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Abstract

Invasive species are a management concern on protected areas worldwide.
Conservation managers need to predict infestations of invasive plants they aim to treat
if they want to plan for long term management. Many studies predict the presence of
invasive species, but predictions of cover are more relevant for management. Here we
examined how predictors of invasive plant presence and cover differ across species that
vary in their management priority. To do so, we used data on management effort and
cover of invasive plant species on central Florida protected areas. Using a zero-inflated
multiple regression framework, we showed that protected area features can predict the
presence and cover of the focal species but the same features rarely explain both.
There were several predictors of either presence or cover that were important across
multiple species. Protected areas with three days of frost per year or fewer were more
likely to have occurrences of four of the six focal species. When invasive plants were
present, their proportional cover was greater on small preserves for all species, and
varied with surrounding household density for three species. None of the predictive
features were clearly related to whether species were prioritized for management or
not. Our results suggest that predictors of cover and presence can differ both within
and across species but do not covary with management priority. We conclude that
conservation managers need to select predictors of invasion with care as species
identity can determine the relationship between predictors of presence and the more
management relevant predictors of cover.

Keywords:

conservation costs; Imperata cylindrica; Schinus terebinthifolius; Ludwigia peruviana;
Lygodium microphyllum; Urena lobata

1 Introduction

Invasive plant control is a management cost on protected areas (PAs) worldwide
(Frazee et al 2003; Goodman 2003; Reinhardt et al 2003; Pimentel et al 2005;
Pfennigwerth and Kuebbing 2012; Cleary 2013). Thus, predictions of invasion across
PAs are necessary to budget for long term management (Martin and Blossey 2012).
Such estimates contribute to regional scale conservation decisions (e.g. ranking sites for
potential acquisition) yet, many of the current predictive models assume all invasive
species are prioritized equally for management and predict species presence without
considering cover (Pysek et al 2002a;b; Foxcroft et al 2011).
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Conservation managers need estimates of both presence and cover. Predictions of
presence are useful for identifying possible invaders and planning for monitoring
(Catford et al 2012). Meanwhile, predictions of cover estimate the effort required to
manage an invasion. However, few studies consider cover (Alston and Richardson 2006;
Catford et al 2011; Polce et al 2011; Seabloom et al 2013), or how predictions of
presence relate to cover (but see Kuhman et al 2010). This shortcoming hinders the
application of existing studies to management.

Invasive plant species may co-occur on PAs, but they may not all be
management priorities (Allen et al 2009; Kuebbing et al 2013; Abella 2014). Cost can
constrain the management available at a PA (D’Antonio et al 2004; Tempel et al 2004),
inducing managers to prioritize species that respond better to treatment.
Alternatively, managers could aim to minimize invasive species impact and prioritize
treatment of species that negatively affect species of conservation interest. Finally,
managers may prioritize species that have historically been treated at the PA or whose
management is specifically mandated in management plans (Pullin and Knight 2005).
Regardless of why prioritization occurs, conservation planners need predictions of
presence and cover that are robust across species that are a management priority.

The potential variation across predictors of presence, cover, and management
priority, suggests that comparisons of invasion across species must consider three
contrasts (Figure 1). The first contrast is an examination of predictor variables across
species. The second contrast is the difference between predictors of presence and cover
for a single species. The final is a comparison of shared predictors for species that are a
high management priority (those that are likely to be treated) with shared predictors
of species that are low management priority (and potentially inflating estimates of
treatment need).

Previously, we related PA features to the proportional summed cover of the
dominant invasive species on the PA (Tacona et al 2014). Our predictors of invasion
included ecological attributes related to invasibility (Richardson 2011), and features
related to human disturbance. The best predictors of the invadedness of a PA were PA
size and the number of surrounding households (other variables tested include
minimum temperature, road density, and elevation).

We now examine the relationship between PA-level features and the presence and
cover of individual species that differ in management priority in central Florida. These
species are noxious invaders according to the Florida Exotic Pest Plant Council
(FLEPPC), and are documented as causing ecological harm (FLEPPC Category I
invaders) or increasing in abundance or frequency within the state (Category II
invaders). The FLEPPC categories roughly correspond with management priority in
Florida and we tailor our choice of study species by drawing on management records.
Variation in PA-level predictors of presence or cover is expected across species because
of different life histories and distributions. However, we seek to understand variation
within each species when predicting presence versus cover, and also whether predictors
across species relate to their prioritization for management.

We expect PA features that predict the presence of a species to differ from those
that predict cover. For instance, we expect the probability of presence to increase with
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Presence Cover

PAarea elevation nofrost PAarea houses roads no frost

Schinus terebinthifolius + | - + +
N + + + + + Management
Imperata cylindrica - priority
Lygodium microphyllum + |- -
Ludwigia peruviana + + + |- -
Not a

Urena lobata - management

. . - + | priority
Panicum maximum

Figure 1: Diagram outlining study design and results. We examine the site-level features
that predict the presence and cover of six different invasive plant species in
Florida. These species were chosen based on their abundance and management
priority. The sign in the table indicates the relationship described by significant
predictors in the multiple regression models relating invasive presence and
cover to site-level features. The predictive site-level features are listed along
the top of the table. See Table 2 for model coefficient values.

PA size because of species area effects (McKinney 2002), with surrounding households
because of human introductions (Gavier-Pizarro et al 2010), and with road density
because of propagule transport (Von Der Lippe and Kowarik 2007). We also expect
probability of presence to increase at lower latitudes (Marini et al 2009) because many
of the species that are invasive in central Florida are frost sensitive. Finally, habitat
type is likely to influence species presence (Chytry et al 2008), so we include PA
elevation as a proxy for broad habitat classes such as floodplain forest (low elevation),
wet flatwood (medium elevation) or scrub (high elevation) (Myers and Ewel 1990). In
contrast, we expect proportional cover to decrease with PA size, increase with
household density, and potentially vary with winter temperature (Iacona et al 2014).

Predictive features may also be similar for species that are management
priorities. For instance, PA size is a predictor that could relate to management priority
if species that are more likely to be found on small PAs, because of disrupted ecological
processes, are also more likely to be managed because they are obvious or noxious.
Alternatively, species of management priority may be more likely on PAs close to
human development because species that are introduced as ornamentals may be more
likely to be invaders in natural areas than species that are agricultural pests
(Richardson and Rejmnek 2011; Zenni 2014).

Here we develop models that concurrently predict presence and cover for six
species that are prevalent on PAs in central Florida but differ in their priority for
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management. We ask:

1. Are predictors of presence and cover similar for a species?

2. Do predictors of presence and cover vary across species in relation to priority for
management?

2 Methods

2.1 Study system

To address these questions we needed a comprehensive dataset of the relative
abundance and treatment effort of invasive plants on PAs. There has been an extensive
recent effort to quantify the extent of invasion on publicly-owned PAs within the state
of Florida, USA (Cleary 2007) which provides an ideal study system. Florida is heavily
impacted by invasion, and there are 159 species on the FLEPPC list of invasive plant
species (FLEPPC list 2015, http://www.fleppc.org/list/list.htm). The more
than 1800 publicly-owned PAs within the state range from temperate to tropical
climates, urban to rural locations, and small to large area (Florida Natural Areas
Inventory(FNAI), Florida Managed Areas (FLMA) database).

2.2 Study species and sites

For this study we selected six focal species, grouped according to priority for
management, from the 159 FLEPPC listed species in the state. To do so, we examined
the distribution of management effort across FLEPPC listed species using an
operations database from the Florida Fish and Wildlife Conservation Commission
(FWC) upland habitat management program (Cleary 2007). We calculated the
proportion of effort applied to each species (by acreage or by number of individuals
treated, depending on PA) to rank species by treatment effort (Supplementary Table
SI1). We then used the ranking to choose the six study species highlighted in Figure
2. Schinus terebinthifolius (Brazilian pepper, introduced 1840 (Hight et al 2002)),
Imperata cylindrica (cogon grass, introduced 1921 (Dozier et al 1998)), and Lygodium
microphyllum (Old World climbing fern, introduced 1958 (Langeland and Hutchinson
2013)) are prioritized for treatment. Meanwhile, Ludwigia peruviana (Peruvian
primrose-willow, introduced by 1877 (Kunzer, J., personal communication), Urena
lobata (Caesar’s weed, introduced 1897 (Austin 1999)), and Panicum mazimum
(Guinea grass, introduced 1933 (FNAI 2014)) are widely prevalent on public
conservation lands but are a lower management priority.
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Figure 2: Variation in management effort and cover on protected areas (PAs) across the 28 species in our occurrence database
(Supplementary Table 2). For this study we chose six focal species (filled circles) that differ in the amount of effort
that is allocated to their treatment on PAs across Florida. This figure displays effort for each species in relation
to (a) cover on 365 PAs and (b) the number of PAs it occurs on. Schinus terebinthifolius, Lygodium microphyllum
and Imperata cylindrica are high priority species for management and also have high levels of cover across the state.
Ludwigia peruviana, and Urena lobata are low priority for management but have high cover. Panicum mazximum is
a low priority for management but is present on many PAs.
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We obtained distribution data for these six species from the FLInv geodatabase.
This database was commissioned by the Florida Fish and Wildlife Conservation
Commission (FWC) to improve their prioritization of invasive species management
funds and is maintained by the Florida Natural Areas Inventory (FNAI; database
available at http://www.fnai.org/invasivespecies.cfm). Here we use the PA as the
analysis replicate to represent regional decision making. We chose to use only records
from PAs where data were collected by FNAI botanists between the years of 2008 and
2010 to standardize data collection protocols. We also chose PAs where all records for
that species were GPS point data with surveyor-estimated area of coverage to improve
the predictive capacity of our models (see Iacona et al 2014). The final dataset includes
presence and absence information for six focal species on 365 PAs across Florida
(Supplementary Information). Our criteria for species choice and data quality resulted
in a sample of species that are primarily observed on PAs in central Florida. These
PAs were slightly smaller (1st Q = 13.9 HA, Median = 62 HA, 3rd Q = 450 HA) than
all the PAs in Florida (from FLMA dataset: 1st Q = 15.42, Median = 78 HA, 3rd Q =
475 HA). While these records were a subset of the possible species and the entire
network of PAs within the state, it was still a large sample spanning gradients of PA
features. The limitations of this sample must be balanced against the desirability of
having all surveys conducted by one agency with standardized reporting protocols.

2.3 Protected area features

We used predictive features that relate to the presence and cover of invasive species
and that can be obtained from publicly available datasets. The first three factors relate
to ecological function and community composition. PA size information was obtained
from the FLMA dataset of PAs managed for conservation. We used elevation as a
proxy for plant community type because, in Florida, very small changes in elevation
correspond with obvious changes in vegetation (Myers and Ewel 1990), and it was a
solution to the statistical challenge of adding community type as a categorical variable
while still maintaining a balanced design. We derived PA average elevation from USGS
NED 1/3 arc second data layers at 1 m resolution. Winter PA temperature was
represented by a binary variable (frost-bin) indicating three days of frost per year or
not, as calculated from Daymet weather data for the state of Florida (Thornton et al
1997). The last two factors relate to anthropogenic disturbance at a PA. We estimated
the number of nearby households by weighting the number of households in nearby
year 2000 census-tracts by their overlap with a 25 km buffer around the PA. This
buffer distance was chosen to account for the impacts of low density human
development on invasion (Gavier-Pizarro et al 2010). We calculated road density as a
proxy of onsite disturbance by dividing area of roads by PA size for all roads that
intersected or were adjacent to the PA (USGS 24000:1 roads layer). We estimated
average road width to be 10 m by assuming that two lane roads likely abut PAs.
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2.4 Modeling approach

Each species was present on only some of the 365 PAs (Supplementary Figure SI1) and
we were interested in both the probability of occurrence of a species on a PA and its
abundance if it was present. To model the two processes concurrently, we used a
zero-inflated negative binomial model (Zeileis et al 2008) to predict expected
proportional invasive cover at a PA in relation to PA features. We chose a negative
binomial model because our observed variance in invasive plant cover was greater than
the mean (overdispersion) and because AIC comparisons during the model-fitting
process indicated that this error structure was the most appropriate.

Our modeling strategy considers the entire dataset to be binary data and models
the probability of the species presence at a given PA, assuming a binomial
distribution:

ea""ﬁlxli""---ﬁnxni
(1+ gaJrﬁlXqu--ﬂnXm')

probability of presence = m; =1 — (

Here, « is the estimated model intercept and S is the fitted coefficient for the site
level factors X;. Our model also uses the observed cover measurements and some of the
zero cover records to relate the mean cover of a species at a PA to site-level features,
assuming a negative binomial distribution:

mean cover if present = p; = eI Xrit e Xni

We can then calculate the expected value of the mean cover at a PA while
accounting for the zero-inflated process (mean cover = E(Y;) = u; * m;). This
prediction of cover at a PA estimates expected cover weighted by the probability of the
species being present.

To construct our response variable, we binned proportional cover for each species
into thousandth of a percent bins to meet model assumptions of a discrete data
distribution (Table 1). We constructed separate models for each of the six species using
the pscl package in R (Zeileis et al 2008; R Development Core Team 2010; Jackman
2012). All models used a log link function to model the underlying proportional
invasive cover distribution, and a logit link function to model the excess zeros. We log
transformed all predictor variables, except frost-bin, to improve the model
appropriateness for the observed distributions of individual predictors. There was
moderate correlation between some predictor variables (e.g., negative correlation
between frost bin and elevation), but none that exceeded acceptable thresholds for
model assumptions (Dormann et al 2013). In addition, tolerance testing indicated that
the variation explained by each of the predictor variables was not more than 20%



201
202
203
204

205
206
207
208
209
210
211
212
213
214
215
216

217

218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238

dependent on variation in other predictor variables, ensuring that multicollinearity
requirements were adequate to proceed (Quinn and Keough 2001). Finally,
examination of semivariance plots of residuals from each model indicated that
remaining spatial autocorrelation was not a concern in this analysis.

This zero-inflated modeling technique considers records of zero cover to be one of
two types. If a species cover is zero it could be due to characteristics of the PA that
precluded the species presence (e.g., outside its range of temperature tolerance), or it
could be due to characteristics of the PA that relate to low amounts of cover (e.g., low
propagule pressure minimizing establishment). Hence, we present the results in two
sections even though they were produced in a single modeling process. The first
describes the predictive features that relate to the probability that the species of
interest is present at the PA. The second describes the predictive features that relate to
the expected proportional cover of the species if it is present. For a prediction of
expected invasive plant proportional cover for a species at a PA, multiply the
estimated mean proportional cover (Table 2) by the probability of the PA having more
than zero cover present (Table 3).

3 Results

Features that proxy for ecological characteristics were most important for predicting
species presence in central Florida (Table 2). PAs with three frost days or fewer per
year were more likely to have occurrences of S. terebinthifolius, L. peruviana, I.
cylindrica, and L. microphyllum. In addition, the probability that I. cyclindrica, L.
peruviana, and L. microphyllum were present increased as PA mean elevation
increased. Meanwhile, PA features that relate to human disturbances were less
important in predicting the presence of a species. Although I. cylindrica and L.
microphyllum were more likely to be present as the PA size increased, households and
roads were not significant predictors of presence for any tested species. Finally, no PA
features predicted P. mazimum or U. lobata presence.

In contrast, the PA-level features predicting proportional cover included both
those that related to ecological characteristics and those that related to human
disturbance (Table 3). The cover of all six species decreased as PA size increased.
However, the species differed in their relationship to household density. S.
terebinthifolius and I. cylindrica decreased in cover as the number of nearby
households decreased while the cover of L. peruviana increased. Finally, L.
microphyllum, P. mazimum and U. lobata cover decreased as PA size increased but
was not related to household density. In addition, frost-bin was a significant predictor
of cover for S. terebinthifolius and P. maximum, with higher cover at PAs with three or
fewer frost days per year. Road density was related to increased cover for I. cylindrica
and decreased cover for L. microphyllum.
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Outliers were present in the models of each species, but we think the information
provided by these highly invaded PAs was meaningful (very low proportional cover
outliers were absorbed by the zero-inflated process). Therefore we present the results
with all data included.

4 Discussion

This study examines how predictors of invasive plant cover and presence on PAs vary
with species identity and management priority in central Florida. This approach is
valuable from a conservation perspective because the fitted coefficients from models
such as ours permit regional planners to estimate invasion across PAs, and thus
management need, even if they only have information on PA features. For regional
level planning, such predictive models are useful for coarse decisions - such as refining a
list of potential acquisitions - and can postpone costly plant surveys. Here we find that
predictive features differ for presence and cover within and across species, suggesting
that predictions of presence and cover are not interchangeable. In addition, although
we identify predictors that are important across multiple species, no predictors related
to management priority species specifically.

There are many possible metrics of invasion (Richardson 2011), but we have
chosen to focus on presence and cover because of their management relevance.
Predictors of the presence of a species were often quite different than predictors of
cover in central Florida. For instance, in several models, the probability of presence of
a species increased with PA size, but the proportional cover decreased. This result
suggests that the two factors respond differently to site area and reinforces the call for
predictions of cover as well as presence for management applications (Catford et al
2012; Bradley 2013; Seabloom et al 2013).

The conservation implications of this discrepancy are relevant for management.
For instance, some species can be managed to minimize presence on PAs, such as when
the early detection and response to L. microphyllum is prioritized on the invasion front
in central Florida (Hutchinson et al 2006). Meanwhile other species are managed to
minimize cover, such as Melaleuca quinquenervia in the Florida Everglades 2014,
CISRERP. Notably, predictors of presence tended to be features related to ecological
characteristics. In contrast, the proportional cover of the species was more often
related to features that indicated human disturbance on a PA.

Specific PA-level predictors of presence and cover are important if a planner
wants to plan for management of one of our six study species. However, several
predictive features were common across many of the models, and we suggest that those
predictors could be appropriate for modeling invadedness of a PA regardless of species.
Across species in central Florida, the most important predictor of presence was
whether there were three or fewer frost days per year at the PA. Meanwhile, for

10
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estimates of cover, these factors were PA size and the number of houses within 25 km
of the PA. When interpreting these results, it should be observed that our models were
parameterized on a subset of PAs that excluded the very largest sites. We suggest that
extrapolating our results to the very largest PAs (e.g. the 6 PAs in Florida that are
larger than 100,000 HA) should be done with caution.

Finally, we show that invasion by species of high management priority in central
Florida is not predicted by different features than those that are low management
priority. Instead, both presence and cover of all six of our focal species were related to
slightly different factors. These associations were reasonable based on the physiology
and life history of the individual species, as we discuss in section 4.1 below, but there
was no clear grouping of factors related to management priority.

4.1 Species specific results

4.1.1 High management priority species

Schinus terebinthifolius is a documented management priority in peninsular Florida
(Cuda et al 2006). It is found on the most PAs throughout the state, covers the most
area, and is allocated the most effort and funding of species that are treated in Florida
(Supplementary Table SI1). It is range restricted in Florida and its presence at a PA
was almost entirely related to frost free days. However, on PAs where the species was
present, the proportional cover of S. terebinthifolius decreased as PA size increased, as
household density decreased, and when there were more than three days with frost.

Imperata cylindrica is also a management priority in Florida. Our model suggests
that its proportional cover is correlated with road density. This is not surprising
because I. cylindrica is a perennial rhizomatous grass that is primarily vegetatively
dispersed (Dozier et al 1998). The species is common along roadsides, as the rhizomes
are often transported in road fill and by grading equipment (Jose et al 2002). In
addition, the positive relationship between the presence of I. cylindrica and elevation is
reasonable because this species is able to tolerate hot, dry conditions and is one of the
few species that will invade upland pine (Yager et al 2010) and scrub communities.

The presence of Lygodium microphyllum was positively related to elevation. This
may be related to its prevalence on large inland PAs in central Florida (Ferriter and
Pernas 2006). Its proportional cover also decreased with increased road cover. This
could be because, as a statewide management priority (Hutchinson et al 2006), it is
likely to be intensively treated in accessible areas. However, these results should be
interpreted with care because this species was present on only 18 PAs in our study and
our data selection criteria excluded several of the largest parks in south Florida where
this species is a primary pest.

11
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4.1.2 Low management priority species

Our model suggests that the proportional cover of Ludwigia peruviana decreases with
proximity to human households. This wetland species is prevalent in large, shallow
wetlands produced by water control projects in south Florida (Toth 2010). These
wetlands may be less common in developed areas. In addition, the probability of
presence of L. peruviana is positively related to elevation. This seems counterintuitive
for a wetland species, but if it prefers the types of wetlands that are present in the
interior of the state, where there is higher elevation and greater distance from the
human development along the coast, both patterns would hold.

Finally, the presence of both Panicum mazimum and Urena lobata was not
strongly related to PA features. In addition, the proportional cover of neither of these
species was well explained by the density of surrounding households, although they
both did decrease in cover as PA size increased. This is probably because both are
common ruderal species, with near ubiquitous presence on PAs in central Florida
(Austin 1999).

4.2 Extensions

We were particularly interested in features that predicted invasion across species of
management interest. However, it would be possible to refine the model to further
explore drivers behind species specific patterns, for instance PA area and access and L.
microphyllum. In addition, we did not find common site-level predictors across species
with similar management priority, but it is possible that other characteristics of these
species could meaningfully predict their presence and cover. For instance, time since
invasion is a species characteristic that could correlate with management priority.
Finally, one important potential predictor that we do not include in our models is a
measure of how much effort has been allocated to management at the site. There is
highly resolved cost data available for many of these PAs (Iacona et al 2014). However,
the invasion data is from a single sampling time and the relationship between observed
invasion and spend can go both ways (spending is higher at sites with more invasion,
but higher spending should reduce invasion). This endogeneity problem limits the
scope for including these data in our current models.

4.3 Conclusions

Invasive plant species management is often a priority for biodiversity conservation, and
we confirm that species identity can be important from a planning perspective. Our
work suggests that certain PA features robustly predict presence and cover across
species, at least in central Florida, but that these predictors are not clearly related to

12
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management priority. If such predictions are intended for conservation decision making
at a regional scale (e.g. if assessing the possible consequences of pursuing agency-wide
policies on minimum reserve sizes), it is important to understand the variation in
network wide trends of presence and proportional cover. In such cases, a model such as
ours, that uses cheap, easily obtainable coarse grain data to predict expected variation
in presence and cover at the scale of a PA would be appropriate.
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Table 1: Descriptive statistics. Our response variable is the proportional cover of the six study species. This value is the total
cover for each species at a protected area (PA) divided by the size of the PA. The number of study PAs (n) with
cover data varies with species. Total area (hectares =HA) invaded describes the sum of cover for each species across
the 365 study PAs. Proportional effort indicates the relative proportion of management activity allocated to each
species between 1999 and 2009 (see Supplementary Table SI1 for more information). The predictor variables were
site level features of PAs

Variable Proportional Cover n  HA invaded Proportion effort
5t percentile Mean 95" percentile
Schinus terebinthifolius 0 7.42E-03 1.57E-02 207 4644 0.25
Imperata cylindrica 0 1.16E-04 3.94E-04 312 1518 0.09
Lygodium microphyllum 0 3.88E-05 1.00E-07 342 2204 0.08
Ludwigia peruviana 0 4.94E-05 1.57E-04 326 2754 0.00
Urena lobata 0 2.96E-04 6.25E-04 277 2102 0.01
Panicum mazximum 0 1.69E-04 4.58E-04 311 377 0.01
Protected Area Features
5" percentile Mean 95" percentile n
Total HA 2 62 8600 365
Households within 25 km 9900 104 000 679 000 365
Frost-bin NA NA NA 365
Road Length (M) 45 2139 81 800 365

Mean Elevation (M) 1 4 32 365




Table 2: Parameter estimates and standard errors (Coefficient + 1 SE) for the model component that predicts the presence
of an invasive species on a protected area. The probability that a species is present at a protected area is calculated
as 1 minus the logit of the linear combination of these coefficients multiplied by the predictor variable values for that
protected area. See text in section 2.4 for the equation. Values in bold font are statistically significant at p < 0.05.

61

Intercept log HA log house density log road cover log elevation frost-bin
Schinus terebinthifolius -11.65+8.52  -0.06+0.25 1.15+0.68 -0.184+0.11 0.76+0.58 -2.69+1.17
Imperata cylindrica -4.2945.75 -0.70+0.19 0.26+0.28 0.45+0.29 -0.86+0.28 -1.46+0.65
Ludwigia peruviana 12.34+4.71 -0.68+0.17 -0.55+0.35 -0.05+0.07 -0.94+0.33 -1.60+0.72
Lygodium microphyllum 13.72+6.32 -1.134+0.33 0.00+0.43 0.10+£0.09 -1.42+0.58 -7.25+2.75
Panicum maximum 6.331+4.54 -0.56£0.31 0.06£0.36 -0.3240.21 0.6940.39 -0.98+0.94
Urena lobata -14.51+48.45  -1.2940.78 0.89+0.72 -1.10+£1.00 -3.85+1.97  26.49+50.29
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Table 3: Parameter estimates and standard errors (Coefficient + 1 SE) for the model component that predicts proportion
invasive cover of an invasive species at a protected area if the species is present. The mean proportion invasive
cover at a protected area follows a binomial distribution and thus is calculated as exp(the linear combination of
these coefficients multiplied by the predictor variable values for that protected area). See text in section 2.4 for the
equation. Values in bold font are statistically significant at p < 0.05.

Intercept log HA log house density log road cover log elevation frost-bin  dispersion
Schinus terebinthifolius -5.16+£3.26  -0.58+0.21 0.71+0.26 -0.11+0.08 0.00+0.44 4.68+0.97 5.34+1.17
Imperata cylindrica -11.1743.67 -0.33+0.09 0.40+0.20 0.60+0.18 -0.07+0.16 0.42+0.38 1.2640.41
Ludwigia peruviana 11.51+£5.38 -0.5140.10 -0.56+0.29 -0.19+0.19 -0.15+0.19 0.70£0.47  2.0840.71
Lygodium microphyllum 10.77+£5.66 -0.69+0.20 -0.22+0.41 -0.2240.06 -0.48+0.37 -0.90+£2.80 0.52£0.63
Panicum maximum 8.60+4.67 -0.734+0.17 -0.41+0.35 -0.15+0.29 0.28+0.46 2.324+0.86 3.75+2.36
Urena lobata -1.86+£2.82 -0.46+0.09 0.41+0.21 -0.09+0.08 0.22+0.21 0.95+£0.56 6.414+1.21






