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Summary

1. A variety of abiotic, biotic, human and historic variables related to environmental suitability

and propagule pressure determine the distribution of invasive plants in a landscape. Understanding

the role of these variables for invasive species is challenging because environmental variables are

often correlated, many invaders have broad ecological niches, and invasive distributions are often

highly dynamic.

2. We examined the role of environmental variables at multiple spatial scales on the distribution of

an invasive vine Celastrus orbiculatus (Celastraceae) in the southern Appalachians, USA. Using

existing and newly collected occurrence data, we constructed spatial generalized linear mixed mod-

els of C. orbiculatus occurrence in the whole region as well as the areas nearest (established zone)

and farthest (pioneer zone) from the purported introduction locus.

3. For the entire study region, distance from the introduction locus and terrain slope were nega-

tively related to the probability of occurrence of C. orbiculatus. The model was highly discrimina-

tory, with an area under the receiver-operating characteristic curve of 0Æ91.
4. Distance from introduction locus and slope were also important in the models for the pioneer

and established zones respectively.

5. The pioneer zone model also indicated a negative relationship with elevation and the established

zone model indicated a positive relationship with local topographic position, but these models were

less discriminatory.

6. Synthesis and applications. Distance from introduction locus was the most powerful variable

examined, suggestinganenduring legacyof introduction for thecurrentdistributionofC.orbiculatus.

The varying results in the three zones highlight the importance of accounting for both introduction

history and uneven propagule pressure in studies of observed invasive species distributions. The

observed relationships with distance and elevation suggest that land managers should prepare for

C.orbiculatus to expand its distribution in the regionover timeandwithawarming climate.

Key-words: Asiatic bittersweet, Blue Ridge Province, ecological niche, generalized linear

mixed models, invasive species, landscape ecology, logistic regression, propagule pressure,

species distribution modelling

Introduction

Knowledge of the distribution of invasive plant species and the

factors that influence it is important for invasive species

management and control efforts (NRC 2002). However,

explaining and predicting the distribution of plants in an exotic

range poses several special challenges. First, invasive plants are

typically characterized by broad ecological niches, which may

be difficult tomodel (Mitchell, Lancia &Gerwin 2001; Brotons

et al. 2004). Secondly, scientists andmanagers typically require

information on distribution and ecological niche when the

species is in an early phase of invasion (NRC 2002). Especially

*Correspondence author. Department Forest & Wildlife Ecology,

1630 Linden Dr., Madison, WI 53706, USA. E-mail: talbrig1@

wisc.edu

Journal of Applied Ecology 2009, 46, 1229–1238 doi: 10.1111/j.1365-2664.2009.01707.x

� 2009 The Authors. Journal compilation � 2009 British Ecological Society



in these early phases, spatial distributions are typically far from

equilibrium with the environment, resulting in weak or spuri-

ous inference of ecological niches (Welk 2004). Instead, distri-

bution and niche inference may be most strongly influenced by

the spatial distribution of propagule pressure of a species.

Propagule pressure (Lonsdale 1999) may be related to historic

factors, such as sites of introduction, human dispersal path-

ways, and factors related to the reproductive biology and dis-

persal of the species. Thus, both the actual ecological niche and

propagule pressure must be considered in models of incipient

invasions. In this study, we examined the roles of various abi-

otic, biotic, human and historic factors in shaping the distribu-

tion of an exotic invasive plant in the southern Appalachians

of Tennessee (TN) andNorth Carolina (NC), USA.

Asiatic bittersweet Celastrus orbiculatus Thunb. (Celastra-

ceae) is a woody vine native to East Asia. First introduced to

the United States as early as 1736 for horticultural purposes

(Miller 2003), it has become naturalized in at least 21 eastern

and Midwestern states (Patterson 1974; USDA NRCS 2007).

Celastrus orbiculatus is especially concentrated immediately

south of Asheville, NC, where it has been documented at least

as far back as 1895 (McNab & Meeker 1987; Merriam 2003),

suggesting a locus of introduction. It is of growing concern as

it spreads in the southern Appalachians (Merriam 2003) and

possesses several traits that make it both successful as an inva-

der and of acute concern. It has high pollen and seed viability,

especially relative to the native congener, C. scandens L. (Dre-

yer, Baird & Fickler 1987). Its coloured capsules have made it

attractive for both horticulture and crafts, including a thriving

wreath-making trade (Dreyer 1994; NCDA&CS 2007). These

uses, coupled with consumption of the fruit by birds andmam-

mals, have resulted in a medium- and long-distance dispersal

capability (Dreyer 1994). In full and partial sunlight, it can

grow sufficiently to overtop, damage and eventually kill estab-

lished trees, drawing comparisons to kudzu Pueraria montana

(Lour.) Merr. (Patterson 1974; Dreyer et al. 1987). It can also

act as a ‘sit-and-wait’ invader, persisting under all but the most

dense forest canopies until a disturbance brings increased light

and rapid growth (Ellsworth, Harrington&Fownes 2004).

The goal of this investigation was to determine the factors

influencing the distribution of C. orbiculatus in the southern

Appalachians so as to improve the ability of managers to focus

prevention and mitigation efforts. Because the vine’s distribu-

tion is still expanding (Merriam 2003), we expected that factors

related to propagule pressure integrated over residence time

(Wilson et al. 2007) would be of primary importance. Specifi-

cally, we predicted that locations closer to the introduction

locus would be more likely to have C. orbiculatus. Because of

the role humans play in spread, we expected that road proxim-

ity and development would be associated with occurrence.

Although the ability of forest to prevent establishment of

C. orbiculatus is not clear (Ellsworth et al. 2004), we predicted

that C. orbiculatus would tend to occur at the forest’s edge.

Following a study modelling C. orbiculatus occurrence in a

2400-ha watershed (McNab & Loftis 2002), we predicted that

C. orbiculatus would favour sites that were low relative to

neighbouring terrain. We predicted a classic hump-shaped

relationship between elevation and occurrence of C. orbiculatus

(MacArthur 1972). Additionally, we sought to assess the stabil-

ity of relationships between occurrence and predictor variables

in areas where C. orbiculatus was well established and areas

where its arrival was more recent. We expected that areas close

to the introduction locuswould be strongly influenced by factors

related to the ecological niche of C. orbiculatus, while propagule

pressurewould be the chief factor in areas distant from the intro-

duction locus.

Materials and methods

The study was conducted in the southern Appalachian Mountains,

USA, a forested region of high biodiversity, steep environmental gra-

dients and elevation ranging from 250 to 2037 m [see Appendix S1

(Supporting information) for map]. Regional forest cover has

increased steadily since clearing occurred in the late 1800s, and hous-

ing density and development have increased considerably in the past

30–40 years (Gragson & Bolstad 2006). Recreational and natural

resource amenities are important regionally and may be threatened

by C. orbiculatus and other invaders (McNab & Meeker 1987; NPS

2007).

OCCURRENCE DATA

A database was obtained from the Southern Appalachian Informa-

tion Node (SAIN) project of the National Biological Information

Infrastructure (SAIN 2005). We pooled data from two different

sources contained in the database: (1) National Park Service and US

Forest Service survey data (NPS ⁄USFS) and (2) Southern Appala-

chian Volunteer Environmental Monitoring data (SAVEM). Pres-

ence and absence data from NPS ⁄USFS were derived from exotic

plant surveys in public lands during the period 1994–2004 and

included 151 presences in 1869 samples. Data fromSAVEMwere col-

lected between 2002 and 2003 by trained volunteers along specified

survey transects on trails in public forest land. Because volunteers

were constantly looking forC. orbiculatus along the transect routes, it

is possible to infer absence of a species from locations along transects

that lack presence observations of that species. Using ArcGIS (ESRI,

Redlands, CA,USA), we generated absence points for locations lack-

ing C. orbiculatus at c. 100-m intervals along the routes. Because the

selection of this interval (and the ensuing number of absence points)

influences model intercepts, we included a correction for this in statis-

tical models (below). The resulting SAVEMdata set included 18 pres-

ences in 1863 samples.

To cover a wider range of areas and conditions, we collected addi-

tional field data. During late June to mid-July 2006, we sampled trails

and roads in public- and private-forested lands for the absence or

presence of C. orbiculatus. After identifying several large contiguous

areas (hundreds of kilometres each) in the study area that were not

sampled in the database data, we used 1 : 24 000–1 : 150 000 maps

to identify candidate road or trail corridors, fromwhich we randomly

selected. At the beginning of a corridor, a GPS waypoint (Garmin

12XL; Garmin International Inc., Olathe, KS, USA) was recorded.

Subsequent sampling plots were established at 250-m intervals until

at least four plots were surveyed. Field data collection involved walk-

ing along the trail or the roadside, searching for focal species within

a 2-m buffer around the trail or forested area at the roadside for a

distance of 30 m. For corridors that were forested only on one side,

the teamsurveyedaone-sided60-mtransect in lieuofa two-sided30-m

transect. Every fourth plot was designated for a 30-m off-corridor
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sampling transect, perpendicular to the trail or road. Although

C. orbiculatus was never observed in the 47 off-corridor transects,

informal field observations and McNab & Loftis (2002) make clear

thatC. orbiculatus does occur outside of road and trail corridors. The

resulting field survey included 41 presences among 348 samples and

was combined with the database samples (Appendix S1, Supporting

information). Differences in the prevalence of C. orbiculatus among

the data sets are driven by corresponding differences in distance from

the introduction locus, elevation and vegetation composition in the

samples making up the respective data sets.

ENVIRONMENTAL DATA

A variety of remotely sensed and GIS data were used to derive vari-

ables related to abiotic, biotic and human themes we hypothesized to

be important in explaining the distribution ofC. orbiculatus (Table 1).

We explored a range of scales because the scales at which focal vari-

ables may be related to occurrence were not known. Elevation and

terrain slope were obtained from the National Elevation Database

(Gesch et al. 2002). To characterize topographic slope position, we

used ERDAS Imagine 9Æ0 (ERDAS, Atlanta, GA, USA) to calculate

a terrain index indicating how high or low a pixel is relative to neigh-

bouring pixels (Homer et al. 2004) within a moving window of four

different sizes (2Æ3, 4Æ4, 7Æ3 and 10Æ9 ha). Twomeasures related to inso-

lation were calculated. First, aspect, a (degree), was transformed into

‘south-southwestness’ (a¢) (Beers, Dress &Wensel 1966).

a0 ¼ sinðaþ 22Þ þ 1 eqn 1

Secondly, we calculated an insolation index, s, which accounts for

both terrain slope, b, and the transformed aspect (modified from

Gustafson, Lietz &Wright 2003).

s ¼ sinððb=90Þ � 180Þ � a0 eqn 2

We assessed both development and forest cover at three scales.

Impervious surface and tree canopy percentages were obtained for

30-m (0Æ1 ha) pixels from the 2001 National Land Cover Dataset

(NLCD) (Homer et al. 2004). For coarser scales, we used Fragstats 3

(McGarigal 2007) to calculate the fraction of 30-m NLCD pixels in

0Æ8 and 4Æ4 ha square windows classified as developed or forest. The

density of forest edge was also calculated from 2001 NLCD data

using Fragstats. A road distance layer and road density layer within a

200-m radius circle were calculated using Hawth’s Analysis Tools for

ArcGIS (Beyer 2004). Finally, after designating a point in the Bilt-

more Forest (35Æ54�N, 82Æ53�W) to approximate the centre of the pur-

ported introduction locus between Asheville and the Blue Ridge

Parkway, we generated a GIS layer of the distance to this locus.

This layer, together with the road distance layer were natural log

transformed: ln(variable + 1). Each GIS layer was projected into

Universal TransverseMercator zone 17, with a 30-m cell size.

Values for environmental variables were obtained by overlaying

the coordinates of plots on the environmental GIS layers. Positional

accuracy was within one 30-m pixel of known locations. Pooling field

survey data with the database data resulted in a combined data set

with 210 presences and 3870 absences.

GENERALIZED LINEAR MODELLING

Preliminary analysis included identifying the best variables andmodel

forms in each theme and assessing spatial autocorrelation. Because of

the unbalanced nature of our data set (18Æ4 absences for each pres-

ence) and the importance of presences (or, if presences are predomi-

nant, absences) in determining the effective degrees of freedom in

logistic regression models (Peduzzi et al. 1996), we reserved a random

2 ⁄ 3 sample of presences for model development. Memory constraints

imposed by subsequent spatial model generation (below) limited

development sample size to 2000. Thus, the development data set con-

sisted of 140 presences (inclusion probability, P1 = 0Æ67) and 1860

absences (inclusion probability, P0 = 0Æ48) and the validation data

set consisted of 70 presences and 2010 absences, randomly selected.

When estimating final occurrence probability (below), we added an

adjustment to the intercept, b0, based on the variable inclusion proba-
bilities for presence and absence samples (Keating & Cherry 2004),

such that

b00 ¼ b0 � lnðP1=P0Þ eqn 3

where b¢0 is the adjusted intercept.

Table 1. Environmental variables examined

in logistic regression modelling of the

occurrence of Celastrus orbiculatus in the

southernAppalachians, USA

Theme Variable Short name

Spatial

grain (ha) Sampled range

Elevation Elevation Elevation 0Æ09 263–1917 m

Terrain slope Slope Slope 0Æ09 0–51�
Slope position Position index (5 · 5) Position5 2Æ25 0–100

Position index (7 · 7) Position7 4Æ41 0–100

Position index (9 · 9) Position9 7Æ29 0–100

Position index (11 · 11) Position11 10Æ89 0–100

Insolation Transformed aspect Aspect 0Æ09 0–1000

Insolation index Insolation 0Æ09 )997–997
Forest cover Canopy cover Canopy 0Æ09 0–100%

Percent forest (3 · 3) Forest3 0Æ81 0–100%

Percent forest (7 · 7) Forest7 4Æ41 0–100%

Forest edge Forest edge density (3 · 3) Forestedge3 0Æ81 0–667 m ha)1

Forest edge density (7 · 7) Forestedge7 4Æ41 0–374 m ha)1

Development Impervious surface Impervious 0Æ09 0–81%

Percent developed (3 · 3) Develop3 0Æ81 0–100%

Percent developed (7 · 7) Develop7 4Æ41 0–100%

Roads Road density Roaddens 13Æ85 0–106Æ2 m ha)1

Distance to roads Roaddist 0Æ09 0–7446 m

Propagule

pressure

Distance to introduction

locus

Introdist 0Æ09 2370–156 270 m
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First, we performed logistic regression (Hosmer & Lemeshow

2000) using the R command glm (R Development Core Team 2006)

on each variable separately, including both linear and quadratic terms

to account for unimodal (hump-shaped) relationships between the

variables and C. orbiculatus occurrence. From this pool, we selected

the best univariate models within each theme (Table 1) based on

Akaike’s Information Criterion (AIC) (Akaike 1974). We screened

the selected variables for high correlation (Pearson’s r > 0Æ70),
removing those with weaker AIC and ⁄ or high correlations with mul-

tiple variables. From the resulting variables in their linear or qua-

dratic forms, we assembled a candidate model superset on which we

performed stepwise AIC selection (stepAIC) in the MASS package

for R (Venables & Ripley 2002). We then pooled development and

validation data, refit the preliminary model, and generated a vario-

gram from deviance residuals using the R package geoR (Ribeiro &

Diggle 2001) to assess spatial autocorrelation. Pooling the data sets

was necessary for this step because of the weak information content

of binary response variables in assessment of spatial autocorrelation.

To account for effects of distance relative to the introduction locus,

we conducted three parallel analyses, again using the development

data set. We developed a ‘region-wide’ model, which encompassed all

development samples. The remaining two analyses were segregated

according to a distance threshold 30 km from the introduction locus.

This threshold corresponds to an inflection in the relationship

between distance and frequency of C. orbiculatus, beyond which

occurrence was very infrequent. The analysis of development data

within 30 km of the locus (n = 165, presences = 101), termed

‘established’, was designed to characterize the ecological niche of

C. orbiculatus in areas where it has had sufficient colonization oppor-

tunities. The third analysis, termed ‘pioneer’, was outside of this dis-

tance, where we hypothesized that only suitable sites experiencing the

most propagule pressure would have C. orbiculatus (n = 1835, pres-

ences = 39).

For each analysis region, we began by identifying best logistic

regression models using both forwards and backwards stepwise AIC

selection, using AICC when required because of small sample size

(Bedrick & Tsai 1994). With the best model identified, we constructed

a mixed-effects logistic regression model using glmmPQL in the

MASS package of R (Venables &Ripley 2002), which included a ran-

dom spatial autocorrelation effect based on findings from variogram

analysis. If adding the spatial component resulted in individual cova-

riates losing significance (using a P < 0Æ10 threshold; AIC is not

retrievable in mixed-effects logistic models), models were trimmed

until remaining covariates met this threshold.

Models were validated by the withheld validation data set using

Cohen’s j (Cohen 1960) and receiver-operating characteristic (ROC)

plots (Zweig & Campbell 1993). Cohen’s j can be used to assess

agreement between two binary data sets in a way that accounts for

chance agreement. Values of j range from )1Æ0 to 1Æ0, with 1Æ0 indi-

cating perfect agreement and 0Æ0 indicating no difference from ran-

dom. In calculating j, we used a probability threshold of 0Æ50 to

distinguish areas predicted ‘present’ from those predicted to be

‘absent’. Plots ofROCdepict the relationship betweenmodel sensitiv-

ity (1 – omission error) and commission error (1 – specificity) allowing

assessment of tradeoffs between error types. We also calculated the

area under the ROC curve (AUC), which indicates discriminatory

ability irrespective of prediction threshold. The AUC of a random

model, which would appear as a diagonal line on an ROC plot, is 0Æ5.
To evaluate the generality of the model, we also performed valida-

tions of the resultingmodels in each of the three prediction zones.

Results

Univariate logistic regression on the region-wide data set and

the resulting AIC differences identified the best variables and

model forms in each theme (Table 2). Slope position, develop-

ment and forest were more informative at the coarser scales

(7Æ3, 4Æ4 and 4Æ4 ha respectively), while forest edge was

most informative measured in a 0Æ8 ha window. The resulting

Table 2. Univariate logistic regression

summary
Theme Variable

Linear

sign

Linear

delta AIC

Quadratic

form

Quadratic

delta AIC

Elevation Elevation Pos. )11Æ72 Hump )12Æ48
Terrain slope Slope Pos. )23Æ63 Hump )23Æ87
Slope position Position5 Pos. )16Æ25 Hump )17Æ24
Slope position Position7 Pos. )22Æ73 Hump )26Æ17
Slope position Position9 Pos. )28Æ75 Hump )30Æ31
Slope position Position11 Pos. )16Æ97 Hump )18Æ62
Insolation Aspect Pos. )13Æ01 Hump )11Æ16
Insolation Insolation Pos. )23Æ98 Pos. )30Æ53
Forest cover Canopy Neg. 0Æ64 Hump 2Æ42
Forest cover Forest3 Neg. )46Æ46 Hump )67Æ42
Forest cover Forest7 Neg. )25Æ87 Hump )94Æ57*
Forest edge Forestedge3 Pos. )41Æ71 Hump )59Æ99
Forest edge Forestedge7 Pos. )42Æ73 Hump )59Æ29
Development Impervious Pos. )0Æ88 Pos. 1Æ06
Development Develop3 Pos. )61Æ15 Hump )76Æ91
Development Develop7 Pos. )39Æ75 Hump )117Æ67
Roads Roaddens Pos. )5Æ75 Hump )36Æ95
Roads Roaddist Neg. )49Æ32† Neg. )50Æ47
Introdist Introdist Neg. )393Æ85

Bold indicates variables and forms retained for further analysis (up to one per theme).

*No forest cover variable was retained because of high correlation with develop7.

†Roaddist was selected in favour of roaddens because of lower correlation with develop7.
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candidate model superset included representative variables

from eight of the nine themes plus five quadratic terms

(Table 2). A preliminary region-wide model, including slope,

develop7 (quadratic) and introdist were identified using step-

wise AIC selection. The empirical variogram revealed signifi-

cant spatial autocorrelation so an exponential variogram

model was fitted, resulting in a nugget (semi-variance at zero

distance) of 0Æ07, an apparent sill (limit of semi-variance at long

distances) of 0Æ18, and a range (distance at which sill is reached)
of 3900 m (Fig. 1).

REGION-WIDE MODELS

Celastrus orbiculatus occurred in 140 ⁄2000 sampling sites in

the region-wide development data subset. Region-wide model

selection using this data set resulted in retention of the same

covariates as the preliminary model, with C. orbiculatus nega-

tively related to slope and introdist and having a hump-shaped

relationship with develop7 (Table 3). However, both the linear

and quadratic terms for develop7 lost significance when spatial

autocorrelation was accounted for, resulting in a final region-

wide model retaining only slope and introdist. In this model,

C. orbiculatus is half as likely to occur in a flat area 20Æ6 km

away from the locus than one just 10 km from the locus. For

terrain slope, the odds ratio for each 15� increment is 0Æ55, such
that the odds of occurrence in a non-sloping pixel 20 km from

the introduction locus are 1 : 1Æ22 (P = 0Æ45) but with a 15�
slope, the odds are 1 : 2Æ21 (P = 0Æ31) (Fig. 2). Note that,

while probability may be a more intuitive metric and is

included where appropriate, we also report odds because,

unlike probability, changes in odds are constant across the

range of variation of linear covariates. Related to this fact, the

odds ratio (Hosmer & Lemeshow 2000) is reported as an indi-

cator of effect size for linear covariates.

ESTABLISHED ZONE MODELS

In the established zone (<30 km from locus) development

data subset, C. orbiculatus occurred in 101 ⁄140 sampling sites.

The best model identified using AICC included a negative
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Fig. 1. Empirical semi-variogram from full Celastrus orbiculatus dis-

tribution model deviance residuals with 95% confidence interval

(dashed lines) around a model with no spatial autocorrelation

obtained byMonte Carlo resampling.

Table 3. Model parameter estimates for each of the three zones from logistic regression models, logistic regression models accounting for spatial

autocorrelation including the same variables, and reduced (final) spatial logistic models after non-significant variables were removed

Region Model Intercept Slope Position9 Elevation Develop7 Develop72 Roaddist Roaddist2 Introdist

Region-wide Aspatial 18Æ19*** )0Æ040** 0Æ076*** )0Æ001*** )2Æ902***
Region-wide Full spatial 18Æ81*** )0Æ039* 0Æ021(NS) )0Æ000(NS) )2Æ942***
Region-wide Red. spatial 18Æ74*** )0Æ036* )2Æ912***
Established Aspatial )0Æ12(NS) )0Æ114*** 0Æ031** 0Æ119*** )0Æ002***
Established Full spatial 0Æ25(NS) )0Æ060** 0Æ016· 0Æ037(NS) )0Æ001(NS)

Established Red. spatial 0Æ39(NS) )0Æ055** 0Æ015·
Pioneer Aspatial 15Æ24*** )0Æ025** )0Æ003*** 0Æ753* )0Æ102** )2Æ289***
Pioneer Full spatial 36Æ76(NS) )0Æ014(NS) )0Æ005(NS) 0Æ347(NS) )0Æ033(NS) )4Æ928(NS)

Pioneer Red. spatial 20Æ88* )0Æ004* )2Æ844*

Significance of coefficients is denoted as follows: *** £ 0Æ001, ** 0Æ001)0Æ01, * 0Æ01–0Æ05, Æ 0Æ05)0Æ10, (NS) > 0Æ10.
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Fig. 2. Variation in probability of Celastrus orbiculatus occurrence

with distance from an introduction locus south of Asheville, NC and

terrain slope estimated from the final region-wide spatial logistic

regressionmodel.
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relationship between C. orbiculatus and slope, a positive rela-

tionship with position9, and a hump-shaped relationship with

develop7. Again, develop7 lost all significance in the spatial

model, while slope and position9 were retained, albeit with

weaker coefficients (Table 3). In the resulting model, the effect

size of slope is greater than in the regional model, with an odds

ratio of 0Æ44 for each 15� increase in slope. The effect of varying
terrain position is sizeable, with odds increasing from 1Æ5 : 1

(P = 0Æ60) in low-lying flat areas (position7 = 0) to 6Æ5 : 1

(P = 0Æ87) along ridge tops (position7 = 100) for an odds

ratio of 4Æ33.

PIONEER ZONE MODELS

Celastrus orbiculatus was much less common in the pioneer

zone (>30 km from locus) development subset, occurring in a

mere 39 ⁄1835 samples. A model for C. orbiculatus occurrence

indicating a negative relationship with position9, elevation,

and introdist, and a hump-shaped relationship with roaddist

was selected. After accounting for spatial autocorrelation,

however, only elevation and introdist retained significance

(Table 3). In this model, each 100-m gain in elevation reduced

the odds of C. orbiculatus occurrence by a factor of 0Æ67. The
effect of introdist is similar to that found in the regional model.

For areas with the same elevation, the odds of C. orbiculatus

occurrence are twice as high at 30 km than at 38Æ3 km from

the locus.

MODEL ASSESSMENT

From the spatial models, we created probability maps (e.g.

Fig. 3). The j statistic, plots of ROC, and associated AUC

values (Fig. 4) indicate that the region-wide model was the

best performer overall (j = 0Æ55, AUC = 0Æ91) and when

evaluated using the established validation data set (j = 0Æ24,
AUC = 0Æ66). It performed weakly on the pioneer validation

data set (j = 0Æ00, AUC = 0Æ60). The established zone

model was a weak performer in all zones: established

(j = 0Æ09, AUC = 0Æ58), region-wide (j = 0Æ00,
AUC = 0Æ46) and pioneer (j = 0Æ00, AUC = 0Æ45).
The pioneer zone model was moderately discriminatory

in the pioneer zone (j = 0Æ27, AUC = 0Æ65), a good

performer region-wide (j = 0Æ46, AUC = 0Æ90), but weak

in the established zone (j = 0Æ10, AUC = 0Æ59).

Fig. 3. Predicted occurrence probability for Celastrus orbiculatus based on the final region-wide spatial logistic regression model. Magnification

of two areas (inset) is also provided.
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Discussion

VARIABLES INFLUENCING CELASTRUS ORBICULATUS

DISTRIBUTION

Univariate and multivariate model results confirm the impor-

tance of the locus of introduction in explaining the current dis-

tribution of C. orbiculatus in the southern Appalachians.

Although occurrence of an organism will always be negatively

related to distance from the centre of its distribution if a suffi-

ciently large area is considered, in this case, the species also

occurs well outside the bounds of the limited study area. The

introduction locus probably experienced multiple introduc-

tions in proximity to Asheville, which may have resulted in

enhanced adaptive potential (Lavergne & Molofsky 2007).

Although the importance of distance from source populations

is supported by theory (Skellam 1951), as well as observational

(Alston & Richardson 2006) and modelling studies (Higgins,

Richardson &Cowling 2000), the effect is not always as strong

or as enduring as found here (but see Foxcroft et al. 2004). The

topography of the southern Appalachians fragments the

region at a scale that may impede natural dispersal vectors,

allowing only minimal (most likely human-linked) nascent

invasion foci to develop on the periphery (Moody & Mack

1988).

Elevation and local topography play important roles in the

distribution of C. orbiculatus, but not always in a manner con-

sistent with our predictions. Celastrus orbiculatus was more

likely to appear at lower altitudes in the pioneer model.We did

not detect a declining probability of occurrence at lower eleva-

tions as expected, perhaps because these elevations were inade-

quately sampled. Similarly, only c. 1% of samples were

obtained at elevations >1500 m, which may have been inade-

quate for identifying declining occurrence in the other models.

On the other hand, movement up to higher elevations, which

tend to be heavily forested and remote, may be underway,

given the known occurrence of C. orbiculatus in relatively cold

portions ofNewEngland (Mehrhoff et al. 2003). The position9

variable was positively related to occurrence in the established

region, suggesting thatC. orbiculatus favours locally high loca-

tions. However, this relationship is equivocal, not being found

significant in the region-wide or pioneer multivariate spatial

models. Interpretation of the negative relationship observed

betweenC. orbiculatus occurrence and slope in the region-wide

and established models is challenging because of the important

correlations between slope and other variables. For example,

human development, roads, and agriculture are often limited

to gently sloping terrain. Furthermore, we noticed that heavily

sloping areas were often associated with Rhododendron spp.

andKalmia latifoliaL. thickets, which are characterized by low

plant diversity and a lack ofC. orbiculatus.

Univariate and non-spatial multivariate models suggest that

other variables may play roles in shaping the distribution of

C. orbiculatus. The occurrence of C. orbiculatus exhibited a

hump-shaped relationship with roaddist, although this vari-

able was retained only in the pioneer logistic model (Table 3).

Note that the estimated coefficients indicate that occurrence

probability was maximized at a mere 39 m from roads, with a

gradual decline in occurrence at distances beyond this peak.

Because this distance is approaching the level of spatial uncer-

tainty in our data, it is likely that the decline is the most mean-

ingful aspect of this relationship. Non-spatial multivariate
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Fig. 4. Receiver operating characteristic plots

for the final spatial logistic regression models

in the three modelling zones (rows) evaluated

against validation data from each of the

zones (columns). The dashed 1 : 1 line repre-

sents a randomprediction.
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models for the region-wide and established zones did not

include the road distance variable, but instead included posi-

tive relationships between development and C. orbiculatus

occurrence. Both roads and development are probably associ-

ated with increased propagule pressure (Lonsdale 1999; Gel-

bard & Belnap 2003; McKinney 2004), confirming our

prediction and underlining its importance in explaining the

current distribution of C. orbiculatus. Although forest cover

was not included in any modelling, the lack of C. orbiculatus

observed in off-corridor samples appears to confirm the predic-

tion that interior forest areas would be less favoured. Similarly,

univariate models suggest that C. orbiculatus is more likely to

appear in areas with intermediate or high forest edge (Table 2).

This variable may not have been selected in final models

because of the inclusion of road distance and development

variables with which it was highly correlated (r = 0Æ63 for

both). In no case were the best multivariate models able to

eliminate spatial autocorrelation in residuals, which we attri-

bute to endogenous spatial dependence associated with short

distance dispersal.

COMPARISON OF MODELLING REGIONS

Given the large contrast in C. orbiculatus occurrence between

areas that are close to the introduction locus and those that are

far away, it is not surprising that the region-wide model, which

was the only one to span the full range of distances, was the

most discriminatory. Nonetheless, even when evaluated within

the established and pioneer zones, the model had discrimina-

tory value, suggesting that relationships between occurrence

and both slope and distance were robust throughout the entire

region.

There are several explanations for the weakness of themodel

developed in the established zone. The established zone encom-

passes a narrower range of conditions than the entire region,

which may have weakened inference. Furthermore, with an

apparently broad ecological niche, propagule pressure may

be a much more important factor in explaining distribution of

C. orbiculatus at this scale. Thus, excluding a major proxy for

propagule pressure (distance to introduction locus) may have

simply resulted in a model reflective of the generalist nature of

the species. Finally, model selection based on data in the estab-

lished zone was challenged by having a mere 39 absence obser-

vations. Peduzzi et al. (1996) recommended a minimum of 10

events (in this case, absences) per variable, although there is

evidence that high overall sample size (presences plus absences)

can compensate for this to a degree (Reineking & Schroder

2006). Because overall sample size was only 140, the small

number of absences undoubtedly resulted in a low-information

data set andweakened inference.

In the pioneer zone, C. orbiculatus was exceedingly rare. In

fact, the maximum predicted probability of occurrence among

either validation or development data in this zone was only

0Æ17. Nonetheless, the pioneer zone model provided some dis-

crimination ability in all zones. Owing to the inclusion of the

introduction distance variable, the model was actually most

discriminatory when evaluated against the region-wide valida-

tion data set (Fig. 4). As with the established zone, model selec-

tion using the pioneer zone data set was probably hampered by

a paucity of events (in this case, 39 presences), although this

was tempered by a large overall sample size (n = 1835).

CONCLUSIONS AND MANAGEMENT

RECOMMENDATIONS

This study affirms several lessons for species distribution mod-

elling studies. We offer a cautionary note about the sensitivity

of modelling studies to input data quality and composition.

Among key questions researchers should ask are whether a

species is approaching distributional equilibrium, whether only

a portion of the geographic and environmental space suitable

to the species is being included, and whether sample size and

the number of events in presence ⁄absence data sets are suffi-

cient for making meaningful inference. It is also important to

consider spatial autocorrelation. This study revealed that sev-

eral relevant covariates identified by model selection on non-

spatial models were probably elevated in importance because

of pseudoreplication associated with spatial autocorrelation

(Lennon 2000). Although we argue that it is important to

address this issue through the use of autoregressive functions,

spatial random effects and other techniques (Dormann et al.

2007), researchers should be aware that these techniques them-

selves involve considerable assumptions (e.g. stationarity) and

should be interpreted with as much caution as conventional

logistic regression models (Hawkins et al. 2007). For this rea-

son, we have chosen to include results from both approaches.

This study also offers insights relevant to the management

of C. orbiculatus and other exotic invasive species. The role of

propagule pressure, as indicated by the effect of distance to

both the introduction locus and roads, is paramount and this

study adds to evidence of its general importance in governing

the distribution of exotic species (Foxcroft et al. 2004; McKin-

ney 2004; Lambrinos 2006). While cold currently appears to

limit the distribution ofC. orbiculatus, climate changemay ren-

der high-elevation sites increasingly vulnerable to this and

other plant invaders, as extreme cold temperatures become less

frequent (Walther 2004). As time passes and C. orbiculatus

becomes entrenched on the landscape of the southern Appala-

chians, the observed roles of variables related to propagule

pressure should diminish. In this scenario, C. orbiculatus ema-

nates from the established zone along road corridors and aided

by long distance dispersal events (Higgins & Richardson

1999), eventually occupying areas that meet the broad require-

ments of its ecological niche. Finally, hitherto unmentioned is

the looming forest upheaval that will occur as large tracts of

hemlock (Tsuga spp.) in the southern Appalachians succumb

to hemlock wooly adelgid Adelges tsugae Annand (Kincaid

2007). This may present a significant opportunity toC. orbicul-

atus and other invaders, as appears to be the case in New Eng-

land (Small, Small & Dreyer 2005). Although there is

considerable uncertainty in predicting the spread of invasive

species, it is clear that C. orbiculatus will remain an important,

if unwanted, participant in the ecology of the forests of the

southernAppalachians.
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