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Abstract

Human land uses surrounding protected areas provide propagules for colonization of these areas by
non-native species, and corridors between protected-area networks and drainage systems of rivers
provide pathways for long-distance dispersal of non-native species. However, the influence of
protected-area boundaries on the colonization of protected areas by invasive non-native species is
unknown. We drew on a spatially explicit data set of more than 27 000 non-native plant presence
records for South Africa’s Kruger National Park to examine the role of boundaries in preventing
invasion of protected areas by non-native species. The number of records of non-native invasive
plants declined rapidly beyond 1500 m inside the park, suggesting that the park boundary limited
the spread of non-native plants from the surrounding landscape. The number of non-native invasive
plants inside the park was a function of the amount of water runoff, density of major roads, and the
presence of natural vegetation outside the park. Of the types of human-induced disturbance, only
the density of major roads outside the protected area significantly increased the density of non-
native plants. Our findings suggest that the probability of incursion of invasive plants into protected

areas can be quantified reliably.
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INTRODUCTION

Many anthropogenic threats to native species of plants and animals are not removed by establishing
formal protected areas. Theoretically, the probability that formal conservation measures will meet
their goals is improved by establishing networks of protected areas and by increasing connectivity
through the creation of corridors (Foxcroft et al. 2007; Gaston et al. 2008). Such strategies,
however, do little to prevent non-native invasive species from colonizing protected areas (Lambdon
et al. 2008; Pysek et al. 2008; Hulme et al. 2009). Some types of landscape features may exacerbate
such colonizations; for example, river networks can facilitate colonization of non-native plants
(Pysek & Prach 1993; Margules & Sarkar 2007; Richardson et al. 2007). Protected-area
management strategies that address colonization of non-native species generally focus on early
detection and eradication, and action is applied only to species that are likely to have greatest
negative effects on ecosystem functions. Establishment of buffer zones around protected areas is
often included in these strategies. Although some researchers have addressed non-native species
colonization at the interface between protected areas and human-dominated systems (Pysek et al.
2003; Alston & Richardson 2006), no one has addressed the distance of non-native species’
incursions into protected areas or explored what would constitute an effective and sustainable width

of buffer to reduce incursions.

A data set on distributions of non-native plant species and land use in and around South
Africa’s Kruger National Park (KNP) allowed us to conduct a detailed analysis of the permeability
of protected area boundaries. Kruger National Park in northeastern South Africa (Fig. 1), was
founded in 1898, and covers an area of ~20,000 km”. More than 370 non-native species have been
recorded in the park (Foxcroft & Freitag-Ronaldson 2007). In response, KNP managers have
initiated programs aimed at preventing and mitigating colonization of the park by non-native
species (Foxcroft & Downey 2008; Koenig 2009), and detailed data on the distribution of these

species have been collected over 4 years (Foxcroft et al. 2009).
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We explored the extent to which park boundaries act as a barrier to the influx of non-native
plant species from outside to inside the park. We also examined how particular characteristics of the
surrounding landscape, such as land use and presence of features thought to promote dispersal of
non-native plants, affect the number and location of records of non-native plants inside the park.
Thus, we sought to identify factors that could be used to explain which areas more likely to be
invaded, and how far invasions of non-native species extend into the park. Such insights are needed

to explain invasions patterns and elucidate management options in this and other protected areas.

METHODS

Study area

We assessed the relation between the western and southern boundaries of KNP and colonization of
the park by non-native invasive plants. We excluded the northern (Limpopo River) and eastern
(border with Mozambique) boundaries from our analyses (Fig. 1). We based this delimitation on the
assumption that propagules of non-native species arrive mainly from the western side of the KNP
because all rivers flowing through the park flow from west to east and tourist entrance gates are
primarily along the western and southern boundaries. Also, data from outside South Africa
(Mozambique in the east and Zimbabwe in the north) are not as spatially comprehensive as data
from South Africa. Additionally, the Limpopo River has an extensive drainage basin of which the
KNP is only 4%; including this edge would thus distort the effects of water run-off on the potential

colonization of non-native plants.

Data set
Approximately 120 field rangers collect data during their daily patrols with a hand-held personal
computer and customized software (CyberTracker; MacFadyen 2005; Foxcroft et al. 2009). Rangers

record data opportunistically as they move through an area. Apart from the presence of non-native
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plants, rangers also recorded observations of animals, carcasses, and tracks and water availability
(Foxcroft et al. 2009), which we used as absence points. We considered a non-native species to be
present at a given point if a ranger recorded its occurrence and absent if a ranger recorded a visit to
the point but did not detect a plant, or recorded any other observations. Absence records were
assumed to be accurate on the basis of the assumption that if a non-native plant was present at the
same point as another observation, it would also have been recorded. We believe this assumption is
justified because we considered only the most abundant and conspicuous non-native species that
trained rangers could recognize reliably: erect pricklypear (Opuntia stricta), lantana (Lantana
camara), triffid weed (Chromolaena odorata), and parthenium (Parthenium hysterophorus)
(Foxcroft et al. 2009).

The data set is spatially explicit, covers all of KNP (Foxcroft et al. 2009), and includes
>27,000 presence records and >2 million absence records collected between 2004 and 2007. Along
the western and southern park boundaries we delineated 638 1-km-wide segments that extended

into the park up to 1500 m (Fig. 1).

Non-native species

To characterize the occurrence of non-native species, we extracted numbers of their records, and to
account for a possible effect of trends in sampling intensity by the park staff, also proportions of
non-native records. To account for a possible effect of sampling intensity by rangers, we
determined the perpendicular distances of all non-native plant records (hereafter non-native
records), and the proportions of non-native records to all records, from the park boundary. For each
segment we summed the distances within 100-m increments along a perpendicular line that ran
from the boundary across the entire park (maximum distance was 52,000 m). Proportions of non-
native records were calculated as the number of non-native records divided by the total number of
non-native and absence records in the 100-m increments from the boundary up to a distance of 1700

m.
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Environmental data

We examined the effects of several environmental variables on the presence of non-native plants in
KNP. Inside the park, we summed the presence of roads, camps, gates, rivers, and the dominant
type of vegetation within each segment along the boundary (Fig. 1). Outside the park, for sections
corresponding to segments starting at the boundary and extending 1, 5, 10, and 50 km away we
determined the density of major and secondary roads, land use, mean annual water runoff, presence

of protected area, and primary productivity of vegetation (see Appendix S1 and S2).

Statistical analyses

We plotted the numbers and proportions of non-native records against distance from the boundary,
and analyzed with Kendall’s rank correlation whether the occurrence of non-native plants decreased
monotonically as distance from the KNP boundary increased (Legendre & Legendre 1998). To
determine whether there was a threshold distance at which the proportion of non-native records
leveled off, we used a locally weighted scatterplot smoothing regression model (LOWESS) to
assess a region of effective neutrality (Trexler & Travis 1993), defined as the distance from KNP
boundary at which there was no relation between the distance and the number of non-native records
(Cleveland 1979; Chambers et al. 1983).

We used a binary classification tree (Breiman et al. 1984; De’ath & Fabricius 2000) to
analyze the presence and absence of non-native species in the segments as a function of
environmental characteristics measured within and outside KNP. Classification trees sub-divide the
dataset into homogenous groups based on a series of hierarchical splits. The classification accuracy
of each split in the tree was expressed by its improvement value, corresponding to the overall
misclassification rate at each node, with high scores of improvement values corresponding to splits
of high quality. The quality of the chosen tree was evaluated as the overall misclassification rate by

comparing the misclassification rate of the optimal tree with 50% misclassification rate of the null
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model (De’ath & Fabricius 2000), and using cross-validated samples (Steinberg & Colla 1995),
based on values of sensitivity (the ability of the model to predict that a non-native species is present
when it is) and specificity (the ability of the model to predict that a non-native species is not present
when it is not) (Bourg et al. 2005).

The environmental variables identified by the optimal classification tree as explaining the
greatest variance in number of non-native records were not collinear. Thus, we used them as
explanatory variables in a logistic regression with binomial errors and logit link function (Quinn &
Keough 2002) in which presence or absence of non-native species in each of the 638 segments was
the response variable.

Details of these analyses are described in Appendix S3.

RESULTS
Inside the park, the number of non-native records decreased monotonically as distance from the
KNP boundary increased (Fig. 2a,b) (Kendall’s rank correlation T =-0.53; z = -18.00; p<0.0001 for
number of non-native records). The proportion of non-native records also decreased monotonically
as distance from the park boundary increased (Kendall’s rank correlation t=-0.71;z=-3.95;p =
0.0001). The difference between non-native records and the proportion of records, up to 1700 m
from the boundary was only 1.5% of the explained variance, whereas 93.6% of the explained
variance was the same for the two measures (Appendix S4). This indicates that sampling bias
associated with use of number rather than proportion of non-native records was negligible. At
approximately 1500 m from the KNP boundary the number of non-native records became constant
(Fig. 2b).

Mean annual water runoff (>6 million m’/annum) from the watershed outside the park
explained the greatest proportion of variance in non-native records in a given segment. Segments
with less than mean runoff were more likely to have non-native species present only in areas with

high road density within 10 km outside the park boundary (Fig. 3). The effects of water runoff and
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road density interacted in such a way that high run-off compensated for a low road density and vice
versa, but high values of both factors at the same time did not result in an increased effect compared
to a separate effect of either factor (Appendix S5). In a model in which mean annual runoff was
replaced by a categorical measure of runoff (none [no rivers intersected the segment, low [2—10],
medium [10-15], and high [15-26] million m’ / quaternary watershed / annum), the number of non-
native records in segments with no river present was associated again with the density of major
roads within a 10-km radius outside the KNP boundary. If a segment contained a river, presence of
non-native plants was unlikely only in segments where natural vegetation (possibly grazed by
livestock) comprised over 90% of the land use in the 5-km radius outside the KNP boundary and

where roads were absent within the park (Appendix S6).

DISCUSSION

Our results suggest that the park boundary limits the spread of non-native plants into the KNP. We
quantified the number of records of non-native species, which we assumed is a surrogate measure of
boundary permeability, on the basis of a few environmental variables measured outside and within
the park. These features are related to factors that facilitate the spread of non-native species, such as
the presence of water courses (PysSek & Prach 1993; Richardson et al. 2007), human activity (von
der Lippe & Kowarik 2007, Pysek et al. 2010), and road construction. Our statistical models had
high explanatory power and we believe they may be applicable to protected areas in general.

Of the 2 types of vectors of propagules of non-native plants, water runoff and road density,
the association of water runoff with number of non-native plants was stronger. Park managers have
little control over the upper reaches of the rivers that flow through KNP. But, it appears there is a
quantifiable threshold value of water runoff from surrounding areas below which invasion of non-
native plants is less likely. This knowledge could be applied to prioritization of measures to control

colonization of areas by non-native plants, such as targeting particular riparian areas for removal of
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non-native plants. The effects of water and road density on dispersal of non-native plants appeared
to be similar but not synergistic. The number of non-native records was explained by environmental
variables up to a distance of 10 km from the boundary; therefore, data on variables that explain
significant variance in presence of non-native invasive species can be collected relatively near the
protected area.

These variables are associated with the spread of non-native plants into the park from
surrounding landscapes. Within about 1500 m into the park from the boundary, the number of non-
native plants decreased sharply. This distance beyond which a rapid decline in abundance of non-
native plants occurs is likely to differ among protected areas, ecosystems, and vegetation types, but
we believe such a threshold is likely to be present in all large protected areas. This does not mean
park interiors cannot have high abundances of non-native plants in places. Land uses within a
protected area can affect the spread of non-native plants (e.g., tourist camps and staff villages) and
serve as sources of non-native species (Foxcroft 2001; Foxcroft et al. 2008). Further spread of non-
native plants into KNP may be limited by placement of entrance gates where water runoff is low
and the KNP border surrounded by natural areas. Additionally, because number of non-native plant
records declined rapidly as distance into the park increased, we believe that a buffer zone of

undisturbed vegetation surrounding the park could slow the spread of non-native plants.
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Figure Captions

Figure 1. Mean annual river run off in Kruger National Park (KNP); pattern of non-native plant
records in relation to KNP boundary and 1 x 1.5 km segments (lower left inset); and location of

KNP within South Africa (upper left inset).

Figure 2. Number of presence records of non-native plants relative to distance from the boundary of
Kruger National Park toward the interior of the park: (a) to 52,000 m and (b) to 3,000 m. Fitted
curves are LOWESS regression models on square root number of records (back-transformed for
visualization) with no patterns of residuals: In (a) span of smoothing = 0.1; equivalent number of
parameters in curvilinear regression ENP=29.8; explained variance r* = 0.82; model chosen by
deletion test (F=1.16; ENP = 313.2, 29.8; p=0.13) against starting model with span = 0.01 and r* =
0.94. In (b) span of smoothing = 0.5; ENP = 6.4; r* = 0.96; model chosen by deletion test (F=2.37;
ENP=15.1, 6.4; p=0.07) against starting model with span = 0.2 and r* = 0.99. The spans of

smoothing describe local sensitivity in iterations of LOWESS models (see Appendix S3 for details).

Figure 3. Results of classification tree analysis of the binary probability of non-native species
presence in Kruger National Park (KNP). Probability of presence was determined on the basis of
water runoff in the park (mean annual runoff from the surrounding watershed; million m®) and road
density adjacent to the park (density of major roads within 10 km radius outside the KNP boundary)
(%, percentage of cases for each class; bars, representation of percentage of absent [grey] and
present [black]). Except for the root node (undivided data) at the top, there is splitting variable name
and split criterion above each node. Vertical depth of each node is proportional to its improvement
value. Overall misclassification rate of the optimal tree is 14.0%, sensitivity 0.92 and specificity

0.81.
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(summarized for sections adjacent to each 1 km wide transect ina 1, 5, 10 and 50 km radius
outside the park boundary).

*Major roads are defined as the main tourist tar roads in KNP

®Natural areas are untransformed landscapes (although probably grazed by livestock),
cultivated areas are agricultural (crop) lands, plantations are commercial plantation forests,
urban areas include towns and informal / rural settlements, degraded areas are areas
transformed by erosion (gullies and bare soil), loss of plant cover, and other disturbances

‘Refers to quaternary watersheds; Quaternary watersheds are nested subdivisions of
primary, secondary and tertiary watersheds, where primary watersheds refer to the drainage
areas of major rivers in the South African river classification system (van Wilgen et al.
2007). Run-off was only given for those segments for which a main river intersected it.

‘Normalized Difference Vegetation Index; is a measure of the amount of green vegetation
i.e. photosynthetically active material, and is used as a proxy for above-ground net primary
production.

®Main rivers are defined as the seven main river systems (Limpopo, Luvuvhu, Shingwedzi,
Letaba, Olifants, Sabie, Crocodile Rivers; Fig. 1) flowing into and through the KNP from
west to east

'See Appendix 2.
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Supporting Information: Appendix 1

Table. Environmental variables used to explain the occurrence of non-native plants in the

Kruger National Park (KNP).

Category Variable Variable type
Outside  *Traffic Density of major national roads within 1,5, 10,  Continuous
KNP 50 km of boundary [km/km?]
Density of all (major, secondary and gravel) Continuous
roads 1, 5, 10, 50 km [km/km?]
®Land use % natural areas in 1, 5, 10, 50 km Continuous
% cultivated areas in 1, 5, 10, 50 km Continuous
% plantations in 10, 50 km Continuous
% urban areas in 1, 5, 10, 50 km Continuous
% degraded areas in 1, 5, 10, 50 km Continuous
Protected areas Protected areas adjacent KNP Binary (present/absent)
‘Run-off from Mean annual runoff [million m*/ quaternary Continuous
quaternary watershed / annum]
watershed
River runoff category [none, low, medium,
high]. (None indicates that no main rivers Categorical
intersected the segment)
Vegetation INDVI mean value Continuous
productivity
Inside Human activities ®Presence of major roads Binary (present/absent)
KNP
Presence of roads Binary (present/absent)
Presence of camps Binary (present/absent)
Presence of gates Binary (present/absent)
*Rivers Presence of main river Binary (present/absent)
Presence of rivers Binary (present/absent)
Vegetation type Landscape unit (Gertenbach 1983) Categorical

Notes: Data was extracted for areas inside the park (summarized in 1 x 1.5 km segments on
transects from the edge of the park towards its interior; Fig. 1), and outside the park
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Supporting Information: Appendix 2

Table. Landscape units of Kruger National Park (KNP) used as an explanatory variable for
non-native plant records in KNP.

Landscape
ID Landscape Description
1 Lowveld Sour Bushveld of Granitic plains with Terminalia sericea tree
Pretoriuskop savanna
2 Malelane Mountain Bushveld Granitic mountains with Combretum
apiculatum bush savanna
4 Thickets of the Sabie & Crocodile Granitic lowlands with Acacia grandicornuta
Rivers tree savanna
5 Mixed Combretum / Terminalia Granite plains with Combretum zeyheri or
sericea woodland Combretum apiculatum bush savanna
6 Combretum / Colophospermum Granite plains with Colophospermum mopane
mopane woodland of Timbavati bush or tree savanna
7 Olifants River Rugged Veld Granite plains with Colophospermum mopane
bush or tree savanna
8 Phalaborwa Sandveld Granitic plains with Colophospermum mopane
bush savanna
9 Colophospermum mopane woodland /  Metalava with Colophospermum mopane tree
savanna on basic soil savanna
10 Letaba River Rugged Veld Metalava with Colophospermum mopane tree
savanna
11 Tsende Sandveld Granitic plains with Colophospermum mopane
bush savanna
12 Colophospermum mopane / Acacia Metalava plains with Colophospermum
nigrescens savanna mopane tree savanna or Andesitic plains with
Combretum collinum shrub savanna
13 Acacia welwitschii thickets on Karoo ~ Karoo sediment plains with Acacia
sediments welwitschii tree savanna or with Terminalia
sericea bush savanna
16 Punda Maria Sandveld on Cave Clarens sandstone hills with Terminalia

Sandstone

sericea bush savanna or Soutpansberg group
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Sclerocarya birrea subspecies caffra
/Acacia nigrescens savanna

Thornveld on gabbro

Colophospermum mopane shrubveld
on gabbro

Adansonia digitata /
Colophospermum mopane Rugged
Veld

Colophospermum mopane shrubveld
on calcrete

Limpopo / Luvuvhu Floodplains

Lebombo South

Pterocarpus rotundifolius /
Combretum collinum woodland

Punda Maria Sandveld on Waterberg
sandstone

mountains with Burkea africana tree savanna

Basaltic or gabbroic plains with Sclerocarya
birrea tree savanna or Acacia nigrescens bush
or shrub savanna

Basaltic or gabbroic plains with Sclerocarya
birrea tree savanna or Acacia nigrescens bush
or shrub savanna

Basaltic or gabbroic plains with Acacia
nigrescens bush savanna or Colophospermum
mopane bush or shrub savanna

Basaltic or calcitic plains with
Colophospermum mopane shrub savanna

Basaltic or calcitic plains with
Colophospermum mopane shrub savanna

Alluvial plains with Faidherbia albida or
Salvadora angustifolia tree savanna

Basaltic plains or rhyolite mountains with
Combretum apiculatum or Colophospermum
mopane bush savanna

Metalava plains with Colophospermum
mopane tree savanna or Andesitic plains with
Combretum collinum shrub savanna

Clarens sandstone hills with Terminalia
sericea bush savanna or Soutpansberg group
mountains with Burkea africana tree savanna

“Landscapes are defined as “An area with a specific geomorphology, macroclimate, soil
and vegetation pattern, and associated fauna” (Gertenbach 1983).

Reference

Gertenbach, W. P. D. 1983. Landscapes of the Kruger National Park. Koedoe 26:9-121.
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Further details on statistical analysis.

The numbers of non-native records could be biased by sampling intensity, for example, the park
staff might have been collecting records in the surroundings of the boundary more intensively than
in park interior. To test if this was the case, the numbers and proportions of non-native records were
compared for their trends with increasing distance from park boundary up to 1700 m, a distance for
which both measures were available, by using curvilinear polynomial regression (Sokal & Rohlf
1995). Before this analysis, numbers were square rooted and proportions angular transformed to
normalize the data (Sokal & Rohlf 1995) and standardized to zero mean and variance one,
separately for each monitoring method, to make the two measures comparable. Trends were then
measured by ANCOVA with monitoring method as a two level factor and powers of distant classes
as covariates. The powers were added sequentially until the addition caused insignificant reduction
in explained variance. The similarity between trends was then assessed by testing significance of
interaction between monitoring method and distance classes in deletion tests. Explained variance of
individual models was compared based on rzadj, which takes into account number of model
parameters (e.g. Quinn & Keough 2002).

To reveal if there was a threshold distance from which the proportions of non-native records
level off, we assessed a region of effective neutrality (Trexler & Travis 1993) by iterations of
locally weighted scatterplot smoothing (LOWESS) regression model (Cleveland 1985; Chambers et
al. 1983) on square root transformed non-native plant numbers. The iterations differed in local
sensitivity expressed as a span of smoothing between 0—1, where span = 1 corresponds to standard
linear regression, with complexity described as equivalent number of parameters (ENP) in
curvilinear regression (Cleveland 1993). We started with a small value of span (low smoothing and
high proportion of explained variance, Trexler & Travis 1993) and increased the span slowly to the
point at which the LOWESS model significantly (p<0.05) differed in ANOVA deletion test from
the starting model; a slightly smaller value of span, which did not differ significantly from the
starting model, was chosen for final interpretation (S-PLUS 4 1997). Residuals of all models were
checked to verify whether they do not show any pattern (Cleveland 1985). Calculations were done

in S-PLUS v. 8.1.1 (TIBCO Software).
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The permeability of park edge to invasions was analyzed by dividing segments into those
with non-native species present and absent, therefore the response variable was yes/no, and
environmental characteristics measured within the KNP and outside the park were explanatory
variables. Proportional explanatory variables were angular transformed to normalize the data,
continuous variables checked for normality and standardized to zero mean and unit variance to
achieve their comparable influence. Using the standardized values, collinearity was checked by
calculating tolerance values among all continuous explanatory variables. Tolerances less than 0.1
were considered as values which can prevent a reliable estimate of linear model parameters (Quinn
& Keough 2002). These values appeared for 10 of the 28 examined variables outside the KNP
boundary, and regularly repeated for some of the variables also when collinearity checked
separately at 1, 5, 10 and 50 km radius outside the KNP boundary. Consequently, instead of
generalized linear models (GLMs) which would give unreliable estimates, the question what factors
influence the permeability of the edge was first examined by binary classification trees (Breiman et
al. 1984), a non-parametric statistical method for which collinearity of the explanatory variables
cannot prevent reliable estimates. The use of the trees appeared preferable to GLMs also because
some of the explanatory variables were skewed to the left, and no transformation was able to
normalize the data for their proper use in GLMs. In regression trees, non-normal distribution cannot
prevent reliable estimates because the trees are invariant to monotonic transformations of
explanatory variables, and the explanatory variables thus do not need any transformation before
analyses (De’ath & Fabricius 2000).

The classification trees were constructed in CART v. 6.0 (Breiman et al. 1984; Steinberg &
Colla 1995) by binary recursive partitioning, using the default “Gini”” impurity measure as the
splitting index. To determine the optimal tree, a sequence of nested trees of decreasing size, each of
them being the best of all trees of its size, were constructed, and their resubstitution relative errors
estimated. Ten-fold cross-validation was used to obtain estimates of cross-validated relative errors
of these trees. These estimates were then plotted against tree size, and the optimal tree chosen both
based on the minimum cost tree rule, which minimizes the cross validated error (the default setting
in CART v 6.0; Steinberg & Colla 1995), and based on the (i1) 1-SE rule, which minimizes cross-
validated error within one standard error of the minimum (Breiman et al. 1984). A series of 50
cross-validations were run, and the modal (most likely) single optimal tree chosen for description

(De’ath & Fabricius 2000).
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The quality of the chosen tree was evaluated as the overall misclassification rate by
comparing the misclassification rate of the optimal tree with misclassification rate of the null model
(De’ath & Fabricius 2000), and using cross-validated samples (Steinberg & Colla 1997), based on
values of sensitivity (i.e. true positive rate, defined as proportion of observations correctly identified
as suitable), specificity (true negative rate) (Bourg et al. 2005) and misclassification rate for the
presence/absence of a non-native plant in a segment (Steinberg & Colla 1995). Because high
categorical explanatory variables have higher splitting power than continuous variables, to prevent
the high categorical explanatory variable landscape (22 categories) to have inherent advantage over
continuous variables, penalization rules for high category variables (Steinberg & Colla 1997) were
applied.

The environmental characteristics chosen by the optimal classification tree as the best
predictors of the permeability of park edge lacked collinearity and could be used as explanatory
variables in logistic regression (Chytry et al. 2008; Hejda et al. 2009; Pysek et al. 2009) with
binomial errors and logit link function (Quinn & Keough 2002), in which non-native species
presence or absence in individual segments was the response variable. Overall significance of the
logistic regression and significance of individual parameters and their interaction were evaluated by
deletion tests based on G” statistic, i.e. as the deviance of the maximum likelihood model (Crawley
2002). An overall goodness of fit of the model was assessed with the Hosmer and Lemeshow
(1989) test and a determined lack of fit removed by assessing which segments had the largest
influence on the model. It was done by assessment of A, the analogue of Cook’s statistic in logistic
regression (Hosmer & Lemeshow 1989), for the individual segments. Segments with the largest A
were sorted in descending order and weighted out of the analysis one after another (Gilchrist &
Green 1994; Kiivanek et al. 2006) until the value of Hosmer and Lemeshow test (1989) indicated
no evidence of the lack of fit. The quality of the final model was expressed as r’(, i.e. as an analogue
of the explained variance of the ordinary regression model (Quinn & Keough 2002; Menard 2000)
and as a percentage of correctly classified values for the presence/absence of a non-native plant in a
segment. To verify whether the neighboring segments do not exhibit more similar records than
expected by chance (e.g. Legendre 1993; Lichstein 2002), spatial autocorrelations of the individual
segments were calculated as autocorrelation coefficients (Legendre & Fortin 1989) on Pearson’s

standardized residuals of the logistic regression. Insignificant coefficients of the residuals indicated
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no spatial autocorrelations among the segments (Rangel et al. 2006; Dormann et al. 2007).

Calculations were done in S-PLUS v. 8.1.1 (TIBCO Software) and SPSS v. 17 (SPSS Inc.).
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Figure. Comparison of non-native plant record trends in 100 m distance classes from the
KNP boundary for two monitoring methods; non-native numbers and their proportional
representation. The trends differ significantly only in the fourth power of polynomial function
(deletion test on interaction between monitoring method and polynomial function which
includes the fourth power: F = 3.67; df = 4, 28; p = 0.018; rzad,- for model with the fourth
power polynomial function = 0.951) but the differences are insignificant for polynomial
function with only powers up to the third degree (deletion test on interaction between
monitoring method and polynomial function up to the cubic power: F = 0.46; df =3, 29; p =
0.71; rzad,- for model with the third power polynomial function = 0.936); the fourth power
appeared significant for the numbers (0.99 + 0.31 [value + standard error]; t = 3.23; df =24;
p = 0.0035), but insignificant (-0.55 £ 0.31; t = 1.80; p = 0.084) for the proportions. The
minimal adequate models with all parameters significant, where x and their powers measure
the distance from the boundary, are: proportions = -3.34x +1.63x* -1.05x> (F = 59.95; df = 3,
13; p < 0.0001; r’adj = 0.917); numbers = -3.15x + 2.01x? -1.14x* + 0.70x* (F = 233.5; df =
4,12; p < 0.0001; r’adj = 0.983); intercepts are zero due to standardizations.
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Table. Summary and diagnostic information on the optimal classification tree for the
probability of presence/absence (yes/no in the terminal node information below) of a non-

native plant in Kruger National Park boundary segments, for Fig. 3.

Terminal node information. The first row for each terminal node shows the terminal node
number (Node), number of cases at the node (N), fraction of the data that end up in the node
(Prob), fraction of records at the node misclassified (Cost), and the dominant splitting
category of the response variable for the node (Class). The following rows show distribution
of the categories of the response variable at the node (N = numbers, Prob = probabilities of

the numbers, Class = category).

TERMINAL NODE INFORMATION

Node N Prob Cost Class

1 331 0.4431 0.0803 NO
313 0.9197 NO

18 0.0803 YES

2 29 0.0506 0.2575 YES

10 0.2575 NO

19 0.7425 YES

3 277 0.5063 0.1569 YES

61 0.1569 NO

216 0.8431 YES

Misclassification by class. Category of the response variable (Class), probabilities of finding
a member of each class in the whole sample (Prior Prob.), number of cases in each class
(Count), number misclassified (Misclass), and rate of misclassification for each class (Cost).
Data set used to grow the tree, i.e. the learning sample, shows the results when these data are
dropped down the chosen tree. Data in brackets are based on cross validation, i.e. the best
estimates of the misclassification that would occur if the classification tree were to be applied
to new data, assuming that the new data were drawn from the same distribution as the learning

data.
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MISCLASSIFICATION BY CLASS

(Cross Validation)

Prior

Class Prob Count Misclass Cost
NO 0.50000 384 71 0.18490
(384 73 0.19010)
YES 0.50000 253 18 0.07115
(253 19 0.07510)

Total 1.00000 637 89

(637 92)

Prediction success classification and probability tables. Cases of the classification and
probability tables appearing on the diagonals of the matrices correspond to correct
classification, while off-diagonal entries represent misclassification; the tables make it easy to
see where the misclassifications are occurring. The learning sample tables are generated from
the application of the input data to the selected optimal tree, and the cross-validation tables
constitute the best estimate of the results that would occur if the tree were applied to fresh
data. Pred. Tot. = predicted total in each column or class; Correct = percentage classified
correctly; Tot. correct = fraction of cases classified correctly overall; Success ind. = fraction

by which the percent correct exceeds what would be expected on the basis of chance alone.

Cross Validation Classification Table

Actual Predicted Class Actual
Class NO YES Total
NO 311.00 73.00 384.00
YES 19.00 234.00 253.00
Pred. Tot. 330.00 307.00 637.00
Correct 0.80990 0.92490

Success Ind. 0.20707 0.52773

Tot. Correct 0.85557

Cross Validation Classification Probability Table

Actual Predicted Class Actual
Class NO YES Total
NO 0.80990 0.19010 1.00000
YES 0.07510 0.92490 1.00000

Learning Sample Classification Table

Actual Predicted Class Actual
Class NO YES Total
NO 313.00 71.00 384.00
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YES 18.00 235.00 253.00
Pred. Tot. 331.00 306.00 637.00
Correct 0.81510 0.92885

Success Ind. 0.21228 0.53168

Tot. Correct 0.86028

Learning Sample Classification Probability Table

Actual Predicted Class Actual
Class NO YES Total
NO 0.81510 0.18490 1.00000
YES 0.07115 0.92885 1.00000
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Figure. Cross-validation processes for the selection of the optimal regression tree (Fig. 3)
of the probability of non-native species presence in Kruger National Park (line, a single
representative 10-fold cross-validation of the most frequent [modal] optimal tree with SE
estimate of each tree size; bars, number of optimal trees of each size (frequency of tree)
selected from a series of 50 cross-validations based on the minimum cost tree,

which minimizes the cross-validated error (SE rule 0), and 50 cross-validations based on
the SE rule 1, which minimizes the cross-validated error within 1 SE of the minimum.

The most frequent (modal) tree has three terminal nodes.



POSTPRINT VERSION

Supporting Information: Appendix 7

Probability of an alien record

Figure. Logistic model explaining the probability of non-native plant presence in boundary
segments. The probability of non-native plant presence was associated with water runoff (0—
27 million m®) and major road density within 10 km radius outside the KNP boundary (0-0.15
km/km?). Overall significance of the model is G = 531.54, df=3, p <0.0001. Parameters of

the model are given in Appendix 8.
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Table. Values of the logistic model explaining the presence of non-native plant

species in Kruger National Park.?

Variable Estimate ASE Standardized ASE  G? df p
estimate

Intercept -6.30 0.66 -0.73 0.18

Water runoff® 074 008  3.37 031 264.82 1 <0.0001

Road density® 69.70  8.59 1.54 0.20 12796 1 <0.0001

Runoff x road density  -5.90 0.89 -1.63 025 4913 1 <0.0001

*Standardized estimates comparable at the same scale (ASE, asymptotic standard error of
the variable). Results of the G tests describe significance of results with likelihood ratio
¥ statistics. Overall goodness of fit determined with Hosmer and Lemeshow (1989) test :
Xz =9.71, df = 6, NS (spell out); overall explained variance, r’L = 0.66; correct
classification of presence of a non-native species in a segment 90.4%, absence 92.0%,
and presence and absence combined 91.3%. Forty segments that caused a lack of fit in
the overall goodness of fit of the model [Hosmer and Lemeshow test (1989) for all
segments: x> = 54.20, df = 6, p < 0.0001]. No autocorrelation coefficients among
Pearson’s standardized residuals of the model are statistically significant.

®Million m® / quaternary watershed / annum

*Km/km’
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Table. Summary and diagnostic information on the classification tree analysis of the
probability of presence /absence (yes/no in the terminal node information below) of a non-

native plant in Kruger National Park boundary segments, for Fig. 4.

Terminal node information. The first row for each terminal node shows the terminal node
number (Node), number of cases at the node (N), fraction of the data that end up in the node
(Prob), fraction of records at the node misclassified (Cost), and the dominant splitting
category of the response variable for the node (Class). The following rows show distribution
of the categories of the response variable at the node (N = numbers, Prob = probabilities of

the numbers, Class = category).

TERMINAL NODE INFORMATION

Node N Prob Cost Class

1 286 0.3785 0.0470 NO
277 0.9530 NO

9 0.0470 YES

2 28 0.0486 0.2680 YES
10 0.2680 NO

18 0.7320 YES

3 217 0.4059 0.1091 YES
34 0.1091 NO

183 0.8909 YES

4 38 0.0522 0.1515 NO
34 0.8485 NO

4 0.1515 YES

5 68 0.1148 0.3288 YES
29 0.3288 NO

39 0.6712 YES

Misclassification by class. Category of the response variable (Class), probabilities of finding
a member of each class in the whole sample (Prior Prob.), number of cases in each class
(Count), number misclassified (Misclass), and rate of misclassification for each class (Cost).

Data set used to grow the tree, i.e. the learning sample, shows the results when these data are
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dropped down the chosen tree. Data in brackets are based on cross validation, i.e. the best
estimates of the misclassification that would occur if the classification tree were to be applied
to new data, assuming that the new data were drawn from the same distribution as the learning

data.

MISCLASSIFICATION BY CLASS

(Cross Validation)

Prior

Class Prob Count Misclass Cost
NO 0.50000 384 73 0.19010
(384 76 0.19792)
YES 0.50000 253 13 0.05138
(253 25 0.09881)

Total 1.00000 637 86.00

(637 101.00)

Prediction success classification and probability tables. Cases of the classification and
probability tables appearing on the diagonals of the matrices correspond to correct
classification, while off-diagonal entries represent misclassification; the tables make it easy to
see where the misclassifications are occurring. The learning sample tables are generated from
the application of the input data to the selected optimal tree, and the cross-validation tables
constitute the best estimate of the results that would occur if the tree were applied to fresh
data. Pred. Tot. = predicted total in each column or class; Correct = percentage classified
correctly; Tot. correct = fraction of cases classified correctly overall; Success ind. = fraction

by which the percent correct exceeds what would be expected on the basis of chance alone.

Cross Validation Classification Table

Actual Predicted Class Actual
Class NO YES Total
NO 308.00 76.00 384.00
YES 25.00 228.00 253.00
Pred. Tot. 333.00 304.00 637.00
Correct 0.80208 0.90119

Success Ind. 0.19926 0.50401

Tot. Correct 0.84144

Cross Validation Classification Probability Table

Actual Predicted Class Actual
Class NO YES Total
NO 0.80208 0.19792 1.00000
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YES 0.09881 0.90119 1.00000

Learning Sample Classification Table

Actual Predicted Class Actual
Class NO YES Total
NO 311.00 73.00 384.00
YES 13.00 240.00 253.00
Pred. Tot. 324.00 313.00 637.00
Correct 0.80990 0.94862

Success Ind. 0.20707 0.55144

Tot. Correct 0.86499

Learning Sample Classification Probability Table

Actual Predicted Class Actual
Class NO YES Total
NO 0.80990 0.19010 1.00000
YES 0.05138 0.94862 1.00000
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Figure. Graph is cross-validation processes for the selection of the optimal regression
tree (Fig. 4). The most frequent (modal) tree has 5 terminal nodes; other elements are as

in Fig. 3.





