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Abstract The invasive Burmese python (Python
molurus bivittatus) is causing declines in the numbers
and diversity of native mammals in the Greater
Everglades Ecosystem (GEE). However, limited evidence suggests that some species may be less susceptible to pythons than others. This difference in
susceptibility may be a function of different lifehistory traits. We analysed incidence data with a
multi-species hierarchical occupancy model to evaluate the influence of pythons on native mammals and
Electronic supplementary material The online version of
this article (https://doi.org/10.1007/s10530-020-02278-6) contains supplementary material, which is available to authorized
users.
J. R. Soto-Shoender (&)  A. Sovie  R. A. McCleery
Department of Wildlife Ecology and Conservation,
University of Florida, 110 Newins-Ziegler Hall,
Gainesville, FL 32611, USA
e-mail: soto.jroberto@usac.edu.gt

examine the association between python’s influence
on species occurrence and life-history traits. We also
used our traits-based model to predict the effects of
pythons on occupancy probabilities of five mammalian species of conservation or management concern known to occur in the GEE but not detected in our
study. Ten of 18 observed mammals showed significant negative effects from pythons, while one
responded positively. We found that three of the six
species traits evaluated (mass, fecundity, and habitat
breadth) moderated the negative effects of pythons on
mammal occurrence and were, thus, useful for
predicting species responses. Our results suggest
larger, fecund and/or species with wide habitat
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breadths were less susceptible to increasing relative
densities of pythons. Our results also suggest a
positive and neutral associations between rodents
and relative python density, likely due to wide habitat
breadths, high fecundity rates, and the reduction of
mammalian predators in areas with higher relative
python densities. These trait relationships predicted a
negative response of all five unobserved species of
management concern included in our analysis. Our
study provides a broader understanding of wildlife
community vulnerability to invasive predators and
demonstrates how trait-based models can be used to
elucidate generalizable patterns and generate predictions for rare and/or undetected species.
Keywords Bayesian hierarchical occupancy model 
Burmese python  Greater everglades ecosystem 
Invasive species  Life-history traits  Mammals

Introduction
Biological invasions are a major threat to global
biodiversity and ecosystem function (Simberloff et al.
2013). Invasive species are commonly responsible for
native species declines, habitat alterations, trophic
cascades, and changes to community composition
(Ehrenfeld 2011; Simberloff et al. 2013). While much
of the research on invasive species focuses on
developing comprehensive understandings of the
invasion process and its control (Mack et al. 2000;
Lockwood et al. 2007; Della Venezia et al. 2018),
there is less research aimed at predicting the potential
effects of new and continued invasions (Ricciardi et al.
2013; Shackelford et al. 2013; Simberloff 2014). This
knowledge gap limits our ability to plan, prioritize,
and mitigate, the often deleterious impacts of invasive
species.
One promising approach to predicting communities’ responses to invasive species are models that
incorporate species life-history traits (Okes et al.
2008). The use of species traits can allow for more
generalizable and robust predictions of community
changes than traditional species-based approaches
(Nock et al. 2016). Additionally, the use of species
traits provides a mechanistic understanding of how
species and communities respond to changing environments (Verberk et al. 2013; Nock et al. 2016). This
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approach has been used to predict the response of
wildlife to climate change (Maclean and Beissinger
2017), habitat alterations (Okes et al. 2008), and
invasive plants (Ceradini and Chalfoun 2017).
Accordingly, a traits-based approach is well suited to
predict and understand the response of species and
communities to invasive predators that have decimated a number of the planet’s vertebrate communities (Doherty et al. 2016).
One invasive predator reshaping native wildlife in
North America is the Burmese python (Python molurus bivittatus), a large snake native to Southeast Asia.
Since the late 19700 s (Meshaka et al. 2000; Dove et al.
2011), the python population in south Florida has
expanded northward throughout the Greater Everglades Ecosystem (GEE) (Holbrook and Chesnes
2011; Willson 2017). These invasive predators have
devastated mid-sized mammals (McCleery et al. 2015;
Sovie et al. 2016; Reichert et al. 2017); however, some
anecdotal evidence suggests that smaller rodents may
persist or increase in areas with pythons (Dorcas et al.
2012; Hoyer et al. 2017). Python-induced changes in
the mammal community have had cascading effects on
ecosystem function and disease prevalence (Willson
2017; Hoyer et al. 2017). Still, we lack an ability to
predict these responses because we do not have an
understanding of what makes some species and groups
of mammals more vulnerable to pythons than others.
Here we investigate the potential relationships
between mammal species traits and species susceptibility to invasive Burmese pythons in the GEE.
Specifically, we analysed a large data set of mammal
detections in the GEE with a multi-species occupancy
model that integrates multiple data types (i.e. survey
methods) into a single unified analysis to increase
detection opportunities across species. The model
estimates patterns in species occurrence probabilities,
incorporates the influence of species traits on patterns
in occupancy, and accounts for incomplete detection,
inherent in many sampling methods. We apply this
model to (1) determine if some mammals are more or
less susceptible to the python invasion, (2) determine
what life-history traits influence susceptibility, and (3)
predict the response of mammals of conservation or
management concern not detected in the study.

Life-history traits moderate the susceptibility of native mammals

Material and methods
Mammal surveys
We surveyed mammals with three sampling methods
at 114 30-m 9 30-m sites across the GEE (Fig. 1)
from November to April 2014 (for details see Sovie
et al. 2016; Reichert et al. 2017). We randomly
selected the order that sites were sampled, with the
exception of sites with access issues. Each site was
sampled with three sampling methods selected to
increase detection opportunities across the species of
the mammal assemblage of GEE (Isaac et al. 2020). At
each site 2 observers conducted systematic faecal
pellet counts (Schmidt et al. 2011) and setup two
camera traps (Bushnell HD Trophy Cam, Overland
Park, KS, USA) in areas with high visibility. Additionally, we deployed 2 short-focused cameras inside
of buckets baited with bird seed that were specifically
designed to detect rodent species (McCleery et al.
2014). We deployed all cameras for 7–14 days

straight, resulting in 7–14, 24-h sampling occasions
(10 am–10 am) per survey period for each camera.
Additionally, we conducted scat searches on the first
and last day of the camera trap surveys at each site.
Mammalian life-history traits
We evaluated the potential influence of six species
traits to moderate the vulnerability of mammals to
pythons. The specific traits were chosen based on our a
priori belief that they may influence predation rates
and prey population resilience. For example, predation
rates can be influenced by prey encounter rates, python
gape limitation and habitat co-occurrence, while
population resilience can be influenced by prey
fecundity rates and generalist versus specialist lifehistory strategies. We considered the continuous
variables of average adult mass (M), home range size
(HR), and average annual fecundity (F), as well as the
binary variables indicating if the species is aquatic
(AQ) and/or arboreal (AB) and if it has a high habitat

Fig. 1 Map of study area depicting sampling sites distributed across the Greater Everglades Ecosystem
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breadth (HB) in our analysis (Table 1). We quantified
habitat breadth (1 = species uses more than one broad
habitat layer; 0 = species uses only one broad habitat
layer), aquatic associations (species association to
aquatic habitats 1 = aquatic; 0 = terrestrial) and arboreal associations (0 = very little to no use; 1 = intermediate to constant use) as binary variables. We
predicted that larger home-range sizes and stronger
associations with aquatic habitats would increase a
mammal’s susceptibility to pythons by increasing
encounters with the predator (Greene 1986; Dove et al.

2011; Barker and Barker 2008), while an arboreal
behaviour would decrease susceptibility by reducing
encounters rates (Rahman et al. 2014). We also
predicted that larger mass would reduce susceptibility
to pythons because larger prey are, theoretically, less
susceptible to predation once encountered by a
predator (Greene 1986). Furthermore, pythons are
gape limited (Shine 1991) and smaller pythons may
not be able to consume large prey. Lastly, we predicted
that higher fecundity rates and greater habitat breadth
may reduce mammals’ susceptibility to pythons by

Table 1 Life-history traits used in the multi-species Bayesian hierarchical occupancy modelling procedure
Species

Scientific name

Mass
(gm.)

Home range
(km2)

Fecundity

Habitat
breadth

Aquatic

Arboreal

Sciurus niger avicennia

1100

0.23

5.00

1

0

1

Observed species
Big Cypress fox
squirrel
Black rat

Rattus rattus

143

0.002

22.09

1

1

1

Bobcat

Lynx rufus

6374

31.5

3.05

0

0

0

Cotton mouse

Peromyscus gossypinus

28

0.003

14.8

1

0

1

Cotton rat

Sigmodon hispidus

111

0.002

10.6

1

1

0

Coyote

Canis latrans

11,989

19

6.32

0

0

0

Eastern gray squirrel

Sciurus carolinensis

545

0.009

5.82

1

0

1

Florida black bear

Ursus americanus

110,500

31.2

1.71

0

0

0

Florida panther

Puma concolor coryi

53,954

131

2.04

0

0

0

Marsh rabbit

Sylvilagus palustris

1355

0.03

17.64

0

1

0

Nine- banded armadillo

Dasypus novemcinctus

3949

0.04

3.84

1

0

0

Raccoon

Procyon lotor

6374

4.63

3.04

1

1

1

Rice rat

Oryzomys palustris

53

0.003

21.65

1

1

0

River otter
Round-tailed muskrat

Lontra canadensis
Neofiber alleni

8087
265

14.2
4 9 10–5

3.32

1

1

0

10.49

1

1

1

Striped skunk

Mephitis mephitis

2400

2.33

11.38

0

0

0

Virginia opossum

Didelphis virginiana

2442

0.58

17.24

1

0

1

White-tailed deer

Odocoileus virginianus

75,901

2

1.99

0

0

0

Neovison vison
evergladensis

1600

7.5

4

0

1

0

Unobserved species
Everglades mink
Feral hog

Sus scrofa

84,472

1.18

6.78

0

0

0

Gray fox

Urocyon cinereoargenteus

3834

1.83

3.71

0

0

0

Red fox

Vulpes vulpes

4820

3.5

4.59

0

0

0

Key Largo woodrat

Neotoma floridana smalli

249

0.002

4

0

0

1

Life-history traits: Mass = average adult body mass; Home range = average home range size in km2; Fecundity = average litter size
x litters per year. The following were modeled as binary covariates: Habitat breadth = indicating whether species used one or more
habitat layers (1 = species uses more than one habitat layer; 0 = species uses only one habitat layer); Aquatic = species association to
aquatic habitats (1 = aquatic; 0 = terrestrial); Arboreal = species use of the canopy (0 = very little to no use; 1 = intermediate to
constant use). Data obtained from Pantheria (Jones et al. 2009), Brown (1997), and IUCN species accounts
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allowing them to be resilient to higher predation
pressure and disturbance (Hoyer et al. 2017; Raubenheimer and Simpson 2003; Swihart et al. 2003;
Layman et al. 2007).
We obtained most trait data for the 18 observed and
5 unobserved species studied (Table 1) from the
Pantheria database (Jones et al. 2009). Unobserved
species were augmented to the observed species data
by adding 5 all-zero detection histories (see Dorazio
and Royle 2005, Dorazio et al. 2006, Royle et al. 2007)
When trait data was missing for a species, we referred
to a regional mammal field guide (Brown 1997), the
species accounts of the IUCN List of Threatened
Species (https://www.iucnredlist.org/), or other pertinent literature. As a measure of fecundity, we multiplied average litter size by number of litters per year
obtained from Jones et al. (2009).
Python density estimates
We obtained the most comprehensive measure of
relative python density for the time period before
2014, when mammal surveys were conducted. At each
survey site, we extracted relative python density
estimates (pythons km-2) generated by the Reaction–Diffusion model of Bonneau et al. (2016). This
model combined distance to the assumed python
invasion epicentre and 15 years of opportunistic
presence-only python data to estimate variation in
relative python density throughout south Florida.
While these model predictions were an imperfect
representation of the density of python, perfect
information does not exist and the predictions appear
to correspond well with anecdotal observations and
perceptions of spatial variation in python abundance
across the region.
Visual obstruction index
We used averaged Robel pole (Robel et al. 1970)
measurements as a covariate describing visual
obstruction in our model of camera and faecal count
detection probability. This covariate is a common
measure used to quantify the potential for vegetation
to obstruct the view of camera traps (Soto-Shoender
et al. 2018). Measurements were taken at 5 points per
survey site. The first point was located at the centre of
the site and the following four measurements were
taken from four cardinal directions at 10-m away from

the centre. A mean visual obstruction index per survey
site was obtained by averaging the measurements
across the 5 points.
Modelling framework
We used a Bayesian hierarchical formulation of a
multi-species occupancy model (e.g. Royle and Kery
2007) to evaluate the influence of species traits on the
species-specific responses of mammals to python
densities (Brown et al. 2014). There are several key
advantages of this modeling approach for our purpose.
Firstly, the occupancy modeling approach allows for
the explicit estimation of detection probability, providing a means to overcome the problematic assumption of perfect and constant detection (MacKenzie
et al. 2018). Secondly, the explicit modeling of the
detection process allows us to integrate multiple
sampling methods into a single unified analysis,
increasing detection opportunities across a variety of
mammal species and environmental conditions, and
thus increasing the resolution of our analysis (Isaac
et al. 2020). Lastly, we structured our model with
several hierarchical layers that allow for the separation
of community-level processes from species-level
processes (Gelman et al. 2004). The advantage of
modeling this community-level layer, in our context,
is the potential for increased precision of species-level
parameters due to sharing of information across
species (often referred to as ‘‘borrowing power’’,
Gelman et al. 2004) and a decrease in the probability
of spurious results for species with sparse data due to
the natural model regularization that occurs for
random effects (often referred to as’’Bayesian shrinkage’’, Link and Saur 1996; Saur and Link 2002;
Gelman et al. 2004). In addition to improved parameter estimates, the community-level layer provides a
natural framework to evaluate the interaction between
species traits and environmental characters on the
distribution of species, increasing the transferability of
our results from observed mammal species to unobserved mammal species (Yates et al. 2018; Regos et al.
2019).
Model structure
We modeled species occurrence as a latent binary
random effect that is distributed as, zij* Bernoulli(wij), where the parameter wij is the
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probability of occurrence for species i at location
j. When the parameter zij = 1, species i occurred at site
j, and when zij = 0, it did not. The detection of the
species was then modeled as the result of multiple
binomial draws for each of the three sampling methods
employed in our study as, yijm * Binomial(pijmzij,km),
where our data, yijm is the sum of detections of species
i at site j with sampling method m and can range
between zero and the number of replicate samples
collected with sampling method m (i.e. km). The
parameter pijm is the detection probability of species
i at site j with sampling method m that is conditional on
the species being present (i.e. zij = 1). The term pijmzij
represents the unconditional detection probability and
is the explicit link between the occurrence state submodel and the detection sub-model because pijmzij
takes the value of zero if the species is not present and
the value of pijm when the species is present.
We incorporated the single covariate, python
density, into our occurrence sub-model with a logit
link as:

logit wij ¼ b0i þ b1i Dj
ð1Þ
where b0i is the species-specific intercept, which
represents the mean of the logit-scale species-specific
occurrence probability across sites. The parameter b1i
is a slope parameter representing the effect of modeled
python density (Dj) on the occurrence probability of
species i, where negative values indicate that the
species’ occurrence decreases as python density
increases and a positive value indicates that species’
occurrence increases as python density increases.
To account for the fact that differences in vegetation density and body size may influence speciesspecific detection probabilities across sites (O’Connel
et al. 2006), we incorporated covariates for visual
obstruction at sites (VOj) and body mass of species
(Mi) into the detection sub-model for camera trapping.
To increase the transferability of rodent trap detection
probabilities to the smaller unobserved species (i.e.
Key Largo woodrat, Neotoma floridana smalli), we
included a binary covariate indicating when the
average adult mass was less than 250 g (M’i). We
incorporated these covariates into the detection submodels with a logit link as:
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logit pijm¼1 ¼ c0i þ c1VOj þ c2Mi ðm ¼ 1;
indicating camera trapping surveysÞ

ð2Þ


logit pijm¼2 ¼ u0i þ u1VOj ðm ¼ 2;
indicating scat surveysÞ

ð3Þ


logit pijm¼3 ¼ g0i þ g1Mi ðm ¼ 3;
indicating rodent surveysÞ

ð4Þ

where c0i, u0i, and g0i represent the species-specific
intercept for each sampling method (i.e. average
species-specific detection probability with each sampling method) and c1 – c2, u1, and g1 represents the
influence of covariates on the respective detection
probability per method.
We modeled the community hierarchical layer by
either specifying the species-level parameters as
random effects or the result of fixed-effect covariate
relationships. Specifically, we modeled the intercepts
of the occurrence sub-model (b0i) and detection submodels (i.e. c0i, u0i, and g0i) as random effects drawn
from community-level hyper distributions (hi * Normal(l, r)), where hi represents any of the specieslevel parameters previously listed (i.e. b0i,c0i, u0i,
and g0i) and l and r are hyperparameters that
represent the community mean and standard deviation
of the species-level parameters. This structure allows
for mean occurrence to vary among species and mean
detection probability to vary among species and
sampling methods. We specified the effects of visual
obstruction and body mass on detection as fixed
effects that are shared among species.
We evaluated the influence of species traits on
mammal response to pythons by modeling the specieslevel python effects on species occupancy (b1i) as a
function of a linear combination of species life-history
trait covariates. This is equivalent to modeling occurrence probability as a function of environmental
character (i.e. relative python density), species traits
(life-history characteristics), and the interaction
between the two (Brown et al. 2014; Hui et al.
2015). The species traits were incorporated into the
model as fixed effects as:
b1i ¼ 10 þ 11Mi þ 12Fi þ 13HRi þ 14AQi
þ 16ABi þ 17HBi

ð5Þ

Life-history traits moderate the susceptibility of native mammals

where 10 represents the intercept (i.e. the average
python effect across species) and 11 – 17 represent the
influence of the trait on the response of the mammal
species to pythons (where Mi = mass; Fi = fecundity;
HRi = home range; AQi = association to aquatic
habitats; ABi = arboreality; and HBi = habitat
breadth).
Model fit evaluation
We used a Bayesian p-value to evaluate model fit of
the full model for each species (Kery 2010). The
Bayesian p-value is a posterior-predictive check that
provides a measure of over or under dispersion of the
data relative to the model. We perform the model fit
procedure by simulating data directly from the model
for each Markov Chain Monte Carlo iteration. We
then calculate a Pearson residual to measure the
discrepancy between the data (simulated and
observed) and the model expectation. The Pearson
residual was calculated as, [(o-e)/r2], where o is either
the observed or simulated number of detections, e is
the expected value (i.e. e = kmpijm), and r2 is the
variance of e [i.e. r2 = kmpijm(1-pijm)]. The simulated
data are considered ‘‘perfect’’ because they are
generated directly from the model and, thus, the
resultant Pearson residual represents the fit of the
model when all model assumptions are perfectly met
(Kery 2010). We then obtained a fit metric that is equal
to one when the Pearson residual was greater for the
observed data than the simulated data and is equal to
zero, otherwise. The Bayesian p-value was then
calculated as the mean of the posterior sample of the
fit metric for each species, where values between 0.05
and 0.95 indicate adequate fit and a mean of 0.5
indicates perfect model fit.
Model selection
To prevent model overfitting, we employed a Bayesian
model reduction procedure called Stochastic Search
Variable Selection (SSVS, George and McCullock
1993). The use of the SSVS method to produce models
with desirable predictive properties was first introduced by George and McCullock (1993) but has been
thoroughly discussed in more recent ecological literature (O’Hara and Sillanpää 2009; Tenan et al. 2014;
Hooten and Hobbs 2015). The SSVS method invokes

parameter shrinkage by using a hierarchical structure
for the covariate effects that is conditional on a
random-effect inclusion parameter (i.e. wc). Each
covariate is multiplied by its associated inclusion
parameter (e.g. w111i massj), which is a latent
Bernoulli variable with uninformative prior probabilities equal to 0.5 (wi * Bernoulli (0.5), equal probability of covariate being included or excluded in the
model). The posterior probability of this parameter is
interpreted as the probability that a covariate is
included in the optimal predictive model. Barbieri
and Berger (2004) demonstrated that a single model
that includes covariates with inclusion probabilities C 0.5 will have optimal predictive properties;
however, the full model, including all covariates and
inclusion parameters will produce model averaged
posterior distributions and model predictions. Thus,
we evaluated support for the species trait covariates
with both the inclusion probabilities and summaries of
the model averaged posterior distributions. We considered a covariate ‘important’ when its inclusion
probability C 0.5, and when the model averaged 95%
Bayesian credible intervals did not overlap zero (but
may be bounded by zero).
Priors and model specifications
We applied uninformative student t-distributions as
priors for logit-scale parameters (i.e., covariate
parameters used in the occupancy, detection, and
life-history trait models) with r = 1.57 and m = 7.763
as per Gelman (2007) such that back-transformed
values assigned equal probability for all values
between zero and one. We applied mildly informative
half student t-distributions as priors on all variance
hyperparameters with r = 1.8 and v = 2. These priors
were used to stabilize the MCMC procedure while
having negligible influence on the shape of the
posterior distributions. We fit our models using
software JAGS (Plummer 2003) and R (R Development Core Team 2011). We ran two parallel chains
with 100,000 iterations, after a burn-in of 50,000
iterations and a thinning rate of 10. We assessed
convergence using the Gelman-Rubin diagnostic
where an estimate [ 1.1 indicates low convergence
rates between chains (Brooks and Gelman 1998).
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Results
We detected 18 species, 12 with camera traps, seven
with scat surveys, and four with rodent traps (Table 2).
Average occupancy probabilities ranged from 0.01
(coyote [Canis latrans]) to 0.49 (white-tailed deer
[Odocoileus virginianus], Fig. 2a). Occupancy probabilities for four species were [ 0.30 (white-tailed
deer, raccoon [Procyon lotor], marsh rabbit [Sylvilagus palustris], and Virginia opossum [Didelphis
virginiana]), while all other values were \ 0.20
(Fig. 2a). Model parameters converged satisfactorily
(all GR statistics \ 1.1; range = 1.00–1.01) and the
Bayesian p-values indicated adequate model fit for all
observed species (range = 0.23–0.61; Table 2).
Detection probabilities varied considerably among
species and sampling methods (Fig. 3). Camera traps
yielded the highest detection rates for the greatest

Table 2 Summary of
sampling sites and model fit
per species

Species

number of species and was the least variable among
species. For example, the lowest detection probability
was 0.01 for striped skunk (Mephitis mephitis), while
the highest was 0.1 for raccoon (Fig. 3a). Alternatively, detection probabilities with scat surveys was
limited to a few species and was highly variable
between species ranging from 0.02 (striped skunk) to
0.47 (marsh rabbit, Fig. 3c). Rodent traps yielded
detection rates [ 50% for 4 rodent species but none of
the other mammals in the study (Fig. 3b). We did not
detect any relationship between visual obstruction and
detection with camera traps, nor did we detect any
relationship between the average adult body mass and
camera detection (all parameter 95% credible intervals
included zero and parameter inclusion probabilities
were \ 0.5). Alternatively, detection with rodent traps
was significantly higher for species with lower adult

Number of sites detected
Camera

Rodent traps

Scat surveys

Bayesian
p-value

Observed species
Big Cypress fox squirrel

1

0

0

Black rat

0

8

0

0.49
0.61

Bobcat

8

0

0

0.39

Cotton mouse

0

16

0

0.52

Cotton rat

0

12

0

0.58

Coyote

1

0

0

0.44

Eastern gray squirrel

2

0

0

0.37

Florida black bear

2

0

0

0.24

Florida panther

0

0

1

0.29

Marsh rabbit
Nine- banded armadillo

22
1

0
0

30
0

0.49
0.24

Raccoon

32

0

3

0.49

Rice rat

0

22

0

0.45

River otter

1

0

0

0.23

Round-tailed muskrat

0

0

1

0.23

Striped skunk

1

0

1

0.33

Virginia opossum

14

0

1

0.46

White-tailed deer

33

0

14

0.35

Unobserved species
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Everglades mink

0

0

0

0.29

Feral hog

0

0

0

0.23

Gray fox

0

0

0

0.29

Red fox

0

0

0

0.28

Key Largo woodrat

0

0

0

0.01
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hispidus) were not influenced by the relative density of
pythons and that rice rats increased with the relative
density of pythons (Fig. 2b, Fig. 4). Examining six
mammal traits we found that three (mass, fecundity,
and habitat breadth; Table 3; Fig. 5) influenced the
effect of pythons on mammal occurrence probability,
with model inclusion probabilities [ 0.5 (Table 3).
Our results suggest species that were larger, use more
habitats and/or had high reproductive rates were less
susceptible to increasing python densities. Finally,
for mammals of conservation or management concern that went undetected in the study (i.e. Everglades
mink, feral hog (Sus scrofa), gray fox (Urocyon
cinereoargenteus) red fox(Vulpes vulpes) and Key
largo woodrat), our results suggest they all have the
potential for negative associations with relative
python density (Fig. 2b).

Discussion

Fig. 2 a Average species-specific occupancy probabilities and
their 95% Bayesian credible intervals across the study site
obtained from mammal surveys in the Greater Everglades
Ecosystem (November to April 2014); b Effect of relative
python density on species-specific occupancy probability. The
black dots and bars indicate that the python effect estimate is
statistically different than zero

mass (i.e. \ 250 g, g1 = 6.95, 95% CI = [5.72, 8.32],
w = 1.00).
Python density had a negative and relevant (i.e.
95% CI did not include 0) association with the
occupancy estimates for 10 species (Fig. 2b). Some
of the most common species such as white-tailed deer,
marsh rabbit and bobcat (lynx rufus) showed the
strongest responses to increasing relative python
densities, all declining from occurrences of [ 0.40
in areas with reduced relative densities to \ 0.05 in
areas with greater relative densities of pythons
(Fig. 4). Of the other common species, raccoons
declined but still occurred [ 0.10 in the areas of
highest relative python density and Virginia opossums
did not respond to the gradient of relative python
density (Fig. 2b). Like Virginia opossums, rodent
species appeared less susceptible to pythons. We
found that black rats (Rattus rattus), cotton mice
(Peromyscus gossypinus) and cotton rats (Sigmodon

There is little doubt that the mammal communities of
the GEE are being reshaped and degraded by invasive
Burmese pythons. Like previous work we have found
sharp reductions in the occurrence of common mesomammals across a gradient of relative python density
(Dorcas et al. 2012; Sovie et al. 2016; Reichert et al.
2017). However, we also found some mammal species
appeared unaltered by the prevalence of pythons, and
at least one rodent appeared to increase with the
increasing relative density of pythons. Additionally,
we showed how the variability in mammals’ response
to the gradient of relative python density can be
explained by mammalian traits. Specifically, we found
increased mass, habitat breadth, and fecundity all
corresponded with decreased susceptibility to invasive
pythons. Through the evaluation of traits, we are able
to suggest mechanistic explanations for species declines (Reichert et al. 2017) and predicted the response of
undetected species, in an effort to focus future
conservation and management efforts.
We found that highly fecund species that can use
multiple habitats (i.e. black rats, Virginia opossums)
appeared most resilient, while specialized species with
reduced reproductive capacity [i.e. bobcat, Everglades
mink (Neovison vison evergladensis)] appeared vulnerable to invasive pythons. Fecundity is considered
an adaptive trait to high mortality (Read and Harvey
1989) and our results suggest it had strong association
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Fig. 3 Mean capture probability of each species with each sampling method

with reduced susceptibility to pythons. Rodents were
the most fecund mammals in our study, some of which
were capable of producing [ 20 young annually
(Brown 1997). Fecund rodents can breed year-round
in south Florida (Brown 1997), and may be able to
bolster their populations during colder periods when
the risk of python predation is reduced (McCleery
et al. 2015). While high fecundity enhances rodents’
resilience to predation pressures, it may also result in a
stable food source for pythons in areas without other
mammal species. This phenomenon is analogous to
invasive brown treesnake (Boiga irregularis) populations, on Guam, that are sustained by rodents and
lizards in areas where avifauna have been extirpated
(Fritts and Rodda 1998).
Greater habitat breadth of mammals has been
associated with resilience to environmental stressors
(Devictor et al. 2008; Smith and Reeves 2012).
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Accordingly, mammals with greater habitat breadth
in our study showed a reduced response to increased
relative densities of pythons. Increased habitat
breadths of mammals in the GEE, a large freshwater
wetland, is effectively a measure of mammals’ ability
to use upland and arboreal habitats as well as aquatic
ones. Many prey species alter their habitat use when
faced with an increased risk of predation (Creel and
Christianson 2008). Habitat generalists’ ability to use
areas other than the wet environments, favored by
pythons (Mutascio et al. 2018), may help them persist
when python densities increase.
Pythons have the capacity to consume large-bodied
species (Dorcas et al. 2012; Boback et al. 2016), and
larger pythons that are not gape limited are likely to
select larger prey (Shine 1991). Nonetheless, we found
that larger mammals (e.g., white-tailed deer, coyote)
appeared more resilient to pythons than smaller

Life-history traits moderate the susceptibility of native mammals

Fig. 4 Predicted species-specific occupancy probability as a
function of python density, only species with relevant effects
(i.e. 95% CI did not include 0) were included. Everglades mink,
Table 3 Parameter
posterior summaries and
model selection results for
the interaction of species
traits with the effect of
python density

Species
trait

feral hog, gray fox, red fox, and Key largo woodrat were not
detected during survey and modelled as a function of data
augmentation

Posterior
mean

95% CI

Inclusion probability

Mass

0.293

0.000, 0.897

0.581

Habitat

1.708

1.020, 2.528

1.000

Fecundity
Arboreal

0.431
- 0.136

0.149, 0.696

0.987

- 0.799, 0.000

0.332

Aquatic

- 0.004

- 0.308, 0.246

0.141

Home range

- 0.058

- 1.060, 0.374

0.219

mammals. The increased resilience of larger mammals
supports the hypothesis that an animal’s susceptibility
to predation during predator encounters decreases with
size (Greene 1986). However, it is also possible that
pythons avoid larger prey because consuming large
prey makes snakes more vulnerable to predation due to
the slow digestion process (Siers et al. 2018). While
large mammals were more resilient than smaller
mammals, they still appeared to decrease with
increasing relative densities of pythons (Dorcas et al.
2012; Reichert et al. 2017). These declines may be a
function of direct predation or pythons indirectly
altering the distributions of larger mammalian predators by depleting their prey species (McCleery et al.
2015).
With our model, we applied estimated relationships
between mammal species traits and detections to

predict the distribution of both observed and unobserved mammal species relative to pythons. This
extrapolation required two important assumptions,
first, that species traits accurately predict the python
effects for observed species, and, second, that these
relationships are transferable to the component of the
mammal community that was not observed in our
samples. Several lines of evidence suggest that these
assumptions were adequately met. Firstly, a comparison of the python effect estimates generated with our
model to an analogous model, that specifies the
species-level python effects as random effects (i.e.
b1i * Normal(l, r), as opposed to predicting with
species traits), resulted in similar point estimates and
similar conclusions (Supplementary Material Fig. S1).
The Pearson correlation coefficient between the
python point estimates of the models was 0.64,
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Fig. 5 Graphic depictions of the relationship between the
values of mammal species traits (x-axis) and the response to
pythons (y-axis, i.e. trait-predicted effect estimates for b1i of
Eq. 1 and 5 of the main text). A value on the y-axis of 0 indicates
no relationship between mammal species occurrence and

relative python density, while values less than or greater than
zero indicate a predicted decline or increase in mammal
occurrence with increasing relative python density, respectively. Python effect predictions were made with Eq. 5 in the
main text

however, when we remove the three mammal species
with the greatest discrepancy between point estimates
(i.e. Virginia opossum, Florida panther, coyote), the
correlation coefficient increased to 0.85 (Supplementary Material Fig. S2). Furthermore, using deviance
information criterion to compare the predictive performance of the models (Spiegelhalter et al. 2002)
suggested that the trait-based model was the most
parsimonious and thus the better model (DIC of traitbased model = 1789.92 and DIC of random-effect
model = 1877.31). That the python effect estimates
are transferable to the unobserved component of the
mammal community is an untestable assumption, in
our context. However, using trait-based approaches to
enhance transferability is strongly supported in the
ecological literature because these approaches account
for the mechanistic processes driving species distributions (Brown et al. 2014; Yates et al. 2018; Regos
et al. 2019).
By augmenting our data with undetected species,
we were able to generate predictions for species that
were rare or outside of the sampled area. This ability to
generalize beyond observed patterns is important
because it allows managers to prioritize proactive
conservation actions by leveraging available data.
Specifically, our finding suggests that some of the rarer
(i.e. Key Largo woodrat, Everglades mink) mammals
in the GEE may be particularly vulnerable to pythons.
Another advantage of our trait-based approach is that

it can be used to fill important knowledge gaps by
predicting the responses of native communities to
invasive predators (Ricciardi et al. 2013; Shackelford
et al. 2013; Simberloff 2014). Our study provides a
preliminary understanding of how the variability in
prey traits can be linked to invasive predators. We
linked mass, habitat breadth and fecundity of mammals to vulnerability to invasive Burmese pythons and
suggest these traits should be examined in other
mammal communities invaded by non-native
predators.
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