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Abstract: Originating inM exico, Eupatorium adengphorum Spreng , isanoxiousw eed long pre-

sent as a non-native gecies in India, Nev Zealand, and A ustralia

In China, it is reading

rapidly, particularly in the southern and southw estern partsof the country, with serious econom-
ic and ocial consequences A nenv method, ecological nichemodeling, was applied for predicting
its potential geographic range of invasion Predicted potential distributional areas included the
Chinese provincesw here the plant is known to occur, aswell as additional areas in central and
eastern China that appear susceptible to further gpread of this ecies
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Crofton weed (Eupatorium adengphorum
Spreng ) is native to M exico, where it is a com-
mon w eedy shrub
Zealand, and A ustralia had serious economic con-

sequences for local agriculture™.

Its introduction in India, N ew

Itw as introduced
in Yunnan Province, China, around 194Q It has
gpread rapidly throughout suthwestern China,
and presently can be found in Guizhou, X izang (T i
bet), Guangxi, Yunnan, and Sichuan provinces'”.

Because it invadesmainly grasslands, economic im-
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plications are significant
chronic pulmonary disease in horses, or even death

This plant may cause

in livestock'™. Such consequences led us to investi-
gate further the potential distribution of this
gecies in China

Peterson and V ieglais'® presented a methodo-
logy for gpplication of ecological niche modeling
techniques in prediction of the geographic potential
of gecies invasions The essence of the approach
is development of an ecological niche model based
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on the eoological characteristics of known occur-
renceson the native distribution of a gecies This
technique, originally developed for predicting
gecies distributionson native geographic distribu-
tional areas*®
tion of the niche model to potentially invaded re-

gions to predict geographic potential on the invaded

, was modified”® to include projec-

distribution

W e agpplied this methodology to reconstruct
the native distribution of Eupatorium in M exico
and to predict the invasive range of this gecies in
China W e then compared our results with the
available information concerning the native and in-
vasive distribution of thisplant

1 M ethods

Eoological niche modelsw ere developed based
on georeferenced occurrence points taken from di-
verse 9urces, including herbarium gecimen
records, scientific literature including floras and
gystematic treatments, etc
pointsw ere obtained w ithin the native range of the
gecies The seaningly low numbersof occurrence
pointsobtained after monthsof searching literature
and oontacting museun curators enphasizes the
critical need for computerization of natural history
museun holdings,
sets via the Internet to provide efficient access to
biodiversity data

Eoological niches were modeled using the
Genetic A lgorithm  for Prediction
(GARP) ™. In general, the procedure focuseson
modeling ecological niches (the conjunction of eco-
logical conditionsw ithin w hich a gecies is able to
maintain populations without mmigration)'".
Soecifically, GARP relates the emlogical charac-
teristics of known occurrence points to those of
points random ly sampled from the rest of the study
region, seeking to develop a seriesof decision rules

In all, 45 occurrence

and integration of such data

Rule-set

that best summarize those factors asociated w ith
the gecies presence

1) http: //beta lifemapper. org/desktopgarp/.
2) http: //edcdaac usgs gov/gtopo30/hydro//
* 3) http//ipcc ch/

Occurrence points are divided tw ice evenly in-
to training and test data sets——that is, an initial
50% of the datapointsare set aside for a complete-
ly independent test of model quality (extrinsic test
data); of the ramaining points, 50% are used for
developing models (training data) and 50% are
used for tests of model quality internal to GARP
(intrinsic test data).
process of rule selection, evaluation, testing, and
incorporation or rejection: amethod ischosen from
a set of possibilities (e g , logistic regression,
bioclimatic rules), applied to the training data,
and a rule isdeveloped or evolved Predictive accu-

GARP works in an iterative

racy is then evaluated based on 1250 points resan-
pled from the intrinsic test data and 1250 points
sampled randomly from the study region as a
whole Rulesmay evolve by a number of means
that mmicDNA evolution: point mutations, dele-
tions, crossing over, etc T he change in predictive
accuracy from one iteration to the next, measured
via the intrinsic data, isused to evaluatew hether a
particular rule should be incorporated into the
model, and the algorithm runs either 1000 itera-
tionsor until convergence

A IIlmodeling in this study w as carried out on a
desktop mplenentation of GARP now available
for public, free download ”. This implementation
offers much-improved flexibility in choice of pre-
dictive envirormental/eclogical GIS (Geographic
Information Systeam s) data coverages in this case,
initially, we used 12 data layers summarizing ele-
vation; slope agect (all from theU. S Geologi-
cal Survey’'s ? Hydro-1K data set); asectsof cli-
mate including diurnal temperature range
days mean annual precipitation; lar radiation;
maximum, minimun, and mean annual tenpera-
tures vapor pressure; andw et days(annual means
1961-1990; from the Intergovernrmental Panel on

frost

Clinate Change ®. The area of analysis included

M exico, where Eupatorium is native, and sur-
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rounding areas GARP’s predictive abilities have
been tested under diverse circum stances>® .

To reduce environrmental coverage sets to just
those coverages that provide highest predictive ac-
curacy, we used a variety of jackknife manipula-
tions In general, we ran multiple iterations (1-
20) of models om itting each coverage, or suites of
coverages, systamatically. W e then examined the
correlation betw een inclusion or exclusion of each
ooverage (ocoded as 1s and 0s) and omission error
(percent of extrinsic test data not predicted aspre-
sent). Positive correlationsw ere considered indica-
tive of detrimental contribution of a particular cov-
erage to model quality, and those coveragesw ere
renoved from further analysis It is mportant to
note that the jackknife manipulations were done
wlely on the native distribution, and 9 do not de-
tract from the independent nature of the invaded-
range predictions presented herein

To optimizemodel performance, w e developed
100 replicate models of gecies ewlogical niche
based on random 50- 50 glits of available occur-
rence points U nlike previous gpplications, w hich
either used singlemodels to predict species distri-

butions ™ *!

or summed multiple models to incor-
porate model-to-model variation™, we used a nev
procedure (A nderson et al submitted) for choo-
sing best subsets of models The procedure is
based on the observations that (1) models vary in
quality, (2) variation anong models involves an
inverse relationship between errors of omission
(leaving out true distributional area) and comm is-
sion (including areas not actually inhabited), and
(3) best models (as judged by experts blind to er-
ror statistics in the original derivation of the
methodology) are clustered in a region of minimum
om ission of independent test points and moderate
area predicted (an axis related directly to commis-
sion error). The relative position of the cloud of
points relative to the two error axesprovides an as
sessnent of the relative accuracy of each model

Hence, to choose best subsets of models, we (1)
elminated all models that had non-zero omission
error based on independent test points, (2) calcu-

lated the average area predicted present anong
and (3) identified
models that werew ithin 1% of the overall avera-

these zero-omission points,

ge Out of 342 modelsw ith no omission error we
summed the 14 modelsw hich confined to the 1%
threshold M odel quality w as tested via the extrin-
sic test data a X test was used to compare ob-
served success in predicting the distribution of test
points with that expected under a random model
(proportional area predicted present provides an
estinate of occurrence points correctly predicted
w ere the prediction to be random w ith regect to
the distribution of the test points). Projection of
the rule-sets for these models onto maps of sou-
thern and eastern A sia provided predictions of po-
tentially invaded distributions

2 Realts

The jackknife manipulations identified cover-
ages that detracted from the predictive abilities of
the algorithm. The first round of jackknife mani-
pulations detected 6 coverages positively correlated
w ith omission error (ground frost frequency, r=
0.02, annual mean minimum temperature, r =
0.05; annual mean temperature, r= 0.11;, annual
mean maximum temperature, r= 0. 03; vapor pres
sure, r= 0.01;, and agect, r= 0.02). These cove
ragesw ere eliminated from further analysis The
remaining six layers (diurnal temperature range,
elevation, slope, precipitation, slar radiation,
and w et day frequency) w ere exanined in jackknife
manipulations inw hich all possible combinations of
the 6 coveragesw ere tested T he best prediction of
the native distribution of Eupatorium (i e , zero
omission) was obtained using four layers diurnal
temperature elevation, and
slope

A ll subsets models were highly statistically
significant The X’ tests based on the independent

range, wet days,

extrinsic test data sets, w hich included 22 pointsof
know n occurrence, all indicated predictive ability
far better than random models (all P < 2 14x
10" ®). Hence, all best subsetsmodelsw ere highly
predictive for the native distribution, and, for that



140 21

reaon, we proceeded to explore their predictions suitable in our prediction of the invasive distribu-
for invaded distributional areas in China tion (Fig 1). One additional province from w hich

Four of the five provinces w here Eupatorium the gecies is known , Xizang ( Tibet ) , was
isknow n to occur in Chinaw ere predicted as highly

Fig-1 M odeled predictions for Eupatorium adengphorum on its native geographic distribution (top) and
projection to potentially invaded range in eastern A sia (bottom). Increasingly dark shadesof gray indicate
greater confidence in predictions of presence (w hite-zero models predicted present, and black-14 models predicted
present; w hite circlespoints of native occurrence; w hite triangleM exico City; balck triangleB eijing)
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marginally included in our predictions How ever,
in each case, the lack of moreprecise distributional
data from w ithin China Imitsour abilities to assess
the predictive nature of our models GA RP models
indicated additional potential areas of invasion,
mainly in central and eastern China

3 D iscussion

One of the most mportant threats to native
communities is represented by the invasive exotic

(*) " They often diglace native dominants,

gecies

altering community function and composition'*”’,
and can have serious econom ic consequences Pre-
dicting the geographic potential gecies invasions
using eoological niche modeling techniques seems
to be the most suitable approach to this prob-

lem ™!

It can be gpplied no matter w here the geo-
graphical region of interest is, as long as data on
the native distribution of the gecies are available

Our prediction concerning the possible areas of
invasion of Eupatorium in China provinces w here
thisweed is known to be included the four estab-
lished”. N ative to M exico and Central America,
this plant gecies is clearly not yet in equilibrum
distributionally, and for that reason does not yet
inhabit its entire potential distributional area in
A sia How ever, lack of precise occurrence data for
the plant in China Iimited our ability to test the ac-
curacy of our models Indeed, such was themoti-
vation for publication of thispaper: wepresent our
model predictions in the hope that they stmulate
the presentation of precise distributional infoma-
tion in the future

This study detected other potential areasof in-
vasion in China The eastern part of the country
w as in general predicted asmore suitable for inva-
sion than the western part M ore or less continu-
to the

north, are six provinces that appear to be directly

ous with the areas currently occupied,

vulnerable Gansu, Shaanxi, Shanxi,
Henan, and Hubei Our model also detected two

potential distributional areas that are disjunct from

N ingxia,

* 4) http: /Avww. conabio gob mx/remib/doctos/remib-esp. himl

the present distribution, in the northeast and
utheast, inw hich this gpecies could likely estab-
lish if introduced These potential distributional
areas include L iaoning and Heilongjiang provinces
in the northeast and Fujian and Zhejiang provinces
in the utheast
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