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Abstract:

Grass and invasive plant abundances shift in response to management. The magnitudes of these shifts
are major factors that determine if an invasive plant management action is warranted. I developed
models that predict the leafy spurge {Euphorbia esula) and perennial grass abundances that result from
management actions. Model variables are plant abundances and parameters describe competitive
relationships, intrinsic rates of population increase, random error, and within-management unit plant
productivities.

Models will predict grass and invasive plant abundances less accurately if competition . intensity varies
dramatically with plant-available water concentrations or by grass species. I evaluated the influence of
water availability on competition among leafy spurge, Kentucky bluegrass (Poa pratensis) and western
wheatgrass (Agropyron smithii) in a greenhouse. Competition stayed similar or became less intense as
number of water applications increased, and per unit biomass competitive effects of the two grasses
were very similar.

Mixtures of leafy spurge, Kentucky bluegrass and western wheatgrass were combined in two field
experiments. Deterministic models describing competition among these species were selected and
parameters were estimated by minimizing the sum of squared errors. Models that combined grass
species biomasses predicted competition experiment plant abundances as accurately as models with
separate terms for each grass. Predictive ability of models was further evaluated using data from
herbicide, selective plant removal and grass seeding experiments. In most cases, predicted lines were
centered on observed values, suggesting that there are no systematic differences between experiments
used to develop the models and the naturally occurring plant communities used to evaluate the models.

Bayesian parameter estimation techniques were used to develop stochastic versions of the deterministic
predictive models. These models formulate predictions of management-induced shifts in grass and
leafy spurge abundances as probability distributions. Prior probability distributions for competition
coefficients were developed from herbicide, grass seeding and selective plant removal experiments.
These prior distributions and non-informative prior distributions describing other parameters were
updated with data from competition experiments using likelihood functions. By using available data
and quantifying remaining uncertainty, output from the stochastic models characterizes our current
ability to predict management-induced shifts in leafy spurge and grass abundances.
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ABSTRACT

Grass and invasive plant abundances shift in response to management. The
magnitudes of these shifts are major factors that determine if an invasive plant
management action is warranted. I developed models that predict the leafy spurge
(Euphorbia esula) and perennial grass abundances that result from management actions.
Model variables are plant abundances and parameters describe competitive relationships,
intrinsic rates of population increase, random error, and within-management unit plant
productivities.

Models will predict grass and invasive plant abundances less accurately if competition .
intensity varies dramatically with plant-available water concentrations or by grass
species. I evaluated the influence of water availability on competition among leafy
spurge, Kentucky bluegrass (Poa pratensis) and western wheatgrass (dgropyron smithii)
in a greenhouse. Competition stayed similar or became less intense as number of water
applications increased, and per unit biomass competitive effects of the two grasses were
very similar.

Mixtures of leafy spurge, Kentucky bluegrass and western wheatgrass were combined
in two field experiments. Deterministic models describing competition among these
species were selected and parameters were estimated by minimizing the sum of squared
errors. Models that combined grass species biomasses predicted competition experiment
plant abundances as accurately as models with separate terms for each grass. Predictive
ability of models was further evaluated using data from herbicide, selective plant removal
and grass seeding experiments. In most cases, predicted lines were centered on observed
values, suggesting that there are no systematic differences between experiments used to
. develop the models and the naturally occurring plant communities used to evaluate the
models.

Bayesian parameter estimation techniques were used to develop stochastic versions of
the deterministic predictive models. These models formulate predictions of management-
induced shifts in grass and leafy spurge abundances as probability distributions. Prior
probability distributions for competition coefficients were developed from herbicide,
grass seeding and selective plant removal experiments. These prior distributions and
non-informative prior distributions describing other parameters were updated with data
from competition experiments using likelihood functions. By using available data and
quantifying remaining uncertainty, output from the stochastic models characterizes our
current ability to predict management -induced shifts in leafy spurge and grass
abundances.




CHAPTER 1

USING RESEARCH RESULTS TO FORECAST INVASIVE PLANT AND GRASS
RESPONSE TO INVASIVE PLANT MANAGEMENT

Summary -

This chapter develops methods that quantify and reduce prediction error that results
.from using invasive plant experiments to predicf plént biomass response to herbicide,
biological control, seeding, and grazing in manag'ement.settings. This devélopment
ignores native forbs, shrubs and other plants and focuses on perennial grasses and
dicotyledonous invasive plants of grasslands. Ignoring plant groups causes major
- limitations, but additional levels of complexity (i.e. other groups of plants) can be
incorporated into the framework déveloped in this chapter. It is logical to structure this
chapter around a grass-dicotyledonous plant divide because many invasive plant
management strategies differentially target these taxonomic groups. For example,
herbicides that selectively kill diéotyledonous plants (both invasive and native) in
grasslands are widely used to control invasive plants. Likewise, seeding of invaded
communities has focused primarily on establishing grasses, while classes of lives_tock

differentially target forbs (sheep), shrubs (goats) and grasses (cattle).
Introduction

Unintentionally introduced nonnative perennial dicotyledonous plants currently exist

on millions of hectares of grasslands in North America and other continents and are
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referred to as invasive plants when they become dominate constituents of plant
communities (Sheley and Petroff 1999). In North America examples of these plants
include leafy spurge (Euphorbia esula) and spotted knapweed (Centaurea maculosa).

Globally, managers rely extensively on herbicide, biological control, seeding, and
grazing strategies to manage invasive plants. To optimize natural resource values,
managers must predict how biomass per unit area (hereafter biomass) of invasive plants
and plant species that grow in association with invasive plants will respond to these
invasive plaﬁt management strategies.

Eight problems that hinder land managers attempts to use results from herbicide,
bioiogical control, seeding and grazing experiments to predict invasive plant and grass
biomass in management units are described in the following sections. These problems
cause prediction err.or when results from research are used to predict how grass and .
invasive plant biomass will respond to invasive plant management strategies. This
chapter proposes n;ethods that both quar-ltify and reduce this prediction error. These
methods rely on existing and future invasive planf research, sampling of management

units and modeling techniques.

i

Efficacy Problem: Direct Effects of Management Strategies Vary -

Vegetation response to experimental treatments varies temporally and spatially, which
_miakes it difficult for managers to use research results to predict efficacy within |
management units. For example, the level of invasive plant control provided by
herbicides is variable. Picloram (4-amino-3, 5, 6-trichloropicolinic acid), one of the most

effective herbicides for managing leafy spurge, provided less than 5% control two




months after treatment il one experiment and 74% control 33 months after treatment in
another experiment (Lym and Messersmith 1985b). Also, seeciing of grass species can
result in good, poor or no grass establishment in invasive plant-infested sites, depending
on environmental conditions (Robocker et al. 1“965, Call and Roundy‘ 1991, Lym and
Tober 1997, Velagala et al. 1997). Similarly, biological control agents can esteblish and
reduce invasive plant populations considerélely at some sites and fail to establish et other
sites (Kirby et al. 2000, Clerk et al. 2001). It has also been shown that the same species

~ of grazing animal can consume different quantities o.f invasive plant biomass at different
sites (Kronberg and Walker 1999). Temporal and spatial variation in efficacy of invasive
plant management strategies causes uncertainty wnen resnlts from invasive plant research

are used to predict grass and invasive plant biomass within management units.

Nonlineaﬁt_y Problem: Competitive Relationships are Nonlinear

The effect of the biomass or density per unit area of one plant species on the biomass
of a competing plant species is r&ely if ever linear, which makes it difficult to use
experiment results to predict invasive plant and grass bic')méss within management units -
(Moolani et al. 1964, Coble and Ritter 1978, Buchanan et al. 1980, Goldberg 1987,
Gaudet and Keddy 1988). Fer example, if the same nonlineer relationship describes’
competition at an experiment site and vlvithin a management unit, but invasive plant
biomass within me two sites is different, removing 1000 kg ha™ of invasive plant niomass
from the experiment site and the management unit will not cause the same change in
grass biomass. In many situations competitive relationships must be quantified to

successfully apply invasive plant research results to management units.
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Competition Problem: Competition Intensity Varies

Competiti\}e relationships partially determine how biomass prociuction of particular
species responds to removal or augmentation of biom‘ass of other species. If competition'
at research sites is more or less intense than competition within managemeﬁt units, of
érass biomass response to invasive plant removal in experiments will not accurately
predict response to invasive plant removal within management units. Likewise, if
competition intensity varies’invasivé plant biomass response to grass seeding experiments
will not accurately predict invasive plant response to seeding in management units.

" Research indiéates that some competitive relationships vary temporally and spatially
(Moloney 1990, Brioneé et al. 1998, Kgddy et al. 2000). .The influence of plant
productivity gradients on competition intensity (i.e. competitive effect per unit biomass)
ﬁas received extensive study because of disagreement over whether or not competition
stays similar (Newman 1973, Wilson 1991) or inténsiﬁes (Grfme 1973, Keddy 1989) '

with increasing plant productivity.

Growth Rate Problem: Pobulation Growth Rates Vary

Repeated application of management strategies is often necessary because currently
available management tactics do not kill all invasive plant propagules at invasive plant-
infested sites (James et al. 1991). For example, livestock managers often repeatedly use
herl?icides to control invasive plants in rangelands with the goal of increasing grass
‘forage_production (Lym and Messersmith 1994; Sheley et al. 2000). Herbicides often kill
large proportiqns of invasive plant propagules, but invasive i)lant populations usually re-

attain pre-application population sizes within a few years of herbicide application unless

.
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Carrying Capacity Problem: Plant Carrying Capacities Vary

Invasive plant abundance in the absence of grasses (invasive plant carrying capacity)
and grass abundance in the absence of invasive plants (grass carrying capacity) vary
temporally and épatially (Figure 1.2). Ifplant carrying capacity at an i-nvaéive plant
experiment site is different than carrying capacity within émanagément unit, experiment
results will not accurately predict grass and invasive plant biomass within the

management unit.

Random Error Problem: Magnitude of Random Error Varies

Data from an experiment can be used to formulate a prediction of other data from the
same experiment, bu1; due to random error, this prediction will be imperfect. Random
error results from factors (e.g. soil heterogeneit};, spétially variable, insect herbivory) that
are not completely controlled within the experiment site.

Consider the following case. Assume that random error in predicted grass bioma:s,s is'
normally distributed with a mean of zero and a fixed variance at an herbicide experiment
site, and consider using results from the herbicide experiment to predict grass biomaés
within a management unit. Also assume that herbicide efficacy, intensity of plant species
interactions, ﬁopulafion' grthh :rates, and plant carrying capacities at the herbicide
experiment site and within the management u}lit'are identical. In the same way that |
experiment data will not perfectly predict otﬁer data within ;che same experiment,
expeﬁment data will not perfectly predict grass biomass in the management umt The
error distribution that is estimated from the herbicide experiment will give an estimate of

uncertainty in predictions of grass biomass at the experiment site. Even this uncertainty

~
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estimate is suspect when it is used to formulate prediction uncertainty estimates within
management units because the variance of the error distribution varies in concert with the’
frequency and intensity of factors that cause prediction uncertainty (e.g. hailstorms, plant

disease, insect herbivory).

Species Problem: Species Compositions Vary

One invasive plant species can grow in association with different plant species within
each of several habitats it infests. For examble, spotted knapweed gfows in association
with western wheatgrass (Agropyron simithii), Kentucky bluegrass (Poa pratensis),
needle-and-thread (Stipa comata), blue grama (Bouteloua gracilis), crested wheatgrass
(Agropyron cristatum), rough fescue (Festuca scabrella), bluebunch wheatgrass
(Pseudoroegneria spicatum), prairie junegrass (Koeleria cristata), Idaho feséue (Festuca
idahoensis) and other grasses (Fay et al. 1991, Sheley et al. 2000). It is impractical to’
study interactions between spotted knapweed and each of these grasses because plant
interaction experiments require extensive effort, and some regions harbor many invasive
~ plant species, which further expands the effort require(i to estimate the by-species-

competitive relationships that are of relevance to managers.

Addressing the Problems

The eight problems that are outlined in the introduction can be represented with
models. Parameters of these models must be defined as probability distributions (as
opposed to point-estimates) to represent the seven problems that result from variable

quantities. To represent the one remaining problem (i.e. the non-linearity problem),
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model forms that capture nonlinear relationships between grass and invasive plant

biomass must be used. Nonlinear models that contain the following terms will feﬁresent

the eight problems: |

gst+1 = f(8St, Iy, Tgs, B> /> Kes» €gs) ) (1.1)
iper1 = flipe, 886 Tip> @, /> Kip, €5p) (1.2)
The response variables gs and ip represent perennial grass anci dicotyledonous

‘invasive plant biomass at peak standing crop of a gfowiﬁg season, respectively. Thet

and t+1 subscripts denote peak standing cfop plant biomass of a given year and thle

following year, respectively. The sampling problem manifests itself in the models as
zlariation in ip; and gs; (i.e./each sample from a management unit will provide a different
 estimate of these two predictor variables). The species problem is: represented in the
models if ip and/or gs represent more than one invasive plant and/or grass species.
The intrinsic growth rate parameters are denoted by g, for grasses and ry, for invasive
plants. Defining these parameters as probability distt_‘ibutions represents the growth raté
problem in the models. This is also the case fog the carrying capacity problem (Kgs =
grass biomass at peak standing crop of a given growing’ season” in the absenc.e; of invasive
plants (i.‘e. grass callrying'capacity), K&, = invasive plant biomas,s at peak standing crop of
a given growing season in the at;sence of grasses (i.e. invasive plant carrying capacity)).
The 8 competition coefficient describes the influence of invasive plant biomass on grass
. biomass, and the @ competition coefficient describes the influence of grass biomass on
invasive plant biomass. Defining these parameters asbfobability distributions, as

opposed to point estimates, represents the competition problem in the models.
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The parameter j denotes the proportional reduction in invasive plant biomass
production caused by a control measure (i.e. the direct effect of management). The
efficacy problem is represented in the models by dgﬁm’ng this parameter as a probability'
distribution. |

The error terms represent all of the influences that are not included in models (1.1
and (1.2), such'as hailstorms, insect herbivory and piant diseases. The error distribution
repfesents the intra-site random error pr&blem. The inter-site random error problem is
represented by defining the variance of the random error distribution (é‘e) asl a probability

distribution.

Addressing the Efficacy Problem

Several factors in'ﬂ'uence efficacy of invasive plant management strategies (i.e. ). The
level of invasive plant mortality caused by herbicides, for example, varies with air
temperature (Lym and Messersmith 1990), épray solution PH, relativé humidity
(Moxness and Lym 1989), and soil conditions (Krzyszowska et al. 1994, Lavy et al.

1996) and may also vary with population genetics (Ebke and McCarty 1983). Biological
control establishment varies with ﬁmy factors including soil type, number of insects |
released and invasive plant density at release sites (Kirby et al. 2000, Clark et al. 2001).
Experiments ‘fhat identify optimal methods for using invasive plant management
strategies continue :to be needed, but outlining these expeﬁments is not one of the goals of
- this chapter. Simple within-management unit experiments might also provide insight into

the site-specific efficacy of management strategies.
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Addressing the Nonlineaﬁty Problem

-To quantify nonlinear competitive relationships, such as the one depicted in Figure
1.1, competing plant species must be studied along plant density gradiénfts. Naulrally
occurring gradients cannot be used because these gradients often reflect gradients in plant
carrying capacity. If invasive plant and grass carrying capacity increase along a naturally
occurring gradient (e.g. a soil depth gradient), measuring plant biomasses along the
gradient can suggest‘ that grass and invasive plant biofnass are positively related. |
However, removing grass ‘at any point along the gradient apd allowing the invasive plant
to equilibrate to grass removal ~might result in an increase in invasive plant Biomass,
which would illustrate that' the invasive plant and grass biomass are negatively relatéd.

Experiments that establish plant densit}./ gr‘adients,v coﬁtrol variation in plant carrying
caipacity and estimate plant biomass over time can identify the correct forms of models
thét follow (1. lj and (1.2). A few experimental desiéns in which plant density gradients
of bofh mixtures and monocultures of competitors are established from seeds or othér
propagules (additioﬁ serieé, replacement series, etc.) are used to characterize competitive
relationships (see review in (Silvertown and Doust 1993). Competition has also been
studied in na‘turally occurring plant communities by selectively removing some 1’>1ants
and measuring community response (FoWlér and Antonovics 1981, Del Moral 1983,
Wilson 1991). Spatiél variation in plant carrying capacity can be somewhat controlled

within these experiments by selecting sites with uniform vegetation characteristics.
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The following models, whiqh ;'411‘6 similar to a model used for predicting individual
plant weight, are presented for demonstrative purposes (Watkinson 1981, Goldberg
1987):
g5 = (Kys(1 + aip)™) a3
ip = (Ki(1 +Bgs)") (1.4)
Shapes similar to the ohe depicted in Figure 1.1 can be generated with these models.
Because thesé models do not contain population growth rate parameters, they best
describe plant biomass at equilibrium and therefore, are zero-growth isoclines of models
that contain population growth parameters. Zero-growth isoclines are models that predict
plant biomass values that yield zero population growth. Population growth rates can be
estimated from competition experiments (e.g. addition seriés or selective plant removal
experiments) if plants are measured over time. The following widely used Lotka-
* Volterra models contain population growth ra"ce parameters:
gser1 = gsiexplIes(1 - (g8t + Bip)/Kes)] | (1.5)
ipen = ipeexpltp(1 - (ips + g5)/Kp)] | (1.6)
At equilibrium these models reduce to the following linear zero-growth isoclines:
gsu1 = g5= (Kgs - fip) | (1.7)
iper1 = ips= (Kip - gs) (1.8)
Nonlinear zero-growth isoclines have been used in conjunction with the Lotka-Volterra
models to represent nonlinear competitive relationships (Gilpin and Ayala 1973). Using
(1.3) and (1.4) as zero-growth isoclines instead of (1.7) and (1.8) results in nonlinear

models that have the same interpretaition as (1.5) and (1.6).
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gser1 = gsiexp|res(1 - (g1 + Bip))/Kes)] (1.9
1pi+1 = ipexplrip( 1‘- (ip(1 + agst)j/l<ip)] " i (1.10) |
These models reduce to (1.7) and .( 1.8) at equilibrium. The following functions illustrate
one of several ways that managemeﬁt and random error (e ~ logN(1, o)) can be
included in (1.7) and (1.8):
g5 = gsiexp[Tgs(1 - (gsu(1 + (L — )ip))/Kes)legs (1.11)
ipuss = (1 —)ipeexplrip(1 - (1 —ip(1 + ags))/Kip)lep (L12)
Models such as (1.11) and (1.12) could address the nonlinearity problem. For
example, there is no well-defined protocol for using results from herbicide experiments to
predict changes in grass biomass resulting from herbicide use when invasive plant
biomasses within the management unit and at the hgrbicide experiment site are different.
If experiments were used to estimate pararheters of models (1.11) and (1.12), dispérities
between managemelnt unit and herbicide experiment invasive plant biomasses would be
accounted for by estimating predictor variables (gs; and ip;) within management units and

inserting these biomasses into the models.

Addressing the Sampling Problem

The deterministic relationghip between plant species biomass in a sample and plant
species biomass in an entire management unit is Iingar. The slope coefficient of this
relationship has a known value that scales saﬁlple area to management unit area. The
interc'ept'of this relationship is at zero. This relationship and sample data will. predict
plant species biomass in management units. The magnitude of prediction error will

depend upon the degree to which sample biomass reflects management unit biomass.
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The number of samples required to predict management unit biomass with some specified
level of accuracy will depend on the magnitude of betweeh-sample variation in plant |
biomass (i.e. the number of samples required and the degree to which plant biomass
varies within a management unit are positively related). The magnitude of within-
management unit valriation in plant biomass is a reflection of both the plant species that
are present (some species are more patchily distributed than others) and the magnitude of
within-management unit variation in growing conditions (e.g. variation in soil type).
Spatial statistics, particularly interpolation techniqués, can help predict management unit
plant biomass from sample data. However, developing sampling and statistical
techniques for estimating management unit plant biomass is not a goal of this paper.

Addressing the Competition, Growth Rate, Carrying
Capacity, and Random Error Problems

An experiment that establishes a rangé of plant densities or manipulates plant density

in a naturally occurring plant community can identify the appropriate forms of models

-~ that follow (1.1) and (1.2), and can also estimate site-specific @, 8, ’s, K’s, and o¢’s.

However, to represent the competition, growth rate, carrying capacity, and random errof
problems thé variance of parameters should reflect all .of the variati;)n that exists in
nature, and an experiment conducted at only one site over a short time frame (~3 — 5
years) will underestimate temporal and spatial variation in some parameters and may
overestimate variation in other parameters. To best quantify parameter variation (i.e. to

best represent prediction error caused by the competition, growth rate, carrying capacity,
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B

and random error problem), data from as many years and locations as possible should be

used.

Meta-Analysis. Meta-analysis will provide point-estimates of parameters of models{
that follow (1.1) and (1.2) from additional years and locations. For example, herbicide
experiments are one source 6f information on the marginal probability distribﬁtion of 5. |
These experimeﬁts require e_stablishing herbicide-treated and not-treated plots in areas
believed to have ﬁniforfn vegetation characteristics. A zero-growth isocline, such as
(1.3), can be fit to data from an herbicide experiment to yield a point-estimate of 8 if two
-assumptions are made and the experiment protocol adheres to two criteria. Assumption
1) Herbicides did not injure grasses. Visual symptoms of herbicide-caused grass injpry
have been characterized for all the major herbicide modes of action, and herbicide
researchers usually report symptoms of herbicide grass injury in manuscripts (ngsolus
and Curran 1992). Assumption 2) Enough time; elapsed for grass populations to fully
respond to decreased invasive plant biomass before grass biomass was measured.
Invasive plant and grass biomass are usually measured for multiple years afte'; herbicides
are applied, and it may be necessary fo avoid using data from the first year after herbicide
application. Criteria_ 1) Herbicides substantially reduced invasive plant biomssa (>¥30‘;/§
invasive plant mortality). Criteria 2) Gréss biomass was measured.

Experiments that meet these assmﬂptions and criteria will provide one point-estimate
of ,B for each year that plant biomass is measured, and some invasive plant species have
been the subject of many herbicide experiments. For example, a survey of the literature

revealed that herbicide experiments will provide 20 estimates of 8 from areas throughout
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the northwestern United States, if this paraineter is interpreted as a competition
coefficient that describes the influence of leafy spurge on perennial grasses (Maxwell
1984, Vore 1984, Gylling and Arold 1985, Lym and Messersmith 1985a, Hein 1988,
Lym and Meésersmith 1994, Markle and Lym 2001).

As another exémple, meta-analysis. of seeding' experiments can provide point-
estimates of @. Seeding experiments require establishing grass-seeded and not-seeded
plots in areas believed to have uniform vegetation characteristics: Each seeded grass
species from ;3ach site that a grass species is studied can provide one point-estimate of a.
To derive these estimates, a zero-growth isocline, such as (1.4), can be fit to data on each
seeded species within each site the spec.ies is studied. A survey of the literature revealed |
that two seedirig experiments would provide 19 point-estimates of @ from two sites in
‘North Dakota if this parar‘neter is defined as a competition cdefﬁqient that describes the
influence of perennial grasses on leafy spurge (Lym and Tober 1997).

The methods for esthllqating-,a and B from the invasive plant literature are provided as
examples. Data on other. parameters of models that follow (1.1) and (1.2) may also exist
in the literature for some invasive plants and grasses. However, there is little or no data

in the literature on some parameters, such as o¢’s.

Bayesian Parameter Estimation Techniques. In most cases involving ecologically and

economically important invasive plants two kinds of data will be available for developing
models that follow (1.1) and (1.2). 1) Data from the elaborate experiment/experiments
(e.g. selective plant removal experiment, addition series experiment) required for

elucidating model forms. This data will provide site-specific information on each of the
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model parameters. 2) Literature data, sﬁch as that generated in herbicide and seeding
expeﬁments. Literature data will provide information from more sﬁes and years but will
only provide information on a subset of the parameters. The flexibility that ﬁayesim
parameter estimation fechniques provide enables both sources of data to be used iﬁ "
estimating parameters of models that follow (1.1) and ( 1.2). Using both sources of data
will best represent the uncertainty that exists in nature.

Literature data can be ﬁsed to construct Bayesian prior probability distributions. Prior
probability distributions describe understanding of model parameters before new data
(e.g. competition experiment data) are considered. Formally, the prior probability
distribution is a joiﬂt probability distribution that describes interrelationships among .
model parameters. In the absence of any knowledge about these interrelationships ‘the
prior probability distribution is comprised of independent marginal probability
distributions. In es.timating parameters of models that follow (1.1), for exaniple, a
separate marginal. probability distribution migilt be used to deecﬁbe knowledge of each
parameter because of a lack of information about inteﬁelationships among parameters.
Estimates of 8 from herbicide experiments can be used to construct the marginal prior
proba_bility distribution of this parameter. Constructing this prior probability distribution
would require grouping estimates of § into a histogram and matching the moments of a
probability distribution to this histogram.

Uniform probability dis,tributions indicate that all values in the parameter space ha\;e
equal probability. Uniform prior probability distributions are used when there isno a -

priori information about model parameters (Hilborn and Mangel 1997). For example,
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uniform probability distributions might describe (a lack of) understanding about rg, Kes
and €g. The lower limit of support on the parameter space of 15, Kgs and o must be
greater than zero (e.g. grass carrying capacity cannot be negative), aﬁd the upper limit
can be positive inﬁnity or can correspond to some logical judgment (Hilborn and Mangel
1997).

Competition experiment data can bé used to elucidate forms of models-that follow
(1.1) and (1.2) and can also serve as the new data that is used to update prior probabiiity
distributions of model parameters. The new data (i.e. competition experiment ‘dat‘a) can
be compactly described with a likelihood function. Multiplying this likelihood function
by the prior probability distribution and appropriately weighting (i.e. using Bayes
formula) results in the Béyesian posterior probability distribution of model parameters.
This joint probability distribution represents the complete understanding of model
parameters that is supplied by all of the relevant data. If the competition experiment data
(i.e. likelihood function) provides infonnation about the model parameters, the posteriof
probability distribution will have a smaller variance than the prior probability
distribution. This smaller variance represents increased certainty about model parameters
provided by the competition experiment. If the competition experiment provides
information about the parameters then updating the prior probability distribution with
competition expeﬁment data via Bayes formula Wﬂl also result in more knowledge of

interrelationships among model parameters because some parameter value combinations

will be more probable than others.
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Within-Management Unit Data. Bayesian techniques help quéntify the competition,
growth rate, carrying capacity,‘ and random error problems l‘)y enabling data from many
sites and years to be used in estimating parameters of models that follow (1.1) and '(1 2).
If within-management unit data are available, Bayesian techniques can also help alleviate
these problems. If Within—maﬁagement unit data are available the go;al of estimating
model parameters is no longer to represent all of the variation fhat exists in natﬁre.
Instead, the goal is to estimate management unit-specific parameters. Estimating
management unit-specific parameters will reduce the spatial variation that_ gives rise to
the competitioﬁ, gro§vth rate, carrying capacity, and random error problems.

The joint posterior probability distribution of (1.1) and (1.2) parameters can serve as
the prior probability distribution when Within-management\‘ unit information is available.
Updating this pﬁor probability distribution with management unit-specific data will result
in a management unit-specific posterior probability distribution of model pafameters.
These same techniques have been uée(i to estimate soil erosion parameters. Prior
probability distributions on soil erosion parametefs were elicited from a soils database
that was constructed from many sites throughout the United States, and likelihood
functions constructed from on;site data were used to update parameter estimates and
provide site-specific erosion predictions (Wilson and Haan 1991, Wilson et al. 1991).

Séveral forms of management unit-specific information can contribute to parameter
estimation. For example, it is desirable to have management unit-specific understanding
of carrying capacities, because K,s and K, vary substantially from site to site (Figure

1.1). Removing invasive plants from small representative areas and measuring grass
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biomass after grasses equilibrate to invasive plant removal can generate within-
management unit data 6n K. “Using this data to update the prior probability distribution
of parameters of a model that follows (1.1) requires updating the likelihood function.
This function can be updated by simply adding within-management unit data on Kg; to
the existing competition experiment data matrix. Competition experiment data will exist
in every case because these data are required to elucidate the fOrm of the model that
follows (1.1). Managemeht unit-specific r’s, cz’s,'cre’s, and B’s can be estimated by
appending data from other types of simple plant removal experiments to Aexisting
competition experiment data matrices.

Bayesian parameter estimation techniques provide a logical method for using
competition experinﬁent data, data from other invasive plant experiments (e.g. herbicide
and seeding experiments) and within-management unit data in estimating parameters of
models that follow (1.1) and (1.2). Developing these models could help quantify and

alleviate the competition, growth rate, carrying .capacity, and random error problems.

Addressing the Species Problem

Experiments consisting of plant density gradients (i.e. addition serie;s or selective plant
removal experiments) are required to elucidate appropriate forms of model that follow
(1.1) and (1 .2)-. Once these elaborate competition experiments have been conducted on a
set of invasive plant and grass species, the same model form can be used for newly
considered species, if the newly considered species and the species used for selecting
model forms have similarly shaped zero-growth isoclines. Inspection of linear Lotka-

Volterra zero-growth isoclines (1.7 and 1.8) demonstrates that the shape of these isoclines
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is determined by the nature of competitive interactions amohg species. The K
parameters, which are the only feature of thesé isoclines that are not influenced by
competition, establish only isocline position and have no bearing on isocline shape.

The same nonlinear functions (i.e. zero-growth isoclines) have been ulsed to model
' biomass relationships between many competing plant species. Goldberg (1987) uéed (1.3)
to model the effect per unit biomass of seven different species (some dicots and grasses)‘
on thé biomass pér individual of an indicator (i.e. phytometer) species. Gaudet and
Keddy (1988) illustrates that the influence per unit biomass of 44 species on the biomass
of a phytometer species conformed to the same non-linear relationship. A small number
of models that follow (1.1) and (1.2) will be sufficient for modeling invasive plants and

associated grasses.

Generally Applicable Predictor Variables. Competition, grc;wth rates, carrying
capacities, random error, and management efﬁcécy are the relevant processes in
developing models that follow (1.1) and (1.2). It would be very unrealistic to expect
knowledge of these processes (expressed as model parameters) to be at all similar across
plant species if plant densities were used as predictor variables because the average size
of individual plants varies dramatically by species. Knowledge of these processes for one
set of plant species can be better extrapolated to other plant species because predictor
variables of (1.1) and (1.2) have units of plant biomass. Several studies have
demonstrated per unit biomass comp/etitive effects that do not vary from species to

species (e.g. Goldberg 1987, Mitchell et al. 1999, Peltzer and Kochy 2001, Keddy et al.
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2002). It has long been recognized that plant ecology will advance more quickly if

génerally applicable variables, like biomass, are studied (Keddy 1989).,

Estimating K’s for New Sets of Species. Grass and invasive plant carrying capacities

vary considerably between sites dominated by the same species of invasive plant (Figure
1.2). Within-management unit data on éarrying capacity will be critical in estimating
parameters of models that follow (1.1) and (1.2). Between-species variation in K’s
causes the same problem as between-site or between-year variation in this parameter.
Therefore, addressing the carrying capacity problem and addressing between-species
variation in carrying capacity requires the same considerations and within-management

unit data.

. Bayesian Analysis and the Functional Group Approach. The amount of species-

specific data reqpired for any given ecological inquiry depends on the nature of the
questions being addressed (Day et al. 1988). In the case of managers attempting to
develop invasive plant management plans that are based on herbicide, Biological control,
seeding, and grazing, the question is: “Which plan will provide optimal results?” This
question, whether explicitly stated or not, is implicit in every invasive plant ménagement .
decision. If the manager relies on invasive plant resea_rch results to answer this question,
then the manager mus;c rely on sparse a;mounts of species-specific information from a
small number of sites and years.” This reality is balahced against the fact that data fro‘r.n

many sites and years are necessary for quantifying the competition, growth rate, carrying
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capacity, random error, and efficacy problems. Therefore, managers typically need more
than the available supply of species-specific data to answer the question.

In many cases the lack of species-specific data will make it desirable to use data on
plant species that are functionally similar to a particular plant species in developing
models that predict biomass of that plant species. An enﬁre branch of ecology (i.e.
comparative ecology) is devoted to screening and categorizing functionally similar plant
species in fuﬁctional' groups. Comparative ecologists have long recognized the need for a
framework within which studies that rély on species nomenclatures contribute to |
development of general principles that transcend species boundaries. The parameters of
(1.1) and (1.2) describe characteristics that comparative ecologists use to categorize
plants. Categorization has been based' on intrinsicl growth rates (r’s) (Grime and Hunt
1975, Keddy 1989) and tolerance to stress and disturbance (j’s and o7¢’s) (Grime 1977,
Hobbs 1997, Grime 2001). A4 priori grouping of plants by functional characteristics has -
explained variation in response of plants to climevlté’(ae’s) (Hobbs 1997). Some of the
most problematic invasive plants, such as the tap-rooted knapweeds (Ceniaurea spp.), are
in the same taxonomic group (James et al. 1991), and many functionally and
taxonomically similar invasive plants are managed with the same tactics and respond
similarly to these tactics (7’s) (Sheley and Petroff 1999). Methods for assigning perennial
invasive plants and perennial grasses to functional groups based on the pararheters of
(1.1) and (1.2) have been developed, and assignment of plants to functional groups has

s

proven to be an effective method for expanding the.general applicability of ecological |

-

research.
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belongs to with respect to growth rate (1), cbmpetitiveness (@ or B), and response to stress
and disturbance (j and 0'6)‘ (Grime and Hunt 1975, Grime 2001). Mich speci_es data to
use and reject in developing models that follow (1.1) and (1.2) for a particular species can
be based on plant morphology and habitat associations.

One of the fundamental reasons for categorizing plants into ﬁmctional‘ groups is to
facilitate development of plant ecology into a predictive science (Grime 1993). Models
that follow (1.1) and (1.2) rely on ecological parameters to make quantitative predictions
of plant biomass. Because there is insufﬂcient species-specific data available for
estimating these parahleters, a data analysis framework that integrates species-specific
data and comparative (i.e. functional group) data is required. Bayesian techniques supply
this framework by providing a mathematical devise (i.e. prior probability (iistribution)
that quantifies the general understanding of processes and then uses this understanding,
along with situation-specific information, to make situation-specific predictions (Edwards
© 1996, Hilborn and Méngel 1997). For example, comparative data on fish species have
been used-to elicit prior probability distributions on population dy;namics-related
parameters of other fish speciés, and these prior probability distributions have been used
with species-specific data to make species-specific predié:tions (McAllistgr et al. 1994,
Hilborﬁ and Mangel 1997). Using general knowledge of processes, along with situation-
specific data, to develop situation-specific predictions is a natural part of the scientific
method (Edwards 1996, Hilborn and Mangel 1997).

Prior probability distributions on growth rate, combetitiOn, random error, and

management parameters of a particular species can be derived from data on ﬁmctionally
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similar species when developing models that follow (1.1) and (¥.2). However, because of
inter-species and intc;r-sité variation in modgl parameters, species- and/or management
unit-specific data should play a more prevalent role in estinﬁating parameters than the
functional group data. By using species- and management unit-specific data to construct
likelihood fumctions, prior probability distributions that are derived from functionally
related species can be updated to reﬂect sp.ecies-— and management unit-specific

information (Figure 1.3).
Conclusions

If prediction error is quantified it becomes more logical to base invasive plant
management dec’isions on predictions derived from invasive plant research. This chapter
provides a framework fhaf quantifies efror in perennial grass and dicotyledonous invasive
plant biomass predictions. This framework then felies on within-management unit data
to reduce and re-quantify prediction error. Decisions to use herbicide, biological control,
seeding, and grazing strategies to manage invasive plants will become more info_rmed,‘

and therefore will more often be correct, when prediction error is diminished.
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CHAPTER 2

INFLUENCE OF SOIL WATER AVAILABILITY ON COMPETITION
AMONG LEAFY SPURGE AND GRASSES

Summary

Seeding mixtures of leafy spurge and two grasses were planted in experiments and
grown for 127 d to determine if different water application regimes influenced
competition among these three species. Competition became less intense as the number
of water applications increased. If this finding holds true under field conditions, then it
indicates that competition is less intense in years and locations with numerous
precipitation events. Competitive interactions (i.e. competition ;:oefﬁcients) were less
variable when water was applied more freqﬁently, but the ability of models to account for
variation in plant weight (i.e. %) was not influenced by the frequency of water
application. This suggests that models will predict invasive plant and grass biomass with

equal accuracy in years with few or many precipitation events.
Introduction

Competitive relationships between invasive plants and grasses partially regulate plant
community response to invasive plant management. For example, the change in grass
biomass production that results from invasive plant control and the change in invasive

plant biomass that results from grass seeding partially depend on competition intensity.
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Therefore, incomplete understanding of competitive relationships will result in imprecise
predictions of management-induced shifts in invas%ve plant and grass abundances.

Developing a more complete understanding of competitive relationships between
invasive plants and grasses necessitates knowing if these relationships vary temporally
and/or spatially. If competitive relationships between invasive plants and grasses do vary
temporally and spatially, a substantial portion of this variation is likely related to
temporal and spatial Vaﬁation in plant productivity, which can be attributed to variation
‘in em./ironmental conditions such as nutrient and water availability (Grime 2001).

While it has been shown that some aspects of plant competition do vary with
environmental conditior;s (Moloney 1990, Briones et al. 1998, Keddy et al. 2000), the
relationship between competition intensity and plant productivity has been a point of -
coﬁtention between ecologists (Grime 1973, Newman 1973, Reader et al. 1994). Grime
(ZOOi) believes the preponderance of evidence indicates a positive relationship between
competition intensity and plant productivity. However, at least one elaborate study
suggests that wide productivity gradients are necessary to detect changes in competition
intensity, and therefore, variation in plant productivity might not strongly influence
competition inte_-nsity within the prodlllcti\}ity rangé that a single invasive plant species
occupies (Reader et al. 1994).

Water availability often gc;verns plant productivity in semiarid regions where many
invasive plants occur, and water availability varies with precipitation and soil water
holding characteristics (e.g. very coarse soils maintain less plant-available water) (Bailey

1979). The ability of soil to hold water is regulated by soil type, landscape position, and
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soil mapagement practiées, among other factors (Afyuni et al. 1993, Gomez et al. 2002).
If plant productivity (i.e. water availability) influences competition intensity between
grasses and invasive plants in semiarid regions, per unit biomass competitive
relationships will vary temporally and spatially yvith plant-available soil water.

Per unit biomass competitive relationships can also vary l;y species, and one invasive
plant Species can grow in association with different grasses within each of several
habitats it infests. For example, spotted knapweed grows in association with western
wheatgrass, Kentucky bluegrass, needle-and-thread (Stipa comata), blue grama
(Bouteloua gracilis), crested wheatgrass (Agropyron cristatum), rough fescue (Festuca
scabrella), bluebunch wheatgrass (Pseudoroegneria spicatum), prairie junegrass
(Koeleria cristata), Idaho fescue (Festuca idahoensis) and other grasses (Fay et al. 1991,
Sheley et al. 2000). Studying competitive relationships~ between spotted knapweed and
each of these grasses would require resource intensive experiments. The number of by-
species competitive relationships that need to bé estimated will further increase if per unit
biomass competitive effects vary considerably by species because some regions harbor
many invasive plant species. Using a small number of grasses to study the magnitudé of
variation in by-species competitive effects will elucidate the quantity of speciés-spéciﬁc
mquiry needed to understand competition between an invasive plant species and all
grasses with which the invasive plant commonly coexists.

My obj ecti\(e was to determine the influence of plant-available water on coﬁpetitiog
among leafy spurge, Kentucky bluegrass and western wheatgrass in a greenhouse. Leafy

spurge is a cool-season non-native perennial invasive plant that infests close to 1.2




30
million hectares in 29 states in the U.S.A. (Lajeunesse et al. 19995. Kentucky bluegrass
is a cool-season non-native perennial grass that Qccurs throughout much of the United
States. Western wheatgrass is a native cool-season rhizomatous perennial grass that
occurs in many rangeland ecosystems of the western United States and Canada (Taylér
and Lacey 1994). These grasses often grow in association with leafy spurge.

It was hypothesized that per-unit-plant-abundance competitive relationships would not
vary (1) by grass species and (2) with the number of water applications (i.e. plant
productivity). Because the factor/factors that limit plant growth are different at different
levels of water availability, it was hypothesized that (3) the magnitude of variation in
cofnpetitive relationships would chénge with water availability. Ifobserved, this change
would reflect different magnitudes of variation in the underlying factor/factors that limit

plant growﬂ} (e.g. soil nutrient availability) at different levels of plant-available water.

Materials and Methods

Procedures

Plastic pots (7.6-L) were filled with a pasteurized soil mixture containing equal parts '. :
of a silt loam soil (classification unknown), ‘Washed concrete sand aﬁd Canadian |
sphagnum peat moss. The wetting agent AquaG‘ro®-2000 G was added at 0.5 kg m™, and
the mixture was steam pasteurized at 80 C.

Percent germination of leafy spurge, Kentucky bluegrass and western wheatgrass was
estimated by sowing 30 seeds of each species in 1-L pots in a greenhouse. Seeds were |

covered with approximately 2 mm of soil, and the soil was misted with water every other
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day for 20 d. The following ratio was then calculated: seedlings emerged : seeds planted.
These ratios were used to adjust seeding rates and achieve target plant densities.

Target densities were 0, 670, 1340, and 2010 plants m™ for each species. Three
addition series matrices consisting of all possible seed density combinations were
established (4 Kentucky bluegrass densities x 4 western \%/heatgrass densities x 4 leafy
spurge densities = 64 pots per density matrix x 3 density matrices = 192 pots per
experiment) in the 7.6-L pots (Spitters 1983). These density matricies also contained
between two and eight isolated plants of each species (depending on survival).

Density matrices were arranged in a completely randomized design in a greenhouse.
Pots were periodically rearranged to average the influence of environmental gradients
~across all plants. Greenhousé photoperiod was extended to 14 h with 1000 W metal
halide bulbs, and temperature was maintainéd at approximately 22 C during the light
period and 18 C during the dark period. Seeds were uniformly scattered over the soil
surface and covered with about 2 mm of soil. To encourage germination, the soil surface
was misted with water every other day for 27 d. After the misting period (28 d after
planting), all pots were watered to capéqity. Pots in two density r.natrices were watered to
capacity 61 d after planting, and one of these matricies was watered to cai)acity a third
time 94 d after planting. Hereafter, pots watered once, twice, or three times will be said
to have received the dry, intermediate, or wet treatments, respectively. After receiving
ﬁnai water applications, ’;he plants in pots were harvested by clipping at the soil surface
upon showing signs of severe water stress, or 127 d after planting, whichever occurred

first. All plants were then dried to a constant weight at 50 C. The experiment was
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conducted during the winter of 1999 (Run 1) and was repeated during the winter of 2000

(Run 2).

Plant-Available Water Samnfing

To determine gravimetric water content, pots were weighed the day before each
watering, and pots that were watered were re-we;ighed the day after wateriﬁg. Pots were
. weighed after harvest, and soil was removed and thofoughly mixed. A uniform sémple
was taken from each pot. These samples were weighed, dried to a constant weight at 50
C and re-weighed to determine soil dry weight (soil dry weight = post-harvest soil weight
X (sample dry weight / sample wet weight) — pot weight). Two soil samples were
submitted to the Montana State University Soil Testipg Laboratory where pressure plate
analysis was used to determine gravimetric water content at matric pressures of 0.01,

0.03, 0.1, 0.5, and 1.5 MPa.

Plant Sampling

Plants per pot of each species were counted at harvest. By-species aboveground

biomass was determined after plants were dried to a constant weight at 50 C.

Soil Daté- Analysis

The van Genuchten (1980) water retention relationship was fit to pressure plate
analysis data by minimiiing the sum of squared errors (*= 0.98) to esﬁmafe the
relationship between matric pressure and gravimetric water content. An index of overall
matric pressure was calculated by computing the averége of matric pressure

measurements. Measurements from each measurement period were included until a pot
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received its final water application and pot matric pressure reached 1.5 MPa (permanent
wilting point). If pots did not reach 1.5 MPa by the end of the experiment, then all matric

pressure measurements were included in the average.

Plant Data’ Analysis

Plant data were fit to the following inverse yield models by minimizing. the sum of

squared errors (Spitters 1983).

1/pwis =B + Bis gen™denys + Bispio*bioks + Bupio*bioww @.1)
1/pwip =B + Bip,den™deip + Bis pio*bioss + Byw,bio ¥biOww 2.2)
1/pWww =B + Byw,gen™denyw + Bis pio *bi0js + Bip pio*biows (2.3)

Inverse plant weight was used to linearize relationships. The sﬁbscripts Is, kb and ww
denote leafy spurge, Kentucky bluegrass, and western wheatgrasé, respéctively. The
response variable 1/pw is the ipversg of average individual plant weight per pot.
Regression coefﬁcjents without subscripts (B’s) are intercept terms and B’s subscripted
with den and bio are competition coefficients that descrit;e the influence of plant density
and biomass, respéctively. Density was used to de;cribe intraspecific competition instead
of biomass because of the complex relatipnship between pw and bio. Models were
independenﬂy fit to data from the dry, intermediate a;nd wet treatments to yield a total of
nine models (9 models = 3 water treatments x 3 species).

Regression coefficients of 2.1, 2.2 and 2.3 were compared to test the null hypothesis
that per-unit plant-abundance competitive effects do not vary with the number of water
applications énd also to test the null hypothesis that per-unit plant-abundance competitive

effects do not vary by species. Density coefficiénts were compared within a species
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across water treatments, and biomass coefficients were compared across species when
comparing within a water treatment and within a species when comparing across water
treatments. Standard deviations of regression coefficients were evaluated to test the null
hypothesis that the magnitude of variation in competitive relationships would change
with water availability.

The following model:

ampsp, = B + Big, bio *biojs + By, bio*biokb + Bv;w, bio T D10ww (2.9
was used to test the hypothesis that per-unit-abundance competitive effects do not vary
by species. This model was fit to data from eacﬁ separate water treatment to yield a total
of three models.

A bootstrap algorithm was used to compare regression coefficients (Efron and
Tibshirani 1993, Hjorth 1994). Cases from data sets were ranciomly selected with
replacement and inserted into a bootstrap sample until the number of cases was equal to
the number of cases in the original data set, and the model of interest was then fit to the
bootstrap sample to generate least-squares eétimatés 6f Xand Y. For this example, the
variables X and Y are regression coefficients that are being compared and the least
squares estimate of X is greater than that of Y. These steps were repeate& 1000 times to
generate vectors (X and y) of bootstrap regression coefﬁcient estimates with 1000
elements. The number of cases in which X;>y; was evaluated fori=1, 2,...1000 and j =
1,2,...1000. This resulted'in x*y = 1000000 comparisons. The quantity (1 - (number of
cases where xi‘\‘> y;) / 1000000)*2 is a two-tailed hypothesis test of Ho: (X =7Y). When

regression coefficients were compared to 0, a similar approach was used with each
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observation in the vector of bootstrap regression coefficient estimates compared to 0. P-
values were calculated independenﬂy for each comparison and were not adjusted to

provide “tablewise” or “experimentwise” error protection.
-Results

Regression coefficients in tables will be referenced without “B”, «,” will be replaced

(1324

by “-”, and the coefficients will not be subsc;ripted. For example,.Bls,bio = Is-bio and
Bis,den = Is-den. Becausg the dependent variable is inverse plant weight, the magnitude of
competition coefficients and competition intensity are positively related.

In interpreting results it is important to remember that matric prqssuré is negatively .

related to soil water content. Therefore, as water availability decreases, matric pressure

increases.

Influence of Competition on Leafy Spurge Individual Plant Weight

Leafy spurge.density became less negatively related to leafy spurge individual plant
weight as the number of water applications increased in Run 1 (Table 2.1), while thg
intensity of this intraspecific competition was unrelated to water treatment in Run 2.
Keritucky bluegrass and western wheatgrasslbiomass negatively affected ieafy spurge
plant weight in the dry and intermediate treatrneﬂt but did not negatively affect pléht
- weight in the wet treatment in Run 1. The competitive effect of grasses on leafy spurge

did not vary significantly with water treatments in Run 2, and per unit biomass effects of




Table 2.1. Compétition coefficient estimates, r*, standard deviations (SD) of coefficient estimates, and comparisons of
coefficients at the 5% level of confidence. The coefficients are from a multiple linear regression model fit to data from a

greenhouse study with inverse of leafy spurge individual plant weight as the dependent variable and leafy spurge plant density
and western wheatgrass and Kentucky bluegrass plant biomass as the independent variables.

Comparisons of Regression Coefficients

Run Water 1’ Competition  Coefficient SD
_Treatment Coefficients  Estimates
1 Dry 0.18 Is-den 0.38 0.16 " =ISintermediate F1Swet
Dry - kb-bio 11.79 5.11 =WWary . =Kbitermediate F#Kkbyet
Dry WW-bip 5.82 4.74 =WWintermediate FWWyyet
Intermediate 0.45 Is-den - 0.26 0.17 #Swet
Intermediate _kb-bio 6.24 2.14 =WWintermediate =~ FKDwet
Intermediate ww-bio 8.15 2.15 =WWyet ‘
Wet 0.34 - Is-den -0.13 0.02 )
Wet kb-bio -0.23 0.23 =WWet
Wet WWw-bio -0.12 0.24
2 Dry 0.38 Is-den - 0.56 0.21 =ISintermediate =ISwet
Dry kb-bio 9.74 5.06 =WWry =Kkbintermediate =kDyet
Dry - WWw-bio 22.00 5.62 =WWintermediate =~ =WWhet
Intermediate 0.53 Is-den 0.71 0.18 FISwet
Intermediate kb-bio 9.30 2.63 =WWintermediate ~ ~KDwet
Intermediate WW-bio 14.64 2.40 =WWyet
Wet 0.54 Is-den 0.25 0.26
Wet kb-bio 1.64 1.78 =W Wt
Wet ww-bio 1.86 1.90

' 9¢
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Kentucky bluegrass and western wheatgrass on leafy spurge were similar to one another

in both Runs.

Influence of Competition on Kentucky Bluegrass Individual Plant Weight

Kentucky bluegrass density had a similar nega}tive effect on Kentucky bluegrass
individual plant weight in the dry and intermediate treatments but had little or no effect in
the wet treatment in Run 1 (Table 2.2). Kentucky bluegrass density had a negative effect
on Kentucky bluegrass plant weight in Run 2, but the relationship was independent of
water treatment. The effect of western wheatgrass and leafy spurge biomass on Kentucky
bluegrass plant weight diminished as the number of water applications increased in both
Runs. Western wheatgrass was more competitive with Kentucky bluegrass than was

leafy spurge in both Runs.

Influence of Competition on Western Wheatgrass Individual Plant Weight

Western wheatgrass density had a greater negative effect on western wheatgrass
individual plant weight in the dry and intermédiate treatments than in the we’.c treatment in
both Runs (Table 2.3). Similarly, Kentucky bluegrass and leafy spurge became less
competitive with western wheatgrass as the number of water applications increased in
both Runs. Kentucky bluegrass was lesg competitive with wéstem wheatgrass than was
leafy spurge in the dry and intermediate treatments in both Runs and this relationship was
reversed in the wet treatment in Run 1. Kentucky bluegrass and leafy spurge had a

similar effect on western wheatgrass plant weight in the wet treatment in Run 2.




‘Table 2.2. Competition coefficient estimates, 1, standard deviations (SD) of coefficient estimates, and comparisons of
coefficients at the 5% level of confidence. The coefficients are from a multiple linear regression model fit to data from a

greenhouse study with inverse of Kentucky bluegrass individual plant weight as the dependent variable and Kentucky bluegrass

plant density and western wheatgrass and leafy spurge biomass as the independent variables.

Coefficient

Run Water r* Competition SD’ Comparisons of Regression Coefficients
Treatment V Coefficients _ Estimates ’ 4
1 Dry 0.44 kb-den 0.62 0.23 =Kbintermediate ~~ #kbuwet
Dry ww-bio 11.58 3.87 =ISdry FWWintermediate ~ FWWet
Dry Is-bio 24.50 6.64 FISintermediate FISwet
Intermediate 0.83 kb-den 0.33 0.04 FKbyet
Intermediate - Ww-bio 3.58 0.61 F#ISintermediate =WWyet
Intermediate Is-bio 7.93 1.59 FlSwet
Wet 0.47 kb-den 0.15 0.05
Wet ww-bio 1.93 0.59 =WWwet
Wet Is-bio 2.91 1.59
2 Dry 0.60 kb-den 0.18 0.15 =Kbintermediate #kbuyet
DI’Y ww-bio ) 17.07 2.56 :l:lsdry FWWintermediate FWWyet
Dry Is-bio 46.99 9.17 F1Sintermediate #1Swet
Intermediate 0.71 kb-den 0.20 0.05 =kbyet
Intermediate ww-bio 4.71 0.53 #ISintermediate FWWyet
Intermediate Is-bio 11.45 2.59 FSyet
Wet 0.41 kb-den 0.10 0.05
Wet ww-bio 1.86 0.33 FWWoet
Is-bio - 3.36 1.89

Wet

8¢
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Table 2.3. Competition coefficient estimates, r2, standard deviations (SD) of coefficient estimates, and comparisons of
coefficients at the 5% level of confidence. The coefficients are from a multiple linear regression model fit to data from a.

greenhouse study with inverse of western wheatgrass individual plant weight as the dependent variable and western wheatgrass '

plant density and leafy spurge and Kentucky bluegrass plant biomass as independent variables. -

Coefficient

Comparisons of Regression Coefficients

Wet

Is-bio

Run Water . r Competition SD
~ ___ Treatment _Coefficients _ Estimates

1 Dry 0.60 ww-den 0.37 0.07 FWWintermediate ~ FWWayet
DI'y kb-bio 3.97 1.85 ¢lsintermediate =kbintennediate =kbwet
Dry Is-bio 13.58 2.08 F1Sintermediate #1Syet
Intermediate 0.79 ww-den 0.21 0.02 =WWet
Intermediate kb-bio 1.28 0.19 #1Sintermediate =Kkbuet
Intermediate Is-bio 2.49 0.41 =1Swet
Wet 0.57 ww-den 0.18 0.03
Wet a kb-bio 1.09 0.18 #1Swet
Wet Is-bio -0.16 0.54

2 Dry 0.75 ww-den 0.55 0.06 - FWWintermediate ~ FWWwet
Dry kb-bio" 4.52 1.04 :/:ISintermediate ¢kbintermediate ' :/:kbwet .
Dry Is-bio 17.62 3.65 FSintermediate FlSwet
Intermediate 0.71 ww-den 0.32 0.03 FWWget
Intermediate kb-bio 1.44 0.42 #1Sintermediate” =kbyet
Intermediate Is-bio 7.98 1.80 “FSwet
Wet 0.69 ww-den 0.22 0.02 '
Wet kb-bio 1.02 0.22 =lSyet

2.70 1.11

6¢
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Inﬂuence of Water Availabilit.v on Variation in Competition Intensity

With few exceptions, estimates of the standard deviation of competition coefficients
decreased or stayed the same as the number of water applications jncreased. This
indicates that there was less variation in competitive effects when water was applied
more frequently. On the other hand, there was no clear relationship between 1 of models
and the number of water applications. Whereas the competitive interactions were less
variable when water was applied more frequenﬂy, factors not included in ﬁodels 21,22
and 2.3 (e.g. plant diseases and genetics and nutrient availability) caused greater random
error when water was appiied more frequently.
Table 2.4. Model r* and coefficient estimates for multiple linear regression model with

average matric pressure as the dependent variable and plant biomasses as 1ndependent
variables in a greenhouse study.

Run Water r Regression Coefﬁcients, \
Treatment ' kb-bio ww-bio - Is-bio
1 Dry 0.37 -0.05a® 0.0la -0.02a
Intermediate 0.40 0.09a 0.04a  -0.03b
Wet 0.37 0.09a- 0.09a -0.01b
2 Dry 0.41 0.05a 0.16b  0.44c
Intermediate 0.24 0.05a 0.06a 0.18b
Wet 0.44 0.08a 0.14a  0.55b

*Coefficients within a row that are followed by the same letter are not significantly
different at the 5% level of confidence. :

Influence of Plant Biomass on Average Matric Pressure

Leafy spurge and grasses had a similar effect on average matric pressure in the dry
treatment in Run 1 (Table 2.4). In the dry treatment in Run 2, leafy spurge used more
water in producing a unit of biomass than did the grasses, and westerm wheatgrass used

more water in producing a unit of biomass than did Kentucky bluegrass. In the
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intermediate and wet treatments in Run 1, léafy spurge used less water in producing a

unit of biomass than did grasses, while the opposite was true for these two treatments in

Run 2.
Discussion

There are two-prevalent competing theories regarding the influence of plant
productivity on competiti'bn. One theory contends that competition becomes more

intense as plant productivity increases because plant biomass increases, which results in

‘increased competition for light and space (Grime 1973, Keddy 1989, Grime 2001). The

other theory predicts that competiﬁon is similar in habitats with high and low
productivity because belowground competition for nutrients is more intense in habitats
with low standing crop (Newman 1973, Wilson and Ti]man 1991). In this view, the
intensity of above- and belowground_competition is negatively related, so that net
competition intensity remains similar along productivity gradients .‘ Several field studies
have relied on the response of a target plant to removal of surrounding vegetation as a
measure of competition intensity along productivity gradients, and differences in
competition intensity have (Dél Moral 1983, Reader and Best 1989) and have not
(Wilson and Tilman 1991, 1993) been detected.

In this grec-enhouse study, competition intensity stayed similar or decreased as the
number of water applications (i.e. plant productivity) increased (Table 2.1, 2.2, and 2.3),
and therefore, the null hypothesis that competition would be unaffected by the frequency

1

of water application is rejected. Competition staying similar is consistent with one of the
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prevalent theories that relates competition intensity to plant productivity (N ewman 1973,
Wilson and Tilman 1991), but an inverse relationship bétween competition intensity and
frequen'cy of water application is inconsistent with both theories. This finding is also
inconsistent with studies in which interspecific competition among three desert plants and
intraspecific competition of a desert annual intensified when water was added in the field
(Kadmon 1995, Brion’es‘et al. 1998). All plants were still quite small (less than 25 cm in
height) by the end of these greenhouse experiments, 50 competition for light may not
have offset competition for water in treatments that resulted in high water availability
(i.e. treatments with low seeding densities and 3 water applications).

Competition intensity decreased when water supply was increased in a field
experiment that studied competition between tree seedlings and herbaceous species
O)ayis et al. 1998), which is similar to the findings of these greenhouse experiments.
One explanation for the inverse relationship between competition intensity and water
availability found in both of these experiments is sqpplied by a theory that predicts that
competition intensity will decréase when high suppiies of new resources become
available (Huston and DeAngelis 1994). If competition dc;es become less intense as the
number of precipitation events increases in the field, competition betV\;een grasses and
leafy spurge is less intensze in years and locations with both frequent and substantial
precipitation'evenfs.

These greenhouse experiments contribute to my ultimate goal of developing models

that predict invasive plant and grass biomass response to management strategies in the

. field. The fact that competition coefficient standard deviations tended to decrease as the
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number of water applications increased, suggests that models will predict plant biomass
more accurately in wet years (Table 2.1, 2.2, and 2.3). I:Iowever, there was no clear
relationship between importance of competition (model 1*) and the number of water
applications (Table 2.1, 2.2, and 2.3) (Welden and Slauson 1986), which suggests that
models will account for variation in p‘lént biomass equally well in years with few and
many precipitation events. It appears that the. inﬂuenc;e of competition became less
variable when water was applied more fréquently, but other factors that cause variation in
plant weight (disease, genetics, nutrients) had a more pronounced effect when water was'
applied more frequently. The null hypothesis that variation in competition intensity is
related to the nuniber of water applications is accepted.

The competifive influence of Kentucky bluegrass biomass on leafy spurge plant
weight was similar to that of western wheatgrass biomass regardless of water treatment
(Table 2.1). The null hypothesis that per unit abundance competitive effects of tﬁe
grasses are similar is accepted. Biesboer et al. (1994) reported that five grasses did not
affect leafy spurge sﬁoot weight in a greenhouse, but these grasses did decrease root
weight with the magnitude of the effect depending oﬁ the grass species. Different grass

- species also affect leafy spurge aboveground biomass production differently in the ﬁe_ld

| (Ferrell et al. 1992, Biesboer et.al. 1994, Lym and Tober 1997). However, unlike the
analysis rep.orted in this chapter, the effect of a grass species was éonfounded by the
amount of biomass the'spe(':ies préduced in these studies, and all of the grasses may have
competed 'similarly if competitive effects were expressed on a pe-r unit biomass basis. |

Several studies support the theory that per unit biomass competitive effects of many plant }
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species are similar (Goldberg 1987, Mitchell et al. 1999, Aguiar et al. 2001, Peltzer and
Kochy 2001). If results from this greenhouse study hold true in the field then it suggests
thqt Kentucky bluegrass, western wheatgrass and probably other grasses may be
considered collectively in estimating the influence of grass production on leafy spurge
productien. | )

Results from this greenhouse study might improve our ability to predict the influence
of envirenmental conditioﬁs on relationships between invasive plants and grasses if o
conclusions can be extrapolated to natural conditions. However, conclusions should be
viewed very cautiously because there are substantial differences between the greenhouse
and field conditions. An even-aged, somewhat even-sized cohort of juvenile plants was
used in this study, while most biomass is attributed to mature plants in the field. This
resulted in a contrived partitioning of soil resources because leafy spurge was not capable
ef accumulating resources from substantially deeper depths than grasses, as is the case in
the field (Bakke 1936). Grasses and leafy spurge attained similar heights in this study,
while _leafy spurge is usually taller than grasses in the field. Pots with high densities of
leafy spurge may have misrepresented high—densitylpatches of leafy spurge, because leafy
spurge may be a better competitor for light under field conditions. Also, eﬁc_lence
suggests that shading can decrease plant water stress in dry soils, which indicaltes that
competition for water may diminish with plant height (Salisbury end Chandler 1993).

Results from this study provide some insight into the influence of water availability on

competition between grasses and leafy spurge, but it will be necessary to compare results
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to field experiment results to substantiate the ﬂndings. If field and greénhouse results are

similar, results from future greenhouse studies might be viewed with more confidence.
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CHAPTER 3

DEVELOPMENT AND ACCURACY ASSESSMENT OF MODELS THAT PREDICT
GRASS AND LEAFY SPURGE RESPONSE TO
INVASIVE PLANT MANAGEMENT

Summary

. Managers use herbicide, biological control, seeding, and grazing strategies to manage
invasive plants. Chapter 1 outlines challenges that managers face when they reiy on
invasive plant research results to select among these; management strategies. Chapter 1
also describes how models that incorporate knowledge of invasive plant and grgjs,s
carrying capacities, population growfch rates and competitive interactions might facilitate
the process of using research results to predict invasive piant management outcomes.
This chapter develops these models for leafy spurge and perennial grasses using data
from addition series experimenté. To "cissess the level of realism attained by these models,
predictions were compared to data from naturally occurring plant communities. Model
predictions exhibited a considerable level of agreement with observed data from
herbicide, seeding and selective plant removai experirﬁents when on-site estimates of

plant carrying capacity parameters were used to formulate model predictions.
Introduction

There are costs and benefits to using invasive plant management strategies. Biological
control and herbicides can reduce invasive plant abundance (Kirby et al. 2000), and this

reduction may result in increased desired species abundances (Lym and Messersmith
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1985a), but bioiogical control and herbicides often have non-target effects (Follett and
Duan 2000), such as the consumption of native vegetation by introduced biological
control agents (Louda 1998). Seeding of invaded areas can directly increase desired
grass abundance and reduce invasive plant abundance but it is expensive (Lym and Téber
1997, Masters and Nissen 1998).

Monetary considerations, the magnitude of decreases in invasive plant production,
increases in desired species production, and off-target effects are the major factors that
determine whether or not use of any given invasive plant management strategy is
warranted. These factors must be accurately predicted if managers are to consistently -
select optimal invasive plant fnanagemeﬁt s&ategies. Plant competition and population
dynamics models provide one means for predicting management-induced changes in
invasive plant and desired species production, but little has been done to evaiuate the
feasibility of developing models that accurately predict these attributes.

Alte‘rnativelzly,\ many modeling projects have centered on interactions between annual
weeds and annual crops, an& these projects dempnstrafe that prediction accuracy depends
on specific properties of predictor and response variables (Firbank et al. 1985,
VanDevender et al. 1994, Rankins et al. 1998, Shaw et al. 1998, Vitta and Satorre 1999).
For example, the competitive effects of annual weeds (predictor variable) on annual crop
yield (response variable) has been estimated quite robustly in some cases (Freckleton and
Watkinson 1998), but weed seed emergence and mortality have proveﬁ to be notoriously
.variable quantities that are difficult to predict (Kropff 1988, Freckleton gnd Watkinson
1998). Dué to the highly variable nature of seed population dynamics, the accuracy of

.annual crop-annual weed population dynamics models does not reflect the prediction
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accuracy to be expected from invasive plant population models. Many invasive plants
are perennials that invade plant communities dominatéd by other perennials. Perennials
rely more heavily on vegetative growth and propagation for population grdwth and
maintenance. This type of growth and propagation has f)foven to be less tightly regulated
by the random events and environme;ntal conditions that-determine whether or not seeds
give rise to seedlings, juveniles and adult plants (Moloney 1988). Predictions of
management-induced shifts in plant species abundances may therefore be more accurate
in communities dominated by perennial plants.

Thus far, invasive plant model development and validation has emphasized the
invasion process (Werner and Caswell 1977, Parker 2000, Higgins et‘ al. 2001).
Modeling efforts have also focused on within-patch population dynamics and predicting
responées of invasive plants to managemen;c that affects particular plant growth stages,
such as biological control (Lonsdale et al. 1995, Rees and Paynter 1997, Shea and Kelly
1998, McEvoy and Coombs 1999). Interacfions among native and invasive plants have
received considerable attention in recent years, but unlike the case of crops growing in
association with weeds, little has been done to develop predictive models that are based
on these in’.ceractions (Farnsworth and Meyerson 1999, Lavergne et al. 1999, Martin 1999,
Almasi 2000, Case and Crawley 2000). |

My overall goal was to develop models that describe ‘interactions among perennial
desired plants and perennial invasive plants and to explore the ability of these models to
predict invasive plant management-induced shifts in plant community composition.
Addition series field experiments were used to develop modeis that describe growth rates,

competitive interactions, plant carrying capacities, and random error in communities
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dominated by leafy spurge and grasses. To evaluate the ability of these models to predict
changes in grass production resulting‘ from decreased leafy spurge production, model
output was compared to data from experiments where dicot-specific herbicides decreased
leafy spurge production. To evaluate the ability of models to predict changes in leafy
spurge production resulting from changes in grass production, model output was
compared to data from experiments where monoeot—speciﬁc herbicides or grass seeding

altered grass production.

Materials and Methods

Addition Series Experiments

Plant System. Leafy spurge was selected for study because of its ecological and
economic importance and because of the extensive data on this species. Leefy spurge is a
cool-season rhizomatous perennial invasive plant that infests elose to 1.2 million hectares
in the United States (Lajeunesse et al. 1999). This plant is poisonous to some species of
grazing animals (Kronberg 1993), can reduce forage production on pasture and rangeland
(Lym and Messersmith 1985a) and may have other impacts. Kentucky bluegrass and
western wheatgrass were selected for study because they commonly grow in association
with leafy spurge (N owiereki and Harvey 1988). Kentucky bluegrass is a non-native
cool-season rhizomatous perennial grass that occurs throughout much of the United
Stetes. Western wheatgrass is a native cool-season rhizomatous perennial grass that
occurs in many rangeland ecosystems of the western United States and Canada (Taylor

and Lacey 1994).
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Study Site. Two experiments were initiated 6.5 km west of Bozeman, MT at the
Mon’?ana State University Arthur H. Post Research Farm (hereafter referred to as Post
Farm) (45° 41° N, 111° 9> W). Elevation at this site is 1463 m, average annual
precipitation is 457 mm and soils are Amsterdam silt loams (fine-silty, mixed, fi‘igid

Typic Haplustolls). Soil at the experiment sites was extensively tilled over several years

because sites were previously used for agronomic research.

Experiments. Emergence ratios of grasses were estimated by uniformly sowing 30
seeds of each species in 1-L pots in a greenhouse. Seeds were covered with
approximately 2 mm of soil. The soil was misted with ;Nater every other day for 20 d
after which time the ratios of seedlings emerged : seeds planted was detlermined.
~ In May 1998, strips of Kentucky bluegrass sod (1-m wide) were laid around each 1 m
x 1 m plot of an addition series experiment (hereafter this experiment is referred to as
Experiment 1). In an addition series experiment target densities are combined factorially
in every possible combination (Spitters 1983). To achieve target densities of Kentucky
bluegrass (0, 156, 1,250, and 10,000 plants m™?) and western wheatgrass (0, 156, 312,
1,250, 5,000, and 10,000 plants m'z), seeding rates were adjusted using the greenhouse-
estimated seecil‘ing emergence ratios. Seeding levels were assi'éned to plotsina |
completely randomized desigﬁ, and seeds were uniformly spread over plot surfaces in
early June 1998. The seeds were covered with approximately 2 mm of soil, and plots
were periodically irrigated until grasses became established.
The ability of leafy spurge to eétablish from seeds was unclear. Therefore, after

allowing grasses to establish for one growing season, leafy spurge root pieces were
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planted in the plots in May 1999. Plants did not establish from these propagules. -

Consequently, leafy spurge seeds were collected from plants near Bozeman, MT in-
Augus‘t.1999. Seedlings of leafy spurge were established in “conetaine;rs” (3 cm diam. x
15 cm) (one seedling per container) in a ‘greenhouse in August 1999.

Leafy spurge seedling‘s were approximately 10-cm tall and had extensive root systems
by spring 2000. To 1.<i‘ll grass—and enhance leafy spurge establishment, glyphosate [N-
(phosphonomethyl)glycine] was applied at 1.6 kg ae/ha to 36 evenly spaced cylindrical
areas (diameter = 6.35 cm) in each plot in May, 2000. Six densities of leafy spurge ('O, 4,
9, 16, 25, and 36 seedl—ings m%) were hand planted in plots a few days after glyphosate
application. Plants were evenly sp‘aced and planted in the center of areas that re'c;eived
glyphosate. A pointed steel rod was used to make holes to accommodate seedlings, and
soil was packed around the seedlings by hand. This experiment had. 144 plots (4
Kentucky bluegrass densities x 6 western wheatgrass densities x 6 leafy spurge densities).

A second éxperiment (hereafter feferred to as Experiment 2) was initiated adjacent to
Experiment 1. Grasses Were establi.shed in August of 2000 by uniférmly spreading the
same seeding rates as in Experifnent 1. Leafy spurge seedlings were planted with
uniform spacing at densities of 0, 4, 9, 16, 49, and 64 seedlings m™ in May 2000. All
possible density combinations were not implemented in this experiment. Instead, half the
combinations were omitted and the remaining combinations were replicated once. -
Density combinations were selected systematically to insure a wide range of grass and
leafy spurge densities. The first, second and third numbers ip the following three number

sequences represent western wheatgrass, léafy spurge and Kentucky bluegrass target
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densities, respectively:

000,002,01 1,013,022,03 1,033,040,05 1,053,100,101’,.1 03,110,112,121,123,130,132,
141,143,150,152,200,202,211,213,220,222,231,233,240,242,251,253,301,303,310,312,
321,322,323,330,332,341,343,350,352,400,402,411,413,420,422,43 1,433,440_,442,45 1,
453,501,503,510,512,521,523,530,532,541,543,550,552. The seeding densities increase
sequentially from O to 4 for Kentucky bluegraés aﬁd 0 tq 6 for the other two species. For
example, plot 051 received no western wheatgrass seeds, 49 leafy spurge seedlings and

. 156 Kentucky bluegrass seeds. Except for these differences, Experiments 1 and 2 were

the same.

Plant Sampling. Height of each ieafy spurge stem was measured in early September
2000, and again in late Au;gust 2001 and 2002 when repeated measurements of height
over time indicated that growth had ceasea. Total stem lengfh per plot was used as an
index of leafy spilrge abundance, as opposed to plant biomass, because leafy spurge
sheds considerable numbers of leaves during the growing season, which makes it difficult
to measure leafy spurge biomass. Also, total stem length can be measured non-
destructively at multiple time points, and non-destructive measures were required for
developing time series models. Leafy spurge biomass was clipped at ground level, dried
to a constant wéight at 50 C and weighed in 10 plots in each experiment in late August
2001. These data were used to develop a relationship between stem lengfh per unit area
and biomass pér unit area so that prediction accuracy of models developed from the Post
Farm data could be evaluated using data from experiments in which leafy spurge biomass

was measured.
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Kentucky bluegrass and western wheatgrass biomass were estimated from two 15-cm
x 15-cm frames that were placed in each plot in 2001. Fraﬁles were positioned in
représentative areas of plots in April 2001 and grass biomass was clipped at grc;und level,
separated by species, dried to a constant éveight at 50 C, and weighed in August 2001.
Representative sampling, as opposed to random sampling, was conducted
to control for patchy grass establishment in some plots. Becauée of patchy grass.
establishment, random sampling would have resulted in estimates of zero grass
production in many plots that contained grass. In 2002, the 15-cm x 15-cm frames were
re-clipped and resulting grass weights were compared to grass weights in entire plots to
determine if representative sampling biased estimated grass biomass.

The inner 85-cm x 85-cm area of each plot (except the 20 plots harvested in 2001) was
harvested in August 2002. The outer 15 cm wés nof harvested to avoid possible
unrepresentative growing conditions near plot edges. Separating and drying were
conducted as in 2001 except in plots that contained high biomasses of both grass species.
-Time constraints prevented separating western wheatgrass from Kentucky bluegrass in
these plots, and therefore, grass biomass from a plot was thoroughly hand-mixed and
three sampies ((iry vs./eight =~15g pef sample) were collected. The average ratio of dried
western wheatgrass biomass to dried Kentucky bluegrass biomass in these samples was

used to estimate grass biomass by species for entire plots.

Selective Plant Removal Expeﬁments (SPRE)

Selective plant removal experiments (SPRE) were conducted throughout western

Montana. These experiments were conducted to determine if competitive interactions in
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Experiments 1 and 2 were similar to interactions in naturally occurring leafy spurge

infestations.

Plant Species. Kentucky bluegrass grew in association with leafy spurge at almost all
of the SPRE sites. Other grasses, including western wheatgrass, were present at a few

sites.

Study Sites. Data for evaluating accuracy of the model that predicts leéfy spurge
production wére collected from 12 experiments at five sites. Data for evaluating models
- that predict grass biomass were collected from 19 experiments at the same five sites.
Because wide plant productivity gradients and different equilibrium ‘abundances of leafy
spurge and grasses occurrea within sites, multiple experiments were conducted within
some sites. Sites were located 1.2 km southeast, 1.5 km east, 86 km east, 154 km west

and 249 km northwest of Bozeman, MT. .

Experiments. Each of the 19 SPRE was comprised of three 1-m x 1-m plots and one
2-m x 2-m plot. Plots were carefully selected to ensure sirhilar grass and leafy spurge
production between plots within each experiment. Fencing was used to exclude ungulate
grazing where necessary. Two 1-m? plots were not treated. To kill grass, the grass-
specific herbicide sethoxydim (2-[1-(ethoxyimino)butyl}-5-[2-(ethylthio)propyl]-3-
hydroxy-2-cyclohexen-1-one) and crop oil concentrate were applied in mid-May, 2001 to
one 1-m” plot at rates of 0.086 kg ai ha™ and 382.10 ml ha’", respectively. To kill leafy
spurge, the dicot-specific herbicide picloram (4-amino-3, 5, 6-trichloropicolinic acid) was |

applied during the same period to the 4-m? plot at a rate of 0.56 kg ai ha™. The larger
bl
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leafy spurge removal plot was selected to eliminate the édge effect that this tall plant
might impose on plot borders. Smaﬂ-scale spatial heterogeneity prevented selection ,;)f
four 2-m x 2-m plots with uniform vegetation attributes. It was vnecessary to repeat
herbicide applications once in some plots to remove targeted vegetation. Selective
herbicides have been used to remove components of the vegetation and measure

competition in other experiments (Peltzer and Kochy 2001).

Plant Data. Data were not collected from SPRE in which sethoxydim did not control
grass and/or picloram gaused twisting and yellowing of grass plants. Héig_ht of each leafy
spurge stem was measured within an 85-cm x 85-cm frame that was centered in each plpt ‘I
when leafy épurge growth ceased in early August 2002. All grasses within these.frames
were harvested, dried and weighed as in Experiments 1 and 2. Plants other than grasses
and leafy spurge, all of which were forbs, were also dried and weighed in the same

manner.

Analysis, Results and Discussion

Biomass Relationships

To determine whether using representative 15-cm x 15-cm frames to estimate entire
plot grass biomass in 2001 resulted in biased estimates, grass biomass in these same
frames was re—measﬁred in 2002. The 2002 15-cm x 15-cm frame biomass measurements
were compared to the 2002 85-cm x 85-cm area framg biomass measurements after

scaling both sets of measurements to the plot surface area (1 m?) (figure 3.1).
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rangelands with the goal of increasing grass forage productien (Lym and Messersmith
1994). The length of the time period between herbicide application and recovery ofan -
invasive plant population, and the change in forage production occurring during this time
period, determine if herbicide usle is cost-effectixlfe. Time series models containing
parameters and predictor variables that fnight predict these time periods and changes in
forage production were developed for perennial grasses and leafy spurge.

Except for 1gs and 11s, which were eliminated in the early phases of model selection,
time series models that have the following parameters and predictor variables were
evaluated (Table 3.1).

151 = (ISt 8Str1, @ T, 1) 3.1)

gswr1 = f(gSt, Ist, B, Tgs, ESmax)  (3.2)
.The response variable of (3.1) is end—of—th;e-grov;fing—season leafy spurge stem length m™
at year t+1. Predictor variables are leafy spurge stem length m™ at year t (Isy) and grags
biomass m™ at year t+1 (gsw1). The population growth rate parameter (rjs) describes the
rate of inérease of leafy spurge when grass and leafy spurge abundances are very low, the
;:ompetition coefficient (@) describes the influence of grass biomass on leafy spurge
population growth, and Isp,y is equilibrium leafy spurge abﬁndance in the absence of
grass (leafy spurge carrying capacity). Western wheatgrass and Kentucky bluegrass
biomass were combined (gé) beéause model selection procedures indicated that
competitive interactions between each of these grasses and leafy spurge were nearly
identical, and prediction accuracy was not imprbved by modeling these grasses

separately. When populations are modeled with time series models, interspecific

competitor abundance at year t is typically used to predict abundances at year t+1. Using

.
§




Table 3.1. Time series models for predlctmg end-of-the-growing-season leafy spurge Iength of stem m’ (lst+1) using leafy
spurge length of stem m" from the prev1ous growing season (Is;) and grass biomass m™ of the current growing season (gsu+1)
as predictor variables, and time series models for predicting gs;; using gs; (grass biomass m™ of the previous growing season)
- and Is; as predictor vanables Source of models, Post Farm Experiments used for evaluating models, model jackknife mean
square errors (JMSE), and r* are listed. Parameters describing intrinsic rates of population increase (r), plant carrying
capacities (Max), and competitive 1nteract10ns (competition coefficients) were estimated by minimizing the sum of squared
errors. Parameter estimates, JMSE and r* were calculated after computmg the natural logarithms of both sides of models.

Watkinson (1981)

, Competition
# Model Source Experiment JMSE 1 r Max  Coefficients
s Ispy = Isgy(1 + ayls; + @pgsur)” Cousens/ 1and2. 1.15 0.88 1.6 @1=0.0003/2,,=0.006
‘ Mortimer (1995) -
2ls -lsysg =1+ nels(1 — (IS, + @S 1)/ 1Smax) Logistic land2 0.71 084 28 26317 28.7
3ls  Isug = Isexplrs(l - (Is; + @gsi1)/1Smax)] Lotka-Volterra land2 0.61 0.87 1.6 20314 246 ,
4ls sy = Isexp[rs(1 - (log(ls) + agse+1)/10g(Ismax))] Lotka-Volterra 1and2 0.60 0.86 3.2 239426 0.008
Sls  lsuy = lIsexplrs(1 - (Isf(1 + agsw))1Smax)] Lotka-Volterra/ 1 and 2 0.64 0.86 1.4 25506 0.008
Watkinson (1981) :
lgs gspu = gétrgs(l + Bigs: + Bolsy) Cousens/ 2 0.41 0.77 6.0 £1=0.0002/6,~0.007
Mortimer (1995) :
2gs  gsw1 = gS¢+ @Sl — (g5t + BlSe)/2Smax) Logistic 2 0.42 0.76 21 825 0.04
3gé 251 = gSeXP[T,e(1 - (g'st + Bl8)/gsmax)] ' Lotka-Volterra 2 0.41 077 13 861 0.04
' 4gs g5 = gsexplrg(1 - (log(gsy) + Bls)/log(gsmax))] Lotka-Volterra 2 0.32 082 29 1835 0.0002
5gs  gsw1 = gsexplras(1 - (gs((1 + Bl8))/ g5max)] Lotka-Volterra/ 2 0.45 075 1.1 4462 0.005

6S
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grass at year t+1 to predict léafy spurge at };ear t+1 allowed for use of datg from two tiﬁe
steps, as opposed to one time step, because grass biomass was only measured at the end
of the 2001 and 2002 growing seasons, while leafy spurge was measured in 2000, 2001
and 2002. The parameter 3 of (3.2) describes the influence of lea;?y spurge on grass
pobulation growth, and &Smax is equilibrium grass biomass production in the absence of

leafy spurge (grass carrying capacity).

Models that Predict Equilibrium and Carrying Capacity Leafy Spurge and Grass
Production. Invasive plant management, such as seeding, and in some cases biological
control, grazing and repeated herbicide use, can quasi-permanently change abundances. of
grasses and invasive plants. For example, seeding can quasi-permanently increase grass
biomass production, and if a seeded grass competes with an invasive plant, establishing
the grass will cause the equilibrium invasive plant abundance to decrease (Ferrell et al.
1998, Sheley et al. 2001). Alternatively, biological control, repeated herbicide use or
grazing can quasi—permanently reduce invasive plant abundance, and if the invasive plant
competes with grasses, -this reduction will cause equilibrium grass biomass to increas,e.
Models that predict equilibrium plant abundances will also predict non-equilibrium plant
abundances in plant communities that are at carrying capacity. If a community is at
carrying capacity but is not at equilibrium, then, for exampie, leafy spurge might replace
grasses or grasses may displace leafy spurge over time, but grasses and leafy spurge will
not simultaneously increase.

Models that were evaluated for predicting equilibrium leafy spurge and grass

abundances have the following parameters and predictor variables.
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Is =f(gs, @, 1smax) (3.3)
gs = flls, B, gSmax) | ' (3.4)
These models do not have population growth rate parametérs (r’s) and year subscripts (t)
because Isy+; =1s; and gsw = gstat equilibri.um. Bgcause models that follow (3.1) and
(3.2) reduce to models that follow (3.3) and (3.4) at equilibrium, interpretation of |

parameters and predictor variables are the same for all four models.

Model Forms. Scatter plots indicate a pofsitive relationshiﬁ between leafy spurge
abundances of consecutive years and a negative relationship between grass and léafy
spurge abundance Witﬁin a year (Figure 3.3). This indicates that models that follow (3.1) ”
and (3.3) will expléin variation in leafy spurge abundance. Scatter plots indicate a
pdsitive relationship between leafy spurge abundance and variation in leafy spurge
abundance. Therefore, when developing models that follow (3.1) and (3.3), it was
assumed that prediction error is log-normall}; distributed. This assumption is often
employed in modeling time series data (Hilborn and Mangel 1997). Scatter plots indicate
that moaels that follow (3.2) and (3.4) will explain variation in grass biomass and also led
to the assumption that prediction error is log-norr;al'ly distributed (Figure 3.4).

Jackknife cross-validation was uséd to evaliate predictive abilities of three widely
used time series models that follow (3.1) and (3.2) (Hjorth 1994). The models were used
to predict Post Farm Experiment grass biomass m™ (see 1gs, 2gs and 3gs Table 3.1) and |
leafy spurge stem length m™ (see 11s, 21s and 3ls Table 3.1). The jackknife cross-

validation protocol required deleting one plot’s data (leafy spurge and grass abundances)

from the Post Farm data set. The model being evaluated was then fit to remaining data
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by adjusting parameter values until the sum of squared residuals was minimized.
Because it is assumed that prediction error is log-normally distribiited, model fitting was
conducted by first computing the natural logarithm of both sides of the models. The
model being evaluated, along with deleted values of the predictor variables, was then
used to predict the deleted value of the response variable, and the fgﬂlqwing quantity was
calculated: (log(pfedicted response variable from deleted plot) — log(observed response
variable from deleted plqt))2 = squared residual. This procedure was repeated for évery
plot’s data. Squared residuals were summed, and this sum was divided by t.he total
number of ploté. The jackknife mean square error that resulted from this procedure will
hereafter be abbreviated as IMSE. Models with low JMSE predict Post Farm Experimen;t
data better than models with high JMSE. | |

Jackknife cross-validation indicates that 31s predic‘ts.leafy spurge more accurately than
" 11s and 21s (Table 3.1). All three ﬁmdels (1gs, 2gs énd 3gs) predicted grass biomass in
Experiment 2 with similar accuracy. Data from Experiment 1 were no't\used in
developing a time series model that predicts éass biomass. The g parameter could not
be estimated in this experiment because grass biorhass was near gsmax before
measurement began, and gsmax in Experiment 1 was much lower than gs., in Experiment
2. The lower gsyax of Expériment 1 may have resulted from a hardpan layer in the soil
profile.

Models 31s and 3gs were sélected as a starting point for developing models that follow
(3.1) and (3.2). These models had to be modified because th/e unmodified models do not
accurately represent leafy spurge and grass dynamics. For example, least-square

parameter estimates of 3ls and 3gs indicate the following: gSmax > ISmax/@, 1Smax < ESmax/3,
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and it can be shown that these conditions will predict leafy spurge extinction within Post
Farm Experiment plots. This prediction seems unrealistic because, in spite of extensive
control gfforts, leafy spurge currently coexists with Kentucky bluegrass and western
wheatgrass in many areas within only a few kilometers of the Post Farm Experiment
sites. Leafy spurge has also coexisted with Kentucky.bluegrass and other grasses for
several years in an area a few hundred meters from Post Farm Experiments 1 and 2.
Isocline analysis was used to further evaluate 31s and 3gs and to suggest more realistic

model forms. Zero-growth isoclines have‘the same parameters and predictor variables as
(3.3) and (3.4). At equilibrium, each leafy spurge time series model that follows 3.1
reduces to an equilibrium model (i.e. zero-growth isocline) that follows (3.3), and each
grass time series model that follows 3.2 reduces to an equilibrium model (i.e. zero-growth
isocline) that follows (3.4). Zero-growth isoclines that follow (3.3) and (3.4) give values
of Is and gs that yield zero population growth for leafy spurge and grasses, respectively.
To derive the zero-growth isocline for 31s, 1si; was set equal to 1s; and then 31s was
solved for Is;. To derive the zero-growth isocline for 3gs, gsi+; was set equal to gs;, and
3gs was then solved for gs;. Following are zero-growth isoclines for 31s and 3gs:

Is = Ispax - @gs (3.5)

85 = Smax - Pls 3.6)
The apparent curvilinear relationship between leafy spurge and grass abundance suggests’
that linear zero-growth isoclines (3.5) and (3.6) are unrealistic (Figures 3.3B and 3.4B).
The ability of leafy spurge to increase within a blot,does not decrease linearly with
increasing grass biomass, and the ability of grass bioméss to increase within a plot does

not decrease linearly with increasing leafy spurge abundance. Assuming that the zero-




66

growth isoclines are linear when they are in fact curvilinear could erroneously lead to the
prediction that leafy spurge will go extinct in Post Farm Experiment plots.

Curvilinear zero-growth isoclines have been used in conjunction with Lotka—Volterra.
models (Gilpin and Ayala 1973). Two sets of curvilinear zero-growth isoclines were
evaluated to determine if more realistic models could be developed for predicting leafy
spurge and grass abundances. The following curvil-inear zero-growth isoclines are similar
to a model used to predict indi\.lidual plant weight (Watkinson 1981, Goldberg 1987):

Is= ismax(l +ags)? (3.7)
5 = gSmax(1 + Bls)" (3.8)
It can be shown that (3.7) and (3.8) are the zero-growth isoclines for 51s and S'gs,
respectively (Table 3.1). It can also be shown that (3.9) and (3.10) are the zero-growth
isoclines for 4gs and 41s, respectively (Table 3.1). The following zero-growth isoclines
are also similar to a model used to predict individual plant weight (Gaudet and Keddy
1988):
log(Is) = log(Ismax) - @gs (3.9
log(gs) = log(gsmax) - Bls _ - (3.10)
Using curvilinear zero-growth isoclines, as opposed to the linear zero-growth isoclines of
31s and 3gs, does not change interpretation of model parameters. Except for having
nonlinear zero-growth isoclines, 41§ and 5ls are .the same as (31s) (i.e. the linear Lotka-
Volterra model) and, 4gs and 5gs are the same as 3gs.

To select a model that predicts grass biomass, the predictive abilities of 4gs and 5gs

were evaluated using Post Farm Experiment data, and the performance of these models

was compared to that of the linear Lotka-Volterra model (3gs). Model 4gs has the lowest
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Assessments of Model Prediction Accuracy

Graphs of zero-growth isoclines for the grass (4gs) and leafy spurge (51s) model
suggest two competitive equilibriums (F igﬁre 3.7). Effects of variation in the physical
environment, predation and the other factors that constantly change plant abuﬁdances
were somewhat taken into account in these equilibrium calculations because these factors
influenced parameter estimates. Whether or not the estimated competitive equilibriums
will eventually occur, and the length of time that equilibriums persist if they do occur,
will depend upon the future intensity and frequency of the non—comfetition relatéd
facto'rs that influence plant abundances (Huston 1979).

‘ Competitive equilibriums will vary temporally and spatially with 1Smax, gSmax, @, and 8.
Management actions can change equilibrium plant abundances within a site by changing
these barameters. For example, grass seeding can cause a quasi-permanent increase in
2Smax, and this increaée can cause equilibrium abundances of leafy spurge and grasses to
decrease and increase, respectively (Ferrell et al. 1998). The parameters Ismax and gSmax
vary spatially and must therefore be estimated site specifically when models that include
these paramefers are used to predict iéafy spurge and grass production in management
units (Figure 1.1). The magnitude of Vaﬁa}tion In 115, Tgs, @, and B is not known. To gain
insight into the magﬁtude of this parameter variation, and to evaluate the ability of
models 4gs and 5ls to predict leafy spurge and grass abundances, modéls were used to
predict plant abundances that were observed in hefbi‘cide and seeding experiments and in

SPRE.
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Accuracy Evaluation of Grass Model using Herbicide Experiments. Data from
published herbicide experiments were used to eva'luate prediction accuracy of the grass
model (4gs). Herbicide experiments consisted of herbicide-treated aﬁd not-treated plots
in which leafy spurge, grass and other-plant abundance were éstimated at the end of
growing seasons. Although occasionally injuring grasses, herbicides used in these
experiments target dicot plants such as leafy spurge. Data were not used if grass

’ herbicide injury was reported or if herbicides did not reduce leafy spurge biomass. Leafy
spurge biomass data were converted to stem length data using a linear regression
relaﬁonship developed from Post Farm Experifnents 1 and 2 data and SPRE data (Figure
3.2). Data from 20 site-year combinations were used ((Maxwell 1984) (one site for two
years), (Vore 1984) (Qne site for four years and one site for one year), (Gylling and
Arnold 1985) (one site, average pf two years), (Lym and Messersmitil 1985a) (one site
for one year, two sites for two years), (Hein 1988) (one site fo'r two years), (Lym and
Messersmith 1994) ‘(two sites for two years), (Markle and Lym 2001) (average of two
sites for one year)). k

Thére was very little or no vegeta.tion other than grass and leafy spurge at many
herbicide experiment sites. Other-plant biomass (other plants were almost exclusively
forbs) was combined with leafy spurge. Because of similarity améng growth forms, I
feel the assumption -that all non-grass plants have similar competitive influences on
grasses is more tenable than assumptions embodied in combining other-plant abundances
with grasses or leaving other plants out of the analysis.

To test 4gs, it was assumed tﬁat herbicide experiment plant cornm(mities were at

carrying capacity and the zero-growth isocline of this model, which is given by (3.10);




72

was evaluated. To better ensure that grasses reached a zero-growth isocline after leafy
spurge removal, only data from yéérs subsequent to the year of herbicide application
were used for the accuracy assessment.

Grass biomass in the absence of other p.iants (gsmax) was estimated independently for
each site from a randomly selected herbicide treatment. Plots used to estimate gSp were
ex.cluded from the accuracy analysis. The parameter gsy,.x was estimated by reananging
(3.10) where tr refers to herbicide treated plots:

 log(gmee) = log(gss) + s " (3.11)
The variable Is; refers to leafy spurge and all other non-grasses. The vast majority of
non-grass plant biomass was leafy spurge biomass in all herbicide experiments. The
parameter 3 is the least-squares Post Farm-estimated competition coefficient. Equation
(3.11) was used to predict the grass biomass that would result from complete remioval of*
all non-grass plants. In many instances non-grasses were éompletely controlled by
herbicide treatment and log(gsmax) = log(gsy).

If herbicide experiment plots were measured for more than one year, gsmay was
estimated from first-year data, and this gsmax estimate was used to predict grass biomass
in that year and each subsequent year of the expériment. In cases where ESmax Was
estimated from a particular year’s data and t-he prediction of grass biomass was
formulated for that same year, the prediction was not formulated exclusively from
observable quantities. Dashed lines are used to distinguish these cases frorﬁ the more
legitimate cases (solid lines), where gsmax Was estimated in the first year and this g'smax
estimate was used to formulate predictions of grass biomass for subsequent years (Figure

3.8). Assessment of the level of agreement between the Post Farm-estimated competition
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coefficient and the intensity of competition at herbicide experiment sites is equally
legitimate in either case.

Because on-site estimates of gsy,.x were used, this model accuracy assessment is
equivalent to testing the level of agreement between the Post Farm estimate of 8-and the
B value that is intrinsic to other sites. However, this assessment also tests the predictiye '
ability of a systeﬁ that relies on within-site estimates of gspax and Is, along with the Post
Farm competition experiment-derived estimate of 8, to predict grass biomass.

Grass biomass was averaged across all not-treated plots, and this a\‘/erage was
calculated for herbicide-treated plots within an herbicide ex;.)eriment;year combination.
Model predictions were formulated for each plot, and predicted grass biomass values
were then averaged across all not-treated plots within an herbicide experiment-year
combination, and this average was calculated for predicted grass biomass in herbicide—
treated pllots. Average predicted and observed not-treated grass biomass were compared '
for this accuracy assessment, as were average predicted and observed herbicide-treated
grass biomass (Figure 3.8). |

Typically, ‘accuracy ésséssments are éonducted onraw data. Averages were used in
this assessment because leafy spurge and grass abundances varied substantially among
plots that did not receive herbicide, which suggests that there was considerable within-
expeﬁﬁent variation in plant productivity. The rational for averagiﬂg plant
measurements is that if herbicide treatments are randomly assigned to plots then the

following equality will hold:

n—>+co n inl

(1a 12 -
lim (_Z gSmax, nt,i — —zgslma'x, tr, i j =0 - (312)
B ¢ R ,
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The subscript n is the number of plots and nt and tr subscripts denote not-treated and
herbicide-treated plots, respectively. As plot number iﬁcreases, the equality is more |
closely approximated. Within-site values of 8 are most accurately estimated by
averaging plot biomass values. so that the influence of small-scale variation in gsmay is
minimized. In addition to bett@r assessing within-site 3, a.verage-basec\l model evaluations
are particularly relevant to managers, because managers are interested in predicting .
average states of management units, not the state of a few small plots within management
units.

The predictive abiiity of (3.10) appears to be similar across the range of grass
biomasses observed (no obvious funneling or other patterns in the .residuals) (Figure 3.8).
Often ﬁpper right data points within pairs are closer to the predicted = observed line than
are lower left data points, which suggests that the model predicts grass biomass in treated
plots more accurately than in not-treated plots. This may have resulted because gsma, was
estimated from plots where herbicides removed much of the leafy spurge biomass and |
inter-site differences in B will not influence prediction accuracy as dramatically if leafy
spurge abundance is low.

Slopes between not-treated and tregted data points are similar to the predicted =
observed line for several site-year combinations, which suggests that competition
intensity at the Post Farm is often similar to competition inténsity in naturally occurring
infestations (Figure 3.8). The simiiarity in competition intensity was observed in spite of
differences between the grass. species used to develop the models and grass species
present at herbicide experiment sites. Slopes are more and less steep than that of the

observed = predicted line for some site-year combinations, suggesting that competition
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intensity at the Post Farm is between the extremes. There is a longstanding disagreement
over whether competition becomes more intense (Grime 1973, Keddy 1989) or stays
similar (Newman 1973, Wilson 1991) with increasing plant productivity. These data '
demonstrate that there are not strong relationships between competition intensity and
plant productivity within the range of plant productivities that occurred at herbicide
experiment sites.

Figure 3.8 must be appraised with some caution. If average plant productivity of not-

treated plots was substantially less than average plant productivity of treated plots, slope

"> 1 would result. If average plant productivity of not-treated plots was substantially’

higher than in treated plots, herbicides injured grasses and/or grasses did not fully
respond to invasive plant removal before data were collected, slopé <1 would result.

The imperfect relationship between reported leafy spurge biomass and estimated stem
length m™ also influenced this accuracy assessment to some extent (Figure 3.2). Itis
logical to aséert that most sources of error in the herbicide experiments will under-
represent prediction accuracy of (3.10). However, slopes with values similar to 1.0 could
also erroneously result from herbicide injui’y, trends in plant productivity, imperfect
knowledge of the relationship between total stem length and leafy spurge biomass, and
measurement of grass biomass that occurred before grasses equilibrated to leafy spurge

removal.

Accuracy Evaluation of Grass Model using SPRE. Model (3.10) was also evaluated

using SPRE data. Grass biomass in picloram-treated SPRE plots was predicted with

(3.10). Picloram is a dicot-specific herbicide that occasionally injures grasses.
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To conduct the accuracy assessment (3.10) was solved for gs, ~ gsn;,ax.

log(gsy) = log(gs) + Blsa—1Is) (3.13)
Subscripts refer to not-treated plots (n) and pic}oram—treated plots (p). The term gs; is
analogous to gSmax because little or no leafy_ spurge remained after picloram was applied.
The term Is, accc.)unts‘ for leafy spurge and other non-grasses that were not killed. The Is
terms denote all non-grass plants, and almost all non-grasses in SPRE were leafy spurge.
Measurement of predictor and response variables occurred within the same year, and
thefefore, this assessment aoes not account for inter-year variation in plant productivity.
Because small plots with uniform vegetation were carefully selected, this assessment was
less hindered by small-scale intra-site variation in plant productivity than was the
evaluation that relied on herbicide experiment data. Because stem length was measured
in SPRE experiments, the imperfect relationship between this metric and .leafy spurge
biomass did not affect this accuracy assessment.

Model (3.13), wlﬁch is analogous to (3.10), predicted low SPRE grass biomass
values fairly accurately but qver—pfedicted in the high-biomass region of the predicted
space (Figure 3.9A).' Over-predictions were greatest in SPRE that had high leafy spurge
abundance and low grass biomass before picloram application. Over-predictions may '
have resulted because insufficient time elapsed between leafy spurge removal and grass
measurement. If grasses were highly suppressed and did not have time to equilibrate to
leafy spurge removal before biomass measurement (did not have time to reach a zero-
growth isocline), the model would over-predict.

To test this possibility, prediction accuracy of 4gs was evaluated. Rates of biomas_s

increase are taken into account with this model. Leafy spurge control efforts began in
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spring of 2001, but leafy spurge did continue to compete with grasses during this }}ear to
some extent. Leafy spurge was almost completely controlled going into the spring of
2002, and grasses began an unhindered equilibration to leafy spurge removal. Therefore,
grass biomass was projected one time step (one growing season) with a model that is
analogous to (4gs).

log(gsp) = log(gsnexp[res(1 - (log(gsn) * Blsp)/log(gsmax))] (3.14)
The variables gs, and gs, were measured in the same year, but an analogy: gs, ~ gsu1, g5n
~ g8, Isp =~ Isy, is relied on for this accuracy assessment. The parameters Iys and B are the
‘Post Farm-estimated intrinsic rate of increase and interspecific competition coefficient,
respectively (Table 3.1). The gsmax term was estimated as:

10g(gsmax) = log(gsn) + Blsy (3.15)

which is (3.10) solved for gsmax- The S value is the least-squares estimate of this
parameter from Post Farm Experiment 2. The time series niodel (3.15) outperformed the
zero-growth isocline of this same model (3.10) (Figure 3.9B), which indicates that more
than one full growing seasoﬁ ﬁlay be required for grass biomass to reach gsy.y if grass is
greatly suppressed prior to leafy spurge removal.

There are other phenomena that could explain over-predictions with the zero-growth
isocline model. For example, leafy spurée produces large amounts of litter that can
persist for several growing seasons. Perhaps grass biomas:s did nof fully equilibrate to
leafy spurge removal because leafy spurge litter competed with grass (Grime 2001). |

Figures 3.9A and 3.9B must be interpreted cautiously. In spite of efforts to carefully

select uniform plots, there were inter-plot differences in plant productivity, and
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undetected herbicide injury may have occurred. However, most likely these factors

would lead to underestimated prediction accuracy.

Accuracy Evaluation of Leafy Spurge Model using Seeding Experiments. Data from

two seeding experiments were used to evgluate prediction accuracy of (3.7), which is the
zero-growlth isocline of 51s (Lym and Tober 1997) (Table 3.1). Seeding of several grass .
species followed application of the non-selective herbicide glyphosate, the dicot-specific
herbicide 2,4-D and tillage at the Fargo and Jamestown, North Dakota research sites. -
Some plots received herbicide and tillage but were not seeded. Grass, leafy spurge and
other-plant abundance were estimated at the end of the three sequential growing seasons
following the year of grass seeding. Leafy spurge biomass was converted to stem length
using the linear fegression relatiohshfp developed from Post Farm data and SPRE (Figure
3.2).

Leéfy spurge was predicted and observed for each grass species treatmént in each
experiment. Observed and predicted values were calculated‘ for each of the three years of
data. The Ismax parameter of (3.7) was estimated year- and site-specifically as:

ISmax = I8ps(1 + @/gSns) . (3.16)
which is (3.7) solved for lémax. The ns subscript refers to not-seeded plots. It was
possible to use data from not—see&ed plots to estimate Isy,x because leafy spurge
recovered from use of 2,4-D and glyphosate very quickly. These herbicides kill plants
that exist at the time of appliéatiOn but have little of no residual effect. The a value was
derived ﬁsing léast-squares estimation of Post Farm data (Table 3.1). All non-seeded plot

data were used to estimate Is,,x, and these data were subsequently excluded from the
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accuracy evaluation. The predictive ability of the following model, which is analogous to
(3.7), was evaluated: |

log(lssa) = 1og(Ismax(1 + @gssa) ™) (3.17)
The Is terms represent the combined abundance of leafy spurge and all other forbs. The
sd subscripts refer to seeded plots. Because sy, was estimatéd within each site-year
combination, this accuracy evaluation does not take inter-annual variation in plant
productivity into consideration. .

Data from Fargo are scattered about the predicted = observed line (Figure 3.10) while
the modei consistently o‘ver—predi‘cts leafy spurge abundance at Jamestown (Figure 3.1 1).‘
Grasses may have been more competitive at Jamestown than at the Post Farm apd Fargo,
or leafy spurge may have equilibrated to herbicide use more slowly, which would |
indicate a smaller value of 1js at Jamestown than at the Post Farm and Fargo. Each
symbol within a graph represents a different grass species, and these data suggest that all
grasses competed similarly with leafy spurge on a'per unit biomass basis (Figures 3.10
and 3.11).

" Cautions applied to the previously presented accuracy a‘ssessméﬂts are also relevant to
this assessment. The imperfect relationship between leafy spurgé biomass and stem

length per unit area may be especiaili/ important because leafy spurge is the response

variable in this assessment (Figure 3.2).

Accuracy Evaluation of Leafy Spurge Model using SPRE. Accuracy of (3.7) was

evaluated using SPRE data. This model was used to predict leafy spurge abundance




Cc2

#C+!
hu TH62
D6C H H62
%s$, $ ) (%+ "+ #&+N, "%20
AX 1
#C+!
%S, $ ) (%+ "+ #&+N, "%20
ce2 X1
#C+!
%S$, $ ) (%+ "+ #&+N, 120

1+'% 46536 %!, $-%' & %-$# ) (%+ $ )%& +% '+
A(% " &S, $" % %+&1 &% >& N "$ & % 5==HO6 % $!, $
“H# % $%-$)%& 0%&+%& !&H#H" &) & % &S # 'S

# %% 1 &) ,&(!1&",&)),!" N&%X 3633CO )%& & %6
(% % Al #) (%+ #"+ "%21" " &)+% 6 !

(% % ! $)%& #) (%+ N"O "$+% N+"0O "$" I"

" $S(H& 6 #"+ IS ((#"+ %+% 1&" %# 1&" I( &
#) (%+ 1& -# % % (&% $!"  $I"+ A(%! "

"ol N 1+'% 46206 (% $!, &% -%! # N+ NVO! +% 1& I" $$

#& 6 , $ (&" 1" +%( &%% (&'S & $))%" +% (,! 6



C4

AX 1
#C+!

:6:
%3, $ ) (%+ "+ #&+N, 20
AX 1SN5\ 6 ++ T
X#"N 5\36 +"0O
kH62 po

%S, S ) (%t "+ #&+N, 120

AX 1

#C+!

%%, $ ) (%t "+ #&+N, 20

1+'% 46556 %Sl $-%' & %-$#) (%+$ )%N& +%  $I'+
A(%! " &%, $" % &"1 &% >& N "$ & % 5==HO6

%S, $-# % $%-$)%& 0%&+%& !&H" &) & % &$#
"$# Yo 1 &) L& (!&",&)L!I" N X 3633CO )%&

& %6 (% % Al #) (%+ #'F "%2I" " &)

4% 6 1 (% % ! $)%& #) (%+ N"O "$+% N+"O
mGTOIMT S (H& 6 #'+ 1S (" %+% 18"

W 1&" I &# ) (%+ 1& -# % % (&% $ 1" $I"+ A(%! "
"ol N 1+'% 46206 (% $!,&%-%! # N+ 0! +% 1& " $$

#& 6 ,$ (&" !!" +%( ,&%% (&S & SN %" +% (, 6



X &+N O X #&+N# 'N# \ 3633CN+ " + OOO

c62 C6: CeD C6C = =62 =6: =6D

%%, $ ) (%t "+ #&+N, RO

1+'% 46526 %$!, $-%' & %-$#) (%+ H#'+ $ )%& 6 "
"Ll $"& -%+ +% N+ O "$ -%+ #) (%+ N O (%&S$,1&" "
& % $H& &) , 1'% $"& "$U, & (#& % $!

GASIL L1 +% (N, %1I1$6 , & %-$-# | #) (%+

" Al % S(H&6 ! # 8%"&+% % I"$!" &A S

=6C 53 5362

% $#H& N+ -# % ##06 %3, $-# % $%!I-$)%& 0 %& +%&

1&H" &) | %l &$# N &S )%& & % A(%! " I+

# Y% 6 . 3633C (% %$ %! I &)+% &"#) (%+

(%&S$,1&"6 , $ (&" & )%& $N)%" A(%! "1 "$ A(%! " %
&S S SN %" #&, 1&" " %" &" "6

M#H& % &A P! % & $+% N I+'% 465206 &$# N4G6HO  &#- $ )&%

5A8C
&+N O X #3+N# N \ )N+" + 000
L 11" )&%  AB C%l( $'& &' &AS! % B (#& I
. A(%! "6 AX U 1TTI&M T ((%&(%! ' # # &% "& +%
% I"$I" &AS! % $H& 1 "$+  I"#$S$ & ,&" )&% +%
"& S $6 % %)% &# ) (%+ "$  ## S, &)& % )&%
% (% " I" & 6 /., (%%, &% "$% (& -%!' # % '%$

P +%& "+ &"1 ! )%, & & > 1" % "™ #

N465CO



85

variation in plant productivity into consideration. Because leafy spurge stem length was
measured in SPRE, this accuracy assessment is not hindered by the imperfect relationship
_between stem length and biomass. Other cautions applied to the other accuracy |
assessments also apply to this assessment. |
The Post Farm model predicted leafy spurge abundances in SPRE with considerable
accuracy. Observations are scattered about the predicted = observed line in a manner that '

suggests that the model does not systematically over- or under-predict.
Conclusions

Models that contain growth rate, competition and carrying capacity parameters explain
some variation in leafy spurge and grass production within Post Farm addition series
experimentg (Table 3.1). Ability of these models to predict plant community response to
two types of invasive plant management-caused pertur&tions was tested. Quasi-
permanent changes in species abundances, such as those that result from species
iritroduct'ions (e.g. grass seeding of invasive plant-infested communities), represent the
PRESS perturbations of (Bender et al. 1984). Invasive plant managemént—caused
perturbations that alter invasive plant abundances temporarily and then allow
communities to relax toward equilibrium (e.g. herbicides) are of the PULSE variety
(Bender et al. 1984). The Post Farm models explaiﬁed variation in the response of leafy
spurge and grass production to both kinds of perturbations in several naturally occurring
communities.

Models with combined western wheatgrass and Kentucky Bluegrass biomass predicted

data from addition series experiments as accurately as models that have separafe terms

t
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for each grass species. There also did not seem to be any consistent by-species
differences in the competitive abilities of the several other grasses that were present in

herbicide and seeding experiments (Lym and Tober 1997) (F igﬁres 3.11 and 3.12).
Several studies support the theory that per unit biomass competitive effects of many plant
species are similar (Goldberg 1987, Mitchell et al. 1999, Peltzer and Kochy 2001). These
findings suggest that the grasses that grow in association with leafy spurge might be
considered collectively in a modeli:ng and prediction context.

To apply this chapter’s models to management situations, managers would need to
provide an estimate of the effect of management strategies‘ on targeted vegetation (e.g.
the proportional increase in grass produétion caused by grass seeding or the proportional
decrease in leafy spurge reduction caused by herbicides). Therefore, the models will
become more useful with an improved ability to predict the direct effects of management.

Models described in this chapter should be viewed as a i>ortion of a more

comprehensive project focused on modeling interactions among leafy spurge and grasses.
This chapter describes a successful attempt to select models with realistic properties.
However, prediction error was substantial in every accuracy assessment, and this error
must be quantified to fully represent the predictive ability provided by the models. The
deterministic models of this chapter are transformed into stochastié models in Chapter 4.
The stochastic models qﬁantify prediction uncertainty by predicting »the probabilities that

given leafy spurge and grass abundances will occur in response to management actions.
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CHAPTER 4

STOCHASTIC MODELS F OR FORECASTING RESPONSE OF INVASIVE PLANT-
INFESTED COMMUNITIES TO MANAGEMENT

Summary

In this chapter, Bayesian techniques are used to transform deterministic models from
Chapter 3 into stochastic models. The stochastic models are used ’;o estimate
probabilities that leafy spurée and grass abundances will exceed specified values or
occupy specified intervals in response to ﬁmagement actions. Bayesian prior probability
distributions are often used to describe understanding of model parameters before newly
available data are considered. Prior probability distributions of competition coefficients
were developed from meta-analysis of herbicide, seeding and selective plant removal
experiments. These prior probability distributions and non—infc_)rmativé prior probability
distﬁbutioné describing plant population grov;/th rate, carrying capacity and random error
parameters were updated with data from competition experiments using likelihood
functions. This updating resulted in Ba&esian joint posterior probability distributions that
describe complete understanding of parameters in light of all available data. By usihg
. posterior probability distributions of this chapter as prior probability distributions when
within-management unit data become available, within-management unit refinement of
parameter estimates can be accomplished and management unit-specific forécasts of
grass and leafy spurge abundances caﬁ be formulated. Posterior probability distributions
of this chapter can also be used as prior probability distributions when predictive models

are developed for other invasive plant and grass species.
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Introduction

Managers use herbicides, biological control, seeding, and grazing to minimize
invasive plant abundance and impact. Monetary costs and species compositions resulting
from management are the primary considerations that drive selection of management
strategies. Si)ecies compositions are unknown quantities that must be predicted.
Managgrs will become better equjpped to select optimal invasive plant management
strategies as predictions of management-induced shifts in species compositions improve.

In the future managers may consider ecological impact of invasive plants when
selecting management strategies, but current understanding of impact is such that many

. ecological factors cannot be considered. However, species compositions play a large role
in determining ecological condition, and researchers are beginning to ekplor’e the
relationships between species compositions and ecological impact '(D'Anionio and
Vitousek 1992, Blossey 1999, Blossey et al. 2001). By predicting species compositions,
insight is gained into the future state of the entire suite of ecological, aesthetic and
‘monetary factors that establish whether or not use of any given finvasive plant
management strategy is warranted.

Predictive population and competition models have been developed for invasive plants
(Kroon et al. 1987, Solbrig et al. 1988, Lonsdale et ai. 1995), and in some cases model- ’
Baéed predictions of plant abundances have been fairly accurate (Gillman et al. 1993). | /
Some researchers have suggested that population models might be used to predict plant
abundances resulting from proposéd’ invasive plant management actions (Shea and Kelly

1998, Parker 2000). However, several random processes cause uncertainty in model-
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based predictions of p'lant abundances. These random processes, all of which are -
outlined in detail in Chapter 1, include efficacy of invasive plant management strategies,
competition intensity, intrinsic plant growth rates, plant carrying capacities, plant
abundances per unit area within management units, species compositions, random error,
and magnitude of random error. Stochastic models have been used to quantify some of
these random processes (Solbrig et al. 1988, Pandey and Medd 1991, Jordan 1992). This
chapter relies on Bayesian techm'qﬁes to develop stochastic models tﬁat quantify and
reduce many of the-sources of prediction uncertaiﬁty described in Chapter 1. To the best
of my knowledge, these models constitute the first attempt to forecast invasive and
desired plant abundances resulting from maﬁagem_ent actioﬂs. Bayesian techniques
provide enough flexibility to allow data from various invasive plant research projects
(e.g. herbicide and seeding experiments) to contribute to parameter estimation, and
estimate probabilities that grass and invasive plant abundances will occupy specified

intervals or exceed or fall below specified values.

Model Development

In Chapter 3, determiﬁist'ic leafy spurge and grass models were developed/selected '
using data frpm competition experiments. Model predictive ability was evaluated .ﬁsing
data from herbicide, seeding and selective plant rerﬁoval experiments. In this chapter, all
data described in Chapter 3 are ‘us_ed to develop stochastic versions of the deterministic
models. The stochastic models forecast leafy spurge and grass abundances (i.e. these
models predict the probability that particular leafy spurge and grass abundances will

occur in response to management).
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Model that Forecasts Grass Biomass over Time .

Management applications of models that forecast grass biom;ss over time are outlined -
in Chapters 1 and 3. In Chapter 3, the following model, which is based on the Lotka-
Volterra model, was selected for predicting grass biomass:

gstr1 = (gsiexplrgs(1 - (10g(ést) + Blst)/1og(gSmax)) egs (4.1)
The combined biomass (g m™) of all perennial grasses that grow in association with leafy
' spurge is representgd by gs. The t and t+1 subscripts refer to thé end of the current and
next growing .season, respectively. The rg paramefef is the intrinsic ra/te of grass biomass
increase, Is is leafy spurge stem leﬁgth (cmm?),Bisa competition coefficient that
. describes impact of leafy spurge on grass biomass production, and gsy.x is equilibrium
end_—of—the-growiﬁg-season grass biomass (g m™) in the absence of leafy spurge. The
error term‘ accounts for all factors that influence gs+1 (e.g. insect herbivory, hailstorms),
except for the factors that are explicitly governed by other model terms. It is assumed
that error is lo gnormally distributed (egs ~ logN( l,ae,gsz))f. This assumption is often
invoked with the use of logistic population growth models (Hilborn and Mangel 1997).

Herbicide and selective plant removal experiment (hereafter SPRE) data and 2001 and
2002 data from Post Farm Experiment 2 were used to estimate model (4.1) pgrameters.
Data from Experiment 1 were not used because: ‘1) Iy cannot be estimated because scatter
plots indicate that Experiment 1 plant abundances were near equilibrium before
measurement began, and 2) Eiperiment 1 log(gSmax) Was much lower than Experiment 2
log(gsmax).- The average weight of grass biom'ass i_n leafy spurge-free plots was 175-g in

Experiment 1 and 627 g in Experiment 2. The lower log(gsmax) of Experiment 1 may

have resulted from a soil hardpan layer.
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Good introductions to Bayesian statisﬁcs are available (Ellison 1996, Hilborn and
Mangel 1997). Bayesian techniques were used to eétimate the Bayesian joint posterior
probabiiity distribution of model (4.1) parameters (P(rgs, 5, 108(8Smax), Tegs| data)). This
probability distribution represents the understanding of model parameters that results
from all availablg data. This distribution is proportional to the product of the likelihood
function (L(data| rgs, B, 108(gSmax), Oegs)) and Fhe joint pn'or probability distribution of
model parameters (P(xgs, 8, 10g8(gSmax), Tegs))-

P(xgs, B, 10g(gSmax), Te,gs| data) o
L(data| 1, B, 1Og(gsmaxh)a T eg5)P(Tgs; B> 108(8Smax), Tegs) (4-25

Likelihood Function for Parameters of Model that Forecasts Grass Biomass over

Time. A likelihood function that follows the normal distribution in the natural log space
was used because of the assumption that (4.1) error is lognormally distriiauted. The

following likelihood function represents data from Post Farm Experiment 2:

L(data| Tgs, B, log(gsmax), O e,gs) =.

2 1 _ (log(gst +1,i) ~log(f (res. B, Ist, gsv, i, log(gsm))))?
H -\/E Xp( 20'8, gs2 J (43)

i=1 O¢,gs

The deviation is the squared difference between the natural log of the observed (gsi+11)

and predicted (f (res, f, Isti, gsti,log(gsmax))) grass biomass. The n subscript denotes the

number of plots (i.e. rows in the data matrix) used in the analysis (n = 108).

Prior Probability Distribution of Parameters of Model that Forecasts Grass Biomass
over Time. The Bayesian joint prior probability distribution describes understanding of

model parameters before data that make up the likelihood function (i.e. Post Farm data)
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are considered. A prior probability distribution with no interdependence among model
parameters was selected for this analysis because of a lack of knowledge about
interrelationships among parameters. Specifying a prior probability distribution with no
relaﬁonships among parameters can be thbught of as specifying a separate prior
probability distribution for each parameter. If the likelihood function contains
information about interrelationships among parameters, tilen multiplying the prior
probability distributions by the likeiihood fuﬁction will result in a posterior probability
distribution that reflects these interrelationships.

Uniform prior probability distributions were used for rgs, log(gsmax) and Tegs (fgs ~
U(0,4.47), log(gsmax) ~ U(0,7.60), 0egs ~ U(0,0.83)). Uniform priof probability
distributions are often referred to as non-informative or flat prior probability
distributions. When uniform prior probability distributions are used, only the data that
make up the likelihood function (in this case the Post Farm data) determine the shape of
the posterior probability distribution over established limits of the parameter sp;ce.
Uniform prior probability distributions were used because, other than Post F arm data,
there was no information on these pérameters. The lower limit of the r;, log(gsmax) and
U egs parameter space was set at 0 because these parameters rﬂust be positive. ”fhe upper
limits of rgs and o7 gs Were set to correspond with L(data| rgs) ~ 0 and L(data| 0egs) ~ 0,
respectively. If the likelihood of data given parameter values is very small (~ 0) then the
values of P(rg) and P(oe) are irrelevant in computing the posterior probability
distribution of parameters. Unless otherwise specified, this same rational was used in .

setting upper limits on uniform prior probability distributions throughout this chapter.
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The probability distribution of log(gsmax) had an unrealistically long right-hand tail

when the upper limit on the parameter space was set to correspond with L(datal
log(gsmax)) = 0. Consequently, the upper limit was set ét log(2000 g m?)=7.60 gm™
This boundary is justified because plots from other Post F arm.Experiments did not
produce even half this much grass biomass (Carpinelli 2000, Sheley et al..2002).
Furthermore, the greatest grass biomass of any plot in Post Farm Experiment 1 and 2 was
only 1196 g m™.

Herbicide experiment and SPRE data were used to develop a pri_‘oi‘ I;robability
distribution for ,B In herbicide experiments, leafy spurge, grass and other-plant
abundances were estimated at the end of growing seasons in herbicide-treated and not-
treated plots. Although occasionally injuring grasses, herbicides in these experiments
target leafy spurge and other dicot plants. To éllow grasses to equilibrate to dicot
removal, only data from years subsequent to the first year of herblicide ap.plicatio-n were
used. There was very little or no vegetation other 1\:han grass and leafy spurge at most
herbicide experiment sites. Other-plant abundanc'e was combined with leafy spurge. I
feel the assumption that all non-grass plants have similar competitive influences on
grasses is r‘nore tenable tha;l a;sumptions embodied in combining other-plant abundance
(other plants were primarily forbs) with érasses "or leaving other plants out of the
‘analysis. Leafy spu‘rge biomass was measured in herbicide eiperiments, and these data
were converted to stem length m™ using a linear regressioﬁ relationship developed from
Post Farm and SPRE data (Figure 3.2). Data were not used if grass herbicide injury was
reported or if herbicides did not reduce leafy spurge biomass. Data from 20 site-year

combinations were used ((Maxwell 1984) (one site for two years), (Vore 1984) (one site
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for four years and one site for one year), (Gylling and Amold 1985) (one site, average .of
.two years), (Lym and Messersmith 1985a) .(one site for one year, two sites for two years),
(Hein 1988) (one site for two };ea'rs), (Lym and Messersmith 1994) (two sites for two
years), (Markle and Lym 2001) (average of two sites for one year)). Each site-year
combination had a large gradient in leafy spurge abundance because some herbicides
killed a large proportion of leafy spurge in each site-year combination and each
experiment had some plots that did not repeive herbicide.

The following model was fit ‘1:0 data from each site-year combination to generate 20
point estimates of 3: |

|  log(gs) = log(gma) -Als (4.4)

This model is the zero-growth isocline of model (4.1). The Is predictor variable refers
collectively to leafy spurge and all other non-grass plants within herbicide experiments.
It was assumed fhat herbicide experiment plant communities were at caﬁying capacity in
order to generate estimates of ,B with (4.1). At carrying c_apaci"cy there are not
simultaneous net gains in the abundances of both leafy spurge and grasses, but grasses
may be displacing leafy spurge or leafy spurge may be displacing grasses over time.
Therefore, the ratio of leafy spurge to grass abundance at carrying capacity may not be
the same as this ratio at equilibrium. To better justify the carrying capacity assumption,
data from the first year that herbicides were applied were not used so that grasses were
given more time to respond to leafy spurge removal.

One point estimate of 8 was derived from each of 19 SPRE using the following

equation, which is analogous to (4.4):
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B= (log(gsp) —log(gsn)) / (Isy — Isp). (4.5)
The Is predictor variable refers collectively to leafy spurge and the few other non-grasses
that were present at some SPRE sités. The p subscript refers to grass (gs,) or non-grass
(Isp) abundance in the plot within a SPRE that received picloram to remove non-grasses,
and the n subscript refers to average plant abundancesl(gsn and Isp) in the two plots that
were not treated with herbicide. Little or no i‘eafy spurge and other non-grass abundance
remained in picloram—treéted plots (Is, = 0). To generate estimates of 8 with (4.5), was
assumed that SPRE piant communities were at carrying capacity. Herbicides were
applied in mid-May 2001 and grasses were not measured until early Aﬁguét 2002.
Allowing nearly two growing seasons for SPRE plant communities to equilibrate to leafy
spurge removal helped justify this assumption.

To estimate the prior probability distribution of 8 (8 ~ logN(-9.0,0.83)), herbicide

experiment and SPRE estimates of this parameter were grouped in a histogram, and a

lognormal probability distribution was fit to this histogram (Figure 4.1). |

. Posterior Probability Distribution of Parameters of Model that Forecasts Grass

Biomass over Time. The Bayesian joint posterior probability distribution of model (4.1)

(P(rgs, B, Io g(ésmax), O egs| data)) parameters was simulated by using a form of Markov
chain Monte Carlo integration (Gilks et al. 1998). Hereafter, 6 will denote a vector that
contains one parameter value for each model parameter. Initial values were set for each
parameter of 4.1, and L(data| 6,)P(6;) was evaluated for the parameter vector (6;). New
parameter values were then proposed, and L(data] 0:+1)P(0:+1) was evaluated for thé

proposed vector (6:+1). The proposed vector was determined by adding












































































































































































