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Abstract Estuarine ecosystems along the Pacific

coast of North America are vulnerable to invasions by

non-indigenous planktonic copepods, with docu-

mented invasions by at least nine species introduced

via ship’s ballast. One of these, the calanoid copepod

Pseudodiaptomus inopinus, now occurs in a relatively

wide geographical area in coastal estuaries of Wash-

ington and Oregon States. Although it appears to be

well established in the region, plankton surveys

conducted in 1992, 1996, 2000, and 2004 in estuaries

from southern Vancouver Island in British Columbia,

Canada, to northern California, United States indicate

that it has not expanded its range. This static

distribution suggests that P. inopinus has reached a

distributional limit, and it may thus be a good

organism for applying models for predicting plank-

tonic invasions, by characterizing estuaries with and

without populations of the copepod. In this study, we

applied both parametric, linear (discriminant function

analysis, logistic regression) and nonparametric, non-

linear (classification trees) techniques to develop

models for occurrence of P. inopinus, to identify

parameters that may lead to successful invasions and

to identify specific estuaries or regions that might be

at risk of invasion by this species. Both model types

had similar results, identifying relatively simple

salinity- and stratification-based models as good

predictors of P. inopinus. While different models

selected slightly different sets of variables and

thresholds, all models identified relatively low salin-

ity and stratification of water column temperature and

salinity as important predictors of P. inopinus pres-

ence. The models also identified several ‘‘false

positives’’ that mainly occurred in more inland

waters of Puget Sound—estuaries that did not have

P. inopinus, but had the conditions that support it, and

which may be at risk for future invasions by this

species.

Keywords Invasive species � Zooplankton �
Predictive modelling � Classification and

regression trees � Discriminant function analysis

Introduction

Invasions of coastal and freshwater ecosystems by non-

indigenous planktonic organisms can have large-scale

ecological effects. The best known and most profound

of these effects followed invasions by the comb jelly

Mnemiopsis leidyi, which was introduced from the

northwest Atlantic to the Black and Azov Seas in the
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late 1980s, and subsequently to the Caspian and Baltic

Seas. Appearance of this predator in the Black Sea was

followed by dramatic decreases in, and in some cases

disappearances of, its prey species (Kideys 2002). The

resulting reduction in plankton prey resources was

accompanied by large declines in pelagic fisheries, and

recent research has suggested that similar fishery

declines associated with M. leidyi may also follow in

the Caspian and Baltic Seas (Finenko et al. 2007;

Haslob et al. 2007). Other types of invasive zooplank-

ton can also have large effects on invaded systems: for

example, several regions in the world have seen

invasions by freshwater planktonic cladocerans, with

ecosystem-level consequences. Cercopagis pengoi is a

pelagic predatory cladoceran native to the Ponto-

Caspian region that has established itself in the Baltic

Sea and the North American Great Lakes (Gorokhova

et al. 2000; Therriault et al. 2002), and apparently

caused population shifts in other plankton species and

food web changes (Benoit et al. 2002; Ojaveer et al.

2004; Gorokhova and Lehtiniemi 2007; Lehtiniemi

and Gorokhova 2008). Similarly, when Bythotrephes

longimanus, another predatory cladoceran native to

Eurasia, invaded North American lakes in the early

1980s, it changed native zooplankton communities by

selective predation (Yan and Pawson 1997; Yan et al.

2002; Boudreau and Yan 2003) and caused indirect

food web effects (Hovius et al. 2007).

Though less studied than freshwater systems,

estuarine ecosystems are also known to be vulner-

able to invasions by non-indigenous planktonic

species. One of the most notable cases has occurred

along the Pacific coast of the United States where

coastal estuaries have been invaded by at least nine

species of planktonic copepods native to Asia, all

introduced via ship’s ballast (Orsi and Ohtsuka

1999; Bollens et al. 2002). Most of these species

appeared first in the San Francisco Estuary in

California State and several of them have recently

appeared in other estuaries in the region (Cordell

et al. 2008a). Although impacts of these invaders on

zooplankton communities are less well documented

than for invasive freshwater cladocerans, in one case

a laboratory and field study of the carnivorous

calanoid Tortanus dextrilobatus indicated that it can

consume remarkably high proportions of its copepod

prey and could thus affect zooplankton population

dynamics in the San Francisco Estuary (Hooff and

Bollens 2004).

The most geographically widespread of the inva-

sive estuarine planktonic copepods in the northeast

Pacific, the calanoid Pseudodiaptomus inopinus, was

found in the Columbia River estuary in 1990. It has

since appeared in many other estuaries in Washing-

ton and Oregon states, where it can form a virtual

monoculture during the late summer/early autumn

(Cordell et al. 1992; Cordell and Morrison 1996;

Bollens et al. 2002). Pseudodiaptomus inopinus is

well established in the region, having remained

abundant since the early 1990s: however, plankton

surveys conducted in 1992, 1996, 2000, and 2004 in

estuaries from southern Vancouver Island in British

Columbia, Canada, to northern California, United

States indicate that it has not expanded its range

(Cordell and Morrison 1996; this study). This

apparently static distribution suggests that P. inopi-

nus has reached a distributional limit in invaded

habitats, and it may thus be a good organism for

applying models for predicting planktonic invasions,

by characterizing estuaries that do not have popula-

tions of the copepod and comparing them to those

that do.

Predicting invasions in aquatic habitats is particu-

larly desirable, because once established, aquatic

invasive species are nearly impossible to eradicate,

and information that could prevent the introduction of

new species and expansion of those already introduced

is important. Both prevention and management can

benefit from accurate predictions of potential distri-

butions of invasive species, and a number of tech-

niques have been applied for this purpose. Most of

these fall into the category of ecological niche

modelling, in which occurrence data on the distribu-

tion of a species in its native range is applied to the

invaded region (reviewed in Guisan and Zimmerman

2000; Peterson 2003; Elith et al. 2006). Until recently,

linear models such as logistic regression, multiple

regression, and discriminant function analysis (DFA)

have been most commonly used for modelling aquatic

invasive species distributions. For example, Allen and

Ramcharan (2001) used logistic regression to identify

a set of environmental factors that restrict the estab-

lishment of invasive zebra mussels (Dreissena poly-

morpha) in commercial waterways of the United

States. Distributions of zebra and quagga mussels

(Dreissena bugensis) have also been predicted using

physico-chemical variables in stepwise multiple

regression models (Jones and Ricciardi 2005).
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Similarly, Buchan and Padilla (2000) used logistic

regression to predict the likelihood of invasion of lakes

by Eurasian watermilfoil (Myriophyllum spicatum)

using a suite of variables obtained from public

databases and recommended particular models that

could be used for different management needs and

constraints. Logistic and multiple regression models

have also been used to predict establishment, spread,

and abundance of invasive freshwater fishes within

North America and globally (Marchetti et al. 2004;

Ruesink 2005). MacIsaac et al. (2004) used DFA and

gravity models to backcast and forecast invasion of US

lakes by the spiny water flea (Bythotrephes

longimanus).

The success of multivariate linear approaches is

sometimes limited if data do not meet model

assumptions related to the independence of variables,

distribution of input variables and model residuals,

and linearity or additivity of effects (Olden and

Jackson 2002). As a result, non-linear and nonpara-

metric ecological niche models have seen increased

use in predicting aquatic invasive species distribu-

tions. For example, potential distributions of zebra

mussels, New Zealand mud snails, Chinese mitten

crabs, and invasive fishes have been predicted using

genetic algorithms (Drake and Bossenbroek 2004;

Drake and Lodge 2006; Loo et al. 2007; Herborg

et al. 2007a, b). Classification trees have also proven

useful for relating species abundances to spatial and

physical environmental variables (De’ath and Fabri-

cius 2000) and were used by Mercado-Silva et al.

(2006) to identify North American lakes vulnerable to

invasion by rainbow smelt (Osmerus mordax) using

physico-chemical lake attributes. Olden and Jackson

(2002) compared logistic regression and DFA with

neural networks and classification trees to predict the

presence of 27 fish species as a function of habitat

conditions in 286 temperate lakes in Ontario, Canada.

They found that neural networks outperformed the

other modelling approaches, although all approaches

predicted species presence with moderate to excellent

success.

In aquatic habitats, both linear and non-linear

models have been used mainly for predicting potential

distributions and invasion success of freshwater

mussels and fishes (e.g., references cited above). A

few studies have been conducted with invasive

freshwater zooplankton taxa. The vector-based grav-

ity model developed by MacIsaac et al. (2004)

successfully backcasted the invasion sequence of

inland lakes by Bythotrephes longimana based on

relative strength of inbound vectors and forecasted

new invasions of non-invaded lakes. Their analysis

led the authors to propose management intervention

through a public education campaign that targets the

export of live individuals or resting stages from lakes

with the greatest outbound vector flows and those

most likely to serve as invasion hubs. Predictive

models have also been developed for the invasive

tropical cladoceran Daphnia lumholtzi, which has

rapidly invaded lakes in North America. Based on

canonical correspondence and logistic regression

analyses, Havel et al. (2005) found that this species

was strongly associated with large, eutrophic lakes.

They suggested that large lakes may be more suscep-

tible to invasion because they are more likely to have

suitable habitats (e.g., larger pelagic zones, greater

habitat heterogeneity), may receive higher propagule

pressure (e.g., more boat traffic), and can support

larger populations less prone to extinction.

For marine and estuarine invaders, there have been

relatively few predictive modelling studies and we

could find no such work conducted on zooplankton

invaders. In this study, we applied both parametric,

linear (DFA, logistic regression) and nonparametric,

non-linear (classification trees) techniques to develop

models for occurrence of the invasive planktonic

calanoid copepod Pseudodiaptomus inopinus on the

west coast of North America. The goals of the

analyses were to identify parameters that may lead to

successful establishment of P. inopinus in Pacific

Northwest estuaries and to identify specific estuaries

or regions that might be at risk of invasion by this

species. Based on previous studies of the copepod in

invaded estuaries (Cordell and Morrison 1996; Cor-

dell et al. 2007) and field observations, we hypoth-

esized that water temperature, salinity, and water-

column stratification would be important factors

governing the presence and absence of this species.

Methods

Sample collection

We sampled the estuaries of 30 rivers from the

Campbell River, British Columbia to the Russian

River, California (Table 1). Sampling took place in
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1996, 2000, and 2004 during September and October

when Pseudodiaptomus inopinus are known to be

abundant (Cordell and Morrison 1996; Cordell et al.

2007). We usually sampled five locations to span the

salinity transition zone, at a downstream, relatively

high salinity station (approximately 9–15 psu) and at

salinities of approximately 6, 3, 1.5, and 0 psu. In

rivers with short transition zones and sharp halo-

clines, we sampled at least three stations approxi-

mately evenly spaced between the upper and lower

stations. At each station surface and bottom salinity

and temperature were measured with a YSI Model 30

portable salinity meter. At each station, zooplankton

were collected in one vertical haul with a 0.5 m

diameter, 253 lm mesh plankton net. The net was

lowered to the bottom, the depth was recorded, and

after 30 s the net was pulled slowly to the surface. In

the laboratory, zooplankton samples were re-filtered

through a 153 lm screen and sub-sampled if neces-

sary. For subsamples, the sample was thoroughly

stirred with air bubbles and a smaller known volume

removed with a Hensen’s-stempel pipette, until the

Table 1 Locations, river discharge, drainage area, sampling years, and sample numbers for river estuaries sampled for zooplankton,

N/A, data not available

State River Mean annual

discharge (m3 s-1)

Drainage

area (km-3)

Latitude Number of samples taken

1996 2000 2004 Total

California Russian 66 3,728 38.45 5 5 5 15

Noyo 66 442 39.43 5 5 5 15

Eel 210 9,456 40.61 5 5

Elk 2.4 72 40.75 5 5

Eureka Slough N/A N/A 40.80 5 5

Klamath 501 40,608 41.54 4 5 5 14

Oregon Chetco 64 1,130 42.05 5 5 5 15

Rogue 285 13,348 42.43 5 5 5 15

Coquille* 51 4,414 43.12 5 5 5 15

Coos* 33 1,608 43.38 5 5 5 15

Umpqua* 211 12,133 43.71 5 5 10

Siuslaw* 56 1,523 43.96 5 5

Yaquina* 7 296 44.62 5 5 5 15

Tillamook* N/a 158 45.48 5 5 5 15

Youngs* 5.1 65 46.16 4 4

Washington Naselle* 12 88 46.43 5 5 5 15

Willapa* 18 209 46.71 5 5

Chehalis* 115 2,082 47.96 5 5

Quileute 30 208 47.92 5 5

Puyallup 94 1,526 47.25 5 5 5 15

Duwamish 49 708 47.56 5 5 5 15

Snohomish 269 2,473 47.99 5 5 5 15

Dungeness 11 251 48.15 5 5

Samish 6.9 141 48.56 5 5 10

Skagit 468 4,978 48.36 5 5 10

British Columbia San Juan 48.3 580 48.56 5 5

Nanaimo 40 821 49.13 5 5 5 15

Fraser 3954 234,000 49.12 5 5 5 15

Squamish 300 2,330 49.69 5 5 5 15

Campbell 99 1,755 50.05 5 5 10

An asterisk indicates the presence of Pseudodiaptomus inopinus
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total count for the most numerous species exceeded

100. Pseudodiaptomus inopinus were enumerated and

abundances were calculated m-3.

Graphic analyses

We visually explored the relationships among phys-

ical variables and between physical variables and

abundance, presence, and order of magnitude of

abundance of Pseudodiaptomus inopinus using

graphical methods. We compared (1) boxplots of P.

inopinus abundance vs. different types of categorical

variables (e.g., year, presence/absence of shipping,

latitude), (2) bivariate scatter plots of relationships

among physical variables, (3) relationships between

abundance of P. inopinus and continuous physical

variables (e.g., salinity and temperature) with data

points coded by one or two other variables of interest,

and (4) sets of scatter plots or boxplots to identify

patterns in time or space. Graphs were used to assess

the strength and shape of bivariate and multivariate

relationships and to identify variables for use in the

predictive models.

Predictive models

We initially compared three multivariate techniques

for identifying the variables that best explained the

presence of Pseudodiaptomus inopinus and to deter-

mine if they identified similar variables.

Step-wise Discriminant Function Analysis (DFA)

was employed to determine if a linear combination of

physical variables could be found that would predict

the presence or absence of Pseudodiaptomus inopinus

at a site. DFA is part of a large class of generalized

linear models and is most powerful when data meet

test assumptions of multivariate normality and resid-

uals having homogeneous variances. Within this class

of models, DFA is used to predict categorical

dependent variables using continuous and categorical

independent variables. In this study, DFA was

conducted in SPSS (Version 11.5). DFA models

were run using data for individual stations, for annual

river means, and for all-year river means.

Classification Trees (CT) (Breiman et al. 1984)

were used to try to identify threshold values of one or

more physical variables that correctly classify a site

as having or not having Pseudodiaptomus inopinus.

Classification Trees are ‘‘non parametric’’ in that they

do not require that data meet any distributional

requirements for results to be valid. Classification

Tree analyses use iterative ‘‘splitting rules’’ to

develop a decision tree of variables and associated

splitting (threshold) values that result in the most

accurate classification of samples. Different splitting

algorithms can be used as well as different methods

for weighting data, prioritizing the selection variables

used in the model, and quantifying variance. The set

of input variables entered into the step-wise DFA was

also used in the CT analyses which were conducted

using CART software (Version 6.0, Salford Systems).

The optimal tree was selected using the 1 SE rule.

We also created models using step-wise logistic

regression. Like DFA, logistic regression is a form of

generalized linear model that predicts categorical

dependent variables; logistic regression predicts

binary responses only (DFA can predict more than

two levels of response), uses a different error

structure than DFA (binomial vs. normal), and

involves a different computational algorithm. We

tested a variety of combinations of input variables as

well as forward- and backward-step-wise selection

procedures, but none of the step-wise logistic

regression models performed as well as the other

methods. Many correlated variables were retained in

the final models and classification accuracy was

much lower than any of the DFA or CT models.

However, when only the variables selected by the

DFA were entered simultaneously, the resulting

logistic regression model had slightly higher classi-

fication accuracy than the DFA model. Given these

findings, we do not report results from the step-wise

logistic regression results and instead discuss the

final logistic regression model as a form of validation

of the DFA. Logistic regressions were conducted in

SPSS (Version 11.5).

Variables

Based on our exploratory graphical analyses, we

selected a set of model input variables from field

measurements and other readily available information

(Table 2). These included presence/absence of inter-

national shipping, latitude of sampling location, max-

imum depth of sample, and surface and bottom salinity

and temperature. Since it has been noted that Pseudo-

diaptomus inopinus occurs mostly in brackish regions

of well-mixed estuaries (i.e., salinity is similar
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throughout the water column—Cordell and Morrison

1996), we created several temperature- and salinity-

based variables to describe mixing or stratification of

the water column. The stratification indices were

similar, but not always linearly related, and therefore

we initially used all of them in the models to determine

if one was more informative than others (Table 2).

For each variable, we also calculated a river-wide

mean for each sampling year (average of all 5 station

values), and a river-wide mean across sampling years

(average of all river-wide annual means—Table 2).

For salinity and temperature stratification indices, we

calculated an additional river-wide mean using only

stations 1–4, because at station 5, the 0 psu station,

there was always little or no difference between

surface and bottom conditions.

Model classification accuracy

The classification accuracy of each model was

assessed by creating a simple cross-tabulation (con-

tingency table) of empirical and predicted presence-

Table 2 Variables used in step-wise discriminant function and classification and regression tree analyses

Variable Definition

ID

River

Year

Station

Latitude

Shipping present Yes/no

Presence/absence of P. inopinus 0 (Not present), 1(present)

Station surface temperature (�C)

Station bottom temperature (�C)

Station surface salinity (psu)

Station bottom salinity (psu)

Station sample depth (m)

River average surface temperature (�C) Mean of 5 stations in a sampling year

River average bottom temperature (�C) Mean of 5 stations in a sampling year

River average surface salinity (psu) Mean of 5 stations in a sampling year

River average bottom salinity (psu) Mean of 5 stations in a sampling year

River average sample depth (m) Mean of 5 stations in a sampling year

Station salinity stratification index (Surface salinity ? 1)/(bottom salinity ? 1)

Station temperature stratification index (Surface temperature ? 1)/(bottom temperature ? 1)

River salinity stratification index (stations 1–4) Average salinity stratification index for stations 1–4

River temperature stratification index (stations 1–4) Average temperature stratification index for stations 1–4

River salinity stratification index (stations 1–5) Average salinity stratification index for stations 1–5

River temperature stratification index (stations 1–5) Average temperature stratification index for stations 1–5

Station % difference between surface and bottom temperature (Surface temperature - bottom temperature)/surface temperature

Station % difference between surface and bottom salinity (Surface salinity - bottom salinity)/surface salinity

River % difference between surface and bottom temperature Mean of 5 stations in a sampling year

River % difference between surface and bottom salinity Mean of 5 stations in a sampling year

Station surface - bottom temperature Surface temperature - bottom temperature

Station surface - bottom salinity Surface salinity - bottom salinity

Station salinity rate-of-change (Surface salinity - bottom salinity)/station depth

Station temperature rate-of-change (Surface temperature - bottom temperature/station depth

River average salinity rate-of-change Mean of 5 stations in a sampling year

River average temperature rate-of-change Mean of 5 stations in a sampling year
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absence classes. Each sample was classified in terms

of its true, empirical class (Pseudodiaptomus inopi-

nus present or P. inopinus absent, as rows) and its

model-predicted class (as columns) and placed in one

of four classes. The predictive accuracy of each

model was assessed by computing the true and false

positive and true and false negative rates.

Model sensitivity and validation

Assessing model sensitivity to choices made in

creating the model is important in interpreting model

outcomes. Selection and ordering of input variables,

weights applied to data, the magnitude of the input

variables relative to one another, computational

algorithms used, and the way error is quantified can

all affect model performance. Model validation helps

to determine if a model performs better than chance

in predicting outcomes and is general enough to make

correct predictions from other, similar data sets. For

example, Olden and Jackson (2002) demonstrated

that the prediction accuracy of discriminant function

and classification tree analyses were affected by the

proportion of samples in each class and that it was

possible to develop models that appeared to be

accurate but that were performing no better than

random assignment of samples to classes.

We conducted sensitivity analyses on the station-

level models to assess the sensitivity of model

outcomes to model inputs. We compared the final

variables selected by each modelling procedure, the

classification accuracy, and any coefficients or thresh-

old values derived after varying the way that the model

was run. For these sensitivity analyses, we varied (1)

the order that input variables were added to DFA, CT,

and logistic regression models, because some of the

independent variables were correlated; (2) the choice

of dependent variable, i.e., developing models that

would predict both Pseudodiaptomus inopinus abso-

lute abundance (a continuous dependent variable) and

those that would predict order-of magnitude abun-

dances (4-level ordinal response vs. 2-level presence/

absence) for DFA and CT analyses; (3) the type of error

structures, distance measures and model algorithms

used, including use of Wilks and Mahalanobis distance

measures to control the entry and removal of variables

from the step-wise DFA model, comparing logistic

regression and DFA, and changing splitting rules in CT

analyses; (4) weighting factors used for predicting

outcomes (equal and proportional weighting of prior

probabilities were used for DFA and CT) and (5)

weighting of costs associated with false negative

predictions (increasing the relative costs of false

negatives vs. false positives from 1:1 to 4:1 in

classification trees).

Predictive accuracy of a model can be evaluated

by applying the model to data not used to develop it.

For all of our models, we divided the data set into

‘‘learn’’ and ‘‘test’’ subsets (‘‘twofold cross valida-

tion’’). The ‘‘learn’’ data used to develop or ‘‘train’’

the model were from rivers that had been sampled

more than once, and the ‘‘test’’ data used to validate

the model were from rivers that had been sampled

only once. Models were developed using the ‘‘learn’’

data and tested on the ‘‘test’’ data, and classification

accuracies for each data set were compared.

All DFA models were also validated using ‘‘leave-

one-out’’ cross validation (also known as ‘‘N-fold

cross validation’’). Each case was classified into a

group according to the classification functions com-

puted from all the data except the case being

classified and the classification accuracy of the model

was assessed using these predictions.

Classification trees were also validated using ‘‘ten-

fold cross-validation’’. In this type of validation, a

model is first developed for the entire sample. The size

and configuration of the optimal tree is then determined

using error rates developed by model testing conducted

on 10 subsets of the data. In the testing phase, the data

are randomly divided into 10 subsets of approximately

equal size and each subset is used as the test sample for

models developed using the nine other data subsets.

To determine if the station-level discriminant

function model performed better than chance, 1,000

iterations of the following procedure were conducted:

presence-absence classes were randomly assigned to

stations with P = 0.3 (the overall probability of

Pseudodiaptomus inopinus presence in the dataset), a

DFA was conducted and the false positive, false

negative, true positive, true negative, and total correct

classification rates were calculated. The classification

rates for each iteration were sorted in ascending order

of the total correct classification rate and the classi-

fication accuracy of the discriminant function model

developed on the actual data was compared to the

accuracy rates associated with the 5th and 95th

percentiles of the total correct classification rate of

the models developed with randomized responses.
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Results

Graphical

Graphical analyses revealed a strong geographic

pattern in the presence of Pseudodiaptomus inopinus

(Fig. 1). It occurred only between latitudes of

approximately 43� and 47.5� in Oregon and Wash-

ington States. Bivariate scatter plots showing rela-

tionships between latitude, salinity, and temperature

indicated that this latitude range was associated with

estuaries that had low average bottom salinities and

were relatively un-stratified (i.e., high stratification

index values) (Figs. 2, 3). Other results indicated that

P. inopinus occurred (1) in almost all stations in a

river if it was found at any station; (2) only at

temperatures higher than 15�C (Fig. 4; Table 3); (3)

mainly in the 0–8 psu salinity range (Fig. 4; Table 3);

and (4) mainly in rivers that had relatively well-

mixed water columns (i.e., salinity and temperature

relatively similar between bottom and surface)

(Fig. 4).

The graphical observations were corroborated by

t-tests of differences between physical variables at

stations with and without Pseudodiaptomus inopinus.

These tests indicated that rivers with P. inopinus were

warmer (average bottom temperature with P. inopi-

nus 17.6�C; without P. inopinus 14.5�C, P \ 0.001)

and had lower bottom salinity (average salinity with

P. inopinus 5.1 psu; without P. inopinus 14.9 psu,

P \ 0.001) and less stratification, especially when

stratification was defined in terms of salinity (e. g.,

average percent difference between bottom and

surface salinity with P. inopinus -0.20; without P.

inopinus -0.63, P \ 0.001).

Discriminant function analysis

The stepwise discriminant function model using

station-level data with learn (n = 279) and test

Fig. 1 Log of

Pseudodiaptomus inopinus
densities (numbers m-3) in

vertical plankton tows taken

in 30 estuaries in 1996,

2000, and 2004

Fig. 2 Mean bottom

salinities (psu) and bottom

temperatures (8C) along a

latitude gradient recorded

concurrently with

zooplankton samples

collected from 30 estuaries

in 1996, 2000, and 2004
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(n = 49) validation selected average surface salinity

and percent difference between surface and bottom

salinity as the only two variables in the discriminant

function (Table 4). For combined samples (n = 328,

no validation), average surface salinity was selected

again along with average bottom temperature and

average salinity stratification index based on sam-

pling stations 1–4.

Because (1) no station-level variables were selected

in either model, (2) Pseudodiaptomus inopinus was

usually present at all stations in rivers where they were

present at any station, and (3) we were interested in

predicting P. inopinus presence in rivers rather than at

stations, we next conducted DFA first using annual

river-wide means for physical explanatory variables

(hereafter called river*year models) with learn

Fig. 3 Mean salinity and

temperature stratification

indices (based on stations

1–4) along a latitude

gradient from zooplankton

samples collected from 30

estuaries in 1996, 2000, and

2004

Fig. 4 Relationship

between densities of

Pseudodiaptomus inopinus
(numbers m-3?1) and

bottom temperature (8C)

and salinity (psu) from

individual zooplankton

samples in 30 estuaries in

1996, 2000, and 2004

Table 3 Percent of total Pseudodiaptomus inopinus occurring in each bottom temperature*salinity combination from zooplankton

samples in 30 estuaries in 1996, 2000, and 2004

Temperature (�C) Total

10 14 15 16 17 18 19 20 21

Salinity (psu) \3 0.0 2.0 6.9 6.9 13.7 10.8 6.9 3.9 1.0 52.0

3–8 0.0 2.0 1.0 4.9 3.9 6.9 5.9 2.0 0.0 26.5

8–20 0.0 0.0 2.9 2.0 3.9 6.9 2.9 0.0 0.0 18.6

[20 1.0 1.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 2.9

Total 1.0 4.9 10.8 13.7 21.6 25.5 15.7 5.9 1.0 100.0

Bold type indicates combinations where P. inopinus were present
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(n = 56), test (n = 10), and total (n = 66) data sets,

and then using river-wide, all-year means. The sample

size for the river-wide, all-year data set was too small

(n = 30) to allow conducting learn-test cross valida-

tion, so leave-one-out cross validation was used.

All of the final stepwise DFA models for station,

river*year, and river-wide, all-year level data had r2

values of [0.73 and included both a salinity-based

stratification index and a measure of surface and/or

bottom salinity (Table 4).

All DFA models were generally better able to

predict the presence of Pseudodiaptomus inopinus

(measured by the true positive rate or model sensi-

tivity which ranged from 83 to 100%) than the

absence of P. inopinus (measured by the true negative

rate or model specificity which ranged from 80 to

83%) (Table 5). Both the true positive and the true

negative rates of the DFA models were higher than

the 95th percentile of those in randomization tests (73

and 75%, respectively). The 95th percentile of overall

model reliability in the randomization tests was 64%

(maximum 68%), below the 82–90% reliability of the

DFA models. Out of 1000 randomizations of the data,

only 403 valid models could be developed using a

step-wise discriminant function method: randomly

distributed data did not result in many valid models.

DFA misclassification errors

Errors from models that used station-level data were

very similar to those that used river*year means. In

most sampling years, Pseudodiaptomus inopinus was

predicted to occur in five Puget Sound rivers—the

Duwamish, Dungeness, Samish, Skagit, and Snoho-

mish—where it did not occur (false positive errors).

These rivers where P. inopinus has not yet been found

have surface salinity and percent difference between

surface and bottom salinity similar to rivers that

currently support P. inopinus (Fig. 5). Using station-

level data, false positive errors were also made for the

Umpqua River (1/2 years), station 3 in the Tillamook

River (1/3 years) and stations 2 and 4 in the Naselle

River (1/3 years). However, all the single-station

errors occurred because the station was the only or one

of only a few stations in the river that did not have

P. inopinus. These stations are likely indications of

sampling limitations and that P. inopinus was present,

though patchy or in low densities.

False negative errors (predicting no Pseudodia-

ptomus inopinus when it did occur) were made for

the Umpqua and Naselle rivers, rivers that also had

false positive errors. False negative errors disap-

peared when the river-wide, all-year mean data were

used. However, in this case, some false positive

errors persisted; the Duwamish, Samish, Skagit, and

Snohomish rivers were still predicted to have

P. inopinus though they did not, but the Dungeness

River was correctly classified at this scale. In terms

of stratification and mean bottom salinity, the all-year

means for these rivers fell well within the range of

those that currently have P. inopinus populations

(Fig. 6).

DFA sensitivity analyses

None of our sensitivity analyses changed the vari-

ables selected for the best discriminant function.

Model results were extremely robust to changes in the

order of input of the variable, the distance measure,

and prior weightings.

Table 4 Standardized discriminant function coefficients for variables selected by each DFA

Stations Stations Stations River*year River*year River

Learn/test All cases All cases

(Log.Reg)*

Learn/test All cases All cases

River mean surf salinity (psu) -0.683 -0.873 -0.536 -0.714 -0.869

River % diff surf/bottom salinity 1.274 1.290

River mean bottom temp (�C) 0.220 0.279 0.654

River salinity stratification index (stations 1–4) 1.255 9.423

River salinity stratification index (stations 1–5) 1.340

River mean bottom salinity (psu) -0.561

R2 0.731 0.751 0.715* 0.743 0.745 0.759

Asterisks indicate logistic regression run using variables selected in all station-level, all cases DFA model; R2 = Nagelkerke’s R2
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Table 5 Classification accuracy for each DFA model

Data set Validation

set

True

presence/

absence

P. inopinus

Predicted presence/

absence

True

negative

rate

(specificity)

False

negative

rate

True

positive

rate

(sensitivity)

False

positive

rate

Total

correct

(reliability)
Absent Present Total

Station*year

data learn/

test subsets

Learn Absent 161 38 199 0.81 0.16 0.84 0.19 0.82

Present 13 67 80

Cross-validated Absent 161 38 199 0.81 0.16 0.84 0.19 0.82

Present 13 67 80

Test Absent 25 5 30 0.83 0.00 1.00 0.17 0.90

Present 0 19 19

Station*year

data all data

Learn Absent 190 39 229 0.83 0.04 0.96 0.17 0.87

Present 4 95 99

Cross-validated Absent 190 39 229 0.83 0.04 0.96 0.17 0.87

Present 4 95 99

River*year

means learn/

test subsets

Learn Absent 32 7 39 0.82 0.12 0.88 0.18 0.84

Present 2 15 17

Cross-validated Absent 32 7 39 0.82 0.18 0.82 0.18 0.82

Present 3 14 17

Test Absent 5 1 6 0.83 0.00 1.00 0.17 0.90

Present 0 4 4

River*year

means all

cases

Original Absent 37 8 45 0.82 0.10 0.90 0.18 0.85

Present 2 19 21

Cross-Validated Absent 37 8 45 0.82 0.10 0.90 0.18 0.85

Present 2 19 21

River, all year

means all

cases

Original Absent 16 4 20 0.80 0.00 1.00 0.20 0.87

Present 0 10 10

Cross-validated Absent 16 4 20 0.80 0.00 1.00 0.20 0.87

Present 0 10 10

Station all

cases, logistic

regression

Original Absent 206 23 229 0.90 0.13 0.87 0.10 0.89

Present 13 86 99

Cross-validated Absent 16 4 20 0.80 0.00 1.00 0.20 0.87

Present 0 10 10

Fig. 5 Scatter plot of

relationship between the

two main variables selected

by river*year mean step-

wise discriminant function

analysis to predict presence

of Pseudodiaptomus
inopinus for stations with

and without P. inopinus.

See Table 2 for definitions

of variables. Data coded by

error type in the model
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Although the logistic regression step-wise model

selection process did not produce useful models

(many correlated variables were retained even when

some culling of correlated variables was conducted

and classification errors were higher than DFA),

when explanatory variables pre-selected by the DFA

were entered simultaneously, the logistic regression

model performed very similarly to the DFA. It had a

similar r2 (Table 2), fewer false positives, and more

false negatives (Table 7).

Classification trees

Using station-level data, CT analysis identified clear

cut-off values that separated sites with and without

Pseudodiaptomus inopinus. The most efficient

model (optimum tree) was a two-node model using

only river bottom salinity, but a three-node model

that was only marginally less efficient (Fig. 7)

increased the true negative rate (model specificity)

and the total percent correct by 8 and 5%, respec-

tively (Table 6) and identified the ranges of two

variables that describe the domain of Pseudodiapto-

mus inopinus occurrences. The model developed

using station-level learn/test subsets identified river

mean bottom salinity and river mean salinity

stratification index (using sampling stations 1–4) as

critical splitting variables. All occurrences of

P. inopinus were found at stations with river bottom

salinity less than 6.1 psu and mean stratification

index [ 0.4.

Model sensitivity (true positive rate) of the three-

node model was 100% in both the learn and test

samples for station-level and river*year models,

Fig. 6 Scatter plot of

relationship between the

two main variables selected

by river-mean, step-wise

discriminant function

analysis procedure to

predict P. inopinus presence

in rivers. See Table 2 for

definitions of variables.

Data coded by error type in

the model

Fig. 7 Classification trees developed using learn and test

subsets of station level data. The optimum model consists of

the first two levels of the trees; the selected models are the

entire trees. Gray pattern represents proportion of samples

without Pseudodiaptomus inopinus, black pattern represents

proportion of samples with P. inopinus. Salinity stratification

index is based on sampling stations 1–4 (see text and Table 2)
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respectively (Table 6). Although Pseudodiaptomus

inopinus was not found in all rivers having the range

of conditions identified by the CT, all rivers that had

P. inopinus had those conditions (Table 6, Figs. 7, 8).

River*year and river-wide, all-year models were not

considered necessary given the accuracy rates of the

station-level model.

Results of the CT analysis can be displayed in a

bivariate plot of river mean bottom salinity and river

stratification index (Fig. 8). In such a figure, the

upper left quadrant (quadrant 1) represents salinity

and stratification conditions that support Pseudodia-

ptomus inopinus, while the conditions represented in

quadrants 2, 3, and 4 do not. Rivers without P.

inopinus that fall in the upper left quadrant of the plot

are false positives in the CT model. Rivers with P.

inopinus that fell into quadrants 2, 3, or 4 are false

negatives. No false negatives errors were made with

the CT model (Fig. 8; Table 6).

Five of the false positives from the DFA were also

false positives in the CT model and appear to have

conditions that could support Pseudodiaptomus inopinus

(Fig. 8, ‘‘A’’). Two DFA false positives were correctly

predicted by the CT model (Duwamish 2004; Dungeness

1996) and one DFA false positive was also a false

positive in the CT model (Samish 2004) (Fig. 8, ‘‘B’’).

One of the CT false positives was correctly predicted

by the DFA (Dungeness 1996) (Fig. 8, ‘‘C’’). The two

cases of false negatives from the DFA river*year

model (Umpqua 2000; Naselle 1996) were correctly

predicted by the CT model as having P. inopinus

although they had a stratification index close to the

threshold identified by the CT as supporting P. inopinus

(Fig. 8, ‘‘D’’, right panel, upper left quadrant).

Table 6 Prediction Errors by selected CT models

Data set Validation

set

True

presence/

absence

P. inopinus

Predicted presence True

negative

rate

(specificity)

False

negative

rate

True

positive

rate

(sensitivity)

False

positive

rate

Total

correct

(reliability)Absent Present Total

Station level

optimum

model—two

nodes

Learn 0 154 45 199 0.77 0.00 1.00 0.23 0.84

1 0 80 80

Test 0 30 0 30 1.00 0.00 1.00 0.00 1.00

1 0 19 19

Station level

preferred

model—three

nodes

Learn 0 169 30 199 0.85 0.00 1.00 0.15 0.89

1 0 80 80

Test 0 30 0 30 1.00 0.00 1.00 0.00 1.00

1 0 19 19

River*year level

preferred

model—three

nodes

Learn 0 33 6 39 0.85 0.00 1.00 0.15 0.89

1 0 17 17

Test 0 6 0 6 1.00 0.00 1.00 0.00 1.00

1 0 4 4

Station level priors

proportional to

learn set—

optimum model

Learn 0 174 25 199 0.87 0.13 0.88 0.13 0.87

1 10 70 80

Test 0 30 0 30 1.00 0.26 0.74 0.00 0.90

1 5 14 19

Station level priors

proportional to

learn set—

selected model

Learn 0 189 10 199 0.95 0.13 0.88 0.05 0.93

1 10 70 80

Test 0 30 0 30 1.00 0.53 0.47 0.00 0.80

1 10 9 19

Station level linear

combinations

allowed

Learn 0 178 21 199 0.89 0.00 1.00 0.11 0.92

1 0 80 80

Test 0 30 0 30 1.00 0.00 1.00 0.00 1.00

1 0 19 19
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CT Model validation

Tests conducted to determine the sensitivity of the

final CART model to assumptions of the different

models used indicated that the final model was very

robust to modelling assumptions and that our findings

are not an artifact of the modelling algorithms used.

For example, changing the algorithms used to split

the data or the costs associated with making different

types of errors (as described in methods) did not

change the optimal model selected. Changing the

probabilities used to assign sites to classes or

allowing for linear combinations of splitting variables

had minor effects on the selection of variables

selected at the second split level, but did not improve

the total percent correct (Table 6) or alter the general

results that areas with low salinity and low stratifi-

cation support Pseudodiaptomus inopinus. Use of

tenfold cross classification as a model validation

approach resulted in more complex models than the

simple three- to five-node models developed using

learn-and-test data sets (twofold cross classification),

but these models appeared too specific to the data set

used to be useful in evaluating other data sets.

The usefulness of the final splitting variables that

were selected can be evaluated for each node in the

model relative to other potential splitting variables.

The software program used provides a summary of

the improvement in model prediction accuracy for

each splitting variable relative to other potential

splitters. At the first node, mean river bottom salinity

(6.1 psu), provided an additional 3% improvement in

model prediction accuracy compared to the next

strongest potential splitter, river salinity rate-of-

change from surface to bottom (Table 7) and as

much as 6% improvement in prediction accuracy

compared to other stratification variables. At the

second node, the stratification index that used all 5

stations provided the same percent improvement in

model predictions as the 4-station stratification var-

iable that was selected. These stratification variables

provided an additional 1.5–2% improvement over the

next strongest competitors at the second node, all of

which were simple temperature or salinity variables.

Discussion

The fact that the invasive estuarine copepod Pseudo-

diaptomus inopinus has not expanded either north or

south from its region of occurrence in Washington

and Oregon during 14 years of monitoring indicates

that it has likely reached a distributional limit. The

results from our models demonstrate that in the

northeast Pacific, distribution of P. inopinus is

strongly related to salinity, temperature, and water

Fig. 8 Relationship between river mean salinity stratification

index (based on stations 1–4) and river mean bottom salinity

for rivers with and without Pseudodiaptomus inopinus showing

predictions by classification tree (CT) and discriminant

function analysis (DFA) river*year models using learn/test

subsets. The upper left quadrant of both panels includes the

combination of salinity and stratification conditions in which P.
inopinus was found and the other three quadrants include

combinations where it was not found. Gray symbols in the

upper left quadrant of the ‘‘P. inopinus absent’’ panel (A and C)

were falsely predicted by the CT model to have P. inopinus and

cross symbols in any quadrant of that panel (A and B) were

falsely predicted to have P. inopinus by the DFA model. In the

‘‘P. inopinus present’’ graph, all points in the upper left

quadrant were true positives by the CT model (no false

negative predictions) and all but two were true positives by the

DFA model (D)
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column stratification. Observations from the graphi-

cal analyses, that P. inopinus occurs within defined

salinity and temperature ranges, were also reflected in

the consistency of the results in DFA and CT analyses

that created predictive models with salinity and

temperature terms. In particular, most occurrences

of P. inopinus were at stations with bottom salinities

less than 6 psu, bottom temperatures greater than

15�C (Fig. 4), and relatively well-mixed water col-

umns (Fig. 8). The various models that we applied

identified slightly different sets of variables and

slightly different thresholds, but all identified areas

with relatively low bottom salinity and relatively un-

stratified water columns as areas that support

P. inopinus populations.

These findings correspond to other recent studies

that found that P. inopinus occurred mainly between

salinities of 0 and 12 psu, with highest densities usually

occurring around 0–6 psu in relatively short reaches

within estuaries (Cordell and Morrison 1996; Cordell

et al. 2007). The results from these studies, plus our

model results and field observations, lead us to the

conclusion that there are two main estuary types among

those sampled, one that is suitable for colonization by

P. inopinus and one that is not. More stratified estuaries

with warmer fresh water overlying colder salt water

and little mixing of the water column do not have

populations of P. inopinus. This type of estuary

occurred mainly at the northern and southern ends of

the region sampled (Fig. 3), and included both small

rivers without shipping and large rivers such as the

Fraser River in British Columbia with intensive

international shipping and presumed high inoculation

rates of non-indigenous planktonic organisms

(Levings et al. 2004). Estuaries that have been invaded

by P. inopinus have regions where there is less

stratification, and brackish or oligohaline water occurs

throughout the water column. These types of estuaries

occurred mostly in coastal Oregon and Washington,

but also occurred in a few other areas that have not been

invaded by P. inopinus (Fig. 3). Invaded estuaries

included relatively large and small systems (in terms of

both drainage area and discharge—Table 1) and those

with and without shipping ports. From previous field

observations, we noted that invaded estuaries also have

low gradients and relatively long regions of tidal

excursion (Cordell and Morrison 1996), which we

assume contribute to slower net outflow and more

opportunity for mixing of salt and fresh water. Thus,

regional geomorphology may be an important factor

determining the presence of P. inopinus: higher

gradient rivers that occur mainly in British Columbia

and northern California do not have the salinity,

temperature, and stratification conditions to support

P. inopinus while lower gradient rivers in coastal

Oregon and Washington do.

Estuaries in Puget Sound that were false positives

in both DFA and CT models have the combination of

stratification and salinity that support Pseudodiapto-

mus inopinus elsewhere and may therefore be at risk

for invasion. The reason that this species does not

occur in Puget Sound estuaries is probably not from

lack of propagule pressure. The ports of Everett and

Seattle are located in estuaries (Snohomish, Duwa-

mish) predicted to have P. inopinus, and receive

ballast water from a variety of ship types and sources

(Cordell et al. 2008b). In fact, recent studies of ballast

in ships arriving in Puget Sound have found high

Table 7 Node competitors from CT models in order of

improvement showing variable, split value, and percent

improvement (0–1) in model predictions

Competitor Split Improvement

Root node competitors

River average bottom

salinity (psu)

6.12 0.316

River average salinity rate-

of-change

-1.545 0.283

River % difference

between surface and

bottom temperature

-0.335 0.261

River salinity stratification

index (stations 1–4)

0.445 0.254

River salinity stratification

index (stations 1–5)

0.56 0.254

River average bottom

temperature (�C)

16.19 0.213

River average surface

salinity (psu)

1.56 0.201

Node 2 competitors

River salinity stratification

index (stations 1–5)

0.56 0.053

Station bottom temperature

(�C)

13.75 0.039

River surface temperature

(�C)

14.49 0.035

River bottom temperature

(�C)

14.02 0.035

River surface salinity (psu) 1.0 0.035
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frequencies of occurrence of non-indigenous cope-

pods from both international and previously invaded

domestic ballast sources, including P. inopinus and

several other Pseudodiaptomus species (Cordell et al.

2008a, b). One possible explanation for the Puget

Sound false positives is that the models lacked one or

more variables that determine P. inopinus presence.

Examples of unmeasured variables could include (1)

inoculation pressure: although our use of the ship-

ping/no shipping term was a surrogate for this,

estuary-specific inoculation pressure could be impor-

tant, especially if it was mediated by factors other

than shipping (e.g., proximity to and long shore

transport from other estuaries that have established

populations of P. inopinus); (2) range of variability in

physical conditions: magnitude and periodicity of

river flooding, yearly temperature regimes, and length

of time mixed brackish-water conditions persist could

affect the ability of P. inopinus to establish itself; and

(3) biotic factors: our models did not include data on

other planktonic organisms, and the presence of

competitors or predators could have discouraged

invasion by P. inopinus. For example, recent meso-

cosm studies suggest that native zooplankton com-

munities can provide biotic resistance against the

establishment of the invasive freshwater cladoceran

Daphnia lumholtzi (Dzialowski et al. 2007). It may be

useful to monitor additional physical and biological

variables in rivers with and without P. inopinus to

determine additional attributes that are associated

with new invasions, or with any changes in the status

of existing P. inopinus populations.

While CT models provided good results in this

study, and are known to perform better than traditional

linear models with environmental data (Rejwan et al.

1999; Olden and Jackson 2002), in our case both DFA

and CT models performed similarly. Both model types

had similar accuracy rates and incorrectly classified

many of the same rivers. Both types also selected river

means over station-level physical data as explanatory

variables, and included a salinity variable and some

combination of surface and bottom salinity or temper-

ature variables that provided a proxy for stratification.

Although logistic regression was not helpful for the

step-wise selection of variables, the fact that its results

were similar to a DFA using the same variables

validates the DFA results and indicates that results

were not sensitive to error structure or computational

algorithm within the realm of generalized linear

models. In addition, error rates for station-level DFA

models were much lower than the fifth percentile error

rates from randomization tests and indicate that the

DFA models performed better than chance. The robust

results and the strong performance of the DFA relative

to chance indicate that conclusions about the distribu-

tion of Pseudodiaptomus inopinus are not highly

sensitive to model type.

With CT, we found that the use of learn/test

subsets of data tended to produce simpler models

with apparently greater generality (and management

applicability) than models generated using tenfold

cross validation. Our station-level data set had 328

samples, around the minimum sample size recom-

mended for learn/test validation. The fact that this

validation approach produced straightforward results

with a marginal sample size also indicates that the

results are robust. In CT, using tenfold cross valida-

tion, the most efficient model was one with many

levels. As would be expected, with more levels,

model sensitivity increased, but the number of levels

provided by the most efficient model may not be

warranted for practical use by resource managers.

Instead, the combination of our DFA and CT results

suggests that relatively simple salinity- and stratifi-

cation-based models may work well for predicting

invasion of Pseudodiaptomus inopinus. While differ-

ent models select slightly different sets of variables

and thresholds, all of them identify relatively low

salinity and low stratification as important in predict-

ing the presence of P. inopinus.

DFA and CT have been used in several studies to

identify the conditions that support freshwater inva-

sive species and they appear to have worked well in

this study with an estuarine zooplankton species. CT

is sometimes identified as a preferred approach

because it requires fewer assumptions, can identify

‘‘nonlinear’’ effects that do not occur equally across

the entire data set, and provides approachable, easy to

interpret results. In our study CT had slightly lower

error rates and was more useful at identifying

thresholds, as compared to DFA. However, we

suggest that using more than one model to explore

a data set is important. Consistent results across

model types increases the confidence in the results

and conclusions. When model results differ, there is

an opportunity to explore how input variables,

assumptions, and other factors affect the outcome of

different models. This can be particularly helpful
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with biological data when it may be tempting to avoid

or overlook complex, indirect interactions when a

simple conclusion seems to emerge from a data set.

In predictive modelling for invasive species

occurrences, it is desirable to obtain data from the

native range. Data taken only from the invaded range

may underestimate potential distributions because the

invader may not have occupied the full range of

conditions that it can tolerate. In this study, we used

data only from the invaded range, because zooplank-

ton, temperature, salinity, and water column stratifi-

cation data are not available from published literature

about the native habitats of Pseudodiaptomus inopi-

nus: we conducted a thorough literature search and

found only a few publications that generally related

P. inopinus abundances to brackish waters (Suh et al.

1991; Ueda et al. 2004; Islam et al. 2006). However,

a case can also be made for using data from the

invaded range, because the factors that limit the

growth and spread of species in the native region may

differ from those in the invaded region, i.e., it

occupies different realized niches within its funda-

mental niche in each region (Drake and Bossenbroek

2004; Loo et al. 2007; Steiner et al. 2008). In the case

of P. inopinus, it appears for the time being to have

reached the limits of its physico-chemical tolerances

along the west coast of North America, because its

distribution has remained static since 1992, and thus

this case may represent a good scenario for predictive

modelling using invaded range data.

In this paper we describe the results of linear and

non-linear models to describe physico-chemical

attributes that coincide with and predict the presence

of an invasive estuarine planktonic copepod. The

models provide testable predictions about the occur-

rence of Pseudodiaptomus inopinus in certain un-

invaded northeast Pacific estuaries, and these kinds of

models could also be applied to other regions that

have potentially similar conditions but no invasive

estuarine zooplankton species. For example, Chesa-

peake Bay has large estuarine ports and high input of

non-indigenous propagules from the ballast of com-

mercial ships, but has not experienced invasions by

Pseudodiaptomus or other non-indigenous planktonic

taxa (Ruiz et al. 2000). Predictive models could

identify specific areas to sample for these species, and

could help to define those factors contributing to the

presence or absence of non-indigenous taxa. Also,

because the models (especially those derived from

CT) identify thresholds, they may serve as useful

predictors for shifting environmental factors. It has

been recently demonstrated that, like many other

organisms, zooplankton are affected by climate

change (e.g., southern species and assemblages

moving into northern regions—Beaugrand et al.

2002; Panov et al. 2007; Sullivan et al. 2007). A

warming climate is also projected to increase salinity

in estuaries and coastal areas, with accompanying

changes in the likelihood of non-native species

becoming established (Rahel and Olden 2008). This

may be particularly important in the case of brackish-

water organisms such as P. inopinus, which may

eventually be able to invade estuaries that currently

have salinities too low to allow establishment. In

addition to climate change, estuarine organisms are

subjected to numerous environmental perturbations

related to human activities, including physical

changes in hydraulic processes (e.g., dams, channel

and harbor widening and deepening), nutrient pro-

files, and disruptions in land-water linkages (e.g.,

shoreline armoring, loss of natural uplands), as well

as biological changes (e.g., other species introduc-

tions). The extent to which any or some of these

factors contribute to establishment of non-indigenous

copepods or other exotic organisms is largely unex-

plored, but in theory many combinations of factors

could be used to predict their presence. In this study,

the data and models suggest that vulnerable un-

invaded estuaries (i.e., false positives in the models

that occurred mainly in the Puget Sound region), may

only have to experience small changes in tempera-

ture, salinity, or stratification to become invaded.
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