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Abstract Controlling invasive species is a highly
complex problem defined by the biological character-
istics of the organisms, the landscape context, and a
management objective of minimizing invasion dam-
ages given limited financial resources. While bio-
economic optimization models provide a promising
approach for invasive species control, current spatio-
temporal optimization models omit key ecological
details such as age structures—which could be essen-
tial to predict how populations grow and spread
spatially over time and determine the most effective
control strategies. We develop a novel age-structured
optimization model as a spatial-dynamic decision
framework for controlling invasive species. In par-
ticular, we propose a new carrying capacity sub-
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model, which allows us to take into account the
biological competition among different age classes
within the population. The potential use of the model
is demonstrated on controlling the invasion of sericea
(Lespedeza cuneata), a perennial legume threatening
native grasslands in the Great Plains. The results show
that incorporating age-structure into the model cap-
tures important biological characteristics of the
species and leads to unexpected results such as
multi-logistic population growth with multiple, se-
quential, and overlapping phases of logistic form.
These new findings can contribute to understanding
time-lags and invasion growth dynamics. Additional-
ly, given budget constraints, utilizing control mea-
sures every 2-3 years is found to be more effective
than yearly control because of the time to reproductive
maturity. Results of the bio-economic optimization
approach provide both ecological and economic
insights into the control of invasive species. Further-
more, while the proposed model is specific enough to
capture biological realism, it also has the potential to
be generalized to a wide range of invasive plant and
animal species under various management scenarios
in order to identify the most efficient control strategies
for managing invasive species.

Keywords Age-structure - Biological invasion
control - Invasive species - Multi-logistic growth -
Non-linear optimization - Resource allocation - Seed
bank - Sericea (Lespedeza cuneata L.) - Spatio-
temporal model - Weed management
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Introduction

Controlling species invasions at the landscape scale is
a highly complex problem. First, the rates of spread
and impact on native communities are critically
dependent on life span, growth rates, dormant stages,
and dispersal, which may not be captured by simple
population growth functions (Gurevitch et al. 2011).
Second, landscapes are heterogeneous, and invasions
often do not follow simple patterns of spread from a
given introduction point (Schreiber and Lloyd-Smith
2009; With 2002). Third, available resources (time
and money) are almost always limited. When these
factors are combined, intuitively determining the most
efficacious control strategy quickly becomes in-
tractable. For this reason, optimization models of
invasion control that explicitly incorporate limited
budgets can be useful decision tools to analyze the
potential consequences of different control strategies
(for a detailed review of these studies, see, e.g., Olson
2006; Epanchin-Niell and Hastings 2010; Billionnet
2013).

Although bio-economic optimization models for
invasion control are not new (Clark 1990), advances in
optimization and computational power offer new
opportunities to incorporate much greater ecological
realism than previously possible. Several optimization
models demonstrate the importance of spatio-tempo-
ral processes when controlling invaders (Bhat et al.
1993; Hof 1998; Hof and Bevers 2002; Albers et al.
2010; Blackwood et al. 2010; Kaiser and Burnett
2010; Biiyiiktahtakin et al. 2011; Epanchin-Niell and
Wilen 2012; Kovacs et al. 2014). While the progress in
spatial-temporal modeling is encouraging, the real
potential for such models remains under-utilized,
because those models omit key ecological details
such as age structures—which could be essential to
forecast how populations grow spatially over time and
determine the most effective control strategies. In this
paper, we present a novel age-structured optimization
model as a spatial-dynamic decision framework for
controlling invasive species, and demonstrate the
potential use of the model for controlling the invasion
of sericea (Lespedeza cuneata), a perennial legume
threatening native grasslands in the Great Plains. In
particular, we develop a new carrying capacity sub-
model, which allows us to take into account the
biological competition among different age classes
within the population. The results demonstrate that

@ Springer

incorporating age-structure into the model captures
important biological characteristics of the species and
lead to unexpected results such as multi-logistic
population growth (see Appendix S1). These new
findings can contribute to understanding time-lags and
invasion growth dynamics thus provide new insight
into controlling invaders.

We include the age structure of invasive species in
the model because reproduction and survival vary with
plant age. The simplest age-structured model is the
Leslie Model (Leslie 1945), where the population is
divided into discrete age classes. Structured models
include age-, weight-, stage-, and size-structured
models (see, e.g., Getz and Haight 1989; Caswell
2001; Taylor and Hastings 2004). Among all these
possible structuring alternatives, we consider an age-
structured model of the invasive species control
because, for many species, reproduction and survival
rate differ with age (see, e.g., Woods et al. 2009). The
seed stage is particularly important because seeds can
either germinate quickly or form a long-term seed
bank, which builds a reservoir of potential propagules
that can increase future weed infestations (Wu 2001).
Our model is unusual in that it accounts for density,
frequency, age, dispersal, and seed bank dynamics of
the invaders simultaneously in a spatio-temporal
landscape to determine the optimal placement and
timing of invasion control.

Here, population growth is formulated considering
the germination of seeds from the seed bank and
dispersed seeds, as opposed to the use of a logistic
growth function, which is a central assumption in
previous invasion control models. The seed bank-
based linear growth model contributes to the opti-
mization of spatio-temporal population dynamic mod-
els by significantly improving its solvability compared
to non-linear logistic growth counterparts while
maintaining much greater biological complexity than
other logistic or constant growth models. Furthermore,
the model incorporates different seed production and
loss rates by dividing the population into different age
classes, and it tracks the growth of each age class over
a multi-period time horizon. Incorporating seed bank
growth and age structure into the model provides
insight into population growth patterns, which is found
to be more complex than the simple logistic growth
(Stone 1980) and has important implications for
control strategies.
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An age-structured bio-economic model of invasive species management

We also consider uncertainty in our deterministic
model by performing sensitivity analysis of different
uncertain parameters such as budget, treatment effi-
cacy, and dispersal rate. In addition, we examine
model solutions in order to provide the minimum
necessary level of resources (labor and budget) that
could efficiently control the invader under different
initial population distribution scenarios. Finally, we
evaluate the effectiveness of different treatment
frequency strategies for controlling invasion damages.

Materials and methods
Bio-economic model of invasive species control

The bio-economic model is formulated as follows: Let
T denote the time horizon, and let t €[0, 7] be any year
of the planning horizon. The area consists of rectan-
gular cells with 7 rows and J columns. Any cell can be
characterized by its coordinates (i, j), where i€{ 1, 2,..., I'}
and je{l, 2,..., J}. The decision variable x;;(t) is
defined as the percent of area treated in cell (i, j) in
year t.

In order to incorporate different seed production
rates for different age groups, we define age groups
(classes) k = 1, 2, 3,..., nT, where each age group
k defines a class of k year(s)-old species population,
except that age group n' includes the n-year-old and
older population. Therefore, for individuals that reach
maturity at the age of n, where n can be any number
depending on the species, transition population den-
sities in cell (i, j) are formulated as

iji,.(t + 1) = 6pSB;;(t) k= 1andVi,j,t (1)
k—
k:2 n—landVi,j,t
NPJ;(t+ 1) = NAG (D) (1 = p_y) (3)

+ NAS,(0)(1 = @),
k=n" and Vi, j,t

where ¢ is the seed germination rate, p is the survival
rate of plants after becoming a seedling, SB; (¢) is a
function representing seed bank population at time #,
@y 1s the loss rate of individuals when age class
k grows into age class k + 1, NA¥ ;(t) is the population

after treatment for the age class k at the beginning of
time period ¢, and NP (¢ + 1) represents the potential
population for age class k in cell (i, j) at the beginning
of time period t+ 1 before carrying capacity is
considered.

Equation (1) gives the number of one-year-old
individuals at the beginning of period ¢ 4 1 that have
germinated from the seed bank in time period ¢ and
become seedlings. Equation (2) denotes the transi-
tion population levels of individuals that are
k=2,...,n — 1 years old at the beginning of period
t + 1 and were subject to individual losses at rate
@1 due to seasonal changes and ecological factors
in period ¢. Equation (3) provides the number of
n'-year-old individuals at the beginning of period
t + 1, which are n — 1 and n™ years old and exposed
to individual losses at rate ¢,_, and ¢, , respective-
ly, in period .

Here, we consider an invasive plant that disperses
only through seeds. It is assumed that some of the
seeds will be dispersing to eight adjacent cells, and
some of them will remain within the cell. Define M as
the set of eight adjacent cells of a cell (i, j), where
M7= {G+1,j+ 1,0+ 1,)),Gj+ 1), G-1,j-1),
(i1, ), (i, j=1), (=1, j + D, G + 1 j=D}.

We then formulate the seed dispersal to cell (i.j)
from its surrounding eight neighbors (h, w)eM? as

:;Z > S(k)NAS (1)

(h,w)eMi

Vi, j,t (4)

where 1 is the proportion of seeds produced in
neighboring cells that disperse to cell (i, j) in period
t, S(k) is the number of seeds produced by one
individual of age class k, and NA | (¢) is the number of
the individuals of age class k in the surrounding cell
(h,w)eM? following treatment. Equation (4) gives the
total number of seeds dispersed from eight surround-
ing cells to cell (i, j).

The number of seeds remaining in cell (i, j) after
dispersal is then given as

_()ZNA

where 0 = 1 — 84 is the proportion of locally pro-
duced seeds that remain in cell (i, j). Equation (5)
gives the total number of seeds produced in cell (i, j),
after dispersal.

SeEdl] S k a Viajat (5)
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I. Esra Biiyiiktahtakin et al.

After seed production by each individual, seeds
can germinate, experience mortality from pathogens
or seed predators, or become dormant, thus forming
a seed bank. Hence, the longevity (viability) rate of
seeds, which is defined by the percentage of seeds
in the seed bank that remain viable over time, and
the germination rate are important factors that must
be considered when modeling the seed bank
population. Therefore, the number of seeds in the
seed bank in cell (i, j) at time 7, SB; j(¢) is formulated
as

SBij(t) = Y (7= 0)'™" (SDyj(s) + Seedyj(s)))
s=0

+ 8B j(0)(y — &) Vi, j,t (6)

where 7y and 0 represent the longevity rate and
germination rate of seeds in the seed bank, respec-
tively. Equation (6) indicates that the seed bank
population in cell (ij) at time ¢ includes seeds
dispersing from the surrounding cells (SD;(.)), seeds
that are produced but not germinated within the cell
(Seed; {(.)), and the initial seed bank population
(SB;{(0)). Note that SD;(s) and Seed;i(s) are given in
Egs. (4) and (5), respectively. Also note that in
Eq. (6), the seed bank population has a compound
increasing rate depending on the longevity and
germination rate of the seeds, which decays as time
passes.

Although invasive species commonly produce
many offspring, natural boundaries, soil characteris-
tics, and ecological factors constitute barriers for total
population in a given cell so that the population cannot
exceed the carrying capacity of cell (i, j), K; ;, which is
the maximum density (number of individuals) in cell
(i, ) (for alternatives see Appendix S2). Therefore, the
actual individual population before treatment, NBfi ; (1),
is formulated as

NBE (1) = min{NPf.‘J(t),KiJ-}, k = n* and Vi,j, t
(7)

nt

Ol'fK[J', Z N, f‘/(t)<0,

NBk (l) _ a=k+1
min{ (K,— i~ > N ;‘/.(t)),NPf?i(t)}otherwise
a=k+1 ’ !
k=1...n" —1and Vi,j,t
(8)
@ Springer

Equations (7) and (8) ensure that previously estab-
lished plants occupy cell (ij) before younger
individuals do. If the cell population does not reach
carrying capacity by the individuals of age class n™,
the second-oldest class adds to the population up to
the carrying capacity. This cycle continues until the
population reaches the maximum population level in
each cell. In particular, Eq. (7) allows the model to
give priority to the oldest age class n* in a given
cell (ij). If the transition population of the oldest
individuals in cell (i) is more than the carrying
capacity, the before-treatment population of the
oldest individuals will be set to the carrying
capacity; otherwise, it will be set to their transition

population. Once the oldest age class n* is given

priority, the model allows age class nt — 1,

* —2,..., 1 to occupy the remaining space from
+

respectively The first part of

the age class n™,
Eq. (8) (0 if Kij — Z NBY;(t) <O> states that if
a=k+1

the carrying capacity in cell (i, j) is reached by
individuals at age class older than k, kth (and younger)
age class will not be able to populate cell (i, j). The
second part of the Eq. (8) indicates that the before-
treatment population of the kth age class will be set to
the minimum of the remaining space available or the
transition population of the kth age class.

In the case of treatment, the before-treatment
population is multiplied by the factor (1 — wx;;(1))
where o is the treatment efficacy, and x;;(¢) € [0,1] is
a decision variable representing the percentage area
treated in cell (i, j) in year f. Therefore, the
population after treatment for age class k, NAf-‘J-(t),
is calculated by

NAY;(1) = NB (1) (1 — oxij(1)) - Vk,ij,t 9)
The treatment in each time period ¢ is limited by
available budget for treatment and labor. Therefore,
the budget constraint becomes

3G+ Hihg ) < BG) i (10)

i=1 j=1

where C;; is the treatment labor cost per cell (i, j),
H;; is the specific (e.g., herbicide) cost of treatment
per cell (i, j), and B(¢) is the available budget for
treatment and labor at time period ¢. Equation (10)
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An age-structured bio-economic model of invasive species management

ensures that the total amount of a budget spent for
treatments in a period ¢ cannot exceed the available
budget in period ¢.

The objective of the model is to minimize the total
economic damages caused by the invasive species
population in all cells and all periods of the planning
horizon. The objective function is then formulated as

> Di(1) (11)

Minimize z = E
i—1 j=1 1=1

J
i=1 j=
where D, j(f) represents the damage as an economic
loss due to invasion in cell (i, j) at the beginning of

time ¢. The term D; j(¢) is given as

n k
Dy(t) = Eii,(t)w, Vi,j, 1 (12)
where E; j(f) represents the economic value of cell (i,).
The total sum of individuals at different age classes
represents the total population in cell (ij) at the
beginning of time period z. In Eq. (12), the loss of
economic value in cell (i, j) is proportional to the ratio
of the total population with respect to carrying
capacity, K; ;, in that cell.

Case study: control of sericea invasion in the Great
Plains

Sericea is a drought-tolerant legume that can grow in a
range of soil types, produces copious seeds, and has a
long-lived seed bank (Ohlenbusch et al. 2007). Sericea
was declared a noxious weed by the Kansas Depart-
ment of Agriculture in 2000, has spread over
2,226,337 ha of the mid- to southern Great Plains
(Duncan et al. 2004), and has led to $29 million
average annual forage loss in the Flint Hills region of
Kansas (Fechter and Jones 2001). Furthermore, this
legume replaces the native species in grasslands and
threatens biodiversity in the Great Plains. Although
herbicides can effectively eradicate established plants,
populations can quickly recover from control strate-
gies by germination from the seed bank. Given the
biological characteristics of sericea and limited finan-
cial resources, determining the most effective long-
term control strategy is difficult without the use of
complex response models. Our bio-economic opti-
mization model provides decision strategies regarding
where and when limited funds can be best allocated for

effective control of invasions by applying a restricted
budget across a 15-year planning horizon.

The objective of the model is to minimize
economic loss from haying and grazing due to sericea
invasion. A gridded landscape is utilized to represent
the spatially heterogeneous growth, spread, damage,
and control costs. In this case study, we represent the
initial invasion on a 10 x 10 landscape (40 ha),
where each cell represents 0.4 ha of land. We examine
responses using population maps reflecting three
different frequency levels, representing the percent-
age of invaded areas of the gridded landscape—at 2 %
(low), 40 % (medium), and 80 % (high)—and three
different abundance rates defining species population
in each cell—such as U[1-20] (low), U[21-200]
(medium), and U[201-2000] (high), where Ul[a-b]
denotes an integer number drawn uniformly from the
interval [a, b] (Table 1). Therefore, nine different
maps, each defined by a combination of three
frequency and three abundance levels of the species,
could be generated. However, for the sake of
conciseness, the model is applied to the most repre-
sentative five cases, which include extreme and
average cases, and provide sufficient information
regarding computational analysis: low frequency and
low abundance (L-L), low frequency and high
abundance (L-H), medium frequency and medium
abundance (M-M), high frequency and low abun-
dance (H-L), and high frequency and high abundance
(H-H). Each case is a randomly generated initial
population distribution, as shown in the first column
of Fig. 2 (Maps al—f1). Note that ten different maps
are randomly generated for each of the five cases.
Therefore, we utilize 50 maps and present the average
results of ten maps for each case in each computa-
tional simulation (Figs. 1, 2, 3, 4, 5, 6).

Along with the initial population structure, we
present model parameters with their symbols, units,
and case study values (Table 1), in order to demon-
strate the general behavior of the model. Sericea
ramets generally start to produce seeds after two
growing seasons, with the majority of ramets produc-
ing seed in year three. Using the information from
Schutzenhofer and Knight (2007) and Woods et al.
(2009), we estimate seed production as 45 and 900 per
ramet for two- and three-year-old ramets, respectively.
Therefore, we divide the sericea population into one-,
two-, and threet-year-old age classes in order to
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Table 1 Initial population structure and parameters

Description Frequency (%) Category
Percentage of cells invaded in 10 x 10 landscape 2 Low frequency
40 Medium frequency
80 High frequency
Description Abundance Category
Initial population of sericea ramets in one cell U[1-20] Low abundance
U[21-200] Medium abundance
U[201-2000] High abundance
Model parameter Symbol Units Case study values References
Loss rate from age cluster &k to k + 1 (k) - 22,9, 4%*% % 1
Number of seeds produced per ramet per age cluster k S(k) - 0, 45, 900 2
Percentage of seed dispersal 2 - 0.01, 0.1*%, 1 % 3
Percentage of remaining seeds 0 - 99.92, 99.2, 92 % 3
Longevity rate y - 95 % 3
Germination rate 0 Seedlings/seeds 6.8 % 4
Survival rate of seedlings p - 90 % 5
Carrying capacity K;; Ramets/0.4 ha 1,936,000 4
Treatment efficacy of herbicides [0} - 90, 95, 99 % 6
Labor cost Cii $/0.4 ha $3.25 3
Herbicide cost H; $/0.4 ha $10.50 6
Budget allotted to control sericea in year t B(1) $ [0, 1400]
Revenue from hay - $/0.4 ha $306 7
Revenue from forage - $/0.4 ha $81.71 7

1, Schutzenhofer et al. (2009); 2, Woods et al. (2009); 3, Expert opinion; 4, Houseman et al. (2014); 5, Houseman unpublished data;

6, Lance et al. (1997); 7, K-State (2012)

* Underlined parameter values that correspond to percentage of seed dispersal, percentage of remaining seeds, and treatment efficacy
of the herbicide represent reasonable baseline parameter values, which are derived from the related literature and based on expert
opinion. The values to the left and right of the italicized parameters are used for sensitivity analysis in order to analyze the behavior

of the model in extreme cases

** Values separated by commas regarding “Loss rate from age cluster k to k + 1” and “Number of seeds produced per ramet per age
cluster k” represent case study values for 1, 2 and 3" years old age classes

incorporate different plant mortality and seed produc-
tion rates for each age class. Based on this model, one-
year-old ramets become two-year-old ramets, and
two-year-old ramets become three-year-old ramets
with a loss rate of 22 and 9 %, respectively, while
three-year-old and older ramets remain in the three™
age class with a loss rate of 4 % each year. The loss
rate decreases each year until a ramet reaches maturity
because the mortality risk presumably decreases as
plant size increases (Schutzenhofer and Knight 2007).
Survival rate p is assumed to be 90 %, which is the
percentage of seedlings that are able to survive after
germination. The case study focuses on the economic
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impact of sericea invasion in grasslands found in the
central Great Plains of North America. However, this
application could be adjusted to different land types
and competition against existing vegetation by reduc-
ing the survival rate of seedlings or increasing the loss
rates of one-year old ramets based on the density of
initial existing vegetation.

Although most sericea seeds disperse very near the
maternal plant, some will disperse to surrounding
areas by natural disturbances such as wind, animal,
and human interaction (Houseman unpublished data).
Therefore, seed dispersal from cell (ij) to the
surrounding eight cells is estimated by a dispersal
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constant A = 0.1 % in the baseline scenario. We
assume that there are no seeds in the seed bank at the
beginning of year 1. Based on field experiments, the
carrying capacity is set to 1,936,000 ramets per cell
considering various conditions including competition
with other vegetation (Houseman et al. 2014). We set a
constant carrying capacity without differentiating
among age clusters because field experiments show
that most of the plants will be mature (at the 3*-year-
old cluster) when the carrying capacity is reached.

In our model, some proportion of sericea ramets
will be eradicated from each cell, depending on the
effectiveness of the herbicide treatment. The treatment
efficacy is set to an average value of 95 % in the
baseline scenario (Lance et al. 1997). Moreover, the
treatment cost of each cell (i, j) depends on the labor
and herbicide cost, which is estimated as $3.25 (expert
opinion) and $10.50 (Lance et al. 1997), respectively.
The objective function minimizes the total economic
loss (damage) caused by sericea over all cells of the
grid for 15 years. Sericea invasion significantly
reduces the economic value from haying and grazing
in the Great Plains. Assuming that the expected land
use involves both haying and grazing equally, damage
is computed as the average revenue from haying and
grazing multiplied by the proportion of the total
sericea population with respect to the carrying
capacity.

Given the input data (Table 1), the proposed
mathematical model is solved using “CONOPT,” a
solver for large-scale nonlinear optimization (NLP)
problems, in AMPL (Fourer et al. 2003) through the
Internet-based NEOS (Network-Enabled Optimiza-
tion System) Dell PowerEdge R420 server with a 2x
Intel Xeon X5660 at 2.8 GHz (12 cores total) CPU and
64.0 GB memory (Czyzyk et al. 1998). The algorithm
used in CONOPT is based on the Generalized
Reduced Gradient (GRG) algorithm and preferable
for models with high degrees of nonlinearity and also
where feasibility is difficult to reach (Drud 1985). In
this paper, due to the complexity of the problem, we
employ a rolling horizon approach, where the NLP
model is solved for each period, and then the resulting
population density at each cell is used as an initial
condition for the next period’s problem.

In order to analyze the model’s response and
behavior in extreme cases, we run the model under
different values for some uncertain parameters such
as budget, treatment effectiveness, and dispersal,

@ Springer

considering their potential range. For example, in
our model, the expected treatment effectiveness is set
at 95 %. However, based on the data, we have an
upper and lower bound defining the treatment effec-
tiveness range. Therefore, we find the solution for the
upper and lower bounds and the mean value of
possible treatment effectiveness one at a time by fixing
all the remaining parameters to their expected values.
Likewise, the dispersal rate can be affected by wind,
animal, and human activity. Therefore, we solve the
model for the extreme values of the dispersal rate to
determine the impact of dispersal under these
situations.

Results

In this section, we present the results of five different
computational simulations and sensitivity analyses.
By solving the model with CONOPT, the optimal
results for a $0 budget level for all cases were achieved
in less than 550 CPU seconds, and the optimal results
for all other budget levels for all cases were achieved
in less than 150 CPU seconds.

Part a: Growth behavior of different age groups
over 45 years

In the first computational simulation, we analyze
yearly population changes of sericea without herbicide
treatment by observing the growth of one-, two-, and
three " -year-old ramets on a 10 x 10 landscape for
five different initial populations with different fre-
quencies and abundances for 45 years (Fig. 1).

In the M-M, H-L, and H-H cases (Fig. 1c—e), the
growth of sericea follows a bi-logistic growth form,
where there are two distinct phases, each with a
logistic pattern as proposed by Meyer (1994). On the
other hand, in the L-L and L-H cases (Fig. 1a, b), the
growth of sericea follows a multi-logistic growth
(Meyer et al. 1999) with multiple, sequential and
overlapping phases of simple logistic form (see
Appendix S1). Here, multi-logistic growth represents
a growth function that includes serial, overlapping
logistic phases, in which a successive section of the
multi-logistic curve shows a slowing rate of growth as
the population approaches the carrying capacity and
finally saturate when carrying capacity is reached
(Fig. 1a, b). For example, in Fig. 1a (L-L case), a
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Fig. 2 Maps of plant spread with and without treatment, and
treatment locations. The rows a—f represent different initial
frequency and abundance scenarios (L-H: low frequency-high
abundance, L-L: low frequency-high abundance, M-M:

medium frequency-medium abundance, H-H: high frequency—
high abundance) and the population abundance either with or
without treatment while the columns represent different time
steps in years (t)

@ Springer

Journal : Medium 10530
893
BINV-D-14-00515

Article No. :
MS Code :

1
~

Dispatch :  9-4-2015 Pages : 19
O LE O TYPESET
v cp ¢ DIsK




519
520
521
522
523

I. Esra Biiyiiktahtakin et al.

(al) (a2) (a3) (ad)
1 2 7 10 1 2 7 8 9 10 1 2 4 5 6 7 8 9 10 1 2 3 7 8 9 10
g [T T T 71
£ .
§ 4 -
5
]
B
— H:
10 |
(b1) (b2) (b3) (bd)
£ [T [
g,
Q 4
<.
%
"
(cD) (c3) (c4)
z .
E 3
= 4
g s
E s
s
=
(d1) (d3) (d4)
1
Ef
g
E 6
E,
=,
(el) (e2) (e3) (ed)
E .
£ -
§ 4
S .
2 7
5‘: 8
=
t=0
0
1-1000
1000-50000
50000-500000
500000-1200000
>1200000

Fig. 3 Maps of plant spread without treatment. The rows
a—e represent different initial frequency and abundance
scenarios (L-L: low frequency-high abundance, L-H: low
frequency-high abundance, M-M: medium frequency—medium

logistic growth function or a growth phase is observed
from year 9 to year 14, while another logistic function
occurs from year 13 until year 18. Over a few decades,
the multiple logistic growth functions dampen and
show an asymptotic behavior. Note that we observe
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abundance, H-H: high frequency-high abundance) and the
population abundance without treatment while the columns
represent different time steps in years (t)

only two logistic growth phases in the M—M, H-L, and
H-H cases, because carrying capacity is reached in
these cases faster than the L-L and L-H cases.

In Fig. 1, we also observe that in all cases, the
population of one- and two-year-old ramets is oscillating
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in time due to higher loss rates than older stages and
limitations imposed by the carrying capacity, whereas
the population of threet-year-old ramets is increasing
monotonically each year until carrying capacity is
reached. This observed pattern of sericea growth can
explain the multi (bi)-logistic behavior on a landscape
with variation in the initial frequency and density of
invasion among cells. Because reproduction is high and
dispersal distance is limited, cells that have sericea plants
quickly reach carrying capacity, while establishment
into unoccupied cells is relatively slow. At the entire
landscape scale, this translates into a multi-logistic rather
than a smooth logistic pattern. Our computational tests
also confirm that spatial progression of the sericea
population growth has the largest impact on the observed
oscillations during logistic growth. This response is also
consistent with the responses of the different age classes.
For example, at low-frequency invasion, the contribution
of the first two age groups is high until newly occupied
cells reach carrying capacity, at which point the three™-
year-old age class becomes dominant, and the one- and
two-year-old age classes start to diminish. Because new
cells on the landscape are occupied, a spike in the one-
and two-year-old age classes occurs followed by a shift
to the three "-year-old age class forming a logistic growth
phase. For landscapes with moderate- to high-frequency
invasion (Fig. Ic, e), this spike in one- and two-year-old
age classes is much higher, and we observe fewer growth
phases than for landscapes with low-frequency invasion.

Part b: Plant spread with and without treatment,
and treatment locations

In Fig. 2, maps al-a4 represent the plant spread
without treatment for L-H at + =0, 5, 10, and 15
respectively, while maps bl-f4 represent initial
population distribution at # = 0 and treatment loca-
tions at t = 5, 10, and 15 for L-H, L-L, M-M, H-L,
and H-H, respectively, for a $300 budget allocation
each year. In Fig. 3, maps al—f4 represent the initial
population distribution at + = 0 and the plant spread
without treatment at r = 5, 10, and 15 for the L-L, L-H,
M-M, H-L, and H-H cases, respectively.

Maps b1-b4 in Fig. 2 suggest that in the L-H case,
applying herbicide treatment in more cells with full
and partial treatment results in less economic damage
than applying treatment to fewer cells with only full
treatment. On the other hand, applying full treatment
to fewer cells with the highest invasion is the

preferable method as the frequency and abundance
of the invasion increases. Results show that full and
partial treatment should both be considered as a
treatment strategy in the early years of L-L. and L-H
cases, in order to decrease the yearly economic loss. It
is clearly seen from the maps of L-H cases (with and
without treatment) that, although we apply treatment
every year, the spread of sericea is inevitable unless
100 % of the ramets with seed production capability
are eradicated. Any of the invaded cells is a potential
treatment area, depending on budget availability.

Due to the seed bank, which is explicitly considered
in the model, plant regeneration will take place every
year as long as seeds remain viable in the soil. Results
suggest that the treatment locations change over time
for each different abundance and frequency level cases
(Figs. 2, 3). For many cases, treatment is applied to
locations with the highest invasion in an effort to
optimally allocate a limited budget. However, closely
looking at these figures, (e.g., c3 of Fig. 2 (with
treatment) and a3 of Fig. 3 (without treatment)), the
optimal solution does not always choose to treat the
largest patches first; instead, in this case (in year 10), it
follows a strategy to treat locations that surrounds the
heavily invaded location. This strategy might be due to
an effort of the model to confine invaded locations
instead of treating them. This result implies that
providing general recommendations and simple rule-
of-thumb strategies may not be optimal for all cases.

Maps f3 and {4 of Fig. 2 show that treated cells are
the same in ¢ = 10 and ¢ = 15. This occurs because
the entire landscape in H-L and H-H cases reach
carrying capacity earlier compared to L-L, L-H, and
M-M (Figs. 2, 3). Once a cell reaches carrying
capacity in H-L and H-H cases at any time point,
sericea quickly recovers from herbicide treatment, and
carrying capacity is reached again in the following
year due to the rapid growth from seed bank. The same
cells are treated every year after the tenth year in the
H-H case, since changing the location of the treatment
does not change the overall damage.

Part c: Impact of treatment efficacy on economic
damages

Given the patterns of population growth without
control measures, we examine the budget necessary
to control invader growth. Figure 4 illustrates the
tradeoff between the cost of control measures and
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Fig. 4 Tradeoff between average yearly damages and bud-
get allocation for different treatment efficacies over 15 years
under initial conditions consisting of a low frequency and low
abundance (L-L), b low frequency and high abundance (L-H),
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economic damage. Because the effectiveness of the
treatment is uncertain due to year-to-year variation or
the care with which herbicide is applied, we perform
sensitivity analysis on different values of the treatment
efficacy (90, 95, and 99 %) to analyze their impact on
the yearly economic damage for different budget
levels over 15 years (Fig. 4).

While a budget level of $0.1 thousand is sufficient
for the L-L and L-H cases (Figs. 4a, b), $1 thousand,
$0.8 thousand, and $0.6 thousand are required to
completely eradicate the sericea population for 90,
95, and 99 % treatment efficacies, respectively, in the
M-M case (Fig. 4c). The necessary budget increases
to $0.7 thousand for the 99 % treatment efficacy in the
H-L case (Fig. 4d).

In the H-H case (Fig. 4e), sericea is eradicated with
a budget allocation of $1 thousand for a 99 %
treatment efficacy but the necessary budget for
eradication increases to $1.3 thousand for a 95 %
treatment efficacy. Here, a budget allocation of
$1 thousand for a 90 % treatment efficacy will lead
to a damage level less than $0.05 thousand but is not
sufficient to completely eradicate the sericea popula-
tion due to the widespread seed bank and the
remaining few three*-year-old ramets, which poten-
tially generate an enormous amount of seeds that will
add to the population in the following years.

Part d: Impact of dispersal rate on economic
damages

Since the dispersal rate is potentially sensitive to
variation in wind, animal, and human activity, we also
perform sensitivity analysis on the impact of different
spread rates (0.01, 0.1, and 1 %) on the yearly damage
for different budget levels over 15 years. For each of
these dispersal scenarios, the control costs (yearly
budget on x-axis in Fig. 5) and the resulting economic
damage are inversely related. When the dispersal rate
level is increased from 0.1 to 1 %, the increase in the
average yearly damage is equal to $1.15 thousand for the
L-L case, and $0.41 thousand for the H-L case under no
treatment (budget allocation = 0 on x-axis in Fig. 5).
Furthermore, although the average yearly damage in the
H-H case is more than the average yearly damage in the
M-M case for all budget allocations, the impact of
dispersal rates on the average yearly damage is more
apparent in the M—M case. This occurs because seeds are
more likely to spread to already-invaded cells in the H-H

case than the M—M case, and the former is closer to the
carrying capacity than the latter.

Part e: Impact of different treatment strategies
on economic damages

We also examine the impact of three different
treatment frequency strategies—every year (1-year),
every 2 years (2-year), and every 3 years (3-year)—on
the average yearly and total (cumulative) damages
over 15 years (Fig. 6). Computational tests are con-
ducted by equally allocating a total treatment budget
of $4.5 thousand for every year ($0.3 thousand), every
2 years ($0.56 thousand), and every 3 years ($0.9 t-
housand) of the 15-year period, starting with treatment
from the beginning of year 1.

Without treatment, the total damage increases from
$15.2 thousand to $206.6 thousand by year 15, and all
strategies reduce damage considerably, compared to no
treatment in all cases (Fig. 6). Inthe L-L and L-H cases,
the 1-year and 2-year strategies are the two best options,
while the 3-year treatment strategy results in higher
yearly and total damages (Fig. 6a,b). On the other hand,
for the M—M case, the 2-year treatment strategy is more
beneficial than the 1-year treatment (Fig. 6¢). Here, less
frequent control measures allow more of the population
to be treated than the 1-year approach, and—because the
recovery of the invader in a cell requires at least
2 years—the benefit of treating larger areas less
frequently exceeds that of smaller areas treated more
frequently. In other words, the immediate and higher
reduction in total population that is the result of using the
2-year treatment approach is more beneficial than the
1-year approach, even though the economic damage as a
result of the 2-year strategy exceeds the economic
damage of the 3-year strategy in some years.

Results for the H-L and H-H cases suggest that the
3-year strategy will result in the lowest total costs over
a 15-year period (Fig. 6d, e). The sericea population
reaches carrying capacity earlier in the H-H case,
compared to the other four cases, due to its high initial
abundance. After the carrying capacity is reached, the
$0.9 thousand budget allocation compensates for
damage in the previous years in the 3-year treatment
strategy and thus causes less total damage at the end of
year 15. On the other hand, the 1-year treatment results
in more consistent damage levels than the 2-year and
3-year treatment strategies, which have substantial
year-to-year variation in damages.
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Discussion

We present a novel spatio-temporal dynamic model,
which integrates biological models into a decision
theory framework, while incorporating seed bank and
dispersal, different age classes, growth rates, treatment
costs, budget, and relevant economic loss. Unlike
previous spatial-temporal methods (for a detailed
discussion of these methods, see, e.g., Billionnet
2013), here the growth of the invasive population
within each cell is modeled using the seed bank and
influenced by the invasion state of neighboring cells,
while the population is divided into classes of different
age groups in order to reflect different seed production
and loss rates of each age group into the model.
Numerical results provide insights into biological
growth and spread behavior of the species, in addition
to strategies addressing relevant management questions.

The first key result is that the population growth
response of sericea is more complex than simple
logistic growth. In fact, the population follows a multi
(bi)-logistic growth form, where there are multiple
(two) distinct phases, each with a logistic pattern. Our
results support Meyer’s contention (1994) that the bi-
logistic is useful in representing the growth of many
systems that contain complex growth processes that
are not well modeled by the simple logistic function.
Here, we observe logistic phases of growth where in
the first half of each phase, the first two age groups are
dominant, and in the second half, the three*—year-old
age class becomes dominant, until carrying capacity is
reached. Computational simulations show that the
multi-logistic behavior could only be observed in a
spatio-temporal model as proposed in this paper. The
observed oscillations could be explained by the fast
reproduction behavior of sericea, which allows it to
reach the local carrying capacity quickly and then to
start with a new establishment in surrounding newly
arrived locations. The local growth of the species
progresses spatially over time, and thus logistic
growth phases are repeated until the entire landscape
is invaded.

According to Cook (1965), although not typically
examined, logistic growth of a population may undergo
oscillations of one type or another, for many reasons
including frequency related to age structure and time-
lag effects. Introduced species commonly exhibit a lag-
phase in which the non-native species remains at low
abundance for an extended time before increasing

@ Springer

exponentially (Aikio et al. 2010). Several proposed
hypotheses suggest that this pattern results from
genotypic, demographic, or extrinsic factors (Pysek
and Hulme 2005). The multi (bi)-logistic response
pattern exhibited by our model suggests that demo-
graphic factors may explain short-term lag-patterns
and, when coupled with variation in extrinsic factors,
may contribute to longer-term lag patterns. Such insight
would not be possible with more simplistic models that
ignore the biological detail included in our model and is
likely to be relevant to other species with high seed
production and persistent seed banks. Furthermore, the
multi (bi)-logistic population growth pattern suggests
that the timing of control measures may have stronger
or weaker effects on the invader, depending on when
treatment is applied.

It is interesting to note that although multiple
logistic behavior is observed in many complex
systems such as social diffusion and social change
(Fokas 2007) and forecasting of technology change
and short product lifecycles (Kucharavy and De Guio
2011; Trappey and Wu 2008), to our knowledge, this
has never been shown before in an ecological context,
either empirically or computationally. The empirical
and theoretical community should consider when such
variation (multi-logistic) might be important for
invasive species control. For example, under what
conditions is it important to model multi-logistic
rather than logistic population growth when attempt-
ing to develop effective control strategies? Such
questions are particularly relevant when searching
for optimal solutions constrained by economic re-
sources—as we attempt to do in this paper.

Second, given a target goal, the model addresses
efficient management strategies regarding the follow-
ing: (1) how large the allocated yearly budget needs to
be, (2) the size of the infestation and where treatments
should be targeted, and (3) how often treatments should
be applied to be effective. In this paper, computational
results demonstrate growth responses for three age
classes under no-treatment, plant spread and treatment
locations, tradeoffs between damage and budget levels,
and the minimum required resources that must be
allotted to alleviate the spread of sericea under various
treatment and management scenarios.

Third, we perform sensitivity analysis with respect
to treatment efficacy and seed dispersal parameters to
analyze the impact of uncertainty on the model outputs
and observe the model behavior for extreme scenarios.
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An age-structured bio-economic model of invasive species management

Not surprisingly, the higher the treatment efficacy, the
lower the damage levels, but interestingly, the impact of
different treatment efficacies becomes clearer as the
frequency levels increase. Such analyses illustrate the
potential tradeoffs between the cost of treatment and its
effectiveness for different initial population conditions.
For example, by comparing the marginal (extra) cost
with the marginal economic damage reduction benefit
of using a more effective herbicide, managers decide
whether to invest in the herbicide or not. Note that while
we consider the most effective herbicide treatment and
the corresponding cost in the sericea treatment case, the
bio-economic model can also be extended to include
various herbicide types or control strategies with their
related costs. The results of this experiment also suggest
that the average yearly damage increases as the
dispersal rate increases for all budget levels and cases,
but the dispersal rate has a higher impact for low-
frequency initial population distributions than high-
frequency initial invasions. Thus, a key component of
invader control is the prevention of seed dispersal by
reducing human and animal interaction.

Next, we evaluate three treatment timing strate-
gies—1-year, 2-year, and 3-year—that could be used
by managers, and we compare them with each other as
well as the no-treatment option. Results suggest that
effectiveness of the control strategy is highly depen-
dent on initial population levels. With a limited
budget, it is better to treat yearly if the initial
population abundance and frequency is low, while it
may be better to apply treatment every second or third
year (with a higher per-treatment budget amount)
when the frequency and abundance are high (Fig. 6).

In this paper, we address uncertainty by performing
sensitivity analyses on different stochastic parameters
such as budget, treatment efficacy, and dispersal rate.
However, if the probability distributions of uncertain
parameters are known or can be estimated, those
parameters could be directly incorporated into the
optimization model by defining them as random
variables. The resulting stochastic nonlinear model
could then be solved using stochastic optimization
algorithms or heuristic approaches. Furthermore, for
the application of the proposed model, we selected a
spatial and temporal scale that was relevant to land-
scapes but was small enough to be tractable given the
complexity of the model and current computational
capacity. Future work could address issues of scale by
employing advanced optimization approaches.

Our model could be utilized by a central planner
who determines control actions with the minimum
damage across multiple or private ownerships with
respect to a shared budget and other constraints.
Future research may include compensation of multi-
ple owners under central decision-making or coordi-
nation of management among multiple decentralized
decision-makers using game theoretic approaches
(Biiyiiktahtakin et al. 2013; Forgo et al. 1999).
Furthermore, if difficulties, including the quantifica-
tion and formulation of ecological damages and
preferences of stakeholders, are solved, this research
could be extended to considering multiple objectives
of different stakeholders including economic and
ecological damages.

Our spatio-temporal approach can be extended to
any species for which age structure is relevant such
as fish, insects, mammals, and plants (see, e.g.,
Fazekas et al. 1997; Koji and Nakamura 2006;
Tahvonen 2008; Shelton et al. 2012). For example,
model Eqgs. (1)—(3) that represent age-structured
growth can be adjusted to model the growth of
stage- or size-structured species, while seed gen-
eration and seed bank-based growth Egs. (4)-(6) can
be adjusted to model dormancy and various offspring
generation, accumulation, and dispersal mechanisms.
Furthermore, carrying capacity Egs. (7), (8) can be
adjusted to estimate the population abundances of
different stage and size groups given carrying ca-
pacity limitations.

Results of the bio-economic optimization approach
illustrate the potential for new optimization approach-
es that incorporate demographic detail and spatio-
temporal realism for invasive species control into a
single-decision framework. Furthermore, while the
proposed model is specific enough to capture biolo-
gical realism, it also has the potential to be generalized
to a wide range of invasive plant and animal species
under various management scenarios in order to
identify the most efficient control strategy for manag-
ing invasive species over large, heterogeneous land-
scapes and long time periods.
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