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Anthropogenic modifications to the landscape have altered several ecological
processes worldwide, creating new ecological boundaries at the human/wildlife
interface. Outbreaks of zoonotic pathogens often occur at these ecological
boundaries, but the mechanisms behind new emergences remain drastically
understudied. Here, we test for the influence of two types of ecosystem
boundaries on spillover risk: (1) biotic transition zones such as species range
edges and transitions between ecoregions and (2) land use transition zones
where wild landscapes occur in close proximity to heavily impacted areas of
high human population density. Using ebolavirus as a model system and an
ensemble machine learning modeling framework, we investigated the role of
likely reservoir (bats) and accidental host (primates) range edges and patterns
of land use (defined using SEDAC categories) on past spillover events. Our
results show that overlapping species range edges and heightened habitat
diversity increase ebolavirus outbreaks risk. Moreover, we show that gradual
transition zones, represent by high proportion of rangelands, acts as a buffer
to reduces outbreak risks. With increasing landscape changes worldwide,
we provide novel ecological and evolutionary insights into our understanding of
zoonotic pathogen emergence and highlight the risk of aggressively developing
ecological boundaries.

KEYWORDS

disease ecology, Schmalhausen'’s law, ecological boundaries, spillover, filovirus,
disease emergence

Introduction

The past few decades have been marked by a drastic increase in zoonotic pathogen
spillover events worldwide (1-3). The recent COVID-19 pandemic was an unfortunate
demonstration of the dire effects that zoonotic pathogen spillover can have on human
and animal health (4). In the face of the rising number of emerging zoonotic pathogens
(1), the One Health approach, which considers human, animal and environmental
health simultaneously, has been proposed as a powerful conceptual tool to help tackle
the rise of emerging zoonotic pathogens (5). However, a major component leading to
pathogen spillover events, environmental health, is often neglected and stands as a
deficiency to providing a truly comprehensive One Health approach (6). To prepare for
and mitigate future zoonotic pathogen emergence, a better understanding of how
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environmental factors influence disease risk is needed. Ecosystem
boundaries have been suggested as a common environmental
factor that may contribute to zoonotic spillover by being areas
where many host species can come into contact, fostering cross
species transmission and potential spread of pathogens into
human populations (7). However, direct empirical tests of
whether ecosystem boundary areas have higher spillover risk than
other regions remain surprisingly rare. Further, even in cases
where this hypothesis has been tested [e.g., (8, 66)] it remains
unclear whether ecological and evolutionary factors, the simple
confluence of human and wild animal populations, or both
contribute to spillover risk.

Broadly speaking, ecosystem boundaries can be thought of as
reflecting two types of transitions zones (1) biotic transition zones
between ecoregions or biomes, which can also manifest as areas where
the edges of many species geographic ranges occur, and (2) land use
transition zones, where transitions from wild to anthropogenically
dominated landscapes occur, and thus where human populations are
likely to come into contact with a wide variety of potential disease
reservoir host species. Whether these two types of transition zones
influence spillover risk, and if so which does so most strongly, has
infrequently been tested empirically (23). This is important because
the mechanisms by which biotic vs. land use transition zones are likely
to influence spillover risk, and whether they would even necessarily
be expected to do so, somewhat differ.

If we define a biotic transition zone as an area where many species
ranges edges occur, two macroecological hypotheses have important
implications for expected patterns of spillover risk. The geographic
center-abundant hypothesis (9) predicts that individuals of species
located near their geographic range center thrive due to better overall
conditions compared to those near species range edges, which results
in higher reproductive success and higher abundance near the center
of any given species geographic ranges (10, 11). While this theory and
the validity of its predictions are still disputed (12), it focuses on the
idea that the center of a species range represents an area of greater
ecological suitability than range edges (13). Ecologically challenging
localities at the edge of a species range could increase a reservoir’s
ecophysiological stress, potentially allowing pathogens to reach higher
prevalence or abundance, increasing spillover risk by increasing the
chance of transmission when individuals come unto contact (7).
Conversely, lower expected abundance of reservoir host species could
actually decrease spillover risk by decreasing contact rates between
reservoirs and other species including humans (14).

Another macroecological mechanism relating species range-edges
to spillover risk is Schmalhausen’s law (15-18). Schmalhausen’s law
predicts that whenever individuals in a population are pushed to the
edges of their ecological or physiological tolerances, unusual
phenotypes will be observed due to gene expression outside of the
range of environments for which species genotypes have been
canalized by previous natural selection (17, 19). In the context of
spillover, this could lead to unusual population dynamics or that
might affect transmission risk (15). If the range-center-abundance
hypothesis is correct, species range edges represent the types of
environments in which species are likely to be pushed to their
physiological limits. Thus, Schmalhausen’s law can be regarded as
another mechanism by which the range-center-abundance hypothesis
might be related to spillover risk. So far, this theory has primarily been
tested in systems involving vector-borne pathogens (15, 18, 20),
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though a recent study showed evidence that it may influence outbreak
size in at least one directly transmitted pathogen, Marburg virus (16).
In contrast to purely biotic transition zones, we define land use
transition zones as areas where wild habitats, relatively unaffected by
anthropogenic change and with low human population density,
transition into urban or agricultural landscapes with much higher
human population density (Figure 1). These unnatural ecological
boundaries, forming transition zones between environments (21), are
hypothesized to be fertile grounds for the emergence of zoonotic
pathogens (2). For instance, the extinction-filter evolutionary hypothesis
predicts that species that evolve in high-disturbance areas should
be more resilient to anthropogenic environmental changes, such as
human encroachment and habitat fragmentation (22). Thus, in
disturbed habitats these species will be among the survivors and be able
to reach high abundance. If such a species is a disease reservoir, it could
greatly increase spillover risk in disturbed habitats (23). Conversely, even
if species that evolved in stable environments are able to survive in these
areas, they will presumably still be under great stress (22), which could
also lead to higher pathogen prevalence and increased spillover risk.
More, simply land use transition zones might represent “mixing zones”
between wild and settled areas, where human populations from highly
impacted settled areas tend to come into contact with populations of
host species being maintained in less impacted wild areas, such as
forests, and to which these transitional zones are still “permeable” (7).
Few studies have considered both types of transition zones
simultaneously (in fact none that we are aware of), and thus tested
which sets of mechanisms are most likely to influence spillover risk.
However, if biotic transitions zones are more important to driving
spillover, we would expect spillover risk to increase near areas where
many species geographic ranges occur (Figures 1A,B). Conversely, if
land use transition zones are more important (Figure 1C) we would
expect spillover to occur in regions where both human-impacted and
relatively undisturbed wild areas occur in close proximity. While land
use transition zones will certainly represent new range edges for some
species that cannot tolerate close association with humans in settled
areas, in general anthropogenic disturbances in the environment are
expected to affect the population dynamics, and thus range
boundaries, of different species idiosyncratically (24). Co-occurrence
of multiple species range-edges would only be expected to strongly
predict spillover risk if biotic transitions zones per se are affecting
zoonotic disease dynamics. The confluence of both types of transition
zones might also lead to even higher spillover risk than either alone.
Regardless, to establish which, if any, of the mechanisms
we discuss may be at play in driving spillover risk, a first step is to ask
whether biotic transition zones, land use transition zones, or both
show increased spillover risk. Ebolaviruses [by which we here refer to
any African species of Orthoebolavirus sensu (25)] present a
compelling study system for this exercise. Ebolavirus outbreaks
produce extremely high mortality in human populations, often in
excess of 50% (26). Likely because of this, ebolavirus is the subject of
intense monitoring and research effort (27), and we speculate that a
larger proportion of spillover events have likely been documented
compared to many other sporadically occurring pathogens in tropical
regions. Ebola virus is also a generalist pathogen that can infect a wide
variety of species including bats, ungulates, and primates including
humans (26), and thus a pathogen in which biotic transition zones
(i.e., areas where many host species geographic range boundaries
overlap) might be expected to influence spillover risk. Although fruit
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FIGURE 1

areas (orange).

Biotic transition zones effects related to species range edges

Landscape transition zones affecting species resource allocation and rates of contact with humans

Potential main processes along with their directionality explaining the main mechanisms underlying transition zones in directly transmitted pathogens.
(A) Expected overall directionality of spillover risk with increasing of ecological boundaries (blue). (B) If such patterns are generated by evolutionary
mechanisms, spillover risk should be more tightly correlated with the distance to the edge of the geographic range of competent host species
(orange). (C) If such patterns are related to artificial transition zones such as conversion to agricultural landscapes or unnatural ecotones, spillover risk
should be more tightly correlated with the proportion of land being used for croplands or rangelands that mark the transition between wild and settled
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bats have been strongly implicated as a reservoir (28), the source of
spillover events into human populations has often been primates (29).
Collectively, the spatial ranges of the bat and primate species that are
susceptible to ebolaviruses cover most of sub-Saharan Africa and all
of the areas where ebolavirus spillover events have occurred. It is thus
possible to combine large scale land-use and species geographic range
data in an integrative framework to test whether species range edges
or patterns of land use most strongly affect spillover risk (Figure 1).
While a number of studies have investigated the drivers of
Ebolavirus spillover risk [e.g., (8, 30-32)], few studies have specifically
tested for species range edge-effects or contrasted their influence with
that of transition zones related to patterns of human land use. Here,
we investigate the role of natural biotic and anthropogenically created
ecological boundaries in contributing to repeated disease spillover
events using the Ebola virus as a model system. We quantify biotic
transition zones based on the overlapping range edges of the most likely
primary (bats) and secondary amplifying (primates) hosts (28). We
define land use transitions zones as areas where relatively pristine and
human-altered land use types occur in close proximity. Using this
system, we make two predictions: (1) Due to their high potential for
ecological disturbances, land-use transition zones will be important in
contributing to higher outbreak risks. (2) If Schmalhausen’s principles
hold true, areas closer to biotic transition zones of Ebola virus reservoirs
or accidental hosts range edges will have a higher outbreak risks. Using
ensemble machine-learning methods and a presence pseudo-absence
framework, we test whether models of biotic transition zones, land use
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transitions zones, or that include both best predict the location of sites
where previous Ebola virus spillover events have been documented.

Methods
Outbreak data collection

We compiled all reported Ebola outbreaks with human cases from
Kuhn (26), the Centers for Disease Control (33), and ProMED (34).
We then pruned the dataset to include only outbreaks confirmed to
be Ebola virus (including both species Sudan ebolavirus and Zaire
ebolavirus) by laboratory testing and that originated from a wild
source (e.g., we excluded data points from accidental laboratory
spillover events). For each outbreak, we compiled the date of outbreak,
its geographical origin, and the number of human cases, allowing us
to work with 44 outbreaks ranging from 1976 to 2020, inclusively (and
excluding outbreaks reported after we initiated our work).

Pseudo-absence matrix collection

Following previous studies of filoviruses and other pathogens [e.g.,
(16, 32, 35)], we investigated the spatial characteristics of localities
where outbreaks originated using a presence/pseudo-absence approach
where the sites at which outbreaks are known to have originated are
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compared to randomly selected localities in the same regions (e.g.,
background points). First, we converted a shapefile of Africa to raster
[package: Raster (36)] with a 50 km grid square. Then, we defined strict
land boundaries based on regions where the environmental conditions
are broadly similar to those where outbreaks have occurred in the past
(32), and performed a seeded random sampling to create our pseudo-
absence dataframe (R code is provided in the Supplementary material).

Anthropogenic biomes data collection

To quantify patterns of land use we used the Anthropogenic
Biomes of the World V1 raster (37) from the Socioeconomic Data and
Application Center (SEDAC) to assign one of six large categories of
land use to each locality in Africa: (1) dense settlements, (2) villages,
(3) croplands, (4) rangelands, (5) forested, (6) wildlands. We used
version 1, downloaded March 17th 2023 at a gridded resolution of
0.083km?2, for analyses.

Species ranges

We obtained the spatial ranges of all fruit bat (Pteripodidae) and
primate species in sub-Saharan Africa as a polygon shapefile from the
TUCN red list repository (38). We focused on these species because
Sundaram et al. (28) showed that they are likely to be the most
important primary and secondary amplifying hosts (respectively) and
because firsthand accounts of past outbreaks highlight their importance
(26, 39). For each presence and pseudo-absence locality we extracted
the minimum distance to the edge of the nearest geographic range
polygon for each species using the dist2line function [package:
geosphere (40)], representing a minimum distance between an Ebola
virus outbreak and the distributional edge of either natural reservoirs
of Ebola virus or accidental hosts [packages: sp. (41); Raster]. We then
calculated the median distance between an outbreak event and the
range-edges of all bat species and all primate species, separately, as the
variables to use in our models, representing the areas where many
species range-edges overlap, representing biotic transition zones.

Species edge composition

We extracted the spatial edges of all our bat and primate species by
converting each species polygon file into a spatial line object (package:
sp), and using the dist2line function (package: geosphere) to create a
40km buffer around the geographic range edge of each species.
We chose a 40km buffer because preliminary analyses showed that
nearly all Ebola virus outbreaks happen within 40 km of the range-edges
of the suspected reservoirs of Ebola virus (see Supplementary Figure S1).
We then matched buffer zones with the anthropogenic biomes data to
capture land use composition at the edge of our species ranges.

Landscape composition around outbreaks
locations

We calculated the same 40 km buffer around our outbreak and
pseudo-absence locations, and then extracted all geographic
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coordinates in that buffer. We then matched these coordinates with
the anthropogenic biomes data (37) to capture land use composition
near outbreaks locations. We next calculated the percentage area of
each of the six types of land use tracked by the SEDAC
anthropogenic biomes data within each zone. To determine
whether habitat conversion to a specific landscape type or highly
fragmented habitat drive Ebola virus spillover risk, we calculated a
Simpson diversity index [package: vegan (42)] for the anthropogenic
biomes data around the outbreaks and pseudo-absence locations.
A priori, we expected that areas with high values of Simpson’s
diversity index (SDI) would be more likely to contain areas with
both relatively pristine and human-altered land use types in
close proximity.

However, high values of SDI alone do not necessarily indicate that
human-altered and wild land use types occur in the same general area,
it only indicates multiple land use types are present and no one type
dominates in terms of relative area. To determine whether high values
of SDI were associated with areas that could often be considered land
use transition zones (in the sense of both wild and human-dominated
landscapes occurring together), we divided land use types into
human-dominated (agriculture, villages, and urban areas) and
wilderness/low human-population densities (wildlands, rangelands,
and forest). We then determined whether the 40 km radius around
each presence and pseudoabsence locality contained only human-
dominated land use types, only wilderness land use types, or at least
one example of both so that we could test whether areas that contained
examples of both exhibited significantly higher SDI values.

Data analysis

All analyses were performed using R version 4.0.2 (43).
We provide R code as Supplementary material to allow readers to fully
reproduce our results and have access to our models’ conditions. Prior
to modeling, all our predictor variables were checked for collinearity.
We then removed redundant predictor variables to reduce model
variance, following the recommendations of Elith et al. (44) for
boosted regression trees analyses with small data sets. We focused on
gradient-boosted regression trees (GBM) for our models, implemented
in caret v. 6.0-86 (45). This ensemble machine learning method only
requires the user to specify distribution of the response variable (i.e.,
the correct link function), and is robust to the inclusion of predictor
variables with virtually any underlying distribution and with complex
(44).
We resampled the rows of the full database prior to the analysis to

patterns of covariation, including spatial correlation

avoid data clumping (i.e., all outbreaks and pseudo-absences together).
To avoid artificially inflating the AUC scores of models, we used down
sampling to avoid overrepresenting pseudo-absence points.
We checked all variable importance using Final Model call (45).
Variables that had a zero status were considered as having little
importance as predictors. Furthermore, all variables that had relative
influence scores of less than 10% were considered non-important,
somewhat arbitrarily, and we did not investigate their directionality
using marginal plots (see below) or include them in subsequent
models. For all models, we used (1) presence (1) or absence (0) of a
documented Ebola virus outbreak at each locality as the response,
with a Bernouilli distribution as the link function in our boosted
regression tree analyses; (2) 2/3 of our database to train the model and
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1/3 as holdout data; and (3) 10-fold cross-validation with 100 replicate
to validate their robustness and to ensure that models were not overfit.

We constructed several sets of models, in each case using presence
vs. background as the response variable with down-sampling of
background localities to match the number of presence localities. To
assess the importance of ecological vs. anthropogenic environmental
factors we compared the AUC scores of models based on species
geographic range edges to models based on patterns of land use
(Figure 1).

To investigate the effects of host range edges on outbreak risk,
we first constructed a model based on the median of the distance to
the range edge of all bat or primate species, contrasting the relative
influence of bat vs. primate range edges. To further disentangle the
potential role of these two highly correlated predictors (R*=0.89),
we built a separate model for each of them individually, and compared
their AUC scores. Second, to understand the importance of bat and
primate species identity in contributing to Ebola virus outbreak risk
we constructed a model where we compared the relative influence of
proximity to the range-edge of all bat and primate species that
overlapped with the origin of at least one outbreak. As there was high
potential of correlation among the many predictors, we replicated this
model 99 times to minimize background noise using the “replicate”
function in R.

To investigate the role of anthropogenic landscape structuring in
contributing to Ebola virus outbreak risk, we used the percentage of
coverage of each of six types of land type (e.g., Dense settlements,
Villages, Croplands, Rangelands, Forested, Wildlands) and Simpson’s
diversity index based on the number and relative area of these land
use types within the 40km buffer zone around outbreak and
pseudoabsence localities as predictors.

To see whether models that included both land use and biotic
transition zones better predicted spillover risk than models that
included only one of these factors, we included all the variables with
relative influence >10% in previous models for a final combined
analysis. In this model, we used the median distance to bat species
range edge, the median distance to primate species range edge, and
the landscape characteristics surrounding our mapped data points
(rangelands and SDI).

Results

Overall, our database consisted of 44 known outbreak locations
and 440 pseudo-absence data points. All confirmed outbreaks
overlapped with at least one bat species range (see
Supplementary Figure S2). Both bats and primate range edges were
dominated by agricultural land uses (both forest and cropland),
reaching as high as 93% of overall edge composition for one bat
species (Casinycteris argynnis) and >95% for a few primate species

(see Supplementary Figure S3 for further details).

Distance to the median of species edges

We identified a negative influence of both the median distance to
the range edge of any species of fruit bat and the median distance to
any primate range edge, with spillover risk decreasing with increasing
distance to both bat and primate range edges (AUC=0.80, Table 1A).
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Opverall, the model including only median distance to bat range edge
performed better (AUC=0.79) than the one including only median
distance to primate range edge (AUC=0.76).

Species importance in contributing to
spillover events

The proximity to range edge of only a handful of species showed
high relative influence scores in models of Ebola virus outbreak risk.
Among bats, Scotonycteris bergmansi, Hypsignathus monstrosus, and
Casinycteris argynnis all had high (>10%) relative influence scores (see
Figure 2). Among primates, only Papio papio had a high relative
influence (see Figure 3).

Landscape composition around outbreaks

We identified two main landscape effects driving Ebola virus
spillover risk. The relative proportion of Rangelands had the highest
relative influence score in this model, negatively affecting Ebola virus
outbreak risks (Table 1B), with areas with higher frequency of
rangelands showing less outbreak risk. The next most influential
variable was Simpson diversity index for land use types, with high
values associated with higher Ebola virus spillover risk (AUC=0.88,
Table 1B). No other type of landscape had an influence score over
10%. Post hoc analyses also confirmed that SDI was significantly
higher in areas that had at least one wilderness and one human-
dominated land use type (see Supplementary Table S1).

Combined model

Among the predictors that had a at least a 10% relative influence
score in the previous models, we show that three predictors, namely
proportion of rangelands, median distances to bat range edges and
Simpson diversity index are the most influential drivers of Ebola spillover
risk (AUC=0.89, Table 1C). The only other predictor included in this
model, median distance to primate range edge, had weak or no effect.

Discussion

Our results suggest that both biotic and land use transition zones are
associated with heightened risk of Ebola virus spillover into human
populations. Specifically, areas where the median distance to the range-
edges of bat species are low increased Ebola virus spillover risk
(Table 1A). Moreover, we demonstrated that high SDI values, related to
conversion of wild landscapes, where interactions between human and
wildlife are limited, into high heterogeneity landscapes increases spillover
risk. Rangelands was the land use type with the highest relative influence
scores in both our Landscape and Combined models (Tables 1B,C).

Biotic transition zones outbreak pattern

Ebola virus outbreak risk is associated with proximity to
overlapping range edges of both potential reservoirs (fruit bats) and
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TABLE 1 Results of all boosted regression tree models.

Parameter

A. Results for the evolutionary model

Relative influence score

Directionality

10.3389/fpubh.2024.1435233

Model AUC

Median distance to bat species range

edge

70.68

Spillover risk

s/

Proximity to bat range edge

Median distance primate species range

edge

29.32

Spillover risk

%

Proximity to primate range edge

0.796

B. Results for the landscape model

Parameter Relative influence score Directionality Model AUC
Rangelands frequency 58.75 A 0.885
-
2
g \
2
2
@
Rangelands frequency
Simpson diversity index 28.03 A
-
2
-
g
& /
Simpson’s diversity
Agricultural forest frequency 4.70 Not shown
Wildlands frequency 3.22 Not shown
Croplands frequency 2.95 Not shown
Villages frequency 2.31 Not shown
Dense settlements frequency 0 Not shown
(Continued)
06 frontiersin.org
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TABLE 1 (Continued)

10.3389/fpubh.2024.1435233

C. Results for the combined model

Parameter Relative influence score Directionality Model AUC
Rangelands frequency 41.00 A 0.893

-

2

]

>

2

&

Rangelands frequency

Median distance to bat species range 29.86 A
edge

-

2

3

>

2

a

A

Proximity to bat range edge

Simpson diversity index 25.65 r'y

o

2

g

3

&

Simpson’s diversity

Median distance to primate species 3.45 Not shown
range edge

Sum of relative influence scores for each model is equal to 1. Models with high AUC values have a higher probability of correctly predicting Ebola spillover risk. Directionality represents the

overall effect based on marginal plots (shown in Supplementary material).

secondary amplifying hosts (primates, Table 1A). Marginal plots
also showed a clear increase in outbreak risk closer to overlapping
range-edges (Supplementary Figure S4). While the processes
shaping species distributional ranges are numerous, they are often
associated with changes in habitat quality or overall niche suitability
(46). The results we observed could be driven by either of two
mechanisms. First, if the interior of species range represents areas
most suitable to a species ecological niche, reduction in habitat
quality near the edge of a species range could increase
ecophysiological stress, limiting the resources available for
allocation toward immunological defence, and potentially
increasing both pathogen shedding and spillover risk (47). Second,
if areas near specie range edges are near the limits of species
ecological tolerances, Schmalhausen’s law would predict that species
could exhibit unusual population dynamics, which in some cases
could amplify rates of transmission and spillover risk (17). The
relative influence score of species in models also showed clear
phylogenetic trends (Figures 2, 3), indicating that variation in
species traits could play an important role in determining which
species influence spillover risk.

Frontiers in Public Health

One hypothesis that concerns species trait variation and spillover
risk relates to pace-of-life syndrome. The pace-of-life syndrome
predicts that among-species or within-species physiological traits are
optimized by natural selection along a continuum related to survival
and rates of reproduction, establishing a trade-off mediated by the
stability of the environment (48). Higher environmental variability at
species range-edges could increase within-species trait variance
through disruptive selection and require higher overall resource
allocation to reproduction than to immune defences (48). To test this
hypothesis, we conducted a post hoc analysis of the relationship
between the relative influence score of species in models and two
reproductive traits: (1) litter size and (2) litters per year (Figures 2, 3).
However, we found no evidence of a correlation between the relative
influence score of species in models and their reproductive
characteristics (see Supplementary Appendix S1 for a full description
of the data sources, methods and results for these analyses). Based on
these preliminary analyses, there is no tendency for species with
faster pace-of-life syndromes (i.e., faster reproductive rates) to have
a greater influence on outbreak risk, contrary to the predictions of
Merril et al. (47). Based on previous work, this is perhaps
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unsurprising. For example, Sundaram et al. (28) showed that, when
all African mammals are considered, mammalian clades containing
primary and secondary amplifying Ebola virus hosts tend to consist
of species with relatively slow pace-of-life syndromes. However, this
result does not rule out pace-of-life trade-offs occurring through
within-species variation among individuals or populations.
Phenotypic plasticity could also potentially be a major driver of
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FIGURE 2
Relative influence scores of bats species in models of Ebola spillover
risk.

10.3389/fpubh.2024.1435233

outbreaks dynamics for generalist parasites (49) such as Ebola virus,
which can infect a wide variety of host species (26). For example, a
recent review found that trait-variance in mosquito vectors is a driver
of vector-borne diseases dynamics (50). However, we are unaware of
any existing data sources that would have allowed us to specifically
test for the influence of within-species trait variance or phenotypic
plasticity in this system. Future studies could test whether changes in
niche suitability at the edge of species range are associated with
increased intraspecific trait variance, and whether this facilitates
pathogen shedding due to increase in stress or selection toward a
faster pace-of-life.

Landscape transition zones outbreak
patterns

We show mixed evidence for the importance of anthropogenic
land-use transition zones. We define these as areas where relatively
undisturbed wild habitats (not exceeding a human population density
of 4 person/km2 (51)) transition into anthropogenically altered and
human dominated land use types. Models based on land use
proportion patters had higher AUC scores than models that excluded
land use patterns (Tables 1A-C). We also showed that high values of
SDI with
(Supplementary Figure S5), and areas that included both wild and

were  associated increased  spillover  risk

human dominated land use types had significantly higher SDI values
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that that the other
Supplementary Table S1; Supplementary Figure S5). The factor with

areas contained only one or (see
the highest relative influence score in models that included land use
variables was also proportion of rangelands (Tables 1B,C). At first
glance, this would appear to further support the land-use transition
zone hypothesis.

Areas identified as rangelands by the SEDAC database are
mostly comprised of lands used by humans for livestock, albeit with
low population densities (37). It usually includes areas with mix of
vegetations types including grasslands, shrubs and woodlands (52).
Rangelands are thus unique as they cannot be classified as only one
category of land use, but rather as a mix of different vegetation types
and land uses (37, 51), effectively acting as a gradual transition zone
between more homogenous human-dominated or wild-dominated
areas. We thus consider rangelands somewhat of a “transitional”
land use type in its own right. However, surprisingly, rangelands
appear to reduce spillover risk while higher SDI values increases it.
Marginal plot showed spillover risk was drastically reduced in areas
that had more than a small percentage of rangelands
(Supplementary Figure S4), and much higher in areas where it was
completely absent. In fact, few of the spillover localities in our data
contained any rangelands at all (Supplementary Figure S7). Given
that rangelands can contain a variety of habitat types, we assumed
a priori that rangelands might increase spillover risk by bringing
species with differing microhabitat requirements into
close proximity.

We are unaware of any previous studies that have directly tested
for an influence of rangelands on spillover risk. However, we speculate
these areas exhibit reduced spillover risk due to the either (1) low
availability of habitat suitable for any individual reservoir species,
which presumably only occur in relatively small and disconnected
patches or (2) reduced contact rates between reservoirs and human
populations. This could limit the population density of species that
depend on any particular habitat, which in combination with the
generally low human population density of these areas (37) could
drastically lower spillover risk. Some important Ebola virus reservoirs,
such as forest specialist bat species (28, 53), could also be excluded
from rangelands altogether. Far from increasing spillover risk,
rangelands seem to act as a buffer between human inhabited areas and
areas with high reservoir abundance. While this does further support
the influence of altered landscapes on spillover risk, only high SDI
areas show increased risk consistent with the mechanisms proposed
for land-use transition zones (2, 22, 23).

We have shown that high habitat diversity, represented by high
SDI values, are correlated with both high number of different land use
types and a mix of land use (see Supplementary Figures S5, S6). As
such, we believe that at least two mechanisms likely contribute to
heightened spillover risk in areas with high SDI. First, highly
heterogenous patterns of disturbed and undisturbed landscape are
known to force multiple species to interact together, increasing
outbreak risks (see review by (54)). On top of that, by increasing
competition for resources, these highly heterogeneous landscapes
could increase stress in animals, again heightening spillover risks.
Second, high disturbance rates in these areas could push species to the
edge of their ecophysiological tolerance, further increasing spillover
risks. Habitat fragmentation and conversion from natural habitats to
agricultural lands are a major driver of disease emergence and
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dynamics in many disease systems (2, 55). By increasing habitat
conversion and creating disturbances, anthropogenic modifications to
the landscape promote the presence of generalist species, which are
often pathogen reservoirs (56). The extinction-filter theory predicts
that generalist species will be more tolerant to anthropogenic
disturbances, and should be more resilient to anthropogenic
environmental changes, therefore more abundant in disturbed habitats
(22, 57). We have shown that Ebola virus spillover risk is heightened
in areas with a high diversity of habitats, supporting the hypothesis
that habitat generalists are important in driving spillover. Intermixed
patterns of land use have also been observed to increase spillover risk
across a wide range of tropical and emerging infectious disease
systems (58, 59).

Perhaps our most surprising result is the finding that rangelands
drastically reduce Ebola virus spillover risk. It remains to be seen
whether this pattern is peculiar to Ebola viruses, many reservoirs of
which are forest specialists, or whether it will apply to other zoonotic
pathogens. As a potential counter example, Rift Valley Fever is spread
to humans by mosquitos from ruminant reservoirs (60), species
which thrive in rangelands (61). Future studies could investigate the
effects of rangelands for spillover and outbreak risk in other zoonotic
pathogens. Overall, our study strongly supports the influence of both
biotic and land-use transition zones to driving Ebola virus spillover
risk. Future work will be needed to isolate the specific mechanisms
among those proposed for ecosystem boundaries and transition
zones [e.g., (2,7, 22, 23, 47)] are most influential in this system. Our
study also adds additional evidence that dynamics similar to those
predicted by Schmalhausen’s law (15, 17) may influence a variety of
disease systems (16, 18, 20). We suggest that one particularly useful
way forward would be to investigate the predictions of Schmalhausen’s
law in more detail with compartmental mechanistic models [e.g., (62,
63)] where compartments near the edge of a hypothetical species
than
compartments near the center. This could help refine the types of

range have less predictable transmission dynamics
conditions under which Schmalhausen’s law like effects would
be expected to contribute to increased spillover risk or
larger outbreaks.

Conclusion

Gaining a deeper understanding of the mechanisms that drives
disease spillover events in transition zone is of prime importance to
disease ecology. Taken together, our results highlight the importance
of both biotic and land-use transition zones for predicting spillover
risk. With humans encroaching further in the landscape, one could
predict that humans and wildlife are bound to interact even more
closely together. By changing the purpose of the landscape and
increasing ecophysiological stress in already evolutionary challenging
areas (e.g., biotic transition zones), there is the potential for an
increase in disease outbreak risk due to unusual outbreak dynamics.
With the current rate of emerging infectious zoonotic diseases
potentially coming from all over the world, we bring forward a suite
of mechanisms that are candidate explanations for causal processes
causing severe outbreak risk in many systems. More importantly,
we demonstrate that evolutionary mechanisms and anthropogenic
encroachment can create synergistic effects in contributing to
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pathogen outbreaks, and that specific types of land conversion can
affect risk in expected ways.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found at: Dryad https://datadryad.org, doi: 10.5061/
dryad.zw3r228f6.

Author contributions

AF: Conceptualization, Formal analysis, Investigation, Validation,
Writing - original draft, Writing - review & editing. MS: Data curation,
Methodology, Writing - review & editing. JS: Funding acquisition, Writing
- review & editing. JD: Funding acquisition, Writing — review & editing.
PS: Conceptualization, Funding acquisition, Project administration,
Supervision, Writing — original draft, Writing - review & editing.

Funding

The author(s) declare that financial support was received for the
research, authorship, and/or publication of this article. This work was

References

1. Jones KE, Patel NG, Levy MA, Storeygard A, Balk D, Gittleman JL, et al. Global trends
in emerging infectious diseases. Nature. (2008) 451:990-3. doi: 10.1038/nature06536

2. Jones BA, Grace D, Kock R, Alonso S, Rushton J, Said MY, et al. Zoonosis emergence
linked to agricultural intensification and environmental change. PNAS. (2013)
110:8399-404. doi: 10.1073/pnas.1208059110

3. Swei A, Couper LI, Coffey LL, Kapan D, Bennett S. Patterns, drivers, and challenges
of vector-borne disease emergence. Vector Borne Zoonotic Dis. (2020) 20:159-70. doi:
10.1089/vbz.2018.2432

4. Sparrer MN, Hodges NF, Sherman T, VandeWoude S, Bosco-Lauth AM, Mayo CE.
Role of spillover and spillback in SARS-CoV-2 transmission and the importance of one
health in understanding the dynamics of the COVID-19 pandemic. J Clin Microbiol.
(2023) 61:¢01610-22. doi: 10.1128/jcm.01610-22

5. Zinsstag ], Schelling E, Waltner-Toews D, Tanner M. From "one medicine" to "one
health" and systemic approaches to health and well-being. Prev Vet Med. (2011)
101:148-56. doi: 10.1016/j.prevetmed.2010.07.003

6. Essak SY. Environment: the neglected component of the one health triad. Lancet
Planet Health. (2018) 2:238-9.

7. Borremans B, Faust C, Manlove KR, Sokolow SH, Lloyd-Smith JO. Cross-species
pathogen spillover across ecosystem boundaries: mechanisms and theory. Philos Trans
R Soc B. (2019) 374:20180344. doi: 10.1098/rstb.2018.0344

8. Rulli MC, Santini M, Hayman DT, D’Odorico P. The nexus between forest
fragmentation in Africa and ebolavirus disease outbreaks. Sci Rep. (2017) 7:41613. doi:
10.1038/srep41613

9. Brown JH, Maurer BA. Macroecology: the division of food and space among species
on continents. Science. (1989) 243:1145-50. doi: 10.1126/science.243.4895.1145

10. Brown JH. Macroecology. Chicago, IL: University of Chicago Press (1995).

11. Colwell RK, Rangel TE. Hutchinson's duality: the once and future niche. PNAS.
(2009) 106:19651-8. doi: 10.1073/pnas.0901650106

12. Santini L, Pironon S, Maiorano L, Thuiller W. Addressing common pitfalls does
not provide more support to geographical and ecological abundant-centre hypotheses.
Ecography. (2019) 42:696-705. doi: 10.1111/ecog.04027

13. Sagarin RD, Gaines SD. The ‘abundant centre' distribution: to what extent is it a
biogeographical rule? Ecol Lett. (2002) 5:137-47. doi: 10.1046/j.1461-0248.2002.00297.x

14. Arneberg P, Skorping A, Grenfell B, Read AF. Host densities as determinants of
abundance in parasite communities. Proc Biol Sci. (1998) 265:1283-9. doi: 10.1098/
rspb.1998.0431

Frontiers in Public Health

10.3389/fpubh.2024.1435233

supported by NIH RO01Al156866 “Spillover of ebola and other
filoviruses at ecological boundaries” Awarded to PS.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or claim
that may be made by its manufacturer, is not guaranteed or endorsed
by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fpubh.2024.1435233/
full#supplementary-material

15. Chaves FL, Koenraadt CJM. Climate change and Highland malaria: fresh air for a
hot debate. Q Rev Biol. (2010) 85:27-55. doi: 10.1086/650284

16. Filion A, Sundaram M, Stephens PR. Preliminary investigation of Schmalhausen’s
law in a directly transmitted pathogen outbreak system. Viruses. (2023) 15:310. doi:
10.3390/v15020310

17. Lewontin R, Levins R. Schmalhausen's law. Capital Nat Social. (2000) 11:103-8.
doi: 10.1080/10455750009358943

18. Poh KC, Chaves FL, Reyna-Nava M, Roberts CM, Fredregill C. The influence of
weather and weather variability on mosquito abundance and infection with West Nile
virus in Harris County, Texas, USA. Sci Total Environ. (2019) 675:260-72. doi: 10.1016/j.
scitotenv.2019.04.109

19. Schmalhausen I. I. (1949). Factors of evolution: The theory of stabilizing selection.

20. Chaves FL, Cohen JM, Pascual M, Wilson ML. Social exclusion modifies climate
and deforestation impacts on a vector-borne disease. PLoS Negl Trop Dis. (2008) 2:e176.
doi: 10.1371/journal.pntd.0000176

21. Lourengo GM, Soares GR, Santos TP, Datillo W, Freitas AVL, Ribeiro SP. Equal but
different: natural ecotones are dissimilar at anthropic edges. PLoS One. (2019)
14:¢0213008. doi: 10.1371/journal.pone.0213008

22. Betts MG, Wolf C, Pfeifer M, Banks LC, Ewers RM, et al. Extinction filters mediate
the global effects of habitat fragmentation on animals. Science. (2019) 366:1236-9. doi:
10.1126/science.aax9387

23. Plowright RK, Reaser JK, Locke H, Woodley SJ, Patz JA, Becker DJ, et al. Land
use-induced spillover: a call to action to safeguard environmental, animal, and human
health. The Lancet Planetary Health. (2021) 5:e237-45. doi: 10.1016/
$2542-5196(21)00031-0

24. Pfeifer M, Lefebvre V, Peres CA, Banks-Leite C, Wearn OR, Ewers RM. Creation
of forest edges has a global impact on forest vertebrates. Nature. (2017) 551:187-91. doi:
10.1038/nature24457

25. Walker PJ, Siddell SG, Lefkowitz EJ, Mushegian AR, Adriaenssens EM, Zerbini
FM, et al. Recent changes to virus taxonomy ratified by the international committee
on taxonomy of viruses. Arch Virol. (2022) 167:2429-40. doi: 10.1007/
500705-022-05516-5

26. Kuhn JS. Filoviruses: A compendium of 40 years of epidemiological, clinical, and
laboratory studies. New York: Springer-Verlag Wien (2008). 413 p.

27.Jacob ST, Crozier I, Fischer WA, Hewlett A, Kraft CS, Vega MADL, et al. Ebola
virus disease. Nat Rev Dis Prim. (2020) 6:13. doi: 10.1038/s41572-020-0147-3

frontiersin.org


https://doi.org/10.3389/fpubh.2024.1435233
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://datadryad.org
https://10.5061/dryad.zw3r228f6
https://10.5061/dryad.zw3r228f6
https://www.frontiersin.org/articles/10.3389/fpubh.2024.1435233/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpubh.2024.1435233/full#supplementary-material
https://doi.org/10.1038/nature06536
https://doi.org/10.1073/pnas.1208059110
https://doi.org/10.1089/vbz.2018.2432
https://doi.org/10.1128/jcm.01610-22
https://doi.org/10.1016/j.prevetmed.2010.07.003
https://doi.org/10.1098/rstb.2018.0344
https://doi.org/10.1038/srep41613
https://doi.org/10.1126/science.243.4895.1145
https://doi.org/10.1073/pnas.0901650106
https://doi.org/10.1111/ecog.04027
https://doi.org/10.1046/j.1461-0248.2002.00297.x
https://doi.org/10.1098/rspb.1998.0431
https://doi.org/10.1098/rspb.1998.0431
https://doi.org/10.1086/650284
https://doi.org/10.3390/v15020310
https://doi.org/10.1080/10455750009358943
https://doi.org/10.1016/j.scitotenv.2019.04.109
https://doi.org/10.1016/j.scitotenv.2019.04.109
https://doi.org/10.1371/journal.pntd.0000176
https://doi.org/10.1371/journal.pone.0213008
https://doi.org/10.1126/science.aax9387
https://doi.org/10.1016/S2542-5196(21)00031-0
https://doi.org/10.1016/S2542-5196(21)00031-0
https://doi.org/10.1038/nature24457
https://doi.org/10.1007/s00705-022-05516-5
https://doi.org/10.1007/s00705-022-05516-5
https://doi.org/10.1038/s41572-020-0147-3

Filion et al.

28. Sundaram M, Schmidt JP, Han BA, Drake JM, Stephens PR. Traits, phylogeny and
host cell receptors predict ebolavirus host status among African mammals. PLoS Negl
Trop Dis. (2022) 16:e0010993. doi: 10.1371/journal.pntd.0010993

29. World Health Organization (2023) Ebolavirus Disease. Available at: https://www.
who.int/news-room/fact-sheets/detail/ebola-virus-disease (Accessed May 20, 2023)

30. Lee-Cruz L, Lenormand M, Cappelle ], Caron A, De Nys H, Peeters M, et al.
Mapping of ebolavirus spillover: suitability and seasonal variability at the landscape
scale. PLoS Negl Trop Dis. (2021) 15:¢0009683. doi: 10.1371/journal.pntd.0009683

31. Pigott DM, Millear Al Earl L, Morozoff C, Han BA, Shearer FM, et al. Updates to
the zoonotic niche map of ebolavirus disease in Africa. eLife. (2016) 5:¢16412. doi:
10.7554/eLife.16412

32.Schmidt JP, Park AW, Kramer AM, Han BA, Alexander LW, Drake JM.
Spatiotemporal fluctuations and triggers of ebolavirus spillover. Emerg Infect Dis. (2017)
23:415-22. doi: 10.3201/eid2303.160101

33. Center for disease control and prevention (2023). History of Ebola disease
outbreaks. Available at: https://www.cdc.gov/vhf/ebola/history/chronology.html
(Accessed February 1, 2023)

34.Yu VL, Lawrence CM. ProMED-mail: an early warning system for emerging
diseases. Clin Infect Dis. (2004) 39:227-32. doi: 10.1086/422003

35. Bhatt S, Gething PW, Brady OJ, Messina JP, Farlow AW, Moyes CL, et al. The global
distribution and burden of dengue. Nature. (2013) 496:504-7. doi: 10.1038/nature12060

36. Hijmans RJ (2020) Raster: geographic data analysis and modelling. R package
version 3.1-5.

37. Ellis EC, Ramankutty N. Putting people in the map: anthropogenic biomes of the
world. Front Ecol. (2008) 6:439-47. doi: 10.1890/070062

38.IUCN (2022) The IUCN red list of threatened species. Version 2022-1. Available
at: https://www.iucnredlist.org (Accessed December 10, 2022)

39. Stephens PR, Sundaram M, Ferreira S, Gottdenker N, Nipa KF, Drake JM, et al.
Drivers of African filovirus (Ebola and Marburg) outbreaks. Vector Borne Zoonotic Dis.
(2022) 22:478-90. doi: 10.1089/vbz.2022.0020

40. Hijman R] (2019) Geosphere: spherical trigonometry. R package version 1.5-10.
Available at: https://CRAN.R-project.org/package=geosphere

41. Bivan RS, Pebesma R, Gomez-Rubio V. Applied spatial data analysis with R. 2nd
ed. New York: Springer (2013).

42. Oksanen J, Blanchet FG, Friendly M, Kindt R, Legendre P, McGlin D, et al (2019)
Vegan: community ecology package. R package version 2.5-6. Available at: https://
CRAN.R-project.org/package=vegan

43, R Core team. R: A language and environment for statistical computing. Vienna,
Austria: R Foundation for Statistical Computing (2020).

44. Elith ], Leathwick JR, Hastie T. A working guide to boosted regression trees. ] Anim
Ecol. (2008) 77:802-13. doi: 10.1111/.1365-2656.2008.01390.x

45. Kuhn M (2020) Caret: classification and regression training. R package version
6.0-86. Available at: https://CRAN.R-project.org/package=caret

46. Bridle J, Hoffmann A. Understanding the biology of species' ranges: when and how
does evolution change the rules of ecological engagement? Philos Trans R Soc B. (2022)
377:20210027. doi: 10.1098/rstb.2021.0027

47. Merrill LTE, Barger AM, Benson TJ. Avian health across the landscape: nestling
immunity Covaries with changing Landcover. Integr Comp Biol. (2019) 59:1150-64. doi:
10.1093/icb/icz037

48. Montiglio PO, Dammhanh M, Dubuc-Messier G, Réale DJF. The pace-of-life
syndrome revisited: the role of ecological conditions and natural history on the

slow-fast continuum. Behav Ecol Sociobiol. (2018) 72:116. doi: 10.1007/
500265-018-2526-2
Frontiers in Public Health

11

10.3389/fpubh.2024.1435233

49. Gervasi SS, Civitello DJ, Kilvitis HJ, Martin LB. The context of host competence:
a role for plasticity in host-parasite dynamics. Trends Parasitol. (2015) 31:419-25. doi:
10.1016/j.pt.2015.05.002

50. Cator L], Johnson LR, Mordecai EA, Moustaid FE, Smallwood TRC, Pawar S. The
role of vector trait variation in vector-borne disease dynamics. Front Ecol Evol. (2020)
8:189. doi: 10.3389/fev0.2020.00189

51. Sayre NE Davis DK, Bestelmeyer B, Williamson JC. Rangelands: where Anthromes
meet their limits. Land. (2017) 6:31. doi: 10.3390/1and6020031

52. Sala EO, Yahdjian L, Havstad K, Aguiar MR (2017) Rangeland ecosystem services:
Nature’s supply and humans’ demand. Springer Series on Environmental Management.
Springer: Cham. Pp. 467-489

53. Trubitt RT, Hovick TJ, Gillam EH, McGranahan DA. Habitat associations of
bats in a working rangeland landscape. Ecol Evol. (2019) 9:598-608. doi: 10.1002/
ece3.4782

54. Glidden CK, Nova N, Kain MP, Lagerstrom KM, Skinner EB, Mandle L, et al.
Human-mediated impacts on biodiversity and the consequences for zoonotic disease
spillover. Curr Biol. (2021) 31:1342-61.

55. Gottdenker NL, Streicker DG, Faust CL, Caroll R. Anthropogenic land use change
and infectious diseases: a review of the evidence. EcoHealth. (2014) 11:619-32. doi:
10.1007/s10393-014-0941-z

56. Gibb R, Redding DW, Chin KQ, Donnelly C, Blackburn TM, Newbold T, et al.
Zoonotic host diversity increases in human-dominated ecosystems. Nature. (2020)
584:398-402. doi: 10.1038/s41586-020-2562-8

57.Reaser JK, Witt A, Tabor GM, Hudson PJ, Plowright RK. Ecological
countermeasures for preventing zoonotic disease outbreaks: when ecological
restoration is a human health imperative. Restor Ecol. (2021) 29:e13357. doi:
10.1111/rec.13357

58. Prist PR, Siliansky de Andreazzi C, Vidal MM, Zambrana-Torrelio C, Daszak P,
Carvalho RL, et al. Promoting landscapes with a low zoonotic disease risk through forest
restoration: the need for comprehensive guidelines. ] Appl Ecol. (2023) 60:1510-21. doi:
10.1111/1365-2664.14442

59. Wilkinson DA, Marshall JC, French NP, Hayman DTS. Habitat fragmentation,
biodiversity loss and the risk of novel infectious disease emergence. Philos Trans R Soc
B. (2018) 374:20180344.

60. Nakouné E, Kamgang B, Berthet N, Manirakiza A, Kazanji M. Rift Valley fever virus
circulating among ruminants, mosquitoes and humans in the Central African Republic.
PL0S Negl Trop Dis. (2016) 10:¢0005082. doi: 10.1371/journal.pntd.0005082

61. Schlecht E, Turner MD, Hiilsebusch CG, Buerkert A. Managing rangelands
without herding? Insights from Africa and beyond. Front Sustain Food Syst. (2020)
4:549954. doi: 10.3389/fsufs.2020.549954

62. Nadler P, Arcucci R, Guo Y. A neural sir model for global forecasting In: Machine
learning for health (2020). 254-66.

63. Tang L, Zhou Y, Wang L, Purkayastha S, Zhang L, Song PXK, et al. A review of
multi-compartment infectious disease models. Int Stat Rev. (2020) 88:462-513. doi:
10.1111/insr.12402

64. Biirkner PC. Brms: an R package for Bayesian multilevel models using Stan. J Stat
Softw. (2017) 80:1-28. doi: 10.18637/jss.v080.i01

65. Myhrvold NP, Baldridge E, Chan B, Sivam D, Freeman DL, Morgan Ernest SK. An
amniote life-history database to perform comparative analysis with birds, mammals, and
reptiles. Ecology. (2015) 96:3109-9. doi: 10.1890/15-0846R.1

66. Hendy A, Hernandez-Acosta E, Valério D, Fé NF, Mendonga CR, Costa ER, et al.
Where boundaries become bridges: Mosquito community composition, key vectors, and
environmental associations at forest edges in the central Brazilian Amazon. PLoS Negl
Trop Dis. (2023) 17:e0011296. doi: 10.1371/journal.pntd.0011296

frontiersin.org


https://doi.org/10.3389/fpubh.2024.1435233
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.1371/journal.pntd.0010993
https://www.who.int/news-room/fact-sheets/detail/ebola-virus-disease
https://www.who.int/news-room/fact-sheets/detail/ebola-virus-disease
https://doi.org/10.1371/journal.pntd.0009683
https://doi.org/10.7554/eLife.16412
https://doi.org/10.3201/eid2303.160101
https://www.cdc.gov/vhf/ebola/history/chronology.html
https://doi.org/10.1086/422003
https://doi.org/10.1038/nature12060
https://doi.org/10.1890/070062
https://www.iucnredlist.org
https://doi.org/10.1089/vbz.2022.0020
https://CRAN.R-project.org/package=geosphere
https://CRAN.R-project.org/package=vegan
https://CRAN.R-project.org/package=vegan
https://doi.org/10.1111/j.1365-2656.2008.01390.x
https://CRAN.R-project.org/package=caret
https://doi.org/10.1098/rstb.2021.0027
https://doi.org/10.1093/icb/icz037
https://doi.org/10.1007/s00265-018-2526-2
https://doi.org/10.1007/s00265-018-2526-2
https://doi.org/10.1016/j.pt.2015.05.002
https://doi.org/10.3389/fevo.2020.00189
https://doi.org/10.3390/land6020031
https://doi.org/10.1002/ece3.4782
https://doi.org/10.1002/ece3.4782
https://doi.org/10.1007/s10393-014-0941-z
https://doi.org/10.1038/s41586-020-2562-8
https://doi.org/10.1111/rec.13357
https://doi.org/10.1111/1365-2664.14442
https://doi.org/10.1371/journal.pntd.0005082
https://doi.org/10.3389/fsufs.2020.549954
https://doi.org/10.1111/insr.12402
https://doi.org/10.18637/jss.v080.i01
https://doi.org/10.1890/15-0846R.1
https://doi.org/10.1371/journal.pntd.0011296

	Evidence of repeated zoonotic pathogen spillover events at ecological boundaries
	Introduction
	Methods
	Outbreak data collection
	Pseudo-absence matrix collection
	Anthropogenic biomes data collection
	Species ranges
	Species edge composition
	Landscape composition around outbreaks locations
	Data analysis

	Results
	Distance to the median of species edges
	Species importance in contributing to spillover events
	Landscape composition around outbreaks
	Combined model

	Discussion
	Biotic transition zones outbreak pattern
	Landscape transition zones outbreak patterns

	Conclusion

	References

