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Abstract Real-world uncertainties and data limita-
tions make it difficult to predict how, when and where
non-indigenous species (NIS) will spread. Typically
only a small fraction of sites are sampled during only
a few time intervals, such that we know neither the
full spatial extent nor the true temporal progress of
invasion. Yet, these unsampled locations might affect
the invasion dynamics. We extend propagule pressure
models to incorporate both human-mediated and
natural fluvial dispersal vectors, and develop tech-
niques to incorporate missing spatial and temporal
data on invasions. We apply our model to Bythotre-
phes longimanus, a high-risk aquatic NIS, using a
regional-scale 311-lake survey in a popular watershed
in Ontario and extending our analysis to 1,300
unsampled lakes. Of 100 model runs with different
random subsets of 50 sampled lakes reserved for
validation, we were able to obtain an average area
under the curve value of 0.89. Human-mediated
dispersal accounted for 99.75% of the contribution of
propagules to probability of establishment. Although
the discovery rate is accelerating, our results suggest
the annual rate of lake invasions is decelerating over
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time. Management efforts controlling recreational
boating traffic out of the largest lakes in the system
will be the most effective way of slowing the spread
of B. longimanus in lakes within this system.
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Introduction

Our ability to prevent and control the secondary
spread of non-indigenous species (NIS) is hampered
because we cannot forecast exactly how invasions
will spread in space and time (Johnson and Padilla
1996; Lodge et al. 2006). Past efforts to predict
spread have focused on trait-based, niche-based and
propagule pressure based methods. Trait-based meth-
ods use species characteristics to predict which NIS
are high risk while niche-based methods use habitat
characteristics in both the invaded and native ranges
to predict the full potential of spread in the invaded
range (e.g., Ricciardi and Rasmussen 1998; Maclsaac
et al. 2000; Kolar and Lodge 2002). Propagule
pressure based approaches relate introduction effort
(number and frequency of propagule introductions) to
the strengths of vectors of spread to estimate invasion
risk for different locations (e.g., Schneider et al.
1998; Bossenbroek et al. 2001; Hastings et al. 2005).
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While trait and habitat based approaches are useful
and indicate which locations are ultimately likely to
become invaded by a given species, propagule pressure
has been argued to be the most consistent predictor of
invasion success (Lockwood et al. 2005). Moreover,
management strategies are typically aimed at reducing
propagule pressure by controlling vectors of spread
(Lodge et al. 2006), making propagule pressure based
approaches most directly linked to management.

In this manuscript, we focus on estimating prob-
ability of establishment due to propagule pressure,
which provides biological relevance and potentially
allows quantification of the benefits of management
efforts that reduce propagule pressure (Leung et al.
2004). Despite its key advantages, linking propagule
pressure to probability of establishment remains an
open problem and is unmeasured for many systems,
given that data are typically limited (but see Leung
et al. 2004; Drake and Lodge 2006; Jerde and Lewis
2007). Here, we develop a framework to address
common limitations and uncertainties which are
typically encountered when building models to
predict secondary spread: (1) we cannot directly
measure propagule pressure from different vectors of
spread (Johnson and Padilla 1996), (2) we do not
know the relative contribution of propagules from
different vectors, (3) we cannot sample all locations
(Leung and Delaney 2006), and (4) we cannot sample
locations frequently (Solow and Costello 2004).

First, it is usually impossible to measure individual
introduction events; however we can use surrogates of
propagule pressure. For example, in gravity models,
surrogate measures of propagule pressure link lake
attractiveness characteristics such as lake size and
accessibility (Reed-Andersen et al. 2000) to recrea-
tional boating movement patterns (Buchan and Padilla
1999; Bossenbroek et al. 2007). To date, most modeling
efforts have focused on only one vector at a regional
scale (Bossenbroek et al. 2001; Leung et al. 2004; but
see Muirhead 2007). Yet, for any given NIS, multiple
vectors may be crucial for spread. Still, we might expect
that multiple vectors provide different contributions to
spread and that the viability of propagules from these
vectors differs. Our framework allows us to assess the
contribution of each vector to establishment.

The third and fourth limitations addressed are a
lack of complete data, both in space and time.
Because the entire system is interconnected, unsam-
pled locations can act as both sources and alternative
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destinations for propagules. However, researchers
typically ignore unsampled locations (Schneider et al.
1998; Muirhead and Macisaac 2005) or treat them as
uninvaded (Anderson and Martinez-Meyer 2004),
which may change the behavior of the system and
result in misleading predictions (Leung and Delaney
2006). Instead, we should incorporate these locations
and develop techniques to deal with uncertainty about
their invasion status. Such techniques have been
developed but have only been tested theoretically
(Leung and Delaney 2006); we apply these tech-
niques to a real-world dataset for the first time.

Additionally, we are often also lacking information
on the exact date of invasions for sampled sites. Most
monitored locations are sampled infrequently; an
invasion could exist for many years before it is
detected. Further, typically it is assumed that the
discovery date is equivalent to the year in which the
NIS became established (Solow and Costello 2004).
This can potentially result in misleading predictions on
the number of lakes at risk in a given time interval, as
well as on the rate of the overall invasion expansion.
Here, we develop techniques to incorporate available
temporal information and relate invasions to proba-
bility of establishment over time. In doing so, we
provide a means to estimate when invasions most
likely occurred and, thus, infer the invasion rate
(number of new invasions per year) in the system.

In this paper, we develop novel approaches to predict
the secondary spread of NIS in the context of limited
information. We apply these approaches to the high-
profile NIS, Bythotrephes longimanus (henceforth By-
thotrephes), the spiny waterflea, a predatory cladoceran
that invaded the Great Lakes region from the Palearctic
in the early 1980s (Bur et al. 1986). Specifically, we aim
to (1) assess the relative risk of anthropogenic and
natural vectors of spread, (2) estimate the actual
invasion rate in comparison to the discovery rate, and
(3) predict which unsampled lakes are most likely
invaded or at risk of becoming invaded, and make
suggestions on where to focus management efforts.

Methods
Study system

We used a 311-lake survey, conducted in conjunction
with the Canadian Aquatic Invasive Species
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Network, to develop our approaches (Cairns et al.
2007; Weisz and Yan 2010). The survey was
conducted in 2005 and 2006 in the 2 EB watershed,
located in south-central Ontario on the Canadian
Shield, 200 km north of Toronto. Bythotrephes was
first observed in the popular cottage and boating
watershed in 1989 (Yan et al. 1992). The 311-lake
survey represents a substantial effort and generated
more information than is commonly available for
many invasive species; but still, it only provided us
with a snapshot of information on 17% of the lakes in
the watershed, and very limited temporal information
on the progress of invasions. Other data on Bytho-
trephes absence, presence and discovery dates came
from previously published works and personal com-
munications, while data on several new invasions
came from a re-sampling of a subset of lakes from the
311-lake survey conducted in 2007 (pers. comm.
Arnott 2007; Ontario Federation of Anglers and
Hunters; Yan et al. 1992; Yan and Pawson 1997,
Boudreau and Yan 2004; Cairns et al. 2007). In total,
we had presence/absence data for Bythotrephes in
336 of the 1,664 lakes (20%), of which 50 were
known to be invaded.

Model development

To predict the secondary spread of Bythotrephes, we
(1) calculated propagule pressure to each lake, (2)
estimated probability of establishment from these
propagule pressure estimates, (3) calibrated the
model to subsets of available empirical data, and
(4) validated our predictions on different subsets of
data. Importantly, we re-ran the model calibration on
100 random subsets of the available empirical data
and validated our predictions using 100 random
subsets of lakes not included in the model calibration.
This provides a truer examination of the reliability of
model predictions. The majority of previous propa-
gule pressure based modeling efforts have either not
employed any validation or not used external valida-
tion data (but see Leung et al. 2004).

We expect boating traffic to be an important vector
of spread because Bythotrephes’ long caudal append-
age makes it particularly susceptible to fouling
boating and fishing equipment (Jacobs and Maclsaac
2007; Weisz and Yan 2010). Additionally, stream
dispersal may be a source of propagules. Although
the role of streams in the spread of Bythotrephes has

not been investigated, Johnson et al. (2006) found
that 30% of downstream invasions of Dreissena
polymorpha, zebra mussels, could be potentially
attributed to stream dispersal; Bythotrephes puta-
tively can be transported passively to downstream
uninvaded lakes in a similar way to zebra mussel
veligers.

Estimating propagule pressure due to boating
traffic

We used a gravity model (Bossenbroek et al. 2001;
2007; Leung et al. 2004) to estimate relative propagule
pressure to uninvaded lakes due to recreational boating
traffic. The model follows a two-step process, where
boaters travel to a lake, return home, and subsequently
travel to another (or the same) lake (Bossenbroek et al.
2001). Specifically, we used a production-constrained
gravity model which requires a modest amount of data
that are reasonably easy to access. Gravity models are
constructed on gravity pulls of boaters to each lake,
where the boating traffic (U;) to each destination lake j
is related to the attractiveness (W;) of that lake, the
number of boaters (O;) at each source location i, the
distance along a road (D;) between source i and
destination j. A; is a scalar that takes into account the
fact that boaters may visit alternative destinations
(invaded/uninvaded lakes). Calculations of U; and A;
provide the basis of the model.

K
U = ZA,-O,-W,-D,;d (1)

i=1
_ L —d
A=1/3 WD @)

where U; provides a metric of the total boating vector
traffic to each destination lake. While Uj; is constant,
not all boats visiting lake j will have previously
visited an invaded lake. X;, gives the proportion of
boat traffic sources i that have been exposed to
invaded lakes in year ¢.

M
Uim
X, — 2ot (3)

Z/L:1 Ui

K
Qj,t = Z Uini,t (4)

i—1
X;, 1s the sum of boater traffic to invaded lakes
M in the current time step divided by traffic to all
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lakes L. Propagule pressure Q;, is the sum of vector
traffic from all sources to lake j in year ¢ that had
previously visited an invaded lake (Bossenbroek et al.
2001). This is important as it allows the proportion of
traffic originating from invaded locations to change
as more locations become invaded over time.

Boaters O; are the number of houses on each block.
House blocks were designated as single typical street
block polylines segments in a Geographic Information
Systems (GIS). There were 4,496 house blocks used in
the model. The value of boaters on the block is
equivalent to the number of buildings nearest to the
segment (data from National Topographic Database;
Natural Resources Canada; http://geogratis.cgdi.gc.
ca/geogratis/en/product/search.do?id=8147 ).

D;; describes the road distance between each source
house block i and each lake j in the watershed. The
functional relation Dl.;d was chosen because studies

have shown that there exists an exponentially decreas-
ing probability of travel with increased distance
(Buchan and Padilla 1999; Leung et al. 2004). Using
distance between houses and lakes is more realistic
than using distances between lake pairs because
people are likely to travel home between lake trips.
Here, because our study system is located in cottage
country, we defined ‘home’ as a residence or cottage
within the watershed. If we had exclusively used
permanent residence locations as ‘homes,” our dis-
tances would have been heavily skewed toward the
metropolitan Toronto area (200 km away), and would
have resulted in overestimating actual distances trav-
eled between lake visits (pers. obs.; Buchan and
Padilla 1999). People very likely stay in the 2 EB area
when boating, rather than traveling to and from
Toronto and the 2 EB area on consecutive days.
Further, for D;;, we used road distances because roads
deviate; thus, using road distances provides more
realistic estimates of travel distance than Euclidean
distances, which have been employed by most past
models (Bossenbroek et al. 2001; Leung et al. 2004;
but see Muirhead 2007 and Prasad et al. 2010). The
road that terminated closest to each lake, as deter-
mined in the GIS, was used as the end point location
when calculating the distance along a road between
each house and that lake.

We used lake size (surface area in hectares) as a
surrogate for attractiveness W; (Bossenbroek et al.
2001; Leung et al. 2006). Because of the proximity of
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the watershed to Georgian Bay on Lake Huron, which
is invaded, we included boat launches along Georgian
Bay within the boundaries of 2 EB as ‘lakes’ in our
system. In Eq. 1, W; for these locations was replaced
with the parameter g, which was fitted to our model. g
was used because these boat launches do not have
surface area comparable to the inland lakes (see
Leung et al. 2006 for details on g). Data on boat
launch locations were digitized into GIS from
backcountry maps (Marleau 2006). Data on lake
locations and sizes and road networks were obtained
from the National Topographic Database GIS data.

Estimating propagule pressure due to stream
connections

While previous studies have looked at increased risk
due to stream connections secondarily for a subset of
known invaded lakes (e.g., Bobeldyk et al. 2005;
Johnson et al. 2006; Jacobs and MaclIsaac 2009), to our
knowledge, this is the first attempt at a system-wide
analysis of propagule pressure due to stream connec-
tions. The metric measure of propagule pressure S to
each lake j in each year ¢ is described by:

N
Sis = Z Z,L,} (5)
n=1

where §;, results from the sum of connections from
all N upstream lakes. Propagule pressure should
depend on the total water flow from the upstream lake
to the downstream lake, as well as the distance along
the stream propagules have to travel. We assume that
propagule pressure is inversely related to the distance
L,; from each upstream invaded lake n to lake j
because as distance increases, the probability of
survival during transport decreases exponentially
(Bobeldyk et al. 2005); r is a fitted coefficient
describing the rate of decay in probability of survival.
We used watershed area Z, of the upstream lake n as
a surrogate of water flow to downstream lake j,
assuming precipitation is similar across the entire
watershed. If lake j is hydrologically isolated or not
connected to any invaded lakes, it will have S;, = 0.

Data on stream connections and elevation were
obtained from the National Topographic Database
and the Ontario Ministry of Natural Resources.
In order to obtain the distance of the shortest stream
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connection between all connected lake pairs, we
developed a recursion algorithm. Elevation was used
to calculate the watershed area of each lake.

Linking propagule pressure to probability
of establishment

Next, we linked propagule pressure estimates in
probability of establishment models. We used gravity
and flow scores for each lake in each year to calculate
probability of establishment over time. We compared
a random null model, a boater only model, a streams
only model, and a combined boater/stream model.

Generally, the probability of establishment (E) can
be described mathematically as the complement of
the probability of all propagules failing to establish.
To begin, we consider probability of establishment
for a null model (E(null)):

E(null) =1—¢7" (6)

where 7 is a fitted parameter that determines the base
rate probability of establishment, where invasions
occur randomly throughout the system, with equal
probability. We use this functional form to most
clearly illustrate the relation to the three more
complex models below (Egs. 7-9).

The probability of establishment for the boat
model is given by:

B(Q) = 1 — ¢ 00 )

where Q;; is the propagule pressure due to boating
traffic to lake j in year ¢ (Eq. 4). o, y and ¢ are fitted
coefficients. ¢ is used to model Allee effects, which
result in a disproportionately low probability of estab-
lishment at low propagule pressure (Dennis 2002;
Leung et al. 2004). While Allee effects have not been
studied extensively in Bythotrephes, they are plausible
because Bythotrephes need to find mates during sexual
reproduction. Further, Drake (2004) found some evi-
dence for Allee effects in Bythotrephes; the functional
form of his model is the same as that used here.

The stream model can be described in terms
equivalent to the boater model:

ESj)=1- e (BSitn) (8)

where propagule pressure is due to the cumulative
flow from invaded upstream lakes is described by S;,
(Eq. 5). B, y and c are fitted coefficients.

The probability of establishment for the combina-
tion model is:

E(Q)s,8;) = 1 — e Cutiita) 9)

where coefficients are fitted simultaneously. We can
directly assess the relative contribution of each vector
by converting and scaling gravity scores (Q;,) and
flow scores (S;,) into inputs for probability of
establishment estimates (xQ;, and fS;,) in the
combined model. Comparison of model predictions
(Egs. 6-9) to invasion data provides evidence for the
relative importance of each pathway: boater and
stream vectors.

Parameterizing models: managing incomplete
spatial and temporal data

The next step is to use the available data on
Bythotrephes invasions to fit each probability of
establishment model (Eqs. 6-9). We extend theoret-
ical techniques developed by Leung and Delaney
(2006) to manage incomplete spatial invasion data
and extend these techniques to accommodate incom-
plete temporal data. Sensitivity analyses were con-
ducted in Leung and Delaney (2006).

The approach itself is straightforward and is
comprised of a two part recipe (Fig. 1). In Part 1,
for all locations and times where we do not have
information, we simulate the invasion process
(Egs. 1-9; Fig. 1a). For locations and time intervals
where we have empirical data on the invasion status
(invaded or uninvaded), rather than simulating the
process, we constrain those lakes to adopt their
empirical invasion status in order to use the available
information to the maximum extent possible (Leung
and Delaney 2006). In Part 2, using only the sampled
lakes, we derive the appropriate probability model
and use maximum likelihood to find the best set of
parameter values that fit the empirical data on
Bythotrephes invasions (Fig. 1b). Specifically:

Part 1: recipe for simulating invasion patterns
(Fig. la)

Step (1) let unsampled locations become invaded if
E(.);, > Rnd (where E(.);, is the probability of
establishment for lake j and time ¢ for each alternative
model—E(null), E(Q;,), E(S;) and E(Q;, S;);
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Fig. 1 Schematic diagram Part 1: simulation
describing the recipe for
estimating spatial and

Sampled in year t?
temporal patterns of

invasion in a system with Y

(all lakes - repeat for each year)

Part 2: fitting
(sampled lakes)

IStarting parameters: 8, v, ¢, m, d, g |'—

limited data. In Part 1, we

simulate invasions to all be invaded at t?

Was it observed to Is it already invaded For each lake j:
(prior to t)?

If L=min(L):

Calculate P;- equation 8 retain current
Multiply across| Parameter set
l allt's Else: Go to

next set of
Across all lakes: parameters

lakes following the rules v N v

laid out. In Part 2, we l l

calibrate the model on Invaded| |Invaded| |Invaded| |Is it sampled in any year
=True | |=False = True >t and observed to be

sampled lakes using

uninvaded in that year?

. until min(L)
Calculate U, - eq@ reached
Sum across
l allj's

maximum likelihood
techniques to find the best
fitting parameter values.
Steps, variable names and
equations are described in
greater detail in the main
text

Egs. 6-9, and Rnd is a random number between 0 and
1). Once invasion occurs, assume that recovery does
not occur (i.e., invaded lake remains invaded).

Step (2) in year ¢, let lakes be uninvaded for
sampled lakes that are known to be uninvaded in year
t or any years after year t. Likewise, let lakes be
invaded for sampled lakes that are known to be
invaded in or before year t. For sampled lakes with
incomplete temporal data on invasion status, apply
step 1 in years for which no data. If the lake becomes
invaded, let it remain invaded for all subsequent time
steps.

Step (3) repeat steps 1 and 2 over all years.

Part 2: recipe for choosing the best fitting model
(Fig. 1b)

We use maximum likelihood techniques to determine
what parameter values (o, f5, y, ¢, m, d, g as
appropriate for each model—Eqs. 1-9) best fit our
observed data:

Step (1) for each sampled lake j, calculate P;, the
likelihood of observing the temporal and spatial
pattern of lakes becoming invaded:

T T
P = H(l _E(')j,t) * 1= 71;11(1 _E(')j,t)

(10)

where E(.);, is defined above in Part 1, T'is the year in
which lake j was observed to be invaded (discovery
year) and T is the last year in which lake j was
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Across all simulations G:
Calculate L - equation 10

Average
across all G's

observed to be uninvaded (counting from the initial
invasion date in the system—1989 for Bythotrephes
in the 2 EB watershed). For lakes that had never been
sampled prior to being observed to be invaded, set
T"=0 (e, P;=1—]][_, (1 -E();,). For lakes
that are sampled yearly (i.e., discovery date = inva-
sion date), set 7' to T — 1. For lakes that remain
uninvaded, set 77 = T = last year of the study (i.e.,
P; =TI/, (1 — E(.),,)). The likelihood of observing
the pattern of invasion for lake j (P;) is simply the
probability of lake j remaining uninvaded up until
year T (equal to the probability of failing to
establish) and becoming invaded some unknown
time between the intervals T + 1 to T (the comple-
ment of the probability of failing to establish anytime
during this interval). Equation 10 best incorporates
the maximum amount of information available,
properly modeling incomplete temporal data and
incomplete spatial data, because E(.);, includes
propagule pressure in all time intervals from all
sampled lakes, as well as all unsampled lakes
simulated in Part 1.

Step (2) across all sampled lakes, calculate the
system-wide log-likelihood of obtaining the pattern
of invasion (U,), for a given set of parameter values:

J

Uy = In(P)) (11)
=1

Step (3) for each set of parameter values, repeat

Part 1 and Part 2: steps 1 and 2 G times to take into
account stochasticity. Calculate the average negative
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log-likelihood (L) across G simulations. In our study,
we used G = 1,000:

G
L:—lZUg (12)
G+

Step (4) apply maximum likelihood using Eq. 12, to
find the best fitting parameter sets for each model (i.e., the
lowest minimum negative log-likelihood score (min(L)).

Analyses

We randomly separated our dataset into 2 sections. We
used 286 lakes to build the models and withheld 50
lakes for validation. These 50 lakes are analogous to
unsampled lakes and were not used in the fitting
procedure (Part 2 above). We repeated this procedure
for 100 different calibration and validation sets. Such
repetition was done to provide us with confidence that
our model fit and predictions held. We assessed our
ability to correctly predict invasions on these validation
sets by calculating the area under the Receiver Oper-
ating Characteristic curve (AUC), a technique which is
increasing in popularity for use in validating models of
biological invasions (e.g., Jacobs and Maclsaac 2009).
An AUC value significantly greater than 0.5 means that
the model is more predictive than random.

Next, we examined the relative importance of the
two vectors of spread. We compared the predictive
ability of each model (null, boater, streams, com-
bined) using the Akaike Information Criterion (AIC).
In the combination model, we compared the relative
importance of each vector to invasion risk by
assessing the average amount of propagule pressure
from each vector («Q;, and fS;,) contributing to the
probability of establishment across all lakes.

Finally, we compared the rate of new invasions
occurring in the model results to the empirical discovery
rate. The discovery rate was calculated as the number of
discovered invasions in each year for sampled locations.
The invasion rate was calculated using the number of
invasions in each year averaged across G simulations,
for the best fitting model. We considered the invasion
rate of all lakes in the system (sampled or not).

Results

The AIC for the boater model alone was 119.67,
123.70 for the combination model, 173.05 for the

streams model and 168.39 for the null model. The
streams model alone was unable to predict invasions
better than the null model. In the combination model,
the average relative contribution of boating traffic
and stream connections to probability of establish-
ment is 99.75 to 0.25%, respectively. Given the AIC
scores, the boater model was the best fitting model.
Thus, the results discussed below are for the boater
model only.

Mean parameter values across the 100 model runs
were o = 0.00105, 7y =4.89 x 10_5, c = 1.48,
d =1.27 and g = 955. The average AUC for the
100 validations sets was 0.89 (Fig. 2). This corre-
sponds to 65% of detection of invasions within
only 10 sites at risk. We obtained an AUC value
greater than 0.80 91% of the time, and an AUC
value >0.90 52% of the time. The knowledge of
invasions varied in each validation set—the average
number of invaded lakes was 8, with a range of
2-15.

The model identified the patterns of relative risk
of invasion to all unsampled lakes in the watershed
(example from one validation set in Fig. 3). Lakes
that became invaded more frequently, out of 1,000
simulations of the stochastic invasion process, were
lakes that were larger, and close to the five largest
lakes in the watershed and highly populated areas.
Because the dominant lakes were all among the
first invaded in the watershed, the patterns of
propagule flow, probability of establishment and
invasion over time (E(Q;,) did not change signif-
icantly once the largest lakes had become invaded
(Fig. 4). The probabilities of invasion differed
substantially between lakes, ranging from 0.00006
to 1. Most had low probabilities (e.g., 1,427
lakes had less than 0.3% chance of establishment)
and a handful had moderate to high probabilities
(e.g., 45 lakes had greater than 3.5% chance of
establishment).

The inferred rate of invasion differed from the
discovery rate, with more lakes being invaded earlier
and a logistic shape describing the number of lakes
invaded over time (Fig. 5). This logistic curve depicts
a peak in the invasion rate followed by a deceleration.
On the other hand, subsequent to an initial period of
gradual increase in discoveries occurring during
1989-2003, the discovery rate showed an exponential
increase in the number of invasions over time after
2003.
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Hit Rate

0 0.2 0.4 0.6 0.8 1
False Alarm Rate

Fig. 2 Receiver operating characteristic curve showing the
average curve across 100 validation sets. 95% CI are shown.
The average AUC value is 0.89. The dashed line shows the
expected relation under a random scenario

Discussion
Predicting and validating patterns of invasion

Predicting how invaders will spread in space and time
is a central goal of management strategies aimed at
controlling the spread and impact of NIS (Lodge et al.
2006). We showed that our model was highly
predictive and consistent across different validation
sets of lakes that were withheld from model calibra-
tion (average AUC = 0.89). Although other gravity
models have been able to provide a good fit to the
data (Bossenbroek et al. 2001; 2007; Muirhead 2007),
the accuracy of those studies may be overestimated as
they only reported fits to the data used to generate the
model rather than a separate validation set (Fielding
and Bell 1997; Leung et al. 2004). AUC is becoming
a standard measure and allows comparability with
other work. An AUC of 0.89 is respectable; this
corresponds to an average invasion detection of 65%
within 10 sites at risk, or 4 times better than random
(8/50 = 0.16%). A 10 site analysis is stringent,
representing a relatively small sample, predicted
from a model built with incomplete knowledge,
which does not take into account the fact that more
than 10 sites may be at risk.

With our model, managers can begin prioritizing
lakes and pathways for management. First, our model
suggested that boater movement was far more likely
than stream connections to explain the Bythotrephes
invasion pattern. The contribution to probability of
establishment from streams was only 0.25%. In
contrast, past studies on zebra mussels have found
that stream connections increase invasion risk to
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downstream lakes substantially (Bobeldyk et al.
2005; Johnson et al. 2006); however, invaded down-
stream lakes were very close to invaded upstream
lakes (<1 km). Additionally, it is possible that
propagule transport by boaters confounded these
results (Bobeldyk et al. 2005). Therefore, stream
connections may either be unimportant for Bythotre-
phes spread or increase risk to only a small subset of
very proximal lakes. In many ways, this is fortuitous,
as the boater pathway can arguably more easily be
managed, for example, by restricting boater traffic or
offering boat cleaning services on appropriate lakes.

Second, probability of establishment differed
greatly between lakes, ranging from 0.00006 to 1,
allowing lakes to be prioritized for management.
Lakes observed with high probability (e.g.,
P; = 0.05) were almost certain to have become
invaded over a 20 year invasion process. Still, it is
relevant to consider even lakes with relatively low
probabilities of invasion, as the risk of invasion can
become substantial over time. For instance, lakes
with even a 3.5% chance of invasion in a single year
(45 lakes in year 20), have a 50% chance of having
become invaded over 20 years. In contrast, the
majority of lakes (1,427 in year 20), which had
<0.3% chance of invasion annually, would be still
unlikely to be invaded (<6%). Thus, even small
absolute differences in annual probability can
become meaningful over time.

Our model is also useful for estimating the
invasion rate. Despite the fact that one might predict
an accelerating rate of Bythotrephes invasion in the
watershed based on discovery rates, our model
actually suggests that the invasion rate is decelerat-
ing. Invasions to lakes with high propagule inputs
likely occurred and saturated quickly, but subse-
quently, invasion rates decelerated as lakes with
moderate propagule inputs became invaded more
slowly. This trend subscribes to Johnson et al.
(2006)’s observation of a decelerating rate of new
invasions occurring for zebra mussels. The trend also
should caution us in directly interpreting invasion
rate from discovery rate, an interpretation which is
commonly done (Solow and Costello 2004; Ricciardi
2006). Discovery rate can be confounded by other
variables such as sampling effort (Costello and Solow
2003), and while corrections do exist (e.g., catch-per-
unit-effort approach; Loo et al. 2007), they are rarely
done because obtaining data on actual effort across
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Fig. 3 Map of lakes in the 2 EB watershed with inset map
showing the location of the watershed in Ontario. Solid/stripes
denote status of the lake (uninvaded/invaded) and the gradient

years is often difficult (e.g., unpublished data or
surveys conducted by disparate groups).

Contributions of model framework

We developed a model framework that incorporates
several levels of uncertainty—unsampled locations
and time intervals, and multiple vectors. We showed
that we can incorporate missing locations and predict
their invasion status, and incorporate unsampled time
intervals, and hindcast and predict the most probable
invasion dates, as discussed above. Finally, we
demonstrated how multiple vectors can be incorpo-
rated and assessed. Past propagule pressure models
have generally only focused on one vector of spread

<°¢f///:;--_.; ’://./' %f;‘_\:r | _,.- ¢ /

22 %

scale represents the number of times out of 1,000 simulations
for one model run that unsampled lakes in the system became
invaded by the final year of the invasion process

at a system-wide scale (e.g., Bossenbroek et al. 2001;
Leung et al. 2004; Muirhead and Macisaac 2005; but
see Muirhead 2007), in static time (Bossenbroek et al.
2001; Jacobs and Maclsaac 2009; but see Leung et al.
2004), and with full knowledge or ‘full knowledge’
that excludes unsampled locations (Bossenbroek
et al. 2001; Leung et al. 2004; Muirhead 2007; but
see Leung and Delaney 2006 for theoretical tech-
niques). The development of techniques that incor-
porate these levels of uncertainty into a single spread
model should be highly useful to future risk assess-
ments for NIS.

In the application to Bythotrephes, we examined
recreational boating traffic and streams; however, the
model framework allows for the inclusion of other

@ Springer
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Fig. 4 Changes in the probability of establishment (E(Q;,)
over time in the 2 EB system. Data are log, transformed. Five
lakes, represented by different line styles, are shown for
simplicity. Lakes shown have probability of establishment in
2006 of 0.62, 0.22, 0.06, 0.028 and 0.001—showing lakes
across a range of risk—high, high, moderate, low, low,
respectively. In the first few years of the invasion process
(1989-1994) when the five largest lakes in the system became
invaded, the probability of establishment to all lakes increased,
albeit at different rates due to differences in size and location in
the watershed. Subsequently, the probabilities of establishment
for all lakes did not change very much with respect to the
initial pulse
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Fig. 5 The discovery rate of invasions (solid line) for sampled
lakes and the invasion rate (dotted line) for all lakes predicted
to be invaded in the watershed by our model

possible vectors, such as wind, waterfowl and other
modes of human transport. As a first step,