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Abstract

Context Landscape structure influences the spread
of plant pathogens, including coffee leaf rust, a fungal
disease affecting the coffee industry. Rust transmis-
sion is likely affected by landscape structure through
the dispersal of wind-borne spores. Previous studies
found positive associations between rust incidence
and the proportion of pasture cover, suggesting defor-
estation may facilitate spore dispersal.
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Objectives We explored the links between land-
scape structure and coffee rust by modeling the
spread of rust transmission. We investigated how (1)
spatial clustering of coffee farms, (2) proportion of
landscape deforestation, and (3) clustering of defor-
estation affects the speed of rust transmission.
Methods We developed a probabilistic model to
simulate within-patch and between-patch transmis-
sion in simulated and real landscapes. We modeled
within-patch transmission using a probabilistic cel-
lular automata model and between-patch transmission
using a random walk with spore movement inhibited
by canopy cover.

Results Clustering of coffee farms is the primary
driver of rust transmission. Deforestation is a second-
ary driver of rust spread: outbreaks spread more rap-
idly in landscapes where deforested areas are evenly
dispersed throughout the landscape. When applied to
real landscapes in Costa Rica, the model yields the
same trends as simulated landscapes and suggests
increased amounts of coffee near the starting location
of the outbreak are correlated with more rapid rust
spread.

Conclusions 1t is essential to consider landscape
structure when managing the spread of crop dis-
eases. Increasing the spacing between coffee farms
and reducing forest fragmentation in coffee-growing
regions can benefit biodiversity conservation and
reduce the economic impacts of coffee rust.
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Introduction

Many ecological systems are characterized by their
landscape configuration, including natural or anthro-
pogenic habitat fragmentation (Levin 1992; Fahrig
2003). Landscape structure, including the distribution
and quality of habitat, affects the connectivity of hab-
itat patches. Changes in connectivity impact various
species through changes in habitat patches, patch size,
and extinction risk, as well as edge effects (Wiegand
et al. 2005; Gavish et al. 2012; Fahrig 2013; Haddad
et al. 2015; White and Smith 2018; Riva and Fahrig
2022). One area where landscape structure has been
particularly relevant is in the spread of disease (White
et al. 2018).

The conversion of native habitat for agricul-
ture and urban development is associated with an
increase in infectious diseases (Ellwanger et al. 2020;
Gibb et al. 2020). Although evidence remains mixed
(Hagenaars et al. 2004; Tracey et al. 2014), previous
work suggests that both habitat fragmentation and
decreased habitat quality can increase the likelihood
of disease spread (White et al. 2018). Plantegenest
et al. (2007) suggest there are four landscape-level
factors that influence plant pathogen dynamics: (1)
landscape composition influences global inoculation
pressure, (2) landscape heterogeneity impacts patho-
gen dynamics, (3) landscape structure affects patho-
gen dispersal, and (4) landscape properties can induce
the emergence of pathogens. Yet, there have been
limited efforts to understand mechanistically how
landscape structure affects plant disease populations
(Cunniffe et al. 2015).

Here we use the plant disease, coffee leaf rust
(Hemileia vastatrix), as a model system for under-
standing issues of fragmentation and disease spread.
This plant disease infects leaf tissues of cultivated
coffee species, leading to defoliation and reductions
in vegetative growth, all of which reduce coffee berry
yields (Waller 1982). First recorded in 1879, coffee
leaf rust is a fungal disease notably recognized for
destroying the coffee industry in Sri Lanka, which
used to be one of the largest coffee-producing coun-
tries in the world. Since the 1970s, coffee rust has
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spread to the largest coffee-producing regions in
the world including Brazil, Mexico, and Colombia.
Reports of up to 30-50% losses due to coffee rust in
Brazil and Costa Rica, 31% in Colombia, and 16% in
Central America make this disease an urgent priority
for the coffee-growing industry (Baker 2014; Avelino
et al. 2015; McCook and Vandermeer 2015; Zam-
bolim 2016; Cerda et al. 2017).

Transmission of coffee leaf rust spores occurs at
two spatial scales. Local or within-patch transmis-
sion of spores can occur through the wind (Kush-
alappa and Eskes 1989), the impact of raindrops of
coffee leaves (Rayner 1961a, b; Boudrot et al. 2016),
and leaf-to-leaf contact (Vandermeer et al. 2018).
For local mechanisms, transmission is thought to
decline with increasing distance from the infected
source (Vandermeer et al. 2018); therefore a coffee
plant with more infected neighbors is more suscepti-
ble to infection than a plant with few or no infected
neighbors. Regional or between-patch transmission,
by contrast, is more likely to be affected by wind pat-
terns and barriers inhibiting wind movement (Becker
et al. 1975; Martinez et al. 1975; Waller 1982; Kush-
alappa and Eskes 1989; Avelino et al. 2015).

While there is a vast amount of knowledge on
the epidemiology and environmental drivers of cof-
fee rust, the impacts of landscape structure on cof-
fee rust spread remain poorly understood (but see
Vandermeer and Rohani 2014; Vandermeer et al.
2015). Local context such as shade cover and prox-
imity to pasture has been shown to be positively cor-
related with coffee rust incidence, highlighting the
need to investigate how habitat fragmentation due
to deforestation influences the spread of coffee rust
(Avelino et al. 2012). Yet, few studies have focused
on how landscape patterns may influence the spread
and infection rates of coffee rust. The relative lack of
landscape-level research may be due to the difficulty
in collecting data across such a large scale. However,
recent advances in computing power facilitate the use
of simulation models to address processes occurring
at the landscape scale. Here, we use simulation mod-
els to investigate how landscape-level composition
and configuration influence the spread of coffee rust.

We hypothesize that the windborne dispersal
of rust spores is facilitated by landscape composi-
tion and configuration. Specifically, we examine the
effects on disease transmission from the spatial clus-
tering of coffee farms (defined as the aggregation of
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individual coffee farms in the landscape), the pro- space (Fig. 1). We predict that rust spores will dis-

portion of deforestation within the matrix, and the perse more readily through landscapes with high cof-

degree to which deforested areas are scattered in fee clustering and deforestation levels; resulting in
Methods

(landscape scenarios simulation)

- > Landscape predictor
variables

Forest cover

Coffee farm

Coffee rust outbreak

Fig. 1 Graphical illustration of our methods and results. We right). Results show how each landscape predictor variable
simulated landscapes based on differing levels of landscape influences the spread of coffee rust outbreaks within each sim-
structure predictor variables from low to high (reading left to ulated landscape
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a higher incidence of coffee rust in landscapes that
exhibit these characteristics. In addition to the simu-
lated landscapes, we used the model to compare the
potential for rust outbreaks in two regions in Los San-
tos, Costa Rica.

Methods
Landscape simulation

We modeled landscapes using two 100x 100 rasters
constructed using the package NLMpy (Oliphant
2006) in Python 3.7.1 (Python Software Foundation
2018). Rasters had reflective boundaries and included
a 10-cell buffer around each edge to mitigate bound-
ary effects (Keane et al. 2006; Koen et al. 2010). The
first raster in each landscape was a binary raster of
coffee/not coffee, where each coffee cell represented
1 coffee farm. The coffee raster was constructed using
the NLMpy function randomClusterNN (Etherington
et al. 2015) which is an adaptation of the modified
random cluster algorithm (Saura and Martinez-Millan
2000). The algorithm creates a series of random
clusters taking on values between 0 and 1, with the
user defining (1) the proportion of cells in the array
that are randomly assigned to form clusters, and (2)
the neighborhood rule that affects the size and direc-
tional bias of the clusters. After the initial clusters are
formed, the algorithm assigns values to the remaining
cells using nearest-neighbor interpolation.

We assigned a Moore neighborhood rule to all
coffee rasters in the simulation. We defined the pro-
portion of cells assigned to clusters as a parameter
ranging from 0.1 to 0.3 (Table 1). After generating
the initial landscapes, we reclassified the coffee ras-
ters using the NLMpy function classifyArray (Ether-
ington et al. 2015), weighted so the final landscapes
were composed of approximately 25% coffee (rep-
resented by 0’s) and 75% not-coffee (represented by
NaN values—essentially empty cells). The parameter
controlling the proportion of cells assigned to clusters
affected the degree of aggregation in the reclassified
rasters:rasters that were generated using a value of 0.1
resulted in small clusters that were evenly distributed
throughout the landscape, whereas rasters generated
using a value of 0.3 resulted in larger patches that
were not evenly distributed (Fig. S1).
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Table 1 Parameter values for simulated landscapes

Parameter Values
Coffee clustering 0.1,0.2,0.3
Proportion of deforestation 0.15, 0.3,
0.45, 0.6,
0.75
Clustering of deforestation 1,2,3,4,5

The second landscape aspect we modeled repre-
sented the surrounding matrix and “mirrored” the
coffee raster (i.e. cells containing coffee were empty
in the matrix raster). Values in each matrix cell rep-
resented canopy density. The proportion of the array
consisting of deforested cells, or cells with a canopy
density less than 30%, ranged from 0.15 to 0.75 (Fig.
S2). Although there is some debate surrounding the
minimum canopy cover required to declare an area
“forested” (Putz and Redford 2010), we chose 30%
based on the implementation guidelines of the Clean
Development Mechanisms of the Kyoto Protocol
(UNFCCC 2006). We controlled the aggregation of
deforested cells with a parameter taking values from
1 to 5, with 1 being the most clustered and 5 the most
dispersed (Table 1; Fig. S3).

We generated 50 replicate landscapes for each
combination of parameter values for a total of 3750
simulations. We initialized rust infection by randomly
selecting one coffee cell in each simulated landscape
and changing the value of the cell to 1.

Modeling rust transmission

We modeled transmission of coffee rust through the
simulated landscapes using a two-step process linked
by two transition processes (Fig. S4). The two pro-
cesses in our model reflect differences in rust dis-
persal mechanisms at the local (within-patch) and
regional (between-patch) scales. We modeled local
transmission using a stochastic cellular automata
model (Wolfram 2002), in which the probability of
infection in the focal cell at time ¢+ 1 is determined
by p ~ Beta(N, 8-N) where N is the number of infected
cells in the focal cell’s Moore neighborhood. Because
the model assumes that local spread only occurs via
transmission between immediate neighbors, a cell
with no infected neighbors had a probability of infec-
tion p=0.
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After modeling local spread, the model transi-
tioned to regional spread when all infected coffee
cells at the edge of a cluster released 1 spore into
an adjacent, randomly selected matrix cell in the
infected cell’s Moore neighborhood. After new spores
were released, all spores moved throughout the land-
scape using a modified random walk in which canopy
cover was assumed to inhibit spore movement. At
the beginning of the walk, all spores were assigned
equal “movement values” which determined how
far the spore could move during the time step. Each
movement then consisted of a three-step process: (1)
the destination, or target cell, was randomly selected
from the focal cell’s Moore neighborhood, (2) the
spore moved into the target cell and the percent can-
opy cover in the target cell was subtracted from the
movement value, and (3) if the remaining movement
value was greater than 0, the process was re-initial-
ized so the spore could move again. For example, if a
spore started with a movement value of 1 and moved
into a cell with a canopy cover of 0.8, the movement
value would change to 0.2 and the spore would move
again. If the spore then moved into a cell with a can-
opy cover of 0.3, the movement value would change
to — 0.1, and the spore would not move again until
the movement value was reset at the next time step.

Upon completion of the simulated walk, each spore
adjacent to an uninfected coffee cell infected the cell
with a probability of success set at 0.5. This value
is somewhat arbitrary as infection rates are heavily
influenced by other processes we did not specify; spe-
cifically the coffee variety and environmental factors
(van der Vossen et al. 2015; Ward et al. 2017). How-
ever, we chose 0.5 for model simplicity. If a spore
was adjacent to multiple uninfected cells, the target
cell was selected randomly. Spores that successfully
infected a cell were removed from the simulation. We
repeated this four-part process for 1000 time steps per
simulated landscape.

Analyses

We calculated the mean rate of spread, defined as the
average number of new infections per time step, of
each replicate. We calculated the mean rate of spread
rather than traditional metrics such as the proportion
of the landscape that is infected due to size and com-
position differences between the simulated and real
landscapes. Assuming the distribution of the rate of

spread followed a gamma distribution, we estimated
the shape and rate (o and ) parameters of the dis-
tribution using the R package fitdistrplus (Delignette-
Muller and Dutang 2015; R Core Team 2020). Using
the estimated values of these parameters, we cal-
culated (1) the expected value of the distribution,
(2) skewness, and (3) kurtosis, which describes the
“tailed-ness” of the distribution. We also compared
the maximum rate of spread of each replicate and per-
formed these calculations with (1) all simulation rep-
licates pooled, (2) replicates separated by clustering
value, and (3) replicates separated by all parameter
values. We evaluated associations between deforesta-
tion, dispersion, and the properties of the gamma dis-
tribution using Spearman’s p. Correlations of p>0.4
or p<— 0.4 were considered important. We did
not use p-value significance testing to evaluate our
results, as increasing the number of simulations can
artificially increase sample size and confound signifi-
cance tests (White et al. 2014).

Application to real landscapes

For our real landscapes, we used two areas of 97 km?
located in Los Santos, a mountainous region in Cen-
tral Costa Rica known for its high-quality and altitude
coffee. The maps include land-use classification from
2015 high-resolution Ikonos images (1:5000) done
by the Ecosystems Modeling Lab at The Tropical
Agricultural Research and Higher Education Center
(CATIE). Coffee in this region is usually grown in
small farms—mean size is 5.45 ha—ranging from
1000 to 2300 m.a.s.l. in altitude. The main varieties
of Coffea arabica produced are Caturra and Catuai,
which are highly susceptible to coffee leaf rust. More
than 80% of farmers in Los Santos reported having
problems with coffee rust, and 37% changed coffee
varieties due to it and other diseases (Viguera et al.
2019).

We applied our model to two rasters that represented
two locations within the greater Los Santos region,
hereafter called Landscape 1 and Landscape 2. Ras-
ter cell size was approximately 1.5 km? in each raster.
Coffee was the dominant land cover class in each ras-
ter, representing 52% and 54% of Landscapes 1 and 2,
respectively (compared to 36% coffee in the simulated
landscapes). Forest and pasture were also common
land cover classes in each landscape (17.3% and 15.4%
in Landscape 1, 21.0%, and 10.8% in Landscape 2).

@ Springer



Landsc Ecol

Landscape 1 also contained a large body of water in the
southern portion of the raster.

We compared coffee clustering, the proportion
of the matrix that is deforested, and the dispersion of
deforestation between the two real landscapes in Los
Santos. We defined coffee clustering using He’s aggre-
gation index (He et al. 2000), of which Landscape 1
had an aggregation index of 85.1 and Landscape 2 an
aggregation index of 87.0. We used these values and
the proportion of forest cover in the landscape to pre-
dict outcomes based on the results of the simulated
landscapes. We initialized rust infection and ran the
simulation described above 50 times per landscape for
100 total simulations. We calculated the mean rate of
spread, defined as the average number of new infections
per time step, of each replicate to facilitate comparisons
with the simulated landscapes.

To evaluate how the starting location of the out-
break affected the mean rate of rust spread, we drew
50x50-cell square buffers around the starting cell of
each simulation. Within this buffer, we reclassified all
non-coffee and non-forest cover types, including human
settlements, shrubland, and open water, as “other.” We
compared the land cover composition within this buffer
to the mean rate of spread and evaluated the strength of
the correlations using Spearman’s p. For both of these
analyses, a value of p>0.4 and p <— 0.4 were consid-
ered important.

Domain effects and spatial autocorrelation in the
real landscape rasters may influence the outcome of the
model. We tested for domain effects, specifically dis-
tance to the landscape boundary, by testing for correla-
tions between distance from the initially infected cell to
the landscape boundary and rate of spread using Spear-
man’s p. We tested for spatial autocorrelation between
the initially infected cell and outbreak size using Moran’s
I Moran 1950). Similarly to previous tests, values of p
and Moran’s I between — 0.4 and 0.4 were not consid-
ered important relative to the landscape metrics of inter-
est, and we did not report p-values because they are read-
ily manipulated by increasing the number of simulations.

Results
Simulated landscapes

The average rate of spread across all parameter values
ranged from O to 2.08 new infections per time step
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(Fig. 2). The estimated parameters of the full distribu-
tion were estimated at «=0.173 and f=0.780. These
values correspond to an expected value E(x)=0.221,
a skewness of 4.813, and kurtosis 34.759.

All four metrics varied among coffee clustering
values. The expected value and maximum rate of
spread were greatest in landscapes with high clus-
tering but did not appear to differ between low and
moderate clustering values (Fig. 3a, b). Conversely,
the distributions of outcomes at high clustering val-
ues were less skewed and had lower kurtosis (“tailed-
ness”) than distributions at low or moderate cluster-
ing values (Fig. 3c, d).

We did not find consistent effects of deforesta-
tion and dispersion within clustering values, but at
the highest value of coffee clustering, the maximum
infection rate tended to be higher in landscapes where
deforestation was highly dispersed (p=0.486, Fig. 4).

Real landscapes

The rate of rust spread in the two landscapes was
similar (Fig. 5), although the mean rate of spread in
Landscape 2 was marginally higher. The geographic
location of the initial infection appeared to influence
the rate of rust spread, especially in Landscape 1
(Fig. 6). Within-landscape differences in the rate of
spread may be influenced by land cover composition
around the starting location of the outbreak (Figs. 7,
8): the rate of spread in Landscape 1 was positively
correlated with the proportion of coffee in a 50x 50
cell buffer (p=0.790) and negatively correlated with
the proportion of cover types categorized as “Other”

600

400

Count

200 -

O T T T
0.0 0.5 1.0 1.5 2.0
Avg. Infections per Time Step

Fig. 2 Distribution of model outcomes across all parameter
combinations. Assuming the data follow a gamma distribution,
the expected value is 0.221, the skewness 4.813, and the kurto-
sis is 34.759
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Fig. 3 Different values of
coffee clustering yield dis-
tributions of rust prevalence
that vary in shape. Simula-
tions in which coftee was
highly clustered resulted in
distributions with a greater
expected value (i.e., typical
rate of spread) (a), and a
greater maximum rate of
spread (b). High clustering
of coffee also resulted in
distributions that were less
right-skewed (c) and had
narrower tails (d)

Fig. 4 Effects of dispersion
at the highest value of cof-
fee clustering. When defor-
ested areas are dispersed
more evenly throughout the
landscape, the maximum
rate of spread tends to be
higher (p=0.486)
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Avg. Infections per Time Step

Landslcape2
Landscape

Landslcape1

Fig. 5 Mean new rust infections per time step in the two real
landscapes

(p=-0.804). However, these patterns were not present
in Landscape 2 (p=0.106 and p=— 0.144, respectiv
ely).

Distance to the landscape boundary did not appear
to influence the mean rate of spread in Landscape 1
(p=0.053) or Landscape 2 (p=— 0.338). The mean
rate of spread also did not appear to be spatially auto-
correlated in Landscape 1 (I=0.233) or Landscape 2
(I=0.173).

(b)

Discussion

Our results suggest that the spatial clustering of cof-
fee farms is the main driver of rust spread (Figs. 3,
7). When coffee farms are clustered in the landscape,
the distance to the nearest uninfected farm decreases,
allowing spores to quickly reach and infect new
areas. Similarly, our landscape simulations indicate
that aggregating coffee farms at the local scale (e.g.
within-patch) is a key driver of rust spread, and con-
sequently, an important factor to consider when man-
aging coffee rust (Fig. 3). The real landscapes were
composed of a much larger proportion of coffee than
the simulated landscapes, and the model subsequently
yielded higher rates of spread in the real landscapes.
Increasing the number of coffee farms around the
starting location of the outbreak typically resulted
in higher rates of spread, particularly in Landscape
1 (Fig. 7). While deforestation was not a predictor of
rust spread in our real landscapes and only played a
small role in the simulated landscapes (Fig. 4), land-
scapes in which forest is replaced with coffee will
likely have larger outbreaks due to an increase in host
availability.

Due to the potential for long-distance dispersal of
windborne spores, individual management strategies
are insufficient for managing many fungal diseases.
For instance, within-farm management tactics, such
as host removal through culling or planting resist-
ant varieties, fail to contain epidemics because they

Cover Type
Coffee
Forest
Other

Rate of Spread

® Low
Mid

® High

Fig. 6 Starting locations of rust outbreaks in Landscape 1 (a) and Landscape 2 (b). Colored points denote the quantile for the mean
rate of spread; “Mid” indicates the middle two quantiles. Gray cell colors denote land cover type
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Fig. 7 Correlations
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between percent coffee
cover surrounding the start-
ing locations of outbreaks
and rate of rust spread. U
Coffee cover was positively
correlated with the rate of
spread in Landscape 1 (a,
p=0.790) but not Land-
scape 2 (b, p=0.106)
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Fig. 8 Correlations (a)
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(b)

between the percent of .
“other” land cover sur-
rounding the starting loca- .

tions of outbreaks and the . .
rate of rust spread. “Other”
land cover was defined as
anything other than coffee
or forest, including human
settlements, shrubland, and
open water. Other cover
types were negatively
correlated with the rate

of spread in Landscape 1 .
(p=— 0.804) but not Land-
scape 2 (p=—0.144)

Mean Rate of Spread

Mean Rate of Spread

02 03

% Other Land Cover

underestimate the spatial scale of the outbreak (Gil-
ligan 2008). It is possible that high-profile failures
to contain plant disease outbreaks, such as sharka
(Rimbaud et al. 2015) and citrus canker (Irey et al.
2006), are due to implementing local, reactive strate-
gies rather than a landscape-level approach (Gilligan
et al. 2007; Fabre et al. 2019). Our study suggests
that individual actions would be particularly ineffec-
tive in highly connected landscapes (Fig. 3), where
coffee farms are highly aggregated. This finding
reflects previous studies regarding disease transmis-
sion and landscape modality (Macfadyen et al. 2011).
Landscape characteristics of the matrix surrounding
farmland, specifically deforestation, can facilitate or
inhibit disease spread (Fig. 4), demonstrating a need

02 0.4 06
% Other Land Cover

0.4 0.0 08

for management strategies that address processes
occurring at multiple but also larger scales (Amico
et al. 2020).

Understanding the socio-ecological  factors
involved in the spatial configuration of farms is cru-
cial to support landscape-level actions that reduce
susceptibility to crop diseases. The majority of the
coffee in the world is produced on small farms of
less than 10 hectares (Jha et al. 2014). Therefore,
coffee-growing landscapes are composed of several
landowners where cooperation becomes critical for
managing coffee rust outbreaks at the regional level.
Communication among neighboring farmers may
help monitor crop diseases and exchange manage-
ment information to contain the spread of coffee rust.

@ Springer
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In Mexico, Valencia et al. (2015) found that coffee
farmers incorporate external knowledge from NGOs
and government agencies into their resource man-
agement decisions. If cooperation among farmers
includes spatial configuration of farms as another fac-
tor, this could implement landscape-level approaches
to decrease rust spread like minimizing coffee clus-
tering and facilitating community-based reforestation
efforts in non-cultivated areas. Examples of coopera-
tion among farmers have been documented for the
management of plant diseases such as cassava brown
streak disease and Huanglongbing (Bassanezi et al.
2013; Legg et al. 2017). Coordinated management
is thought to be most successful among farmers and
their immediate neighbors, but at larger spatial scales,
competing interests and values may hinder collec-
tive management strategies (Sherman et al. 2019).
Therefore, an integrative approach that incorporates
on-farm, neighborhood, and landscape management
strategies may serve as a productive way for farmers,
land managers, and government officials to collec-
tively manage coffee rust (Amico et al. 2020).

While spacing out coffee farms may be one solu-
tion to prevent rust outbreaks, it may not be a feasible
option for farmers with limited space or resources.
Alternatively, a collective of individual management
actions that are based on farmer decisions may help
limit coffee rust spread and thus reduce the chances
of outbreaks at the landscape level. For instance, the
addition of shade trees in our case study region of
Costa Rica, such as banana or plantain (Musaceae
family), Erythrina poeppigiana (also known as pord),
and leguminous /nga spp. are commonly planted in
between rows of coffee and around plots as a method
to mitigate the spread of coffee rust (Perfecto et al.
1996; Romero-Alvarado et al. 2002; Albertin and
Nair 2004). Shade trees have been shown to reduce
spore dispersal by altering winds and providing can-
opy shade cover, protecting coffee from infection
by spores (Avelino et al. 2004; Boudrot et al. 2016;
Gagliardi et al. 2020, 2021). Studies that address
preventative actions taken by farmers in response to
coffee rust outbreaks have noted that shade trees pro-
vide an important service for coffee rust management
(Soto-Pinto et al. 2002; Narayana 2013; Valencia
et al. 2015). To some extent, this type of individual
management action offers farmers a way to directly
regulate coffee rust at the farm level, but it may not be
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enough considering the complex interaction between
rust transmission and the surrounding landscape.

Based on our results and the results of previous
work, it is likely that consideration of spatial arrange-
ment at multiple scales is needed for effective rust
management. Hajian-Forooshani and Vandermeer
(2021), for example, compared simulated coffee rust
spread at the farm level following a simple null model
to a network model from empirical data to understand
the spatial structure of coffee rust dynamics. Com-
plementary to our results, they found that the spa-
tial arrangement of coffee plants within a farm plot
influences the probability of coffee rust outbreaks.
Together, the results from our study and results from
Hajian-Forooshani and Vandermeer (2021) sug-
gest avoiding high clustering of coffee farms at the
landscape scale and uniform spacing of plants at
the plot scale to decrease the spread of coffee rust.
Thus, when an opportunity to restructure the spatial
configuration of a coffee-growing region arises (i.e.,
replacing coffee plants, buying land for coffee farm-
ing, or after a regional disease outbreak, Valencia
et al. 2018), incorporating multi-scale approaches to
decrease coffee rust spread is important.

Spacing out coffee farms could mean less har-
vestable area, resulting in a trade-off between farm-
land extension and the risk of rust outbreaks and rust
spread. Additionally, deciding the location of new
farms or where farmers get to replant plots highly
depends on the economic position of the farmer and
this could lead to biased decisions. However, it could
also promote opportunities for land reparations. Find-
ing the threshold for these trade-offs or the mecha-
nisms of collective actions or landscape planning
were beyond the scope of this study, but are crucial
next steps.

Landscape planning and management go hand
in hand with collective actions to control crop pests
and diseases (Brévault and Clouvel 2019; Vilchez-
Mendoza et al. 2022). The homogenization of cof-
fee landscapes, primarily through the clearing of
forested areas, has been previously linked to coffee
rust outbreaks and continues to present major chal-
lenges for disease control (Avelino et al. 2004, 2006;
Boudrot et al. 2016; Perfecto et al. 2019). To this end,
deforestation, and thus the loss of shade in forested
systems, can facilitate the dispersal of rust spores
by allowing wind gusts to infiltrate coffee canopies
(Perfecto et al. 2019). Our results agree with these
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mechanistic explanations for the spread of coffee
rust within a simplified-homogenous landscape as
high levels of clustering and deforestation resulted in
a more rapid spread of coffee rust infections. Thus,
efforts to undo the effects of landscape homogeniza-
tion through conservation and reforestation practices
may serve as an effective approach to managing cof-
fee rust at the landscape level.

The relative simplicity of our model allows us to
focus on landscape effects without having to filter
through “noise” created by other environmental pro-
cesses. However, this simplicity comes with the dis-
advantage of omitting a handful of factors that may
influence how well our model reflects reality. Our
model does not include the added complexity of agro-
forest systems or the direct effects of abiotic condi-
tions such as wind, rainfall, sunlight, and humidity,
all of which are known to affect rust transmission
and germination (Kushalappa and Eskes 1989; Merle
et al. 2020). Wind, in particular, is thought to be the
primary mechanism driving landscape-level dis-
persal of rust spores in monoculture coffee systems
(Boudrot et al. 2016). By omitting wind, it is likely
our model underestimates the importance of defor-
estation as a driver of landscape-level prevalence.
Additionally, our model treats infection as a binary:
a coffee farm is either fully infectious or fully healthy.
In reality, the severity of infection within farms and
within plants is more of a gradient and may influence
the rate of spread by influencing the number of spores
that are released from an infected plant (Kushalappa
and Eskes 1989). We also do not include environmen-
tal variability, such as seasonality, extreme events, or
long-term changes including climate change (Pham
et al. 2019; White and Hastings 2020). Despite these
limitations, our model successfully outlines broad
patterns of rust spread and the landscape factors influ-
encing outbreaks, setting the stage for future work.

Conclusions

Our results have important implications for coffee rust
landscape management practices. Specifically, our
findings suggest that coffee-growing regions should
focus on cooperative management in addition to
individual practices to reduce coffee rust prevalence.
Regionally, reforestation projects and landscape man-
agement decisions should consider that landscapes

with lower coffee cover tend to have a lower preva-
lence of coffee rust and are more resistant against
outbreaks. Land-use decision-makers should consider
that the exact degree and location of deforestation
matters for disease outbreaks, as higher dispersion of
deforestation seems to lead to outbreaks that spread
more rapidly. Given that our study only focused on
modeling coffee rust transmission at the farm to land-
scape scale, further efforts to incorporate additional
scales, such as plant to plot to farm to landscape, may
allow for a better grasp of transmission dynamics and
subsequent management actions (Hajian-Forooshani
and Vandermeer 2021). Therefore, reducing land-
scape homogenization and deforestation at multi-
ple scales is a priority. Additionally, it will be vital
to estimate the socio-economic trade-offs between
reducing coffee farmland to reduce rust spread and
the economic impact to farmers, as well as finding
thresholds in the spatial configuration between coffee
and forest areas to prevent rust outbreaks.

Acknowledgements We thank Nick Gotelli and members of
the QUEST community at the University of Vermont for helpful
feedback on our simulation and analysis. We thank two anony-
mous reviewers for constructive feedback on this manuscript.
We are especially grateful to Jorge A. Ruiz-Arocho for illus-
trating our graphical abstract. We also thank Emily Fung and
Christian Brenes P. at The Tropical Agricultural Research and
Higher Education Center (CATIE) for sharing the land-use data
used for the real landscape analyses.

Author contribution EMB, NA, and EMB contributed
equally to study conception, design, and wrote the first draft of
the manuscript. EMB wrote all code for simulations and data
analyses. NA obtained real landscape data. All authors read,
revised, and approved subsequent drafts of the manuscript.

Funding The Quantitative and Evolutionary STEM Train-
ing (QUEST) Program financed by the University of Vermont
and the National Science Foundation (Grant DGE-1735316)
supported all authors. E.M. Bueno was supported by an HHMI
Gilliam Fellowship for Advanced Study (Grant #GT13607).
Data availability Not applicable.

Code availability All code and model outputs are archived
on Zenodo at https://zenodo.org/record/6760264#.Yrm2o
3bMldg.

Declarations

Conflict of interest The authors declare no competing inter-
ests.

Ethical approval Not applicable.

@ Springer


https://zenodo.org/record/6760264#.Yrm2o3bMJdg
https://zenodo.org/record/6760264#.Yrm2o3bMJdg

Landsc Ecol

Informed consent Not applicable.

Consent for publication Not applicable.

References

Albertin A, Nair PKR (2004) Farmers’ perspectives on the role
of shade trees in coffee production systems: an assess-
ment from the Nicoya Peninsula, Costa Rica. Hum Ecol
32:443-463

Amico AL, Ituarte-Lima C, Elmqvist T (2020) Learning from
social-ecological crisis for legal resilience building:
multi-scale dynamics in the coffee rust epidemic. Sustain
Sci 15:485-501

Avelino J, Cristancho M, Georgiou S et al (2015) The cof-
fee rust crises in Colombia and Central America (2008—
2013): impacts, plausible causes and proposed solutions.
Food Sec 7:303-321

Avelino J, Romero-Gurdian A, Cruz-Cuellar HF, Declerck FAJ
(2012) Landscape context and scale differentially impact
coffee leaf rust, coffee berry borer, and coffee root-knot
nematodes. Ecol Appl 22:584-596

Avelino J, Willocquet L, Savary S (2004) Effects of crop man-
agement patterns on coffee rust epidemics. Plant Pathol
53:541-547

Avelino J, Zelaya H, Merlo A et al (2006) The intensity of a
coffee rust epidemic is dependent on production situa-
tions. Ecol Model 197:431-447

Baker P (2014) The “Big Rust”: an update on the coffee leaf
rust situation. Coffee Cocoa Int 40:37-39

Bassanezi RB, Montesino LH, Gimenes-Fernandes N et al
(2013) Efficacy of area-wide inoculum reduction and vec-
tor control on temporal progress of Huanglongbing in
young sweet orange plantings. Plant Dis 97:789-796

Becker S, Mulinge SK, Kranz J (1975) Evidence that ure-
dospores of Hemileia vastatrix Berk. and Br. are wind-
borne. Phytopathol Z 82:359-360

Boudrot A, Pico J, Merle I et al (2016) Shade effects on the dis-
persal of airborne Hemileia vastatrix Uredospores. Phyto-
pathology 106:572-580

Brévault T, Clouvel P (2019) Pest management: reconcil-
ing farming practices and natural regulations. Crop Prot
115:1-6

Cerda R, Avelino J, Gary C et al (2017) Primary and secondary
yield losses caused by pests and diseases: assessment and
modeling in coffee. PLoS ONE 12:e0169133

Cunniffe NJ, Koskella BE, Metcalf CJ et al (2015) Thir-
teen challenges in modelling plant diseases. Epidemics
10:6-10

Delignette-Muller ML, Dutang C (2015) fitdistrplus: an R
package for fitting distributions. J Stat Softw 64:1-31

Ellwanger JH, Kulmann-Leal B, Kaminski VL et al (2020)
Beyond diversity loss and climate change: impacts of
Amazon deforestation on infectious diseases and public
health. An Acad Bras Ciénc 92:¢20191375

Etherington TR, Holland EP, O’Sullivan D (2015) NLMpy: a
python software package for the creation of neutral land-
scape models within a general numerical framework.
Methods Ecol Evol 6:164-168

@ Springer

Fabre F, Coville J, Cunniffe NJ (2019) Optimising reactive dis-
ease management using spatially explicit models at the
landscape scale. https://arxiv.org/191112131 [math, g-bio]

Fahrig L (2003) Effects of habitat fragmentation on biodiver-
sity. Annu Rev Ecol Evol Syst 34:487-515

Fahrig L (2013) Rethinking patch size and isolation effects: the
habitat amount hypothesis. J Biogeogr 40:1649-1663

Gagliardi S, Avelino J, Beilhe LB, Isaac ME (2020) Contribu-
tion of shade trees to wind dynamics and pathogen dis-
persal on the edge of coffee agroforestry systems: a func-
tional traits approach. Crop Prot 130:105071

Gagliardi S, Avelino J, Virginio Filho EM, Isaac ME (2021)
Shade tree traits and microclimate modifications: implica-
tions for pathogen management in biodiverse coffee agro-
forests. Biotropica 53:1356-1367

Gavish Y, Ziv Y, Rosenzweig ML (2012) Decoupling fragmen-
tation from habitat loss for spiders in patchy agricultural
landscapes. Conserv Biol 26:150-159

Gibb R, Redding DW, Chin KQ et al (2020) Zoonotic host
diversity increases in human-dominated ecosystems.
Nature 584:398-402

Gilligan CA (2008) Sustainable agriculture and plant dis-
eases: an epidemiological perspective. Phil Trans R Soc
B 363:741-759

Gilligan CA, Truscott JE, Stacey AJ (2007) Impact of scale
on the effectiveness of disease control strategies for
epidemics with cryptic infection in a dynamical land-
scape: an example for a crop disease. ] R Soc Interface
4:925-934

Haddad NM, Brudvig LA, Clobert J et al (2015) Habitat frag-
mentation and its lasting impact on Earth’s ecosystems.
Sci Adv 1:¢1500052

Hagenaars TJ, Donnelly CA, Ferguson NM (2004) Spatial het-
erogeneity and the persistence of infectious diseases. J
Theor Biol 229:349-359

Hajian-Forooshani Z, Vandermeer J (2021) Emergent spatial
structure and pathogen epidemics: the influence of man-
agement and stochasticity in agroecosystems. Ecol Com-
plex 45:100872

He HS, DeZonia BE, Mladenoff DJ (2000) An aggregation
index (AI) to quantify spatial patterns of landscapes.
Landscape Ecol 15:591-601

Irey M, Gottwald TR, Graham JH et al (2006) Post-hurricane
analysis of citrus canker spread and progress towards the
development of a predictive model to estimate disease
spread due to catastrophic weather events. Plant Health
Progress 7:16

Jha S, Bacon CM, Philpott SM et al (2014) Shade coftee:
update on a disappearing refuge for biodiversity. Biosci-
ence 64:416-428

Keane RE, Holsinger LM, Pratt SD (2006) Simulating histori-
cal landscape dynamics using the landscape fire succes-
sion model LANDSUM version 4.0. U.S. Department of
Agriculture, Forest Service, Rocky Mountain Research
Station, Ft. Collins, CO

Koen EL, Garroway CJ, Wilson PJ, Bowman J (2010) The
effect of map boundary on estimates of landscape resist-
ance to animal movement. PLoS ONE 5:e11785

Kushalappa AC, Eskes AB (1989) Coffee rust: epidemiology,
resistance, and management. CRC Press, Boca Raton


https://arxiv.org/191112131

Landsc Ecol

Legg J, Ndalahwa M, Yabeja J et al (2017) Community phy-
tosanitation to manage cassava brown streak disease.
Virus Res 241:236-253

Levin SA (1992) The problem of pattern and scale in ecol-
ogy: the Robert H. MacArthur award lecture. Ecology
73:1943-1967

Macfadyen S, Gibson RH, Symondson WOC, Memmott J
(2011) Landscape structure influences modularity patterns
in farm food webs: consequences for pest control. Ecol
Appl 21:516-524

Martinez JA, Palazzo DA, Karazawa M, et al (1975) Presenca
de esporos de Hemileia vastatrix Berk Br. agente causal
de ferrugem do cafeeiro, em diferentes altitudes nas prin-
cipais areas cafeeiras dos Estados de Sao Paulo e Parana,
Brasil. Biologico 41:

McCook S, Vandermeer J (2015) The big rust and the red
queen: long-term perspectives on coffee rust research.
Phytopathology 105:1164-1173

Merle I, Tixier P, de Virginio Filho EM et al (2020) Forecast
models of coffee leaf rust symptoms and signs based on
identified microclimatic combinations in coffee-based
agroforestry systems in Costa Rica. Crop Prot 130:105046

Moran PAP (1950) Notes on a continuous stochastic phenom-
ena. Biometricka 37:178-181

Narayana MR (2013) Do coffee varieties and shade trees mat-
ter for management of leaf rust disease in India? Evi-
dence for household farmers. Forests, Trees Livelih 22:
275-288

Oliphant TE (2006) A guide to NumPy. Trelgol Publishing,
USA

Perfecto I, Jiménez-Soto ME, Vandermeer J (2019) Coffee
landscapes shaping the anthropocene: forced simpli-
fication on a complex agroecological landscape. Curr
Anthropol 60:S236-S250

Perfecto I, Rice RA, Greenberg R, Van der Voort ME (1996)
Shade coffee: a disappearing refuge for biodiversity:
shade coffee plantations can contain as much biodiversity
as forest habitats. Bioscience 46:598-608

Pham Y, Reardon-Smith K, Mushtaq S, Cockfield G (2019)
The impact of climate change and variability on cof-
fee production: a systematic review. Clim Change
156:609-630

Plantegenest M, Le May C, Fabre F (2007) Landscape epide-
miology of plant diseases. J R Soc Interface 4:963-972

Putz FE, Redford KH (2010) The importance of defining ‘for-
est’: tropical forest degradation, deforestation, long-term
phase shifts, and further transitions. Biotropica 42:10-20

Python Software Foundation (2018) Version 3.7.1

R Core Team (2020) R: a language and environment for statis-
tical computing. Version 4.0.0. R Foundation for Statisti-
cal Computing, Vienna, Austria. https://www.R-project.
org/

Rayner RW (1961a) Germination and penetration studies on
coffee rust (Hemileia vastatrix B. & Br.). Ann Appl Biol
49:497-505

Rayner RW (1961b) Spore liberation and dispersal of coffee
rust Hemileia vastatrix B. et Br. Nature 191:725-725

Rimbaud L, Dallot S, Gottwald T et al (2015) Sharka epidemi-
ology and worldwide management strategies: learning les-
sons to optimize disease control in perennial plants. Annu
Rev Phytopathol 53:357-378

Riva F, Fahrig L (2022) The disproportionately high value of
small patches for biodiversity conservation. Conserv Lett.
https://doi.org/10.1111/conl.12881

Romero-Alvarado Y, Soto-Pinto L, Garcia-Barrios L, Barrera-
Gaytan JF (2002) Coffee yields and soil nutrients under
the shades of Inga sp. vs. multiple species in Chiapas.
Mexico Agroforestry Systems 54:215-224

Saura S, Martinez-Millan J (2000) Landscape patterns simula-
tion with a modified random clusters method. Landscape
Ecol 15:661-678

Sherman J, Burke JM, Gent DH (2019) Cooperation and coor-
dination in plant disease management. Phytopathology
109:1720-1731

Soto-Pinto L, Perfecto I, Caballero-Nieto J (2002) Shade over
coffee: its effects on berry borer, leaf rust and spontaneous
herbs in Chiapas, Mexico. Agrofor Syst 55:37-45

Tracey JA, Bevins SN, VandeWoude S, Crooks KR (2014)
An agent-based movement model to assess the impact of
landscape fragmentation on disease transmission. Eco-
sphere 5:art119

UNFCCC (2006) FCCC/KP/CMP/2005/8/Add.1: report of the
conference of the parties on its first session, held at Ber-
lin from 28 March to 7 April 1995. Addendum. Part two:
action taken by the conference of the parties at its first ses-
sion. Geneva, Switzerland

Valencia V, Garcia-Barrios L, Sterling EJ et al (2018) Small-
holder response to environmental change: impacts of
coffee leaf rust in a forest frontier in Mexico. Land Use
Policy 79:463-474

Valencia V, West P, Sterling EJ et al (2015) The use of farmers’
knowledge in coffee agroforestry management: implica-
tions for the conservation of tree biodiversity. Ecosphere
6:art122

van der Vossen H, Bertrand B, Charrier A (2015) Next gen-
eration variety development for sustainable production of
arabica coffee (Coffea arabica L.): a review. Euphytica
204:243-256

Vandermeer J, Hajian-Forooshani Z, Perfecto I (2018) The
dynamics of the coffee rust disease: an epidemiologi-
cal approach using network theory. Eur J Plant Pathol
150:1001-1010

Vandermeer J, Rohani P (2014) The interaction of regional and
local in the dynamics of the coffee rust disease. https://
arxiv.org/14078247 [g-bio]

Vandermeer J, Rohani P, Perfecto I (2015) Local dynamics of
the coffee rust disease and the potential effect of shade.
https://arxiv.org/151005849 [g-bio]

Viguera B, Alpizar F, Harvey CA et al (2019) Percepciones de
cambio climatico y respuestas adaptativas de caficultores
costarricenses de pequefia escalal. Agronomia Mesoa-
mericana 30:333-351

Vilchez-Mendoza S, Romero-Gurdian A, Avelino J et al (2022)
Assessing the joint effects of landscape, farm features and
crop management practices on berry damage in coffee
plantations. Agr Ecosyst Environ 330:107903

Waller JM (1982) Coffee rust—epidemiology and control.
Crop Prot 1:385-404

Ward R, Gonthier D, Nicholls C (2017) Ecological resil-
ience to coffee rust: varietal adaptations of coffee farm-
ers in Copan, Honduras. Agroecol Sustain Food Syst
41:1081-1098

@ Springer


https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1111/conl.12881
https://arxiv.org/14078247
https://arxiv.org/14078247
https://arxiv.org/151005849

Landsc Ecol

White ER, Hastings A (2020) Seasonality in ecology: progress
and prospects in theory. Ecol Complex 44:100867

White ER, Smith AT (2018) The role of spatial structure
in the collapse of regional metapopulations. Ecology
99:2815-2822

White JW, Rassweiler A, Samhouri JF et al (2014) Ecologists
should not use statistical significance tests to interpret
simulation model results. Oikos 123:385-388

White LA, Forester JD, Craft ME (2018) Disease outbreak
thresholds emerge from interactions between movement
behavior, landscape structure, and epidemiology. PNAS
115:7374-7379

@ Springer

Wiegand T, Revilla E, Moloney KA (2005) Effects of habitat
loss and fragmentation on population dynamics. Conserv
Biol 19:108-121

Wolfram S (2002) A new kind of science. Wolfram Media,
Champaign, IL

Zambolim L (2016) Current status and management of coffee
leaf rust in Brazil. Trop Plant Pathol 41:1-8

Publisher’s Note Springer Nature remains neutral with regard
to jurisdictional claims in published maps and institutional
affiliations.



	Spatially explicit models predict coffee rust spread in fragmented landscapes
	Abstract 
	Context 
	Objectives 
	Methods 
	Results 
	Conclusions 

	Introduction
	Methods
	Landscape simulation
	Modeling rust transmission
	Analyses
	Application to real landscapes

	Results
	Simulated landscapes
	Real landscapes

	Discussion
	Conclusions
	Acknowledgements 
	References




