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Native mammals lack resilience to invasive generalist predator 
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A B S T R A C T   

Invasive predators have caused catastrophic declines in native wildlife across the globe. Though research has 
focused on the initial establishment, rapid growth, and spread of invasive predators, our understanding of prey 
resilience to established invasive predators remains limited. As a direct result of invasive Burmese pythons 
(Python molurus bivittatus), medium- to large-bodied native mammals decreased drastically across much of 
southern Florida as early as 2003. By 2014, most of these mammal species were exceedingly rare within the core 
invasion area, while pythons expanded outward to newly invaded areas. We used python observations to 
delineate the core python invasion area from the more recently invaded invasion front, and we compared 
changes in mammal occurrence from 2014 to 2019 between these two areas. We surveyed mammal communities 
using camera traps and scat surveys and used these observations to quantify the changes in occurrence among 
mammal species. As expected, occurrence of medium- and large-bodied mammals declined within the invasion 
front. However, contrary to our expectation, we observed little evidence of resilience among mammals within the 
invasion core. Of the 15 species detected in 2019, invasive black rats were the only species to increase in 
occurrence within the invasion core. Additionally, we observed declines in occurrence among native rodents 
within the invasion core, which were previously thought to be resistant to the effects of pythons. The continued 
presence of invasive pythons appears to be shifting the diverse mammal communities of southern Florida to one 
primarily composed of invasive species.   

1. Introduction 

Invasive species are a leading cause of global biodiversity loss and 
homogenization (Clavero and Garcia-Berthou, 2005; Simberloff et al., 
2013). The effects of invasive predators have been particularly detri-
mental to native wildlife (Doherty et al., 2016) with the level of orga-
nization of these effects ranging from populations (Gasc et al., 2010; 
Medina et al., 2011) to communities (Reichert et al., 2017; Wiles et al., 
2003) and entire ecosystems (Caves et al., 2013; Rogers et al., 2017). 
Though the progression of a predator invasion can vary greatly across 
species and systems, all invasions are thought to broadly occur in three 
phases. The first phase of initial establishment is characterized by low 
rates of population growth and spread (Shigesada and Kawasaki, 1997). 
During the second phase, the introduced species becomes “invasive” 
when the population rapidly increases in both abundance and distri-
bution as a result of some combination of a lack of predators, naïve prey, 
and increased movement or dispersal within the invaded system (Anton 
et al., 2020; Sakai et al., 2001; Salo et al., 2007; Shigesada and 

Kawasaki, 1997; Sih et al., 2010). The third phase occurs when prey 
populations become depleted, intraspecific competition increases, and 
the abundance of the invasive predator levels off and begins to decline 
(Carlsson et al., 2010; Pech and Hood, 1998; Shigesada and Kawasaki, 
1997; Strayer et al., 2006). This third stage offers an opportunity for 
understanding how native communities might recover from the poten-
tially catastrophic impact of the invasion. 

The concepts of resilience and resistance help to contextualize the 
variation in responses to invasive predators, both over time and among 
the species of the native community (Nimmo et al., 2015). For example, 
some species may be more resistant (no response to predator introduc-
tion) to the effects of an invasive predator if they can avoid predation in 
the case of prey species, or if they can exploit alternative food sources in 
the case of competing native predators. Thus, traits such as body size and 
diet breadth may determine the degree of resistance to the invasion 
(Soto-Shoender et al., 2020; Wiles et al., 2003). Similarly, species of the 
native community, both prey and competing predators, may begin to 
rebound and increase in abundance during the third stage of the 

* Corresponding author. 
E-mail address: paultaillie@ufl.edu (P.J. Taillie).  

Contents lists available at ScienceDirect 

Biological Conservation 

journal homepage: www.elsevier.com/locate/biocon 

https://doi.org/10.1016/j.biocon.2021.109290 
Received 18 January 2021; Received in revised form 28 July 2021; Accepted 1 August 2021   

mailto:paultaillie@ufl.edu
www.sciencedirect.com/science/journal/00063207
https://www.elsevier.com/locate/biocon
https://doi.org/10.1016/j.biocon.2021.109290
https://doi.org/10.1016/j.biocon.2021.109290
https://doi.org/10.1016/j.biocon.2021.109290
http://crossmark.crossref.org/dialog/?doi=10.1016/j.biocon.2021.109290&domain=pdf


Biological Conservation 261 (2021) 109290

2

invasion once the invader begins to decline (Brzeziński et al., 2020; 
Campbell III et al., 2012; Crooks and Soulé, 1999); however this resil-
ience (recovery following initial decline) to a predator invasion is less 
well understood, but essential to understanding the long-term effects of 
predator invasions. As with resistance, the resilience of native species 
will vary as a function of traits. For example, the capacity for resilience 
may be greater for species (predators and prey) that remained abundant 
in adjacent areas less affected by the invasive predator (Gallardo et al., 
2017; Plowes et al., 2007). Additionally, after generations of exposure to 
the invasive predator, native prey may develop behavioral strategies to 
avoid predation (Brzeziński et al., 2020). Because responses by native 
wildlife to invasive predators may change over time and as a function of 
different phases of the invasion, the extensive research on the initial 
effects of invasive predators and their spread (Arim et al., 2006; Shi-
gesada and Kawasaki, 2002; Sofaer et al., 2018) offer little insight into 
resilience of native communities following prolonged establishment. To 
make such inferences, invaded communities must be studied over time 
(Strayer et al., 2006). However, with few longitudinal investigations of 
the community response to an invasive predator (but see Brzeziński 
et al., 2020; Carlsson et al., 2010), we have only a limited understanding 
of these community dynamics in the long term. 

To better understand the effects of persistent invasive predators, we 
extended previous work documenting the initial declines of mammals in 
southern Florida, USA linked to the invasion of the Burmese python 
(Python molurus bivittatus; hereafter: pythons). Pythons were introduced 
to southern Florida and Everglades National Park at least as early as 
1990 (Willson et al., 2011). In subsequent decades, several studies 
documented the near complete absence of mid-to large-bodied mam-
mals in and around Everglades National Park starting in 2003 and 
continuing through 2014 (M. E. Dorcas et al., 2012; Reichert et al., 2017; 
Soto-Shoender et al., 2020; Sovie et al., 2016). This collapse of both the 
python's prey (e.g., marsh rabbit; Sylvilagus palustris) and native com-
petitors (e.g., bobcat; Lynx rufus) suggests this area has entered the third 
invasion stage, with the potential for resilience among native mammals. 
In contrast to larger mammals, rodent populations appear comparatively 
stable even though they have been observed as python prey since early 
in the invasion (Snow et al., 2007). This apparent resistance among 
rodents to predation by pythons (Hoyer et al., 2017; Soto-Shoender 
et al., 2020) is likely due to high fecundity (Soto-Shoender et al., 2020), 
but may also be related to other factors, such as predator avoidance. 

Our goal for this study was to investigate shifts in native mammal 
communities exposed to invasive pythons to better understand the 
response of native wildlife communities at different stages of invasions. 
Specifically, we quantified the degree to which mammal communities 
changed by surveying mammals across the Greater Everglades 
Ecosystem in southern Florida, USA over a 5-year window (2014–2019) 
following the period of rapid python population growth and associated 
decline in mammals documented by previous studies (Dorcas et al., 
2012; Reichert et al., 2017). We compared the mammal community 
responses between the invasion core where pythons were established for 
decades and the invasion front where python occurrence increased over 
the duration of the study. We predicted that occurrence of species shown 
to be most sensitive to pythons, such as white-tailed deer (Odocoileus 
virginianus), raccoon (Procyon lotor), and marsh rabbit (M. E. Dorcas 
et al., 2012; Reichert et al., 2017; Soto-Shoender et al., 2020), would 
decrease within the newly invaded areas. In contrast, if python relative 
abundance declined in core invasion areas where these mammals were 
already rare prior to 2014, we expected highly fecund mammals (ro-
dents, marsh rabbit, and Virginia opossum; D. virginiana) to be most 
resilient, increasing in occurrence within the invasion core (Soto-Shoe-
nder et al., 2020). Alternatively, if the effects of pythons were unabated 
and these species continued to be rare within the core invasion area, the 
invasion may not yet have transitioned into the third phase. 

2. Methods 

Our approach to evaluating how mammal communities have 
changed as a result of the continued invasion of Burmese pythons 
broadly involved two steps: 1) delineating a core invasion area where 
pythons have long been established and an invasion front where pythons 
have recently expanded and 2) sampling mammal communities within 
these two areas over a 5-year period to determine how they have 
changed. For the first step, we used a publicly available database of 
python detections to model their distribution prior to 2014 and in 2019. 
To measure mammal community change (second step), we conducted 
presence/absence surveys using camera traps and scat surveys during 
2014 and 2019. Within each of these two years, we used detections 
across multiple sampling occasions to estimate the probability of 
detecting each mammal species, then used this detection probability to 
estimate the occurrence probability in each year and then the change in 
occurrence over the 5-yr period (i.e., the difference between 2014 and 
2019). This design allowed us to investigate how mammal occurrence 
has changed, and importantly, how these changes differed between the 
core invasion area where we expected to observe resilience, compared to 
the invasion front where we expected declines across mammal species. 

2.1. Study area 

We conducted this study in the Greater Everglades Ecosystem, a vast 
complex of freshwater marsh, forested wetlands, and estuarine coastal 
wetlands in southern Florida, USA. Specifically, the study was con-
ducted on public properties within the Greater Everglades Ecosystem, 
including Everglades National Park, the South Glades parcel of the South 
Florida Water Conservation District (“South Glades”), Big Cypress Na-
tional Preserve (“Big Cypress”), Everglades and Francis S. Taylor Wild-
life Management Area (“Wildlife Management Area”), and Arthur R. 
Marshall Loxahatchee National Wildlife Refuge (“Loxahatchee”; Fig. 1). 
The expansive wetlands of the Greater Everglades Ecosystem and much 
of the surrounding agricultural and urban development are connected 
by drainage ditches and canals, which likely facilitated the spread of 
python away from the invasion epicenter near Flamingo, FL (Hart et al., 
2015). Though originally introduced in the Greater Everglades 
Ecosystem prior to 1990, it was not until after 2003 that pythons were 
encountered in great numbers, marking the beginning of the second 
stage of their invasion (Willson et al., 2011). 

2.2. Python distribution 

In order to explicitly link changes in mammals' communities to py-
thons, we used observations from the University of Georgia Early 
Detection and Distribution Mapping Service data (“EDDmapS”; EDD-
MapS, 2019) to differentiate areas that have long been affected by py-
thons from newly-invaded areas. Following the methods of Mutascio 
et al. (2018), we used python observations to model their distribution as 
a function of environmental predictors. We used python observations 
between 2000 and 2013 to serve as a baseline python distribution prior 
to the initial mammal sampling in 2014. Similarly, we used python 
observations between 2017 and 2019 (i.e., current observations) to 
compare against the baseline. Splitting the python observations in this 
way resulted in a comparable number of observations in each of the two 
time periods (N = 1927 and 1872, respectively). Because these python 
observations were primarily on or near roads (Willson et al., 2011), we 
constrained background points to only be within 100 m of a road to 
minimize the effect of this sampling bias (Mutascio et al., 2018; Phillips 
et al., 2009). As such, we assumed that the modelled relationships be-
tween python detections and environmental covariates (described 
below), which were based on areas near roads, also applied to areas 
away from roads. 

We incorporated environmental covariates to explain the spatial 
distribution of python observations. Again, we used Mutascio et al. 
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(2018) as a guide to select informative covariates, but focused specif-
ically on the larger scale predictors of python occurrence. First, we 
incorporated the distance to urban land cover types, which were 
delineated using the National GAP Analysis Program Landcover Data 
(USGS 2011). We also used the GAP Landcover data to identify the 
extent of the land cover types most likely to be used by pythons (estu-
arine mangrove forest, Florida highlands marsh, and Everglades saw-
grass marsh) at the 4-km scale, corresponding to the home range size of 
pythons in Everglades National Park (Hart et al., 2015). Specifically, we 
calculated the combined proportion of these three cover types within a 
4-km radius of the focal pixel to estimate the amount of python habitat 
at the home range scale. Given that we expected pythons to have spread 
north, we incorporated latitude as a predictor of python distribution as 
well. We performed all spatial analysis using QGIS v.3.4. 

Using the python observations, background points, and the three 
explanatory variables discussed above, we used a maximum entropy 
(Maxent) framework to model the relative occurrence of pythons within 
the two time periods (i.e., 2000–2013 and 2017–2019) separately. 
Models were fit using the R package dismo (Hijmans et al., 2017). 
Because we were interested in broad scale shifts in python distribution 
(i.e., the location and extent of the invasion front), we tuned the models 
to only consider linear, quadratic, and interaction relationships, but not 
hinge or threshold features (Fletcher and Fortin, 2018). We assessed the 
fit of each model (baseline and current) by plotting the receiver oper-
ating characteristic (ROC) curve and calculating the area under this 
curve (AUC) using the evaluate function in dismo (Hijmans et al., 2017). 
Finally, we derived the change in python relative occurrence by sub-
tracting the baseline relative occurrence (i.e., the “logistic” Maxent 
output) from that in 2019 at each pixel. 

We used the modelled change in python relative occurrence to 
delineate the invasion front from the core invasion area that has been 

occupied by pythons for over a decade. We defined the core invasion 
area as that which had a relative python occurrence greater than 0.5 in 
2013, but where the change in python relative occurrence did not in-
crease by at least 0.2. We then defined the invasion front as the areas 
where the relative occurrence increased by 0.2, resulting in 11 sites 
within the invasion core, 18 sites in the invasion front, and 3 unclassified 
sites. We used a threshold of 0.2 because the resulting invasion core area 
agreed with previous investigations of python distribution and density 
(Bonneau et al., 2016). Alternatively, a threshold of 0.1 classified areas 
of southern and eastern Everglades National Park as the invasion front, 
despite previous studies suggesting pythons have occurred here for over 
a decade (Bonneau et al., 2016), and a threshold of 0.3 classified only 4 
of our sites as occurring along the invasion front. 

To investigate potential confounding between the effects of pythons 
and other environmental characteristics that could influence mammal 
communities, we compared water levels and vegetation condition be-
tween the core area and invasion front, as well as between 2014 and 
2019. Given recent work that documented mammal responses to the 
ongoing hydrological restoration efforts across the Greater Everglades 
Ecosystem (Romañach et al., 2021), we used the Everglades Depth 
Estimation Network water depth surfaces (https://sofia.usgs.gov/eden/ 
models/watersurfacemod.php) to extract water depth at each of the 32 
sampling locations (see “site selection”) during the month of April in 
both 2014 and 2019. In addition, we investigated differences in vege-
tation between the core area and invasion front, as well as between 
years, using satellite imagery. Using Google Earth Engine, we collected 
all Landsat 8 imagery from the study area during 2014 and 2019 and 
masked clouded pixels. We then calculated a multi-band composite 
image for each year according to the median value for each wavelength 
band at each pixel. Lastly, we calculated the normalized-difference 
vegetation index (NDVI) and calculated the mean NDVI from all pixels 

Fig. 1. The distribution of sampling locations where mammals were surveyed in each of 2014 and 2019 on 5 public properties is southern Florida, USA. (WMA =
Wildlife Management Area; NWR = National Wildlife Refuge; SFWMD=South Florida Water Management District). 
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within 100 m of each of the 32 sampling locations. We used simple linear 
regression to test for significant differences between 1) sites within the 
core area and the invasion front 2) all sites in 2014 and all sites in 2019, 
and 3) an interaction between invasion context and year. 

2.3. Site selection and mammal sampling 

Sampling locations were originally established in 2014 to investigate 
the mammal community composition across a python density gradient 
(Reichert et al., 2017; Soto-Shoender et al., 2020; Sovie et al., 2016). To 
investigate how these communities changed over a period of 5 years, we 
selected a subset of 32 of the original 113 sites sampled in 2014 ac-
cording to 3 criteria: 1) they covered the gradient of python relative 
density described by Reichart et al., 2) had previously detected mam-
mals, and 3) were accessible and based in the eastern portion of the 
study area.; Fig. 1). We sampled the presence/absence of mammals at 
each site using 3 distinct methods: scat surveys, traditional camera traps, 
and modified camera traps designed for small mammals. After navi-
gating to the site with a handheld GPS unit, two observers conducted 
scat surveys by establishing at 30-m by 30-m plot with the sides oriented 
with the cardinal directions. The first observer walked three evenly- 
spaced parallel transects within the plot, which was then repeated by 
the second observer walking the opposite directions. Each scat was 
identified to species by each observer, and confirmed by a third via 
photograph. Any scat without consensus among the three observers was 
classified as “unknown” and not included herein. We then deployed 4 
camera traps of two different types near the corners of the plot. The first 
camera trap type was a motion triggered camera mounted to a tree 
approximately 30 cm above the ground (hereafter “traditional” camera 
traps) aimed to maximize detection of mammals (e.g., along an estab-
lished game trail). The second type of camera trap was better suited to 
small mammals and consisted of a motion-triggered camera with a short 
focal distance (40 cm) housed within a 7-gallon bucket mounted on a 
floating base (McCleery et al., 2014; hereafter “bucket traps”). Holes in 
the bucket allowed small mammals to enter and exit to access a small 
cup baited with bird seed. 

2.4. Mammal community modelling 

We used a multi-species occupancy modelling framework (hereafter: 
“community model”) to investigate changes in mammal communities 
across the Greater Everglades Ecosystem (Dorazio and Royle, 2005). 
This hierarchical modelling framework has several strengths that were 
particularly relevant to this study. First, in contrast to the presence-only 
approach to modelling the distribution of pythons we used above, this 
framework allowed us to use the detection/non-detection history over 
multiple sampling occasions to estimate the probability that a given 
species would be detected during a given occasion (MacKenzie and 
Kendall, 2002). In addition, by considering each species as a random 
effect of the larger community response, we were able to share data 
across species and make inferences about less detectable species for 
which we did not have enough observations to fit a single-species oc-
cupancy model (Zipkin et al., 2009, 2012). 

Prior to fitting the model, we used the observations of mammals to 
build a detection history for each species at each site. The observations 
were pooled between the two cameras of a given type (e.g., the 2 
traditional camera traps) at a site within the same year. Both camera 
types were deployed for a minimum of 7 nights, resulting in a minimum 
of 16 sampling occasions (2 scat surveys + 7 nights of traditional camera 
trapping + 7 nights of bucket trapping), with some longer deployments 
because of access issues, such as weather (Table S1). After manually 
reviewing all camera trap photos to identify the mammal species 
observed, we built nightly detection histories at each site in each year 
using the detectionHistory function in the R package camtrapR (Niedballa 
et al., 2016). 

Because we were most interested in the change in mammal com-

munity composition between 2014 and 2019, we modified the single- 
season community model to estimate occurrence in each of 2014 and 
2019, where the time- and species-specific occurrences are assumed to 
be conditionally independent. We parameterized the model to treat each 
night of camera trapping and each scat survey as sampling occasions j =
1, 2, …J within each year (i.e., 2014 and 2019). Within a year, we 
assumed that the community was closed to changes in the latent occu-
pancy state zikt at site i = 1,2, …M, for species k = 1,2, …K, within year t 
= 1,2, but could vary between these two periods. As such, the obser-
vations yijkt were modelled as a binomial distributed random variable 
with success probability pijkt that varied across species, between years, 
and across sampling methods, given the species was present at the site in 
that year (Eq. (1)). Following the example of several previous studies 
that account for variation in detection across sampling methodologies 
(Ausband et al., 2014; Long et al., 2011; Taillie et al., 2015; Taillie and 
Moorman, 2019), we estimated a separate detection intercept (α0ik(sur-

veyTypej)) for each species, year, and survey type (scat survey, traditional 
camera trap, or bucket trap; Eq. (2)). For the linked occurrence 
component of the hierarchically structured model, the occupancy state 
zikt was a binomial-distributed random variable with parameter ψ ikt 
representing the occurrence probability at each site i, species k, and year 
t (Eq. (3)). To link any observed change in mammal occurrence to py-
thons, we included the relative python occurrence in each of the years as 
a covariate on the logit transform of the occupancy probability ψ ikt (Eq. 
(4)). We analyzed our model in a Bayesian setting using the R package 
rjags (Plummer et al., 2016). We assumed weakly informative logistic 
priors, ran 3 MCMC chains for 80,000 iterations after an initial burn-in 
of 40,000 iterations, and thinned the resulting samples to every fifth 
iteration. We checked model convergence by inspecting trace plots and 
confirming the Gelman Rubin diagnostic for all parameters was less than 
1.1 (Brooks and Gelman, 1998). Furthermore, we evaluated the fit of the 
model by comparing model predictions to actual occurrences (Zipkin 
et al., 2012). Specifically, we fit the model using only the 2014 obser-
vations and 2014 python relative occurrence values, used the estimated 
model parameters to predict mammal species occurrences in 2019 ac-
cording to the python relative occurrence in 2019, then compared those 
predictions to the actual occurrence, that we estimated by fitting the 
model to the 2019 mammal detections. As with the model of python 
observations, we quantified the predictive performance by calculating 
the ROC AUC; however, for this model, we calculated the predictions 
and true occurrences for each species during each MCMC iteration, then 
calculated the mean AUC from the posterior distributions using the 
performance function within the R package ROCR v.1-11 (Sing et al., 
2005). 

yijkt∣pijkt, zikt ∼ Bern
(
pijktzikt

)
(1)  

logit
(
pijkt

)
= α0kt(surveyTypej) (2)  

zikt∣ψikt ∼ Bern(ψikt) (3)  

logit(ψikt) = β0kt + β1kt*Pythonsit (4) 

We evaluated the strength of the effect of python relative occurrence 
by comparing the magnitudes of the slope parameters and evaluated the 
degree of statistical support for the effect based on the degree to which 
the posterior distribution overlapped 0. As such, we report 95% credible 
intervals (CRI) for posterior distributions and considered parameters 
with 95% CRI's overlapping 0 to have less support as opposed to not 
“significant.” For each species, we quantified the change in occurrence 
at a given site by subtracting the occupancy probability in 2014 from 
that in 2019 at each MCMC iteration, thereby quantifying the associated 
error around this parameter. We interpreted these changes in occurrence 
to have more support as less of the posterior distribution overlapped 0, 
but as with the effect of python relative occurrence, we did not define 
discrete thresholds of “significance.” Similarly, we computed the change 
in species richness from 2014 to 2019 at each MCMC iteration by 
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summing the occurrence across all species within each primary period. 
To compare changes in occurrence between the invasion front and in-
vasion core, we pooled the model results across sites within each of these 
areas. 

3. Results 

3.1. Python model 

The presence-only models of relative python occurrence fit well to 
the EDDmapS python observations, as reflected by the AUC values of 
0.968 and 0.953, for the baseline and current periods, respectively. The 
difference in the predicted relative occurrence between these two pe-
riods revealed a substantial expansion of the python invasion to the 
north and west of the core invasion area (Fig. 2c). Using a relative 
occurrence threshold of 0.2, the python invasion front was approxi-
mately 520,000 ha in 2019, compared with an invasion core of 

approximately 440,000 ha. The core area was largely confined to Ev-
erglades National Park and South Glades, but also included the extreme 
southern portions of Big Cypress and the Wildlife Management Area 
(Fig. 2a). We observed a general northward shift of the front, but the 
largest increases in python relative occurrence were in the southern half 
of Big Cypress, as well as the western side of Everglades National Park 
where we did not sample (Figs. 1 and 2c). Otherwise, increases in the 
python relative occurrence probability greater than 0.2 were wide-
spread throughout the wetlands of the northern Wildlife Management 
Area and throughout Loxahatchee (Figs. 1 and 2c). The relative proba-
bility of python occurrence remained high (i.e., changed little between 
time periods) in areas where pythons have been established the longest 
in the eastern half of Everglades National Park and throughout South 
Glades (Fig. 2). We did not observe significant differences in either water 
depth or vegetation conditions (i.e., NDVI) related to invasion context, 
year, or their interaction, suggesting these factors did not confound the 
observed mammal responses to pythons. 

Fig. 2. The relative python occurrence estimated with a Maxent model of python presence observations from 2000 to 2013 (A), 2017–2019 (B), and the difference 
between the two (C) in southern Florida, USA. The invasion core (outlined in gray) was defined as areas with a relative python occurrence greater than 0.5 in 2013 
and the invasion front was defined as areas where the difference in relative python occurrence between the two time periods was greater than 0.2. 
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3.2. Mammal community model 

We detected 15 mammal species at the 32 sampling locations in 2019 
and 4 additional species in the original 2014 sampling (Soto-Shoender 
et al., 2020; Table 1). Six of the 15 species were exceedingly rare or 
elusive and only detected on fewer than 10 occasions (Table 1). The 
predictive performance of the model for rarely-detected species was 
poor, with the posterior mean AUC values ranging from 0.51 to 0.61 for 
river otter (Lontra canadensis) and round-tailed muskrat (Neofiber alleni), 
respectively. Of the seven most commonly detected species, AUC values 
reflected better predictive performance for medium to large mammals, 
than for rodents. Specifically, Bobcat (Lynx rufus), white-tailed deer, 
marsh rabbit and raccoon all had AUC values greater than 0.8, while 
those for rodents did not exceed 0.68. Bobcat, white-tailed deer, marsh 
rabbit, and raccoon were less likely to occur in areas where python 
relative occurrence was greater, independent of year (Fig. 3; posterior 
means for the effect of python occurrence were − 6.5, − 7.0, − 6.6, and 
− 6.7, respectively). Four rodent species, black rat, cotton rat (Sigmodon 
spp.), cotton mouse (Peromyscus spp.), and rice rat (Oryzomys palustris) 
were all more likely to occur where pythons were more likely to occur, 
though the posterior mean for cotton mouse was near 0 (Fig. 3). The 
posterior distributions of the effects of python relative occurrence for 
infrequently encountered species were mostly negative, but with a high 
degree of uncertainty (Fig. 3). 

These temporally independent responses of mammals to python 
occurrence translated to shifts in community composition over the 5-yr 
period. As pythons became more common along the invasion front, 
occurrence of medium- to large-bodied mammals like deer, marsh rab-
bit, and bobcat decreased (Fig. 4). In contrast, small mammals decreased 
only slightly (e.g., rice rat), did not change (e.g., cotton rat), or increased 
in occurrence (e.g., black rat) within the invasion front (Fig. 4). Across 
all mammals, species richness decreased by an average of 2 species 
across the invasion front over 5 years (Fig. 5). 

Changes in occurrence within the core invasion area were largely 
contrary to our predictions. Species that were rare at the beginning of 
the study, such as white-tailed deer, bobcat, raccoon, and marsh rabbit, 
remained very unlikely to occur (mean occurrence probability <0.2; 
Fig. S1). Though the probability of raccoon occurrence increased 
slightly within the invasion core (Fig. 4), this was likely an artifact of 
increased uncertainty around the estimated occurrence in 2019 
(Fig. S1), as only one raccoon was detected within the invasion core, at 
the northernmost sampling location within the invasion core. Invasive 

black rats actually appeared to be both resistant and resilient, increasing 
in occurrence in both the invasion core and front (Fig. 4), while native 
cotton rats and rice rats decreased in occurrence within the core inva-
sion area. Species richness appeared to decline in both the core invasion 
area and the invasion front over the 5 years (Fig. 5). 

4. Discussion 

Over a 5-yr period, the spatial extent of the python-linked declines of 
southern Florida's native mammals approximately doubled. Meanwhile, 
in areas with the longest exposure to invasive pythons (i.e., the core 
area), the loss of mammal diversity documented by previous studies 
(Dorcas et al., 2012; Reichert et al., 2017) continued, with all mid-sized 
mammals remaining absent or rare and native rodents declining as well. 
We observed no evidence of resilience to the effects of pythons among 
native mammal populations within areas of prolonged exposure. How-
ever, the black rat, a globally distributed invasive species (Borroto-Páez, 
2009; Courchamp et al., 2003; Harper and Bunbury, 2015; Stokes et al., 
2009) was the only mammal to increase in occurrence within the in-
vasion core over the 5-year period. 

Despite extirpation of many of their documented prey species, py-
thons and their associated effects on mammals do not appear to have 
abated. One explanation for this result is that pythons are persisting on 
alternative prey (Caut et al., 2008), thereby protracting the second 
phase of the invasion. Despite evidence that pythons had not reduced 
native rodent populations (Hoyer et al., 2017; Soto-Shoender et al., 
2020), we observed declines in occupancy within the invasion core for 
both rice rats and cotton rats. While there may have been some initial 
resistance to pythons among rodents, the absence of medium-bodied 
mammal prey species (e.g., marsh rabbits) may have caused pythons 
to consume more rodents. Similar shifts to alternative prey have been 
observed in other systems (Caut et al., 2008). On the island of Guam, 
smaller birds were initially most vulnerable to predation by the invasive 
brown tree snake (Boiga irregularis), but over time larger birds began to 
decline as well (Wiles et al., 2003). The ability of pythons to consume 
alternative prey could have negative consequences, not only for rodents, 
but also for other taxa consumed by pythons, such as birds and herpe-
tofauna (Dove et al., 2011; Orzechowski et al., 2019; Snow et al., 2007). 
However, the loss of mammals in southern Florida could contribute to 
the success of other invasive reptiles such as black and white tegu 
(Salvator merianae) and green iguana (Iguana iguana) by releasing them 
from competition from native mammals (Meshaka et al., 2009). The 
combined effects of these multiple invasive species thus reflect the 
broader pattern of global homogenization where diverse communities 
are replaced by generalists (McKinney and Lockwood, 1999). 

Previous work has shown that black rats were more resistant to the 
effects of invasive predators compared to native rodents (Fukasawa 
et al., 2013). This resistance is likely related to high fecundity and broad 
habitat breadth, which have both been shown to moderate the effects of 
invasive predators (Soto-Shoender et al., 2020). Alternatively, or 
perhaps in addition, the increases in black rat occurrence in the core 
invasion area may be due to immigration from adjacent urban areas 
(Reichert et al., 2017). Regardless of the drivers, the combined resis-
tance and resilience of black rats to the effects of pythons suggest the 
observed shifts in mammal communities will persist without concerted 
management. 

As expected, the mammals that were previously shown to be more 
sensitive to pythons became less likely to occur along the invasion front 
where pythons have recently invaded. While previous work has shown 
that predation drives negative responses among some species, namely 
marsh rabbit (McCleery et al., 2015), the mechanisms explaining 
negative response among other species, such as raccoon, white-tailed 
deer, and bobcat, are less clear. Further research may allow for a more 
comprehensive understanding of these mechanisms driving the negative 
responses to pythons among the various species of native mammals, but 
for carnivorous species competition for food resources is likely to be at 

Table 1 
The number of detections summed across sampling occasions at all 32 sites for 
all species detected, ordered according to increasing body size. Species listed 
with 0 detections in either year were detected in the 2014 sampling, but not at 
the 32 sites included in this study.  

Species Scientific name 2014 2019 

Cotton mouse Peromyscus spp.  0  10 
Rice rat Oryzomys palustris  53  39 
Cotton rat Sigmodon spp.  36  18 
Black rat Rattus rattus  8  8 
Eastern gray squirrel Sciurus carolinensis  0  0 
Fox squirrel Sciurus niger  0  0 
Round-tailed muskrat Neofiber alleni  1  2 
Marsh rabbit Sylvilagus palustris  25  30 
Striped skunk Mephitis mephitis  1  0 
Virginia opossum Didelphis virginiana  2  1 
Nine-banded armadillo Dasypus novemcintus  0  0 
Raccoon Procyon lotor  30  11 
Bobcat Lynx rufus  5  4 
River otter Lontra canadensis  1  0 
Coyote Canus latrans  2  0 
Florida panther Puma concolor  1  0 
White-tailed deer Odocoileus virginianus  23  60 
Domestic pig Sus scrofa  0  1 
Black bear Ursus americanus  0  6  
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least partially responsible (McCleery et al., 2015). Alternatively, the 
dramatic restructuring of native mammal communities could result from 
other indirect effects of pythons, such as trophic cascades (White et al., 
2006). Though the likelihood of pythons spreading outside of Florida to 
neighboring U.S. states is low (Avery et al., 2010;. Dorcas et al., 2011), 
the degree to which they continue to spread remains uncertain (Rodda 
et al., 2009). Given their susceptibility to cold winter temperatures, 
climate is likely to be a primary factor limiting the northward spread of 
pythons outside of Florida (Michael E. Dorcas et al., 2011; Mazzotti 
et al., 2011). Additionally, the availability and connectivity of wetland 
habitats used by pythons may also limit their ability to spread north of 
Lake Okeechobee (Mutascio et al., 2018). While spreading north is of 
primary concern, given the potential area affected, the spread of pythons 
to the Upper and Lower Florida Keys would be similarly devastating to a 
number of unique and endangered mammals (Reed, 2005; Reichert 
et al., 2017; Soto-Shoender et al., 2020). 

We acknowledge that a measure of python density, rather than 
relative occurrence, may be a better predictor of mammal responses. For 
example, two sites with different python densities would be expected to 
differ in regard to the effects on mammals, despite both being occupied 
by pythons. However, the elusive nature of pythons has precluded ac-
curate estimates of python density across the Greater Everglades 
Ecosystem (Hunter et al., 2015; Nafus et al., 2020). In addition, the 
remote nature of many wetlands within the Greater Everglades 
Ecosystem presents additional challenges for estimating python density 
at moderate spatial scales. For example, few python detections exist for 
the interior of Loxahatchee where access is limited, yet recent passive 
sampling methods have revealed that pythons are widespread 
throughout this wetland (Hunter et al., 2019). By using these uncertain 
estimates of python relative occurrence as predictors in our model of 
mammal occurrence, that uncertainty likely propagated, which could 
contribute to the poor predictive power of the model for some species. 
Despite these limitations, we believe our approach of quantifying the 
change in python relative occurrence was the best available method for 
identifying the python invasion front and core areas across broad scales. 
In the future, advances in the quantification of python density are 
requisite to further understanding their continued effects on the Greater 
Everglades Ecosystem. 

With little evidence of resilience among southern Florida's native 
mammals more than 15 years after their collapse, it remains to be seen 
if, and after how much time, invaded systems reach the third stage of the 
invasion and begin to recover. Understanding the mechanisms that 
facilitate this transition will be critical to mitigating the severe and 
persisting effects of invasive predators that threaten the conservation of 
native fauna globally. Regardless, it appears unlikely that mammal 
communities in southern Florida will rebound from the python invasion 
without drastic management intervention. 
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