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ABSTRACT 

 Epidemiological models are important for understanding both the underpinnings of 

disease spread and projecting epidemic magnitude. Disease gradients are difficult to accurately 

measure in the field – particularly the distance disease should be tracked from a source to 

sufficiently represent the shape of the dispersal gradient and accurately reflect the expanse to 

which disease is dispersed. Truncated dispersal gradients could severely underestimate the extent 

and magnitude of epidemics, leading to deceptive projections and misinformed management 

recommendations. I reviewed dispersal gradient figures in journal articles published from 1950–

2020 and found that truncated gradients were common (71.2% of studies) and occurred across all 

surveyed dispersal vector categories. Wheat stripe rust disease spread simulations confirmed that 

dispersal kernel truncation generates substantially misleading projections of disease when host 

plants are continuous (agricultural fields) or patchily distributed (natural ecosystems). Future 

studies of plant disease spread should attempt to more accurately represent the dispersal gradient. 
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CHAPTER 1 

INTRODUCTION 

One of the fundamental challenges in plant pathology is understanding the spread of plant 

diseases in time and space. Understanding the spatiotemporal spread of epidemics has important 

implications for predicting and controlling disease, because fast-developing and far-reaching 

epidemics are more difficult to combat than slow-developing, local ones. Epidemiological 

models based on field-measured disease data can be used to project how much disease may occur 

and where it occurs as an epidemic develops. Epidemiological models integrate time (infectious 

and latent periods), dispersal (dispersal kernel), infection probability (host susceptibility and 

population size), and demographic information (initial pathogen infection level, reproductive 

rate). As with many predictive statistical models, their projections improve as parameters more 

closely match the biology of the system being represented; for example, weather predictions 

have improved drastically over the last two decades as the quantity and quality of 

phenomenological data have improved (NOAA 2016). 

Accurately accounting for dispersal is critical to understanding the spatial patterns of 

disease spread; if the parameters statistically representing disease dispersal are not measured or 

estimated correctly, model outputs may not provide realistic projections of disease occurrence 

and abundance over space and time. A dispersal gradient, or the decline of pathogen propagules 

from a source (Gregory 1968), measures a pathogen’s dispersal potential. These gradients are 

synonymous with dispersal kernels, the probability density functions (PDFs) that describe the 

distribution of a population relative to their source (Nathan et al. 2012). Dispersal gradients are 
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extrapolated from both observational and experimental data (Nathan et al. 2012). In agricultural 

systems, tracking pathogen movement begins by identifying an outbreak area or establishing 

disease within a field (Sackett and Mundt 2005; Severns et al. 2019). Measurements of a 

pathogen’s effective dispersal, often captured as disease severity, are then taken at set sampling 

distances in straight lines from the focus (a spatially distinct cluster of infected individuals) and 

may be repeated over time. These disease measurements are then graphed on a plot of disease 

severity (y-axis) over distance (x-axis) and a function is fit to the data points, ultimately forming 

the dispersal gradient that is used to model disease spread (Figure 1.1). Seemingly subtle changes 

in the shape of the dispersal gradient can have a large effect on the predicted pattern of disease 

spread (Kot et al. 1996; Clark et al. 2001; Hastings et al. 2005). For example, not accounting for 

dispersal events in the tail of a function could result in a model that underestimates epidemic 

velocity and magnitude, so accurate measurements and accurate equation fitting are critical.  

Plant pathogens can be dispersed in a variety of ways – cedar-apple rust is moved across 

the landscape primarily via wind, eriophyid mites carry Rose rosette virus through nurseries, and 

root knot nematodes are spread through fields by tools and tractors (Agrios 2014). These 

dispersal types encompass complex biological processes, but they can be unified by one crucial 

element – long distance dispersal (LDD). While there is no strict definition for what constitutes 

long distance dispersal, it is generally defined by extreme dispersal events (< 1% of all 

propagules) or by dispersal beyond distance thresholds given a species propensity for dispersal in 

specific environments (Nathan et al. 2008b). While LDD events are infrequent, they are integral 

to population connectivity, colonization across landscapes, and the persistence of organisms 

despite local extinction or control measures (Traketenbrot et al. 2005; Baguette and Schtickzelle 

2006; Ronce 2007; Schloss et al. 2012). LDD events are characterized by dispersal gradients 
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with “fat tails” – a leptokurtic probability distribution with considerably longer tails than a 

normal distribution, resulting in a greater probability of rare or extreme outcomes (Figure 1.1).  

Some fat-tailed dispersal gradients are not exponentially bound and are often described 

using various inverse power law functions (Gisiger 2001; Mundt et al. 2009; Tildesley et al. 

2012; Mundt et al. 2013; Ojiambo et al. 2017) but other fat-tailed dispersal gradients are 

described by functions that are bounded by an exponential (Kot et al. 1996). The degree of 

kurtosis in the long tails of the disease gradient is associated with the rate of organism spread. In 

the case of the “shorter” tailed distributions (those that are bound by an exponential), organisms 

reach a maximum, constant rate of spread as long as host availability and space are available. 

However, when the tails are sufficiently long (those that are not bound by an exponential 

function), the organisms spread with increasing velocity, as long as host availability and space 

are available (Ferrandino 1993; Kot et al. 1996; Cowger et al. 2005; Mundt et al. 2009a, b; Pybus 

et al. 2012). Historically, dispersal models predicted spatiotemporal movement to occur at a 

constant velocity – a “traveling wave”. Traveling waves are an emergent characteristic based on 

random walk and diffusion models and assume that the decline in propagules over distance is 

described by an exponentially bound function (Mollison 1977). Pathogens that spread 

exclusively through direct or close contact between hosts are likely to be well-represented by 

negative exponential functions and move at a constant velocity as a traveling wave (Grenfell et 

al. 2001; Cummings et al. 2004). While traveling wave models have been applied to plant 

disease dispersal (Minogue and Fry 1983a, b; Heesterbeek and Zadoks 1987; van den Bosch et 

al. 1988a,b,c; Viruega et al. 2013; Prussin et al. 2015), use of these models for wind dispersed 

pathogens have been called into question. Studies have demonstrated that thin-tailed functions, 

which produce invasion fronts with a constant rate of spread, cannot explain the distance traveled 
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and dispersal rate of organisms displaying patterns of long-distance dispersal (Mollison 1991; 

Pybus et al. 2012; Nathan et al. 2012), such as wind dispersed plant pathogens, leading to 

underestimation of a species’ projected range and movement capabilities. 

Observational and theoretical studies have demonstrated that the dispersal gradients of 

wind dispersed pathogens consistently exceed the limits of exponential functions (Ferrandino 

1993; Zadocks and van den Bosch 1994; Scherm 1996; Nathan et al. 2012, Ojiambo et al. 2017). 

Inverse power law functions have been used since the beginning of plant epidemiology to 

describe various LDD pathogens (Gregory 1968) and can account for the “fat-tailed” disease 

gradient generated by them (Brown and Hovmoller 2002). Notably, these power law functions 

can generate epidemics that increase in velocity as disease spreads (Ferrandino 1993; Cowger et 

al. 2005; Mundt et al. 2009a, b; Pybus et al. 2012) – a “dispersive wave”. Epidemics with 

increasing velocities can quickly overwhelm on-the-ground disease management attempts based 

on diffusion (traveling wave) models, infecting hosts both more quickly and further away than 

predicted (Keeling et al. 2001; Chis Ster and Ferguson 2007; Peterson et al. 2015). 

Disease gradients can be challenging to measure in the field, particularly how far from a 

source disease should be tracked to sufficiently represent the shape and tail of the dispersal 

gradient. The large amounts of land required, strong initial disease sources, and the risk of 

contamination by outside inoculum can complicate attempts to measure the low levels of disease 

in the dispersal tail where occasional presences and far more absences of disease are recorded 

(Sackett and Mundt 2005). Wind vectored plant diseases are known to travel great distances, 

potentially traveling kilometers away from their source (Farber et al. 2019); this scale of 

movement cannot be captured by most empirical plant epidemiology studies, which are often 

constrained by field size and low levels of disease that are difficult to detect. For novel diseases, 
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there may be little to no understanding of pathogen movement, making it nearly impossible to set 

up a field study that completely accounts for all dispersal. It is easy to artificially truncate disease 

gradients because spatially limited or data deficient studies present disease dispersed relatively 

close to the source, which favors Gaussian or negative exponential functions. If the researcher 

uses a thin-tailed function (Gaussian or exponential) to describe the dispersal gradient, they can 

only model disease spread that occurs at a constant rate following an ephemeral period of 

acceleration (Frantzen and van den Bosch 2000). If the disease being studied truly abides by 

these thin-tailed functions, then a diffusion rate is a biologically accurate representation. 

However, studies have demonstrated that observed dispersal velocity and disease magnitude 

cannot be explained by these simple diffusion models (Kot et al. 1996; Nathan et al. 2003; 

Tackenberg 2003; Lietch et al. 2021). Even when disease dispersal data is gathered at a sufficient 

distance from the source, an ill-fitting function predicting a constant rate of spread may also 

underestimate epidemic magnitude and how far disease is likely to spread over time (Sackett and 

Mundt 2005); this phenomenon is well-illustrated in Figure 1.2, which shows how the improper 

function does not sufficiently describe dispersal close to the source, in the middle, or further 

away in the tails. 

Building a model with a traveling wave is relatively straightforward as the dispersal rate 

is constant. However, because velocity is always increasing and the rate of spread is impacted by 

other variables (time, pathogen reproductive rates, host properties, etc.), dispersive waves are not 

conveniently modeled. Simulations are the only way to project the effects of dispersive waves 

because their increasing rate of spread cannot be accommodated by linear models without 

underestimating the arrival time and spatial expanse of organism spread. 
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Research Goals 

A well-fitting function is key to understanding and projecting the patterns of plant disease 

spread, just as it is for understanding the patterns of any dispersing or invading organism (Nathan 

et al. 2012). However, while the issue of dispersal kernel truncation has been explored for plants 

and animals (Nathan et al. 2012; Rogers et al. 2019), it is unclear how often disease gradient 

truncation is occurring in the field of plant pathology. Chapter 2 provides a review of the plant 

epidemiological literature to answer the following questions: (1) How common are truncated 

plant disease gradients in the published plant pathology literature, and if truncated disease 

gradients occur, were they as common in the past as they are presently, and (2), are the major 

forms of propagule dispersal (wind, splash, nematode, insects) for plant pathogens represented 

by accurately fit dispersal gradients and, if not, which modes of dispersal are under-represented? 

In Chapter 3, I examine the effect truncation has on models of disease. I use wheat stripe rust, 

one of the best-described LDD plant pathogen systems, to parameterize a model and simulate the 

differences in disease incidence and abundance between exponential (truncated) and fat-tailed 

(confirmed system) dispersal gradients. I additionally evaluate the effect of host distribution on 

epidemic extent and magnitude by simulating across a series of susceptible and resistant host 

landscapes, ranging from 100% to 5% host availability. In Chapter 4, I synthesize the results 

from Chapters 2 and 3, culminating in research recommendations for future disease spread 

studies. 
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            Difference in shape between negative exponential (dashed line) and power law (solid 

line) functions. LDD events are characteri ed by dispersal gradients with  fat tails   a 

lepto urtic probability distribution with thic er tails than a normal distribution, resulting in a 

greater probability of rare or extreme outcomes.  at  tailed dispersal gradients are not 

exponentially bound and are often described using various inverse power law functions.  hile 

these two functions may appear similar, the patterns of disease spread described by them are 

drastically different.
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             ield data of     lesions per leaf fitted to a natural log transformed exponential 

function. Demonstrates the improper fit of the exponential function to     data, which 

underpredicts disease levels near the source and in the tails (filled circles), and overpredicts 

disease levels at intermediate distances (open circles).  dapted from  ac ett and  undt (    ).
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CHAPTER 2 

CRITICAL REVIEW OF PLANT PATHOGEN DISPERSAL GRADIENTS 

Introduction 

Statistical models are important for our understanding of the natural world (Pazhamala et 

al. 2020; Tredennick et al. 2021). Biologists rely on phenomenological information to create 

mechanistic and predictive models; however, performance is contingent on the accuracy of input 

data, and poorly parameterized models will not reflect reality. For models of organism 

occurrence, movement and distribution forecasting, the dispersal kernel is central to 

understanding and accounting for dispersal processes and spatial patterns, so it critical that this 

parameter is accurately statistically described (Nathan et al. 2012). 

The implications of dispersal function truncation are substantial – many studies have 

demonstrated that thin-tailed dispersal kernels, which generate a constant rate of spread, cannot 

sufficiently explain either the observed distance traveled or observed dispersal rates of organisms 

characterized by long-distance dispersal (Mollison 1991; Pybus et al. 2012; Nathan et al. 2012), 

leading to underestimation of species range and movement capabilities. This shift in 

understanding about dispersal from travelling (constant velocity) to dispersive waves 

(accelerating velocity), was heralded by two landmark papers (Ferrandino 1993; Kot et al. 1996) 

which were among the first to demonstrate that observed population spread rates cannot be 

explained by simple exponentially bound dispersal gradients and are best fit by fat-tailed ones. 

These two papers represent a critical shift in dispersal ecology philosophy and mark the 
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beginning of a movement to improve the measurement of long-distance dispersal, critical to 

capturing the accelerating rate of invasions over space.  

The first influential paper was written by Ferrandino (1993), a plant pathologist, who 

specifically tested whether the dispersal of aerial spores in turbulent conditions could be modeled 

by a traveling wave (the standing theory at the time). Ferrandino compared reported field data for 

bean rust (Uromyces phaseoli) and wheat and barley stem rust (Puccinia recondita) to several 

statistical models to determine whether the models effectively explained actual dispersal. In this 

work, Ferrandino noted that previous spatial models had ignored spore movement in the vertical 

direction and sought to capture the importance of uplift on spore deposition rate moving towards 

a more holistic dispersal kernel. He noted that while most spores were deposited close to the 

infection source, some spores were lifted out of the host canopy by wind turbulence and carried 

over great distances before being deposited far from the source. In his models, Ferrandino found 

that these turbulent dispersal events resulted in epidemics characterized by an increase in 

velocity with distance from the source: “One generation’s turbulently dispersed propagules 

‘pioneer’ new territory, and the succeeding generations’ locally dispersed spores complete the 

process of coloni ation.” ( errandino 1993). 

The second influential study focused on biological invasions (a broad conceptual 

framework that encompasses plant diseases epidemics). Kot et al. 1996, modeled the spread of 

invading organisms – in this case, genetically unique Drosophila genotypes to evaluate which 

dispersal kernels may best describe their movement ecology. In their introduction, Kot et al. 

(1996) reference both dispersal ecology and plant pathology studies presenting dispersal kernels, 

and they found leptokurtic distributions of propagules from the source but note that these 

patterns were often ignored by the researchers. In these instances, the observed data extended 
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farther from the source than the selected statistical function characterizing the dispersal gradient. 

Instead, “…individuals are assumed to disperse in each direction with equal probability and with 

the dispersal distance normally (rather than lepto urtically) distributed.” The authors had three 

major findings from their evaluation of the dispersal models against one another: 1) the speed of 

an invading population is remarkably sensitive to the shape of the dispersal gradient, especially 

in how far the tails of the distribution extend; 2) fat-tailed gradients are able to generate the 

accelerating fronts of biological invasions in the Drosophila data set; and 3) normal or diffusion 

(exponential family) dispersal gradients may “grossly underestimate” the rate of spread of an 

invading population compared to more realistic leptokurtic distributions which had been more 

accurately fit to empirically gathered data. 

Inappropriately characterizing the dispersal gradient has a significant biological impact 

on either projecting where the organism would go or whether the conservation or intervention 

measures were compromised. In van Houtan et al. (2007), the authors tested the dispersal of 

tropical birds before and after habitat fragmentation. Previous studies suggested that tropical 

birds were poor dispersers and were therefore unable to travel between habitats in a fragmented 

landscape. After collecting dispersal data on the bird populations, the authors tested both thin- 

(Rayleigh and gamma) and fat-tailed functions (log-hyperbolic secant) and found the fat-tailed 

distribution best fit the data. The fat-tailed distribution also provided the best conceptual 

description of tropical bird movement in continuous and fragmented forests – while birds were 

less mobile within fragmented landscape, when they did cross gaps, they dispersed farther than 

they did before fragmentation occurred. Thin-tailed gradients were not able to replicate the rare, 

LDD (long-distance dispersal) events and if used in conservation modeling context, would 

under-predict the presence of tropical birds across the landscape. In their study of pollen 
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dispersal, Klein et al. (2006) estimated individual dispersal functions for transgenic oilseed rape. 

After allowing a point source of transgenic oilseed rape (homozygous transgene conferring 

oxynil herbicide resistance) to pollenate a gridded field of male sterile plants, the resulting seeds 

were sown in individual plots according to the previous grid location. Each plot was sprayed 

with oxynil herbicide, and the proportion of resistant versus susceptible seedlings per grid 

location were collected as the cross-pollination rate, providing a pollen dispersal gradient. The 

authors tested exponential-like functions and fat-tailed functions against the resulting pollen 

dispersal gradient and found that the exponential family of functions had the poorest fit, likely 

due to, “…an underestimate of the proportions of resistant seedlings at short and long distances 

from the central point.”  at-tailed functions, especially the power law functions, provided the 

best fit to the data. Thin-tailed gradients were unable to capture the full extent and amount of 

pollen dispersed in the study, and if used in a predictive model, would underestimate the 

dispersal capability of transgenic oilseed rape – a considerable error when attempting to study 

the ecological impacts of transgenic crops on both surrounding conventional crops and the 

environment. 

A well-fitting dispersal kernel function is key to understanding and projecting the 

patterns of plant disease spread, just as it is for understanding the patterns of any dispersing or 

invading organism. While the issue of dispersal gradient truncation has been explored for plants 

and animals (Robledo-Arnuncio and Gil 2005; Klein et al. 2006; Bullock and Clarke 2000; 

Fujiwara et al. 2006; Paradis et al. 2002; van Houtan et al. 2007; Leitch et al. 2021), it is unclear 

how often disease gradient truncation is occurring in the plant pathology literature. Here, I 

review the plant epidemiological literature to determine whether truncated plant disease 

gradients are common. Other questions of interest are the following: (1) based on the papers of 
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Ferrandino (1993) and Kot et al. (1996), are there any differences in patterns of truncation before 

and after the shift in statistical characterization of the disease dispersal gradient concerning 

travelling versus dispersive waves, and (2) are the major forms of propagule dispersal (wind, 

splash, nematodes, insects) for plant pathogens represented accurately by fit dispersal gradients 

and, if not, which modes of dispersal are under-represented? 

 

Methods 

Literature Review 

To find plant disease gradients in the plant pathology literature for review, I searched 

Web of Science, Google Scholar, and GALILEO databases (through the UGA library site). There 

are a variety of terms equivalent to dispersal gradient in the literature, including dispersal kernel 

or contact distribution (Tufto et al. 1997). To address this potential issue, I used a variety of 

search terms and keywords to find disease gradient studies (Table 2.1). Once I identified 

potential studies that could be considered for the literature review, I used the following criteria to 

determine whether papers would be included: (1) Did the study measure plant pathogen 

dispersal?; (2) Did the study include a figured dispersal gradient (scatter plot data with function 

plotted necessary to evaluate whether the dispersal gradient was likely to be reasonably fit or 

truncated)? If the studies met these criteria, I then recorded the information on the article itself, 

including the pathogen, measured dispersal distance, and dispersal function(s) presented by the 

authors (Table 2.2). 
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Organism & Dispersal Type 

To assess which pathogens were represented in the plant disease dispersal literature, I 

recorded and tallied each represented pathogen, its type (fungus, bacteria, virus, nematode), and 

its primary vector (defined here as the pathogen’s method of dispersal – wind, splash, insect, 

flowing water, or human). Even though most plant pathogens can be dispersed by a combination 

of vectors (Agrios 2004), I selected the primary vector as described by the author for their 

specific study system. For the purposes of this review, I define each of the primary vector types 

in separate paragraphs below: 

 

Wind 

Propagules of most plant pathogens are disseminated by air currents, particularly 

spores of most oomycetes and fungi (Agrios 2004). Depending on air turbulence and 

velocity, air currents may carry propagules upward or horizontally over short and long 

distances (Agrios 2004). 

 

Splash 

Splash dispersal occurs when propagules are washed or splashed onto plants or 

soil by overhead irrigation or rain (includes all bacterial and fungal spores in a sticky 

medium) (Agrios 2004). Splash dispersal does not make as significant a contribution 

towards long-distance dispersal compared to wind, which can carry splash-dispersed 

plant pathogens farther in more severe weather conditions (Agrios 2004). However, the 

more localized infections caused by splash dispersal may generate short-term and rapid 

disease intensification because the water associated with dispersal coincides in space and 



 

20 

time with the water necessary for the pathogen to infect the plant (Agrios 2004). It is 

important to note that splash dispersed studies I encountered in the published literature 

specifically excluded wind as a factor and experiments took place in controlled outdoor 

environments or in a greenhouse. 

 

Flowing Water 

Distinct from splash dispersal, flowing water from rain and/or ground irrigation 

moves pathogens present in the soil across or through the soil (via bulk water flow). This 

type of dispersal is common for bacteria, nematodes, spores, and mycelial fragments – 

oomycetes in particular (Agrios 2004). 

 

Insects 

Insects can travel over short or long distances, depending on the type of insect, 

relationship between pathogen and insect vector, and prevailing weather conditions – 

especially wind, which may carry insects over distances much further than they could 

move on their own (Agrios 2004). Insects may transfer certain fungal, bacterial, and 

nematode pathogens – depending on the insect-pathogen association (Agrios 2004). 

 

Humans 

Human-mediated dispersal can include a large swath of activities – from planting 

contaminated seeds or plant material to transporting infected plants across state lines 

(Agrios 2004). For the purposes of my literature review, however, I designated human 

dispersal as either mechanical transmission and movement of contaminated soil, by either 
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people or equipment moving through the field; this type of dispersal was only included 

when explicitly measured. 

 

Classification of Dispersal Gradients: Truncated vs. Reasonably-Well Fit 

To determine the degree of dispersal gradient truncation in the plant disease dispersal 

literature, I assessed and categorized all figures that visually depicted dispersal gradients 

(hereafter called “figured gradients”). The gradients without a figure were unable to be assessed, 

as I could not visually inspect the fit of measured data to the reported dispersal function. If 

figures were presented, the dispersal kernels were evaluated for truncation, and placed into one 

of three categories: reasonably fit, truncated, or indeterminate (Figure 2.1). Reasonably fit 

gradients displayed data points that were fit well close to the disease source and fit between data 

points in the tails (the predicted function did not end prior to or below points in the long-tailed 

part of the distribution, nor substantially above the data points). Truncated gradients could be 

represented by either spatially limited data, where no measurements were plotted yet the 

dispersal gradient clearly has not flattened into the tail of the distribution, or where the calculated 

dispersal gradient function approached or crossed the x-axis prior to the termination of the 

recorded data points. Finally, indeterminate gradients were those instances where dispersal 

functions either lacked sufficient data points for a reasonable function fit, those which only 

displayed either the dispersal function or the measured dispersal values (not both), or those 

which had a visually ambiguous representation where a function was presented as a figure but 

the data fit could not be reasonably assessed (this was uncommon). 

When authors presented multiple figured gradients, all figured gradients were assessed 

and the overall trend for being reasonably fit, truncated, or indeterminable was assigned to the 
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study. When there was a choice between multiple figured gradients, I chose to represent the 

longest non-truncated gradient to give the study the best chance of meeting the reasonably fit 

criteria. If the authors presented multiple gradients for the same field over the course of their 

study (a chronosequence), I chose the last disease gradient in the timeseries to maintain 

consistency with studies that only presented a single end-of-season gradient. Finally, if the 

authors had multiple different gradients measuring different field sites out to the same dispersal 

distance, I arbitrarily selected the gradient that was presented first in the study. 

 

Are Plant Disease Gradients Becoming More Appropriately Described With Time? 

To assess patterns of truncation with respect to time, I recorded the years that each 

reviewed study was published. As mentioned previously, the studies of Ferrandino (1993) and 

Kot et al. (1996) represent a shift in dispersal ecology – invading organisms characterized by 

long-distance dispersal move as a dispersive wave, not a traveling wave. I wanted to determine if 

this philosophical shift in understanding was reflected in the reviewed plant pathology studies, 

particularly whether the frequency of disease gradient truncation decreased following these two 

important studies. The year 2000 was selected as the cutoff point for studies completed before 

and after these landmark studies, because statistical packages around this time were more diverse 

and widely available for function fitting algorithms and there was ~ 5 years following these 

publications for plant pathologists to become aware of and consider dispersive waves. 

To determine the differences between truncation levels in my review pre- and post-2000, 

1 ran a Z-proportions test on the truncated and reasonably fit gradients to determine whether the 

proportion of truncated studies statistically differed before and after the year 2000. 
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Results 

I found over 200 papers through my initial database screening, but most of these 

manuscripts did not include figured dispersal gradients and instead presented tables of functions 

with model evaluation statistics and functions. For my purposes, the majority of these studies did 

not allow me to evaluate whether the dispersal function was reasonably well fit or truncated. In 

total, I reviewed 104 papers that met the requirements for assessment, and these studies were 

published between 1958 and 2021. 

Fungi were commonly represented in the plant pathology literature and were the focus of 

67.3% of dispersal studies in the reviewed manuscript ensemble. The next largest studied groups 

of plant pathogens were oomycetes and bacteria at 14.4% and 9.6%, respectively. Finally, only a 

handful of studies covered viruses or nematodes – just 5.8% (viruses) and 2.9% (nematodes) 

each (Figure 2.2).  

Wind was by far the most common dispersal vector in the reviewed manuscripts, 

representing 64.4% of studies (Figure 2.3). Splash dispersal was represented by 20.2% of the 

reviewed studies, insects 9.6%, and flowing water and humans accounted for 3.9% and 1.9% of 

the remaining studies, respectively. Notably, all four flowing water studies measured oomycete 

(all Phytophthora spp.) dispersal in irrigation systems, and both human dispersal studies 

measured nematode dispersal via tractor plowing/disking activity. 

As wind was the most common dispersal vector in my review (67 studies) and is well-

known for dispersing plant pathogen propagules over long distances from a source, I wanted to 

understand the potential relationship between observation distances and whether the dispersal 

gradient was truncated within wind vectored plant diseases (Figure 2.4). I found that ~75% (50) 

of the studies tracked disease dispersal less than 100 m from the source, while only 5 studies 
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followed disease > 100 m (up to 250 m) from the source. The remainder of the wind vectored 

plant disease studies, 8 (~12%) attempted to account for disease dispersed over 500 m from the 

source. While I observed a wide range of measured dispersal distances of wind vectored plant 

diseases, over half (36 of 50) of the studies that tracked disease < 100 m from the source did so 

over distances < 50 m from the source (Figure 2.5). Of the studies that measured wind-dispersed 

pathogen dispersal < 50 m from the source (36 studies), more than half of those only tracked 

disease to no more than 15 m from the source (23 studies, 63.9%) (Figure 2.5). In grand total, 

35% of the reviewed studies investigating wind vectored disease  presented a disease gradient 

from data gathered within no more than 15 meters of the disease source.  

Truncated gradients, which appeared from the presentation of limited data and/or poorly 

fit models, were common, comprising 63.8% of all figured gradients, while unclear and 

reasonably fit comprised 13.8% and 22.2% of all figured gradients, respectively. 

There were some authors who acknowledged they were not intentionally measuring the 

full extent of their pathogen’s dispersal, and knowingly truncated their disease gradients. Most of 

these studies were performed in an isolated environment, like a greenhouse, and were focused on 

understanding the mechanics of splash dispersal in the absence of wind. However, while many of 

these gradients were well-fit to their dispersal data, their relevance for extrapolation to an 

outdoor environment is limited. After removing these intentionally truncated gradients (n = 21) 

from the data set, I found that 71.2% of the remaining gradients (n = 73) were still truncated and 

only 17.8% were reasonably fit, the remainder (11.6%) of the reviewed studies were 

indeterminable. 

The Z-proportions test indicated that there was a statistically significant difference 

between dispersal gradient truncation levels in the pre- and post-2000 eras (Table 2.4). Although 
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there was significantly less truncation in the post-2000 era, the number of studies truncating a 

dispersal gradient was still high (62.2% of the assessed gradients). 

 

Discussion 

 In my review, I found relatively few studies of vectors of common viral and bacterial 

plant diseases (splash, insects, nematodes). Splash dispersal was the most studied of these 

vectors, making up ~20% of studies in the review, but insect and nematode vectors combined 

comprised less than 15% of the reviewed manuscripts. Although fungi are the most common 

plant pathogens, making up 85% of all plant pathogenic organisms, viral and bacterial diseases 

are extremely detrimental to high-value crops like fruit and vegetables. Additionally, human 

dispersed organisms – representing soilborne diseases and nematodes in my review – were 

barely accounted for in the literature and represented < 2% of studies. A lack of dispersal-

focused studies on these organisms demonstrates a critical gap in plant pathogen epidemiological 

knowledge. 

I found strong evidence that studies of wind dispersal are artificially and regularly 

truncated across the plant pathology literature. As seen in Figure 2.4, I found that over one third 

of studies of LDD, wind dispersed organisms never tracked disease further than 15 m from the 

source. These extremely short measurements indicate nearly all these studies will have truncated 

disease gradients, as LDD organisms are capable of dispersing hundreds of meters in a single 

generation (Farber et al. 2019) and hundreds of kilometers over a field season (Mundt et al. 

2009; Mundt et al. 2013). 

 In my investigation of truncation levels in the literature pre- and post-2000, I found a 

decrease in dispersal kernel truncation in the post-2000 period; however, it is important to note 
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that truncation in this period was still common and was observed in over 60% of the studies in 

my review. The issue of continued dispersal truncation is not just an issue in plant pathology – it 

echoes problems throughout dispersal ecology in general (Clobert et al. 2012). While dispersal 

occurs over multiple spatial scales, there has been a movement to increase the spatial and 

temporal scales of dispersal studies to better capture LDD events (Nathan et al. 2006; Nathan et 

al. 2011b). 

Given the significance of the length of dispersal gradient tails to accurately projecting 

and modeling plant disease spread, both collecting and properly accounting for long-distance 

dispersal from the epidemic source is essential. Artificially truncating disease gradients not only 

impacts the projections of how far disease may disperse, but also the rate at which it spreads. 

LDD organisms generate epidemics that accelerate at the invasion edge, such rapidly spreading 

epidemics quickly become difficult to suppress as they gain momentum and easily overcome 

dispersal barriers (Severns and Mundt 2022). 
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            Graphs representing examples of the different categories of dispersal gradient function fit.
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CHAPTER 3 

SIMULATING TRUNCATED DISEASE DISPERSAL GRADIENTS IN EPIMUL 

Introduction 

In Chapter 2, I found that 64% of the published, peer-reviewed figured gradients in the 

review were truncated. Once disease gradients measured under greenhouse conditions were 

removed from consideration, the percentage of studies with truncated dispersal gradients 

increased to 71%. Although there was a significant decrease in the number of truncated studies 

after the year 2000, the proportion of truncated post-2000 published studies only decreased to 

62%, still well over half of all studies with figured gradients. The number of studies including 

figures of their dispersal gradients had not changed over time, a z-proportions test found no 

statistically significant difference between pre- (25% unfigured) and post-2000 (21% unfigured) 

publications. Studies post-2000 also still commonly used traditional means of fitting (see 

Appendix A), such as the maximum likelihood or least squares method using log-transformed 

data fit to a linear model (Madden et al. 2017). When this function fitting approach is applied to 

truncated data, they will yield thin-tailed, exponentially bound functions that assumes pathogens 

disperse at a constant velocity as a traveling wave (Grenfell et al. 2001; Cummings et al. 2004). 

In comparison, fat-tailed functions like the power law predict epidemics that increase in velocity 

over space and time (dispersive wave) until hosts or the environment limit disease.  

In this chapter, I am interested in understanding the effect truncation has on model 

projections of disease spread. I use wheat stripe rust (WSR, Puccinia striiformis) to parameterize 

an epidemiological model and simulate the spread of WSR in various landscape configurations 
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of susceptible host plants to the understand how projections from a poorly-fit, intentionally 

truncated WSR dispersal gradient differs from a properly and well-fit power law WSR dispersal 

gradient.  The WSR dispersal gradient is likely the most well-described of all aerially dispersed 

plant pathogens and it has an accurately and statistically well-fit, fat-tailed dispersal gradient 

(Sackett & Mundt 2005a; Farber et al. 2019). The long tails of the WSR dispersal gradient are 

best fit to a power law function (Sackett and Mundt 2005a), and this function is commonly used 

to more accurately model the movement of long-distance dispersed organisms (Nathan et al. 

2012). 

I use computer simulation models to evaluate potential impacts of truncation on plant 

disease spread for two main reasons. First, to run a field experiment at the scale necessary to 

address the research questions would be incredibly costly, time consuming and potentially 

impossible. Second, modeling is relatively quick to perform and allows me to evaluate more 

scenarios than one would be able to assess in field experiments. For example, to complete a 

thorough study of dispersal, similar field studies required over 15 hectares of land, multiple years 

of inoculum production, and hundreds of hours of data collection – even with these resources, 

these studies could only assess a couple different questions with a small number of replicates 

(Sackett and Mundt 2005; Cowger et al. 2005; Severns et al. 2015). Disease dispersal is a 

complex process affected by variable and difficult to estimate factors, so modeling, although 

requiring simplifying assumptions and imperfect process, much like many other scientific 

methodologies, provides a means to potentially understand important aspects of complex 

systems. There are three main uncertainties in predictive models of dispersal: model, parameter, 

and inherent uncertainty (Clark et al. 2003; Higgins et al. 2003; Nathan et al. 2012). However, 

despite the abstractions and simplifications, models still provide useful information, especially 
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when they are well-parameterized and more faithfully represent biological realities. Disease 

dispersal models have been successfully used to characterize landscape level spread of human, 

animal, and plant long-distance dispersal (LDD) epidemics (Gisiger 2001; Mundt et al. 2009; 

Mundt et al. 2013; Tildesley et al. 2012; Rieux et al. 2014; Ojiambo et al. 2017). 

Studies have shown that varying levels of susceptible host availability, connectivity, and 

host patchiness alter disease progression (Mundt et al. 2009; Meentemeyer et al. 2012; Burdon & 

Thrall 2014; Severns et al. 2014; Zhang et al. 2019; Iwamura et al. 2020). Landscape 

connectivity is defined as the degree to which the landscape facilitates or impedes movement 

among resource patches (Taylor et al. 1993). For pathogens, connectivity is straightforward – if 

pathogens can find susceptible hosts, they can colonize and subsequently reproduce on that host. 

However, when host plants are sparse or patchily distributed, their colonization probability is 

reduced relative to more continuously distributed hosts (Ruxton and Schaefer 2012; Wilson et al. 

2016; Ismail et al. 2017). In Lindström et al. (2011), the authors modeled potential disease 

dispersal for Dutch elm disease and livestock disease based on the observed spatial distribution 

of oak and elm trees and pig and cattle farms in Sweden. These landscapes varied in both host 

patch connectivity and density. After testing both thin- and fat-tailed dispersal functions on each 

landscape, the authors found that both effective dispersal and invasion speed is dependent on the 

spatial host arrangement. Importantly, the authors noted that the differences between invasion 

success between thin- and fat-tailed gradients was most pronounced in landscapes with low 

connectivity. In these scenarios, fat-tailed models were able to infect distant patches, albeit at a 

slower rate, while thin-tailed models almost never colonized host patches isolated by the greatest 

distances between host plants. This colonization and establishment phenomenon in which the 

dispersal kernel interacts with colonization and organism establishment has been observed in 
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other systems as well, including invasive plants (Minor and Gardner 2011; McConkey et al. 

2012) and animals (Nesslage et al. 2007; Bridgman et al. 2012). 

Given the intuitive influence of landscape on disease dispersal, I was interested in 

understanding how different landscape arrangements of susceptible hosts interact with thin- and 

fat-tailed gradients to influence disease progression. In this chapter, I evaluated the in silico 

patterns of disease spread projected from thin-tailed (exponentially bound, travelling wave) and 

fat-tailed (non-exponentially bound and dispersive wave) disease gradients across different 

landscapes of host plant distribution. To understand how dispersal kernels and the host landscape 

interact to influence epidemic spread, I used the same WSR dispersal data set which was 

properly and accurately fit to a fat-tailed function (modified inverse power law) and improperly 

fit to a truncated (exponential) dispersal gradient. I evaluated homogenous, slightly patchy, and 

highly patchy fields of susceptible and resistant host plants to evaluate how the degree of host 

distribution impacts epidemic extent and magnitude for the different disease gradients. I 

expected to see dispersal gradient truncation limit disease dispersal in landscapes with limited 

host availability in comparison to landscapes with unlimited host availability and to miss-project 

the amount of disease after multiple generations of disease intensification and spread. 

 

Methods 

EPIMUL 

The EPIMUL simulation model was created by Kampmeijer & Zadoks (1977) to 

investigate the effectiveness of host mixtures and different pathogen races in wheat stripe rust. 

Although based off the original EPIMUL program, the version used in this study has been highly 

modified, making it broadly applicable to fungal plant pathogens in general. Modifications 
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include the addition of alternate dispersal gradients (Mundt & Leonard 1985; Sackett & Mundt 

2005b), improved spore production functions, removal of obsolete sub-routines, stochastic 

disease dispersal gradients (Severns et al. 2015), and inclusion of a spray out function (not used 

in this study) (Severns and Mundt 2022).  

EPIMUL is a flexible, compartmental model simulation program that can vary pathogen, 

host, and dispersal parameters. Most importantly, all parameters in EPIMUL are independent of 

one another, allowing for the precise control of the variables, including basic reproductive 

number (R0), latent period, infectious period, and the initial infection level (P0). Independent 

control of disease parameters allows EPIMUL users to explore a wider range of scenarios when 

compared with other epidemiological models like the well-known and population foot and mouth 

disease models of animals (Keeling et al. 2001; Chis Ster & Ferguson 2007) which automatically 

link R0 to farm size, limiting the user’s ability to decouple farm si e from the basic reproductive 

number. Such tradeoffs are important to evaluate as host population size may or may not be 

tightly linked to the basic reproductive number if susceptibility or resistance differs between 

hosts and locations. 

EPIMUL represents the host plant population as a two-dimensional spatial grid. Each cell 

(a compartment in compartmental models) in this grid may represent an individual, groups, or 

even fields of host plants – making it flexible to accommodate different conditions and spatial 

scales of study. Users may also specify host arrangement and level of susceptibility, as well as 

the locations and quantity of initial pathogen inoculum. Each compartment contains a user-

defined number of infectible compartments (lesion sites) which exist in one of four states: 

healthy, latent (infected but not sporulating), sporulating, or removed (host death or recovery 

based on the specific SIR conceptual model). When a single cell equals a single plant, healthy 
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cells represent uninfected hosts, latent cells represent infected hosts that are generating lesions, 

sporulating cells represent infected hosts that are releasing infective inoculum, and removed cells 

represent infected hosts that have died and can no longer produce inoculum. When a single cell 

represents multiple plants, as in my simulations, the proportion of uninfected/ latent/ sporulating/ 

removed hosts is tracked for each day for the entire number of days in a simulated “epidemic”. 

 Effective spores (those that produce an infection) can be dispersed via one of three 

dispersal gradient functions: the modified power law (Mundt & Leonard 1985), 

𝑦 = 𝑎(𝑥 + 𝑐)−𝑏 

an exponential function (Kiyosawa & Shiyomi 1972), 

𝑦 = 𝑎exp(−𝑏𝑥) 

or the Lambert model (Lambert et al. 1980). 

𝑦 = 𝑎exp(−𝑏𝑥𝑛) 

In each of three equations above, y represents the number of effective spores (those spores that 

generate infections) dispersed to x distance from the source lesion, b controls gradient steepness, 

and a is proportional to the amount of inoculum produced at the source (this parameter has no 

effect on gradient shape and is only used to set the proportions of asymmetrical upwind and 

downwind gradients). In the modified power law model, c is an offset parameter that allows the 

power law to have a finite value at x = 0. Finally, n controls gradient shape in the Lambert model 

(Sackett and Mundt 2005b).  

In EPIMUL, the latent period begins after dispersal, and new infections are initiated in 

the destination cell in proportion to the number of healthy sites. After the latent period ends, the 

plant becomes infectious and lesions release spores, and are considered “removed” once the 

infectious period ends (e.g., cannot infect or become infected). Spore production, infectiousness, 
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and loss to the environment are combined into a single parameter – the number of “effective 

spores” created per lesion per day (when multiplied by the number of days in the latent period 

which yields the basic reproductive number, R0 the number of effective daughter lesions per 

parent lesion). 

 

Simulation Parameter Values 

To model disease progression, we used a field size of 200 × 200 cells in our simulations. 

While we used larger field sizes in our preliminary investigations, 1000 × 1000 cells (the 

maximum field size in EPIMUL) and know that the power law model distributes effective spores 

beyond this range, the 200 × 200 cell field size was selected for multiple reasons: (1) it captured 

more than the full extent of exponential dispersal after 5 disease generations, and (2) it allowed 

me to see patterns near the focus more clearly, and (3) drastically reduced the computational 

time. Each cell in the virtual fields were 1.52 m × 1.52 m, which was used by Sackett & Mundt 

(2005b) to parameterize their dispersal gradient equations and it is also the width of a wheat 

planter. Carrying capacity was set to 200,000 sites per cell (100 individual wheat plants which is 

typical production planting density) in accordance with previous studies (Severns & Mundt 

2022). Disease outbreaks were set to begin in a single cell (a focus) in the center of the field to 

visualize disease progression in all directions from the source. Outbreak disease levels (P0) play 

an important role in final epidemic magnitude, and seemingly small increases in the amount of 

initial disease can drastically increase final disease severity and extent (Severns et al. 2015; 

Severns and Mundt 2022). To account for the influence of P0, the outbreak cell was inoculated at 

two different rates, depending on the scenario – low (200 spores, 0.1% initial infection) and high 

(2,000 spores, 1% initial infection) outbreak levels. These two initial disease levels represent low 
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naturally occurring disease levels and a higher level more likely in an agricultural environment 

(Antonovics and Alexander 1992; Zadoks and van den Bosch 1994). 

To directly evaluate the impacts of a truncated disease gradient we parameterized 

exponential and power law dispersal gradient equations using the same WSR field dataset. For 

ease of interpretation, we made both dispersal gradients used in our simulations symmetrical and 

representative of downwind dispersal – the farthest and fastest available – giving both equations 

the best chance possible to represent long-distance dispersal. Modified power law parameters 

were derived from Farber et al. (2019), which characterized the rust dispersal gradient over 10 

km from the source and is probably the best-known plant pathogen dispersal gradient available. 

Parameter values for the modified power law were as follows: a = 451, b = 2.28, and c = 0.23. 

Using the same dataset from Farber et al. (2019), an exponential function was fit via the least 

squares method, which is still used in the plant pathology literature to fit dispersal functions 

(Maffia and Berger 1999; Travadon et al. 2007; Qandah and Del Rio Mendoza 2012; Madden et 

al. 2017). Parameter values for the negative exponential were as follows: where a = 1, b = 

0.1903, and c = 1. Previous studies have shown that truncating the dispersal gradient by using a 

thin-tailed function, like the exponential, misrepresents the distribution of disease – 

overpredicting disease levels at intermediate levels, while underpredicting disease levels at the 

focus and in the tails, and ultimately failing to capture LDD events (Sackett and Mundt 2005a; 

Nathan et al. 2012) (Figure 3.1). 

We used two types of simulations in our study, deterministic and stochastic. 

Deterministic simulations represent systems with no variation – all values are fixed, and the 

model will output the same result every time it runs. Deterministic simulations were used in our 

study to provide a general prediction of epidemic magnitude and extent. In EPIMUL the average 
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disease projection values taken from large numbers of stochastic runs are comparable to values 

predicted by a single deterministic simulation (Severns et al. 2015). Stochastic simulations were 

used to account for variation that would occur in independent outbreaks and the variable nature 

of host-pathogen interactions. Stochasticity in EPIMUL is generated by resampling and 

redistributing the daily whole effective spores from the dispersal function (power law or 

exponential) with a Poisson distribution. I ran one deterministic and 100 stochastic simulations 

for each scenario, resulting in 2,020 total stochastic simulations (Table 3.1). The average runtime 

was about 30 minutes per simulation which, including deterministic simulations, amounts to over 

1,000 hours (42 days) of runtime. 

Empirical studies have shown that the spore production profile of WSR is not consistent 

throughout the latent period, and in fact peaks at 4 days post infection (Papastamati and van den 

Bosch 2007). While EPIMUL is not able to model    ’s variable spore production, it 

ultimately does not affect our simulations as R0 is steady throughout the latent period; this is 

because the probability of effective spores is proportionally decreased as disease increases and 

available infection sites decrease. Additionally, I was focused on understanding the patterns 

between entire disease generations, not specific days or partial generations, so precision in this 

parameter was not required given the goals of this study. 

The latent period of WSR is dependent on temperature, host resistance, and abiotic 

conditions. In cooler climates, the latent period for WSR can last weeks and shorten as 

temperatures increase, resulting in an average latent period of 17 days (Zadoks 1961; Tollenaar 

and Houston 1967; Shaner and Powelson 1971; Sackett and Mundt 2005b). Latent periods as 

short as 10 days have been reported in warmer wheat growing regions, where increased 

temperature and humidity rapidly accelerate fungal growth (Chen et al. 2002; Li and Zeng 2002; 



 

45 

Wan et al. 2004; Papastamati and van den Bosch 2007; Wellings 2007; Chen et al. 2009). I used 

a latent period of 10 days in this study, as it is still biologically observed and using a shorter 

latent period decreases computational time (Table 3.2). Infectious period is also dependent on 

host resistance. Studies have reported infectious periods of 6-7 days for slow-rusting varieties, 

while susceptible varieties have been observed producing spores for up to 14 days (van den 

Bosch et al. 1988; Luo & Zeng 1995). As my simulated fields contain a mixture of susceptible 

and resistant hosts, I set the latent period at an average value of 10 days (Table 3.2).  

The length of WSR epidemics is controlled primarily by growing season, weather, and 

host availability. In cooler wheat growing climates, WSR epidemics typically only persist for 

three to four latent periods as they are bound by short growing seasons – unfavorable cool, 

spring weather early in the year and harvest early in the fall. In warmer wheat growing climates, 

however, longer growing seasons with favorable warm, humid weather mean that WSR 

epidemics can last up to 10 latent periods (Chen et al. 2002; Li and Zeng 2002; Wan et al. 2004; 

Wellings 2007). I settled on an epidemic length of 5 generations in this study (Table 3.2) as a 

middle-ground between cold regions (3 generations) and warm regions (10 generations).  

The basic reproduction number (R0) represents the mean number of effective daughter 

lesions per parent lesion; this number is obtained by multiplying the latent period by the number 

of effective spores produced per lesion, per day. According to previous studies, the mean R0 

value for a WSR epidemic is ~70 (Papastamati & van den Bosch 2007; Sackett & Mundt 2005b; 

Severns et al. 2019; Severns et al. 2022) and this value was used in my simulations. 
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Susceptible Host Landscapes 

To understand how the degree of susceptible host plant distribution interacts with 

projections of disease spread and epidemic magnitude when the disease dispersal gradient is 

properly described (as a power law function) or artificially truncated (as an exponential function) 

I simulated dispersal across five different host arrangements. Hosts in the 5%, 25%, and 50% 

susceptible fields (Figure 3.2) were assigned to compartments at random and represent patchy 

environments with low to high levels of host availability, common for naturally occurring 

epidemics (Keeling et al. 2001; Parnell et al. 2009; Meentemeyer et al. 2012; Cunniffe et al. 

2016; Severns et al. 2019). The 50% susceptible (rows) field and 100% susceptible fields (Figure 

3.2) represent agricultural environments with homogenous or consistently alternating patterns of 

host resistance, such as variety mixtures or intercropping with different species. 

 

Analysis 

 To prepare the simulation data for analysis, all simulation files (100 stochastic and 1 

deterministic) were grouped by landscape, initial disease value, and dispersal gradient (i.e., 5% 

susceptible, 0.1% initial disease, power law). Results files were extracted from each individual 

simulation folder, and the data in each cell was gathered and assigned to each compartment’s 

location for the last day of the epidemic using a Python script (Appendix B). 

To quantify the effects of disease gradient truncation on the extent of disease spread, I 

compared statistics from the deterministic simulations for each combination of landscape, initial 

disease value, and dispersal gradient. First, I converted the results data from percent infected per 

compartment to number of infections per compartment. Then I calculated the percent infected 

cells (disease extent, Figure 3.3) and percent infected compartments (disease severity, Figure 
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3.4) for each deterministic simulation, and these data were then plotted on a bar graphs to 

visualize the differences between all simulations. 

To provide a visual representation of the differences in amount of disease and distance 

traveled by the pathogen, I made field maps of the final day of each simulation using percent 

infection in each compartment and indexed the relative amount of disease as a heat map. To 

create these images, I used a Python script to pull the results files from all 100 stochastic runs for 

each simulation, extracted data for the last day of the epidemic, concatenated all data and found 

the mean, median, and maximum values for each simulated field cell across all 100 stochastic 

runs (Appendix B). These results were then visualized by simulation scenario (e.g., 5% 

susceptible, 0.1% initial disease, power law, Table 3.1), with median values displayed for the 

entire field, and minimum, median, and maximum values displayed as 50 x 50 cell insets 

(Figures 3.5–3.14). 

To visualize the effects of disease gradient truncation on disease progression throughout 

the simulated epidemic, I visualized the epidemic from beginning to end. For simplicity, I only 

chose to represent 100% susceptible simulations. To create these images, one of the 100 

stochastic runs was selected from each simulation, and results data was extracted for every half 

generation (5 days) of the simulated epidemic (Appendix B). These time series data were then 

visualized as whole fields and grouped by initial disease level and dispersal function (Figures 

3.15–3.18). 
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Results 

Exponential dispersal gradient simulations 

Exponential gradient simulations showed that disease extent (the percent of cells 

containing at least one infection) increased with increases in initial disease levels and host 

availability (Figure 3.3). Disease extent for 1% initial disease fields was 25-30% greater than 

0.1% initial disease fields for all the different susceptible host arrangements (5%, 25%, 50%, 

100% of the cells). Disease extent also increased as host availability increased, with levels 

almost doubling between 5% to 100% in susceptible host fields within the different outbreak 

disease levels.  

Exponential gradient simulations showed that percent infection (percent compartments 

filled) increased with both increases in initial disease levels and host availability (Figure 3.4). 

The percent compartments filled was an order of magnitude greater across all host susceptibility 

levels from 0.1% to 1% initial disease fields. As expected, percent infection increased as host 

susceptibility increased. Visual patterns of the disease spread at 5-day time intervals in the 100% 

susceptible field strongly suggested disease expansion at an approximate steady rate of increase, 

which is the travelling wave produced by an exponential dispersal gradient (Figures 3.15 & 

3.17). 

 

Power Law 

In contrast to the exponential dispersal gradient simulations, the power law gradient 

simulations saturated the entire field for all initial disease levels and host availability scenarios 

(Figure 3.3). WSR was quickly dispersed over all compartments in the largest field that EPIMUL 

memory would allow (1000 × 1000 cells) when using the power law disease gradient in 
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preliminary exploratory simulations.  This confirmed that I could not account for all WSR 

infections by the end of the 5-generation time frame which was readily accomplished in a 200 × 

200 compartment field using the exponential dispersal gradient. Because the power law dispersal 

gradient dispersed disease over a far greater area than I could account for with EPIMUL, the 

percent infection was 100% for all combinations of parameter values and host availability 

scenarios (Figure 3.4). Like the exponential fields, infection levels for 1% initial disease fields 

were consistently an order of magnitude greater than fields with 0.1% initial disease. However, 

there were negligible differences in percent compartments filled across all host availability types, 

with within cell levels averaging differences oft ~0.3%. Analysis of the power law disease 

gradients over time in the 100% susceptible fields showed an increasing rate of dispersal over 

time, with total disease distributed to all compartments in the field by generation 2.5 (Figures 

3.16 & 3.18), which is 1.5 generations of disease dispersal. Additionally, I observed the 

development of sub-foci using the power law dispersal gradient, which are frequently observed 

in wind dispersed plant disease epidemics (Zadoks and van den Bosch 1994; Severns et al. 

2019). While these sub-foci were subtle in appearance (Figures 3.16 & 3.18), it is important to 

note that they were not observed in any of the exponential dispersal gradient simulations. 

 

Discussion 

Given the significance of the type of disease gradient used to project plant disease spread, 

collecting and accurately representing dispersal far from the epidemic source is essential. When I 

intentionally truncated the well-described power law dispersal gradient for wheat stripe rust to an 

exponential disease gradient (using the still common approach published in the plant disease 

literature Maffia and Berger 1999; Travadon et al. 2007; Qandah and Del Rio Mendoza 2012; 
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Madden et al. 2017), I documented two obvious and important outcomes. First, the disease 

dispersal distances projected from the exponential model was drastically underestimated 

compared to the power law. The power law (fat-tailed) disease gradient consistently reached the 

edges of the field across every combination of outbreak disease levels and all different landscape 

distribution of susceptible host plants (Figures 3.5–3.14). Even in 1,000 x 1,000 cell field 

simulations (Figures 3.19 & 3.20), the power law gradient distributed disease to the field edges 

for all field types. Second, my simulations provide evidence that increased host availability 

amplifies inaccuracies in epidemic magnitude created by dispersal truncation. Previous studies 

(Sackett and Mundt 2005a, b) have shown that when the exponential is used to represent WSR 

dispersal, the amount of disease is misrepresented, with a tendency to underestimate the amount 

of disease up close to the focus and at long distances away from the focus, while substantially 

overestimating the amount of disease at intermediate distances (Figure 3.1). While host 

availability does not appear to impact the disease levels when hosts are sparse, predictions by the 

exponential increasingly depart from what is likely a more biologically accurate projection as 

hosts become more abundant and continuously distributed. Additionally, while I observed the 

development of sub-foci in the power law simulations, I did not observe them emerge, even 

subtly, in the exponential simulations. Sub-foci are highly localized infections that develop via 

longer distance dispersal and stochastic events from the primary disease source, and act as an 

additional, more distant inoculum source as an epidemic develops (Zadoks and van den Bosch 

1994; Severns et al. 2019). These sub-foci are commonly observed in plant epidemics (Zadoks 

and van den Bosch 1994) and are characteristic for LDD plant pathogens. 

In my simulations, exponential disease gradient simulations manifested greater levels of 

whole field disease than the power law simulations in fields with 50% or greater host density. 
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However, when I compared the ratio of disease in 100% susceptible fields for both 200 x 200 

and 1,000 x 1,000 cell fields, I observed this difference between the two dispersal gradient types 

notably diminish. While I was not able to run simulations in fields larger than 1000 × 1000 cells 

due to memory restrictions within the EPIMUL program code, it is highly likely that if the 

virtual field was large enough to follow the majority of dispersed disease by the power law 

gradient the same increases in extent with increases in initial disease and host availability seen in 

the exponential gradient simulations would have been observed. Power law functions culminate 

in a more expansive distribution of disease which, when aggregated over large areas, would be 

likely to surpass the aggregate disease levels projected by a truncated (exponential) disease 

gradient. 

Although the exponential model may be able to coarsely project disease close to the 

focus, studies of WSR in the field have shown that they are unable to accurately represent 

disease in the tails and will overestimate the amount of disease up close to the outbreak as 

disease builds. In Sackett and Mundt (2005a), they measured WSR primary dispersal gradient 

(the disease dispersed from solely the first generation) over 75 m from the disease focus and fit 

different functions to their field data. While they found that power law functions provided the 

best fit to their complete data sets, when they mimicked a truncated field dataset by fitting 

models to only the first 20 m of their data, they found that log-transformed exponential equations 

provided an adequate fit to their truncated data; however, when the data were back transformed, 

they found the exponential overestimated dispersal up close to the outbreak. These results 

provide an excellent demonstration of model mis-fit due to an LDD organism due to truncated 

data. 
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Previous WSR studies have shown that exponential functions do not accurately represent 

patterns seen in the field. In a figure adapted from Sackett & Mundt (2005a), empirical 

measurements of lesions per leaf are fitted to a natural log transformed exponential function 

(Figure 3.1). In this figure, it is clear that the improperly fit exponential function estimates far 

too much disease at intermediate distances and, because WSR is polycyclic, this 

misrepresentation is compounded over multiple generations and results in highly inflated disease 

levels near and at intermediate distances from the outbreak. Most critically, however, the 

exponential function moves at a constant rate over time (Figures 3.15 & 3.17) and never reaches 

the field edge. This is in stark contrast to the power law function, which moves at an increasing 

rate and sends infections to the field edge within 21 days (1% initial disease) and 25 days (0.1% 

initial disease), or about 2.5 generations (Figures 3.16 & 3.18). In fact, in a large field simulation 

of 1000 × 1000 cells (over 1.5 km2) of the power law function, I could not come close to 

representing its full dispersal expanse over 5 generations. This has important implications for 

disease management. Disease management strategies based on an assumption of constant rate of 

dispersal (a traveling wave generated through an exponential function) will underestimate the 

location of the disease front (Severns & Mundt 2021), resulting in delayed treatments that do not 

account for the full extent of disease required to eradicate the disease outbreak. 

Even outside plant epidemiology, studies comparing the fit of fat- and thin-tailed 

dispersal kernels to empirical dispersal data have also concluded fat-tailed kernels outperform 

thin-tailed ones when the goal is to accurately describe and project the movement of LDD 

organisms. These include dispersal studies of pine and oilseed rape pollen (Robledo-Arnuncio 

and Gil 2005; Klein et al. 2006), heather seeds (Bullock and Clarke 2000), brown trout (Fujiwara 

et al. 2006), and British tits and Amazonian birds (Paradis et al. 2002; van Houtan et al. 2007).  
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Studies have demonstrated that limiting the susceptible host availability and connectivity 

will slow disease progression (Mundt et al. 2009; Meentemeyer et al. 2012; Burdon & Thrall 

2014; Severns et al. 2014). In the exponential model simulations, my results showed a clear 

reduction in disease extent and severity as the number of available hosts decreased. However, in 

the power law model simulations, I found that disease extent was unaffected and disease severity 

was only slightly higher in the 100% susceptible fields compared to the 5% susceptible fields. As 

discussed earlier, the lack of change in epidemic extent between the different levels of host 

susceptibility for the power law simulations is likely due to limits of the simulation field size – 

even in 1000 × 1000 cell simulations, I was far from representing the full extent of the power law 

dispersal kernel. 

The 50% susceptible landscapes (as patched and alternating rows), which represent 

agricultural mixtures, had a 32% and 15% decrease from the 100% fields for the exponential and 

power law fields, respectively. In other studies of disease in agricultural mixtures, authors found 

similar disease reductions. Finckh et al. (1999) found powdery mildew incidence was reduced by 

33–71% in barley variety mixtures when compared to pure stands of the same varieties. 

 imilarly, Garrett and  undt’s (    ) study of potato late blight disease reduction in genotype 

mixtures with qualitative disease resistance found close to 40% disease reduction on susceptible 

plants in their 2:1 mixture of susceptible and resistant plants. Cowger et al. (2005) found that 1:1 

or 1:4 mixtures of susceptible and resistant varieties of wheat decreased apparent wheat stripe 

rust infection rates in all but one location-year combination. In their study on genetic diversity 

and  rice blast disease control, Zhu et al. (2000), found that planting a resistant variety of rice in 

between susceptible rows resulted in 94% less disease than susceptible plants grown in 

monoculture. While intercropping and mixtures can reduce the total amount of disease, my 
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power law simulations suggest that the expanse of disease dispersal is unlikely to be limited by 

host patchiness in the same way that the exponential simulations were limited by susceptible host 

distribution. 

The 25% susceptible landscapes (patchy and rows), which represent a dominant plant 

species in a natural landscape, had a 91% and 25% decrease in disease levels from the 100% 

fields for the exponential and power law simulations, respectively. In their study of the effects of 

landscape heterogeneity on sudden oak death (Phytophthora ramorum) in California, Condeso 

and Meentemeyer (2007) found that alternative host and canopy cover were consistently 

significant plot-level covariates to disease severity. The authors argued that denser woodlands 

likely meant an increase in alternative hosts, leading to larger reservoirs of disease and higher 

overall infection levels. They suggest these large, dense patches of woodland may become 

pathogen reservoirs for sudden oak death, containing more disease than smaller patches. 

Conversely, they note increased woodland fragmentation is likely to reduce the rate of less 

mobile and more environmentally vulnerable pathogens, a common theoretical paradigm in the 

field of landscape epidemiology (Burdon et al. 1989; Ostfeld et al. 2005). Meentemeyer et al. 

(2011) reported similar results in their study of the same sudden oak death pathosystem. The 

authors found that, while most disease dispersal occurred locally (< 250 m), infrequent LDD 

events accelerated disease epidemics in regions with high host availability (Meentemeyer et al. 

2011).  

The 5% susceptible landscapes (patchy and rows), meant to represent the distribution of a 

common plant species in a natural landscape, had a 99% and 38% decrease in whole-field 

disease levels from the 100% susceptible landscape for the exponential and power law fields, 

respectively. In their study the epidemiology of anther-smut infection in Silene alba, Antonovics 
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and Alexander (1992) measured spore deposition on host flowers in natural and artificially 

induced epidemics. The authors found that the rate of spore deposition increased with the 

frequency of diseased individuals but saw no change in deposition when there was an increase in 

the density of diseased individuals. These results complement my simulation results, which show 

that, regardless of host density, LDD pathogens have a high probability of dispersing, whereas 

this phenomenon would not be realized if the dispersal gradient is truncated to an exponential 

function. 

My results confirm that accurately characterizing the dispersal gradient is critical to 

understanding and projecting how disease is distributed and epidemic progresses over time and 

space. I found that truncated gradients not only underestimate epidemic extent, but also epidemic 

velocity and magnitude, and this effect is magnified by the degree of host plant scarcity. While 

the penalty for truncating an LDD dispersal gradient with an exponential function is large and 

notable in monocultures and mixtures, it generates considerably more biologically inaccurate 

projections when susceptible host plants become increasingly rare. These results likely explain 

why LDD plant diseases persist in natural systems – even though the majority of propagule 

dispersal occurs close to the disease source, a small number of pathogens propagules can travel 

to distant host patches and establish new infections. This may, in turn, explain why LDD 

pathogens are so difficult to control and often escape area-based containment measures (Cunniffe 

et al. 2015; Peterson et al. 2015; Keeling et al. 2003; Dybiec et al. 2005; Parnell et al. 2009; 

Brooks-Pollock et al. 2015). These results have important implications for the timing of disease 

detection and treatments, which must occur earlier and at a larger scale than predicted by 

traveling wave models (Severns and Mundt 2022). I encourage plant pathologists to make the 

most of their time and effort and consider designing epidemiological field experiments that 
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measure disease dispersal over greater distances, include more sampling locations, and use 

methods that can detect low levels of disease to more accurately represent the LDD gradient 

expected from many plant pathogens.
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CHAPTER 4 

CONCLUSIONS 

In Chapter 2, I completed a literature review of the plant epidemiological literature to 

determine how often plant disease gradients were truncated. I was interested to see if there were 

any patterns changes in the published literature whether plant disease studies adopted methods to 

more accurately fit disease gradients if truncation was common following the publication of two 

influential studies in the mid-1990s. I was also interested in understanding whether disease 

dispersal studies were representative of major plant pathogen dispersal mechanisms or if some 

were underrepresented. I selected 104 published papers displaying figured dispersal gradients 

that were suitable for evaluation from more than 200 studies that reported disease gradients but 

did not present figured data. Of these 104 papers, 10 had to be excluded from formal review 

because their dispersal gradient figures were not interpretable for my purposes. In total, I found 

almost three quarters of the published gradients in the review were truncated. When I 

investigated patterns of truncation based on the year of publication, I found that while there was 

a decrease in the proportion of truncated studies after the year 2000, about five years following 

the publication of studies presenting strong evidence for dispersive waves of organism spread 

(Ferrandino 1993; Kot et al. 1996). However, the proportion of studies presenting truncated 

dispersal gradients for long-distance dispersed organisms was still close to two-thirds. Nearly all 

these truncated dispersal gradients were for wind dispersed fungal pathogens which are 

characterized by long-distance dispersal and consequently dispersive waves (Ferrandino 1993). 

As presented in these studies with truncated dispersal gradients, the dispersal gradient function 
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would inaccurately produce traveling waves which would underestimate the speed and distance 

of plant disease spread.  

Splash dispersal was the next most common mode of dispersal, making up a quarter of 

the selected studies in the reviewed literature, and was likely well-characterized by exponentially 

bound dispersal gradients, but only in the absence of wind. Splash dispersal alone would 

generate a traveling wave (a constant rate) of disease spread, however in nature rain is often 

accompanied by wind. Splash dispersal studies were performed in an isolated environment, like a 

greenhouse, and the authors measured the effects of rainfall over certain time periods, raindrops 

of certain diameters, etc. and specifically excluded the interactions of other environmental 

factors such as wind. These studies often measured dispersal within 1-2 m of the inoculum 

source, which appeared sufficient to capture dispersal exclusively from water droplet impacts. 

While these studies do provide a greater understanding the dispersal physics associated with rain 

droplet splash, they do not have a larger utility in describing splash dispersal as it occurs in 

nature – a mode of dispersal highly linked to and primarily driven by wind. 

Insects, flowing water, and humans accounted for the remaining dispersal gradients in my 

review. All three of these vectors are characterized by long-distance dispersal which, as with 

wind dispersal, will likely generate dispersive waves. While some of these insect, flowing water, 

and human vector studies tracked plant dispersal tens of meters from the source, most of the 

studies only measured dispersal within 10 m of the source, which is insufficient to capture LDD 

events. 

  The Willocquet et al. (2008) study of powdery mildew dispersal on strawberries in a 

glasshouse (closed) and tunnel grow systems (partially closed) was particularly notable for their 

detailed and reasonable characterization of the dispersal gradient. In their study, the authors 
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included and measured the temperature, humidity, and relative wind speed at each of their 

disease monitoring locations – thus including the influence of roof vents and the fan cooling 

system in their closed greenhouse setting. Willocquet et al. (2008) reported that while 

exponential and power law functions could represent their measured disease gradients, the power 

law provided a superior fit, particular at larger distances even within a greenhouse. The authors 

noted their results agreed with previous studies of aerially dispersed plant pathogens, which were 

best fit by power law gradients. Willocquet et al. (2008) also noted that the lack of epidemic 

development in their glasshouse plots was likely due to the reduced wind speeds (ten times less 

than in the tunnel greenhouses which favor a unidirectional flow of air). While in my review I 

categorized their gradients as truncated according to my categorization criteria, the authors still 

acknowledge the importance of wind – even in their protected system – and selected a fat-tailed 

dispersal gradient.   

In Chapter 3, I evaluated the potential effects of dispersal gradient truncation using a 

spatially explicit, compartmental model of aerially dispersed fungal plant pathogens. I 

parameterized the EPIMUL simulation model to represent wheat stripe rust (WSR), a plant 

pathogen with well-studied and thoroughly characterized dispersal gradients and compared the 

simulated epidemics produced by exponential (thin-tailed and intentionally truncated) and power 

law (fat-tailed and appropriately fit) disease gradients in the exact same suite of virtual 

landscapes. The exponential dispersal gradients generated a travelling wave (as expected) while 

the power law gradients generated a dispersive wave (as expected). Truncation of the WSR 

dispersal gradient provided biologically unreasonable projections of disease spread when it is 

well-known that WSR is biologically and statistically more appropriately described by a power 

law dispersal gradient. However, the degree of susceptible host plant patchiness in the simulated 
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landscape over which disease was dispersed magnified this already profound effect of dispersal 

gradient truncation. Compared to the reasonably fit power law gradient, the truncated 

exponential predicted both a more restricted extent of disease dispersal and reduced amount of 

disease further away from the outbreak source; this effect was magnified as susceptible hosts 

became rarer across the virtual landscapes. 

 

Recommendations 

Decision trees and charts can be helpful in making management decisions of all kinds. In 

healthcare, decision trees are commonly used to determine the best treatment for clinical 

patients, ensuring evidence-based and reproducible decision-making by physicians (Bae 2014; 

Podgorelec et al. 2022). In plant pathology, decision support systems (DSS) are often used by 

extension agents, growers, and other plant disease managers to determine best pesticide 

application strategies, prioritize resource allocation, and/or improve disease and insect control 

(Trapman and Polfliet 1997; Morgan et al. 2000; Gent et al. 2013; Wallhead and Zhu 2017). 

Examples of computer-based DSS that integrate weather data include Ag-Radar 

(https://extension.umaine.edu/ipm/ag-radar-apple-sites/), the Network for Environment and 

Weather Applications (NEWA, http://newa.cornell.edu), and RIMpro (http://www.rimpro.eu/). 

There are also simpler decision-making systems like PeanutRx 

(https://peanuts.caes.uga.edu/extension/peanut-rx.html).  

To help plant pathologists prevent dispersal gradient truncation, I have created a decision 

chart with recommendations (Figure 4.1). The first step of the decision chart asks if the dispersal 

gradient will be used in a model – if this is the case, it is critical that the gradient is measured 

correctly, as model performance is dependent on parameter accuracy. The next layers of the 

https://extension.umaine.edu/ipm/ag-radar-apple-sites/
http://newa.cornell.edu/
http://www.rimpro.eu/
https://peanuts.caes.uga.edu/extension/peanut-rx.html
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decision chart ask about vector type; it is critical that researchers acknowledge any LDD vectors 

present in their system (e.g., wind or human vectors), because if they are ignored, studies may 

not account for disease dispersed long distances from the source and mis-apply a truncated 

dispersal gradient. The final step in the decision tree asks if there is sufficient room to measure 

dispersal without truncation. As in the previous step, studies that are unable capture LDD events 

far from the source may mis-apply a truncated dispersal gradient to their system. 

I have provided a series of recommendations to prevent the misapplication of a thin-tailed 

function. First, I encourage researchers to include points further from the source, especially to 

distances with zero disease observations because: 1) if disease is not followed to these distances 

the researcher is implicitly assuming that LDD does not exist and will bias descriptions towards 

a truncated disease gradient, and 2) by definition, LDD dispersed organisms sporadically occur 

in the tails of their distributions (Nathan et al. 2012). In my review, there was strong evidence 

that studies which had sampling locations that measured out to zero dispersal values were more 

reasonably fit than those that did not track disease farther from the source and were obviously 

truncated. In the scenario that a pre-planned study is constrained by field size, with limited 

distance to measure an LDD pathogen, I recommend tracking disease dispersal early in the 

outbreak when disease has not progressed as far. This allows researchers to use smaller areas for 

their experiments; however, even these early dispersal studies need to represent the tails (zero 

dispersal events) as a safeguard against truncating the dispersal gradient. I also recommend using 

regular distance classes to sample disease from the source to prevent spatial bias in the data – 

this was a common occurrence in the reviewed literature that led to improperly fit disease 

gradients. Finally, if the pathogen is wind vectored or invertebrate vectored that can be 

influenced by wind, then fit the dispersal gradient data to a distribution that is not bound by an 
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exponential (i.e. a power law function), even if there’s limited data in the tails, as LDD 

pathogens will be underestimated by an exponential disease gradient. 
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APPENDIX A 

LITERATURE REVIEW SPREADSHEET 

Appendix A contains a table of the literature reviewed in Chapter 2. Originally there were 

multiple for most of the reviewed articles, but they were reduced to a single entry per article for 

simplicity. As it is too large to fit on a single printed page, it has been divided by columns into 

four sections. 
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APPENDIX B 

PYTHON CODE TO MANAGE & VISUALIZE EPIMUL SIMULATION RESULTS FILES 

Appendix B contains examples of the Python code used in Chapter 3 to manage and 

visualize EPIMUL simulation results files. 
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Step 1: Copy and rename EPIMUL simulation folders 

# Inspiration Code: 

# https://automatetheboringstuff.com/chapter9/ 

 

import shutil, os 

 

for i in range(2, 101): 

    shutil.copytree(r'C:\Users\es26255\Desktop\5% susceptible\5% susceptible 

- 1% initial disease - power 

law\5%susceptible_1%initialdisease_powerlaw_stoch_1', 

                 r'C:\Users\es26255\Desktop\5% susceptible\5% susceptible - 

1% initial disease - power 

law\5%susceptible_1%initialdisease_powerlaw_stoch_{}'.format(i)) 
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 tep  : Copy and rename ‘spot’ results files 

#Inspiration Code: 

# https://www.includehelp.com/python/copy-and-rename-files.aspx 

# https://stackoverflow.com/questions/15942564/copying-files-based-on-file-

name-rather-than-data-type-in-python 

 

import os 

import shutil 

import glob 

import pandas as pd 

 

path = r'C:\Users\es26255\Desktop\5% susceptible (SIMULATIONS COMPLETE 10-6-

2021)\1% initial disease - power law' 

 

os.chdir(path) 

 

#create a dir where we want to copy and rename 

dest_dir = os.mkdir('5% susceptible - 1% disease - power law - results') 

dest_dir = path+"/5% susceptible - 1% disease - power law - results"   

 

for path, sub_directories, files in os.walk(path): 

    directory_name = os.path.split(path)[1] #provides names for all the 

subdirectories 

 

    for file in files: 

        if file.startswith("spot"): #swap out for "file.endswith('.txt') to 

grab all text files instead 

            source = os.path.join(path, file) #provides locations for all 

target files 

            destination = os.path.join(dest_dir, directory_name + "_" + file) 

            shutil.copy(source, destination) 

 

for textfile in glob.iglob('**/*_spot.txt', recursive = True): 

    with open(textfile, 'r') as old: 

        lines = old.readlines()[10156:] 

        clean = [l.replace('race = 1;    iday = 51\n','') for l in lines] 

#remove string, carriage return & convert list to string so can use 'replace' 

 

    with open(textfile, 'w') as new: 

        new.writelines(clean) 

 

    read_file = pd.read_csv(textfile, delimiter=' ', header=None) 

    read_file = read_file.dropna(axis='columns', how='any') #drop blank 

columns 

    read_file.to_csv(textfile, header=None, index=False) 

 

    pre, ext = os.path.splitext(textfile) #split into filename and extension 

    os.rename(textfile, pre + ".csv") 
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Step 3: Matrix creation and summary statistics for all stochastic simulations 

#Inspiration Code: 

# https://blog.softhints.com/how-to-merge-multiple-csv-files-with-python/ 

 

import pandas as pd 

import os 

import glob 

 

path = r'C:\Users\es26255\Desktop\5% susceptible (SIMULATIONS COMPLETE 10-6-

2021)\1% initial disease - power law\5% susceptible - 1% disease - power law 

- results' 

 

os.chdir(path) 

 

all_files = glob.glob('**/*stoch*.csv', recursive=True) 

 

df_all = (pd.read_csv(f, header=None) for f in all_files) 

 

df_merged = pd.concat(df_all) 

 

# df_merged.to_csv('df_merged.csv', header=None, index=False) 

 

df_mean = df_merged.groupby(level=0).mean() 

 

df_median = df_merged.groupby(level=0).median() 

 

df_min = df_merged.groupby(level=0).min() 

 

df_max = df_merged.groupby(level=0).max() 

 

df_mean.to_csv('5%susceptible_1%disease_plaw_stoch_MEAN.csv', header=None, 

index=False) 

 

df_median.to_csv('5%susceptible_1%disease_plaw_stoch_MEDIAN.csv', 

header=None, index=False) 

 

df_min.to_csv('5%susceptible_1%disease_plaw_stoch_MIN.csv', header=None, 

index=False) 

 

df_max.to_csv('5%susceptible_1%disease_plaw_stoch_MAX.csv', header=None, 

index=False)  
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Step 4: Create simulation field figure with center-field inset 

#Inspiration code 

# https://stackoverflow.com/questions/2578752/how-can-i-plot-nan-values-as-a-

special-color-with-imshow-in-matplotlib 

# 

https://matplotlib.org/stable/gallery/lines_bars_and_markers/masked_demo.html 

 

import os 

import glob 

import shutil 

import numpy as np 

import pandas as pd 

import matplotlib.pyplot as plt 

 

path = r'C:\Users\emssy\OneDrive - University of Georgia\UGA Work\Research\MS 

thesis\simulation results\5% susceptible' 

 

os.chdir(path) 

 

field_layout = pd.read_csv(r'C:\Users\emssy\OneDrive - University of 

Georgia\UGA Work\Research\MS thesis\simulation results\5% susceptible\field 

layout 5% susceptible.csv', header=None) 

 

for file in glob.iglob('**/*MEDIAN.csv', recursive=True): 

 

    whole_field_file = pd.read_csv(file, header=None) 

    whole_field_data = np.array(np.where(field_layout==0, np.nan, 

whole_field_file)) #apply NaN to non-host cells 

    nonzero_data = np.ma.masked_where(whole_field_data==0, whole_field_data) 

#apply color to non-zero data only 

 

    whole_field_cmap = plt.cm.get_cmap('Greys').copy() #have to make a copy 

of cmap in order to change it 

    whole_field_cmap.set_bad(color='black') #set NAN to display as black 

 

    whole_field_map = plt.imshow(whole_field_data, cmap=whole_field_cmap) 

#display values as white (bottom of Grey colormap) 

    nonzero_data = plt.imshow(nonzero_data, cmap='gist_rainbow_r', vmin=0, 

vmax=100) #needs to come after whole field map so color displays on top 

    whole_field_map.axes.xaxis.set_ticks([]) 

    whole_field_map.axes.yaxis.set_ticks([]) 

    filename = os.path.splitext(file)[0] 

    # plt.title(filename) #filename.replace("_"," ") - can add this if want 

to remove underscores 

    plt.colorbar() 

    plt.savefig(filename+'_nolabel_staticscale.png', dpi=800, 

bbox_inches='tight', transparent=True, pad_inches=0) 

    plt.clf() #clears plot from current window, leaves window open for 

creating addtl plots (so I don't get 1000 colorbars on my figures lol) 

 

 

for file in glob.iglob('**/*_stoch_M*.csv', recursive=True): 

     

    csv_file = pd.read_csv(file, header=None) 

    map_data = np.array(np.where(field_layout==0, np.nan, csv_file))    
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    inset = list(range(0,74)) + list(range(125,200)) 

    inset_data = np.delete(map_data, inset, 1) 

    final_inset_data = np.delete(inset_data, inset, 0) 

 

    inset_field_cmap = plt.cm.get_cmap('gist_rainbow_r').copy() #have to make 

a copy of cmap in order to change it 

    inset_field_cmap.set_bad(color='black') #set NAN to display as black 

 

    inset_field_map = plt.imshow(final_inset_data, cmap=inset_field_cmap, 

vmin=0, vmax=100) 

    inset_field_map.axes.xaxis.set_ticks([]) 

    inset_field_map.axes.yaxis.set_ticks([]) 

    filename = os.path.splitext(file)[0] 

    # plt.title(filename) #filename.replace("_"," ") - can add this if want 

to remove underscores 

    # plt.colorbar() 

    plt.axis('off') 

    plt.savefig(filename+'_inset_nolabel_staticscale_nobar.png', dpi=800, 

bbox_inches='tight', transparent=True, pad_inches=0) 

    plt.clf() #clears plot from current window, leaves window open for 

creating addtl plots (so I don't get 1000 colorbars on my figures lol) 
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APPENDIX C 

DISEASE DENSITY SIMULATIONS 

Appendix C contains results files for seven different disease density simulations. We ran 

deterministic simulations with 0.1% initial disease spread across different numbers of cells at 

different densities to determine the impact of initial disease density on final epidemic magnitude. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

114 

 

  



 

115 

 



 

116 

 



 

117 

 



 

118 

 


