Wet-zone 

Dry-zone 

1 

1 

1 

1 

1 

1 

1 

1 

Contact risk 

Probability of grazing on a 

reservoir (ξ) 

Wet 

Dry 

0.3 

0.15 

0.3 

0.15 

0.3 

0.15 

0.2 

0.1 

Population dynamics 

Birth rate (δ ± sd) 0.05 0.05 0.05 0.05 

Minimum and maximum birth rate (δmin - 

δmax) 

0.01-0.1 0.01-0.1 0.01-0.1 0.01-0.1 

Dissolving rate (γ) 0.15 0.1 0.1 0.12 
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C3.    Supplementary figures 

 

FIGURE C1: Migration zones and associated strength of selection for an agent-based model of 

anthrax transmission in Etosha National Park, Namibia (dark green = strong selection for a 

location; grey = strong avoidance of a location). a. Migration zone during the wet season and b. 

Migration during the dry season. 
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FIGURE C2:  Anthrax case numbers and host population sizes from an agent-based model for 

anthrax transmission in Etosha National Park, Namibia, over a fifteen-years simulation. Results 

are shown for the scenario with a high density of hosts under wetter conditions, an Etosha-like 

pathogen decay rate and host range size. In (a) we show the yearly median number of cases over 

the simulation period; in (b) we show population sizes of the four foraging types of our host agents 

over time. Grazer1 represents non-selective grazer1 (e.g., plains zebras (Equus quagga)); grazer2 

are selective grazers (e.g. blue wildebeest (Connochaetes taurinus)); mixed-feeder1 are small-

bodied mixed feeder (e.g. springbok, (Antidorcas marsupialis)) and mixed-fedder2 are large-

bodied mixed feeder (e.g. African elephant (Loxodonta africana)). Error bars in (a) and the grey 

ribbon in (b) represent the standard deviations. The y-axis in (a) was square transformed to 

facilitate the visualization of smaller numbers. 
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FIGURE C3: Variable importance analysis of the number of yearly median cases generated by an 

agent-based model of anthrax transmission in Etosha National Park, Namibia. Four main 

parameters were varied in the simulation: the host range sizes, the host density, the rainfall 

conditions, and the pathogen decay rate. The y-axis represents the mean decrease in accuracy, a 

higher number meaning a higher importance of the associated parameter 
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FIGURE C4: Average number of encounters between a host herd and anthrax reservoirs in a five-

year simulation of an agent-based model of anthrax transmission in Etosha National Park, 

Namibia. (a) represents Grazer1, i.e., non-selective grazers such as plains zebra (Equus quagga). 

(b) represents Grazer2, i.e., selective grazers such as blue wildebeest (Connochaetes taurinus). (c) 

represents Mixed-feeder1, i.e., small-bodied mixed-feeders such as springbok (Antidorcas 

marsupialis). (c) represents Mixed-feeder2, i.e., large-bodied mixed-feeders such as African 

elephant (Loxodonta africana). The x-axis represents the rainfall conditions parameter, the y-axis 

represents the host density parameter. The panel rows are divided by the home range sizes of the 

hosts, and the columns by the decay rate of the pathogen in the environment. The ‘Etosha’ 

parameters are representative of observed conditions in Etosha. The redder the tiles, the higher the 

number of encounters.  
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