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a b s t r a c t
Plants inhabit spatially and temporally heterogeneous habitat with various landscape characteristics
inﬂuencing growth, survival and reproduction. Utilizing microhabitat variables such as slope, elevation
and aspect can allow for a spatially explicit approach to understand the important ecological drivers of
population persistence. By applying knowledge about individual plant demographics and their response
to microhabitat variables, inferences into how the entire population responds over time are made possible. We used a spatially-explicit individual based modeling (SEIBM) approach to model the population
demographics and distribution of a restored population of Cirsium pitcheri in Illinois. Using regression
analysis, we estimated model parameters for survival, growth and reproduction which were subsequently
chosen by comparing observed and projected abundances. Projected population abundances followed the
same trajectory as the observed abundances for our chosen model. Using that model, 100-year projections
revealed that this Illinois Beach population has a median time to extinction (MTE) of 16 years, presenting a comparable outlook for C. pitcheri as compared to traditional matrix modeling approaches. We
then analyzed how landscape characteristics inﬂuenced plant occupancy via hotspot analysis to determine optimum locations. Optimum plant habitat include those on low slopes and higher elevations. This
approach presents a formal modeling exercise for using spatially explicit, individual-based models to
conduct population viability analysis. By comparing this SEIBM approach to matrix modeling methods,
we afﬁrm that SEIBM are a valid tool for population viability analysis while also having the ability to
include information that is spatially explicit to the habitat upon which C. pitcheri occupies.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Population viability analysis (PVA) predicts the probability of
population extinction using computer simulations of real life history information (Ludwig, 1999; Brook et al., 2000). PVAs can
incorporate a suite of data analysis and modeling methods (Morris
and Doak, 2002) and are commonly used to make conservation
decisions for threatened or endangered species (Beissinger and
Westphal, 1998). Traditional approaches have been either countbased or of a demographic nature, where count-based PVAs treat all
individuals as identical while demographic PVAs take into account
the structure of the population using either the age or size of
the species. Demographic PVAs allow users to incorporate both
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demographic and environmental stochasticity to account for the
unpredictable randomness in population dynamics thereby adding
greater predictive power (Morris and Doak, 2002). A less commonly used approach is spatially-explicit individual based model
(SEIBM), which track the position of all individuals in a detailed
landscape habitat over the course of several to thousands of generations. SEIBMs are data-hungry, requiring unique data types, such as
information on dispersal patterns, local habitat-speciﬁc demography, and the distribution and quality of real world habitat (Radchuk
et al., 2016). However, with increasing numbers of detailed longterm data sets, researchers can now study population dynamics at
the spatial and temporal scales at which they operate.
With long-term datasets, researchers now have access to more
data-intensive modeling methods for evaluating the success of
potential conservation actions in relation to management goals
(Menges and Kennedy, 2007; Pavlovic and Grundel, 2009; Thorpe
and Kaye, 2011). Discovering spatial patterns can lead to insights on
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the important drivers of threatened and endangered plant population persistence and the effective management of these populations
(Girdler and Radtke, 2006). In a spatially and temporally heterogeneous habitat, landscape characteristics inﬂuence the growth,
survival, and reproduction of a species (Alexander et al., 2012). For
example, in dune systems, localized factors such as temperature,
sand accretion, erosion, and burial can inﬂuence plant establishment (Maun et al., 1996). Dune environments can be especially
harsh, presenting microhabitat gradients, along which optimum
habitats may occur that maximize conditions important for the
successful establishment of species (Marteinsdóttir et al., 2013).
Topographic characteristics of microhabitats can have strong inﬂuences on species distributions (Marshall, 2014). Slope, elevation,
and aspect can impact nutrient availability, access to sunlight, and
water uptake, all of which have strong impacts on plant demographics (e.g. steeper slopes can increase the probability of sand
burial reducing survival) (Hesp, 1991; Maun et al., 1996). By applying knowledge about individual plant demography in response to
microhabitat variables, we may project their entire population size
and extinction probability over time.
Using the emergent properties of individual-based models, we
modeled the population dynamics and spatial distribution of a
restored population of an obligate sand dune monocarpic perennial
thistle (Cirsium pitcheri) in a shoreline dune system in the Illinois
Beach State Park using 17 years of historical demographic data
collected from 1997 to 2014. We aimed to identify the relationship between landscape characteristics and C. pitcheri population
vital rates. More speciﬁcally, we used general and generalized
regression analysis to quantify the effect that habitat variables (e.g.
slope, elevation, and aspect) have on plant survival, growth, and
fecundity. We then used these parameter estimates to develop a
spatially-explicit individual-based model that can be used to conduct population viability analysis (SEIBM-PVA). After validating the
model, we extrapolated the C. pitcheri population 100 years into
the future to evaluate persistence and distribution. In addition, we
show how the use of a SEIBM can help identify optimum locations
for C. pitcheri persistence as identiﬁed through spatial analysis of
occupancy levels in regards to microhabitat characteristics. Finally,
we compared SEIBM-PVA with traditional PVA approaches, such
as matrix modeling, to understand how these approaches differ
with respect to the inclusion of both demographic and environmental stochasticity. However, our current SEIBM-PVA models do
not incorporate environmental stochasticity. We thus compared
our projections to matrix model approaches that lack spatial data
but do include environmental stochasticity. By exploring the demographic importance of slope, elevation, and aspect, our approach
provides a more detailed view of population dynamics of C. pitcheri
in the hope of improving management of this species.

2. Methods

2.2. Study system
This restored study population is located along the shores of
Lake Michigan at Illinois Beach State Park near Zion, IL, which is
former habitat for this species from which it was extirpated early in
the 20th century. This restoration represents the only known population in Illinois, except for a recent experimental introduction in
dune habitat in Chicago (Zhanna Yermakov, pers. comm.). Cirsium
pitcheri habitats at Illinois Beach include grass-dominated, northsouth trending foredune, secondary dunes, and adjacent dune ﬁelds
ranging in height from 178 to 180 m (McEachern et al., 1994). Dune
habitat has greater than 75% open sand in patches with a shrub
matrix extends inland up to 100 m (Bowles et al., 1993). Plants
occupy approximately 350 linear meters of the shoreline that is
separated into north and south units divided by the Dead River, a
slough that drains adjacent wetlands into Lake Michigan.
2.3. Field methods
This study uses demographic data from a restored population of
C. pitcheri initiated in 1991 with the goal of creating a viable, selfsustaining population (Bell et al., 2002). From 1991 to 2000, a total
of 854 C. pitcheri greenhouse propagated plants were planted annually. Each year, depending on the number of greenhouse propagated
plants available, transplants were planted across the suitable dune
habitat in either circular plots or transects extending east from a
north–south baseline (Bowles et al., 1993). We created a total of 39
plots, separated by at least 10 m each, many of which involved a
single transplant event. Each year the locations of transplants varied along elevation and slope gradients (Bell et al., 2003). The ﬁrst
natural recruit appeared in 1993 with the last surviving transplant
recorded in 2005. Every year, demographic monitoring took place
in which all plants were given a unique identiﬁer with the location
of each plant recorded, and demographic data, including life-stage
(seedling, juvenile, ﬂowering) and size (root crown diameter) measured. All plants were mapped relative to permanent transects or
plot markers via distance and azimuth. In 2000, sub-meter GPS
(global positioning system; Trimble TSC1) locations of permanent
markers were recorded and mapped locations from previous years
were converted to UTM (Universal Transverse Mercator) units. In
2006, remote sensing of the site was undertaken, resulting in the
creation of a high-resolution digital elevation model (DEM; resolution 0.25 m). From this DEM, we extracted the GIS data (elevation,
slope, and aspect) used in this study.
2.4. Modeling approach
The model description for the spatially-explicit individual based
model follows the ODD (Overview, Design concepts, Details) protocol (Grimm et al., 2010). The model was written in Netlogo
5.2.1, an open-source agent based modeling (ABM) software suite
(Wilensky, 1999).

2.1. Organism
Pitcher’s thistle (C. pitcheri) is a federally threatened dune thistle inhabiting early to mid-successional upper beach, foredune,
and blowout habitats along shorelines of the upper Great Lakes.
Individual plants and populations colonize disturbance patches
in these habitats, persisting until surrounding vegetation closes
(McEachern, 1992). This monocarpic species reproduces only once
in its lifetime with seeds usually dispersed within 1 m of the parent
plant (McEachern et al., 1994). Plants generally remain in the juvenile, pre-reproductive stage for 4–8 years, during which root crown
diameter and the size of the plant are highly correlated with growth
and survival wherein plants must reach a certain size threshold
(>1.1 cm) before ﬂowering (Loveless, 1984).

2.4.1. Purpose
The purpose of the model is to project population persistence
within the spatially heterogeneous Illinois Beach habitat 100 years
into the future. The resulting model will aid in managing the Illinois
Beach C. pitcheri populations through assessment of population
viability and identifying optimum restoration habitat based on
landscape characteristics.
2.4.2. Entities, state variables, and scale
The entities of this model include plants and patches. Plant state
variables include stage (seedling, juvenile, ﬂowering), root crown
diameter in cm, an individual numeric ID, and the current location in Cartesian coordinates. Patches represent the habitats from
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Table 1
Parameters used in regression equations.
Abbreviation

Description

Unit

C
S
E
A

Root crown diameter
Slope
Elevation
Aspect

cm
degrees
m
Direction degrees

which the state variables were measured; they include slope, elevation, and aspect (direction of the slope upon which the plant is
situated) (Table 1). Individual patches represent 0.5 m2 of habitat.
The model proceeds in yearly time steps. We chose to use only C.
pitcheri populations south of the Dead River, as those plants have
not been subject to population augmentation after 2000. Our study
area is approximately 40,000 m2 .
2.4.3. Processes and scheduling
The following processes were executed in the given order per
individual time step (Fig. 1)
1. ‘to-survive’ – calculates the appropriate survival probability
using the equation pertaining to either the seedling or juvenile stages, based on the landscape characteristics of the patch
on which the plant resides. If the survival probability is higher
than a randomly generated number between 0 and 1, the plant
survives; otherwise, it dies.
2. ‘to-grow’ – calculates the increase or decrease in root crown
diameter for all plants that survive and changes the status of
those plants to the appropriate plant size/stage class, and
3. ‘to-reproduce’ – determines the number of seedlings each reproductive plant generates and places these new seedlings on
random patches within 1 m from the parent plant.
2.4.4. Design concepts
Emergence. Emergent population demographics occur due to the
summation of individual C. pitcheri survival, growth, and fecundity
over the span of several years. Speciﬁcally, sub-populations of C.
pitcheri will change in size and spread throughout the landscape via
simulated reproductive and dispersal-related mechanisms, such as
the random choice of a neighboring patch on which a new seedling
will be established after an adult plant’s reproductive bout.
Sensing. Within our model, plant agents (i.e. discrete entities
that each represent a single C. pitcheri plant) can sense the elevation, slope, and aspect of the patch they reside in and respond
accordingly with respect to survival, growth, and reproduction.
Stochasticity. Demographic stochasticity is incorporated in
our model through the explicit simulation of individual organisms (Shaffer, 1983; Shaffer and Mason, 1985). In the survival
sub-models, we use random number comparisons to survival probability estimates for each annual time step.
Observation. At each time step, the current total population size
is displayed graphically.
2.4.5. Initial assumptions
We assume that elevation acts as a barrier to the passive dispersal of C. pitcheri seeds. Therefore seedlings will only establish either
laterally or downhill of the parent plant.
2.4.6. Initialization
Initialization involves establishing the state and landscape variables for the patches, which includes loading in the raster GIS maps
to assign the appropriate values. The ‘plants’ agents are loaded
with their corresponding location, root crown diameter, and stage
corresponding to the year in which the model starts.
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2.4.7. Input data
Model inputs for plants are based on the year the model starts.
To create each plant, the model imports the plants Cartesian location (x, y), its life-stage (seedling, juvenile, ﬂowering), and crown
diameter.
2.4.8. Parameter estimates
We use 17 years (1997–2014) of historical demographic data
on individual plants to develop linear models to parameterize our
survival, growth, and reproduction sub-models using the landscape
variables (slope, elevation and aspect). Although we had 21 years
of data (1991–2014), to make the SEIBM truly comparable to the
matrix model (described below) we chose to truncate our dataset
to allow for the creation of fully populated matrices. These landscape variables can potentially affect C. pitcheri, with the plants
less likely to be buried by sand at higher elevations, steeper slopes
more likely to be drained producing a more arid environment and
greater persistence of C. pitcheri on lake facing slopes (Maun et al.,
1996; Marshall, 2014; Halsey et al., 2017). There is no conclusive
evidence as to whether there are differences in the importance of
these variables on speciﬁc life stages. Therefore, we have chosen to
use a full factorial design to fully explore these relationships.
To estimate seedling and juvenile survival parameters, we used
generalized linear modeling (GLM) in R v. 3.2.2 (RCoreTeam, 2015)
to build fully-factorial candidate binomially distributed GLMs,
including all combinations of possible landscape variables and
root crown diameter (Tables S1 and S2). Similarly, to estimate
juvenile growth, we used linear regression involving landscape
variables in addition to the previous year’s root crown diameter (Table S3). Flowering probability was also estimated using
a binomially distributed GLM, including landscape variables and
root crown diameter (Table S4). Fecundity was modeled using a
Poisson-distributed GLM to estimate the number of seedlings each
ﬂowering plant would produce based on landscape variables and
the previous year’s crown diameter (Table S5). We have excluded
interactive effects in all of our models as we found no signiﬁcant
interaction between any of the variables.
For each model set, we extracted Akaikes Information Criterion
(AIC) values and selected those best-supported models (AIC < 2)
to include in further parameterization analyses. This resulted in
270 different possible model combinations of seedling and juvenile
survival, juvenile growth, pre-ﬂowering and seedling production to
be used in the parameterization phase of our model. Parameterization included comparing model output of population sizes from
2007 to 2014 with the observed data for the Illinois Beach population. From this, we chose the best-ranked model combinations
with the resulting parameters used in the ﬁnal equations and model
(Table 2).
2.4.9. Sub-models
Survival. The survival submodel includes two separate calculations of plant survival based on an individual plant’s current
life stage. The probability of survival for seedlings is determined
by inputting the individual plant’s patch characteristics, including
slope, and aspect (Table 2):
logit seedlingsurvival =

eb0 +bS ∗S+bA ∗A
1 + eb0 +bS ∗S+bA ∗A

(1)

Similarly, the probability of survival for juvenile plants is calculated
by inputting the individual plant’s patch characteristics including
crown diameter, slope, elevation and aspect (Table 2):
logit juvenilesurvival =

eb0 +bC ∗C+bS ∗S+bE ∗E+bA ∗A
1 + eb0 +bC ∗C+bS 2∗S+bE ∗E+bA ∗A

(2)
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Fig. 1. Conceptual diagram of spatially-explicit individual based model. Plants proceed through each submodel in the order of survival, growth, and reproduction with the
landscape characteristics (slope, elevation, and aspect) as inputs for the equations. These processes occur at each yearly time-step (t).

Table 2
Parameters used in regression equations for the best model, intercept (0), crown diameter (C), elevation (E), slope (S) and aspect (A).
Model

b0

Seedling survival
Juvenile survival
Juvenile growth
Flowering probability
Seedling count

0.56601
−57.01
10.51
0.14461
−14.987

bC

bE

−0.2149
0.8629
0.04931
0.19831

Based on these calculated survival probabilities, plants may survive
to the next year to grow, and possibly reproduce or are removed
from the simulation (die).
Growth. The growth submodel calculates the growth of each
plant based on its current stage and updates its stage if needed.
The model ﬁrst determines whether the plant has reached a sufﬁcient size to become a ﬂowering plant in the current year. This
model calculates the probability of ﬂowering using the root crown
diameter of the plant from the previous year in addition to slope
and elevation (Table 2, (3)). Comparison with a randomly generated number will determine whether the plant stage will change
to “ﬂowering”:
logit flowering =

eb0 +bC ∗C+bS ∗S+bE ∗E
1 + eb0 +bC ∗C+bS ∗S+bE ∗E

(3)

Plants that are not “ﬂowering” will undergo growth during each
time step. The growth of seedling plants is calculated based on a
normal distribution using a mean and standard deviation. To calculate juvenile plant growth, the model relies on the previous year’s
root crown diameter of the plant in addition to elevation and aspect
of the patch the plant occupies (Table 2):
Growthjuvenile = b0 + bC ∗ C + bE ∗ E + bA ∗ A

(4)

The crown diameter state variable for juveniles will subsequently
update with the new crown diameter value for each time step.
Reproduction. The reproduction submodel calculates fecundity
of the ﬂowering plants. This model applies only to plants whose
status is “ﬂowering”:
Seedling Count = eb0 +bC ∗C+bS ∗S+bE ∗E

(5)

Based on crown diameter, slope and elevation, these plants will
‘hatch’ new plants whose status will be “seedlings” (5). Our col-

0.101
−0.01732
0.00121
0.02561

bS

bA

−0.03175
−0.03505

−0.0016
−0.00231
−0.00008

−0.01785
−0.00024

lected demographic data only includes the number of seedlings
found near a ﬂowering plant, therefore, this submodel can only
calculate the number of seedlings produced. Seedling counts are
rounded to the nearest whole number. The location of the new
seedlings will be random within a 1 m radius seed dispersal range
of the ﬂowering plant. Dispersal occurs via individual seeds that fall
within 1 m of the parent plant (McEachern, 1992). Rules involving
the plants’ inability to move uphill were incorporated to represent
the relatively low probability of seed dispersal up a dune versus
down one.
Occupancy. The occupancy submodel simulates the planting of
seedlings within an area of interest. During model runs, the occupancy level of each patch is recorded with output for the both the
presence or absence of C. pitcheri at each time step with the level of
occupancy written to a data ﬁle for subsequent analysis. To evaluate whether any landscape variables inﬂuenced habitat occupancy
of C. pitcheri in the habitat, we ﬁtted a generalized linear regression
model with a binominal distribution. To illustrate how this model
allows for identiﬁcation and visualization of optimum habitat, we
chose to model an existing 357 m2 plot within Illinois Beach where
3698 seedlings were placed in a grid 0.25 m apart. The models runs
continued until the population size of C. pitcheri reached zero and
therefore at the end of the simulation, occupancy of all patches
within the plot were zero. We then imported aggregated patch
occupancy data (total number of years each patch is occupied) into
ArcMap (v 10.4, Environmental Systems Research Institute, Redlands, CA) to perform hot spot analysis (Getis-Ord Gi*). Hot spot
analyses identify whether local spatial associations exist by calculating Gi* values to detect clusters of high/low occupancy (Ord
and Getis, 1995). Detections of hotspots imply that a high value is
surrounded by patches with lower values. We then plotted the clusters of high occupancy at the 95% conﬁdence level with respect to
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landscape characteristics of slope, elevation, and aspect to illustrate
how areas of local habitat occupancy can be visualized.

2.5. Model parameterization
We used 1000 replications of the SEIBM to select the best parameter values that reproduced the observed population sizes. The
calibration period started in 2007 and ran until 2014, which was
the last year for which we have data. Using 270 possible model
combinations from the competitive models (AIC < 2) for survival,
growth, and reproduction, we calculated a mean square error (MSE)
for each parameter combination. MSE values represent the mean of
the squared differences between the projected and observed population abundances pertaining to each candidate model. We then
ranked the models with the model with the lowest MSE used in
further projections and analysis.

2.6. Model projections
Using our parameterized model, we projected the Illinois Beach
population 100 years in the future with the initial population size
at 2014 observed abundances. We set an extinction threshold of
zero plants.
Fig. 2. Observed versus projection mean abundances for Illinois State Beach State
Park Cirsium pitcheri population with minimum and maximum at each time step.

2.7. Matrix modeling
We sought to compare our SEIBM-PVA to traditional matrix
modeling approaches to PVA to showcase that the SEIBM-PVA can
produce similar output as traditional PVAs such as mean time to
extinction (MTE) while also having the ability to provide information that is spatially explicit to the habitat in which the C. pitcheri
inhabits. We utilized demographic monitoring data to create population projection matrices to create yearly population projection
matrices using data from 1997 to 2014 (n = 16) for the Illinois
Beach State Park C. pitcheri population south of the Dead River
(Caswell, 2001). Using these matrices, we created a mean and standard deviation matrix based on the vital rates for use in RAMAS
Metapop v4.0 (Akcakaya, 2002) to simulate the population viability
for 100 years. We chose to use the RAMAS model settings previously validated for C. pitcheri (Halsey et al., 2015). These settings
are as follows: demographic stochasticity included, log-normal distribution of environmental stochasticity, uncorrelated ﬂuctuations
among populations, and uncorrelated fecundity, survival and carrying capacity. The model did not include density dependence, as the
population is not large enough (<200) nor grows fast enough to be
limited by environmental resources (Girdler and Radtke, 2006). As
the matrix model PVA is not spatially explicit and only represents
one population, dispersal was not included. We also did not incorporate catastrophes, migration, or management actions into the
model. In addition, we simulated the matrix model PVA, excluding
demographic and environmental stochasticity to better understand
the extent to how our SEIBM-PVA performs comparatively.

3. Results
3.1. Population model validation
The best ranked model had a MSE of 572.73. Model MSE values
ranged from 572.73 to 2872.83. Population projection trends from
2007 to 2014 tended to follow the same trajectory as the observed
abundances (Fig. 2). Population projections fell within the minimum and maximum values of the observed population size for ﬁve
of eight years.

Fig. 3. Comparison of the probability of extinction for four different models:
spatially-explicit individual based model (SEIBM), RAMAS-DS & ES (includes both
demographic and environmental stochasticity), RAMAS-DS (includes only demographic stochasticity) and RAMAS-ES (includes only environmental stochasticity).
Median time to extinction (MTE) lies at 50% probability. 5% line indicates acceptable
extinction threat threshold.

3.2. Population viability analysis
The median time to extinction (MTE) for the spatially explicit
individual-based model is 16 years with an extinction threshold of zero individuals (Fig. 3). This population remains below
the acceptable 5% extinction threshold for nine years. In contrast,
the MTE for the matrix model, which includes both demographic
stochasticity and environmental stochasticity, (RAMAS-DS & ES) is
approximately 16–17 years, with the population remaining below
the acceptable 5% extinction threshold for eight years. RAMASDS, which only includes demographic stochasticity, has a MTE of
57 years with an acceptable extinction risk of 5% for 37 years. In
contrast, RAMAS-ES, which includes environmental but not demo-
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Fig. 4. Predicted probability of C. pitcheri occupancy with 95% CI within an approximately 357 m2 plot at Illinois Beach State Park in reference to elevation, and slope.

graphic stochasticity, has a MTE of 15 years and remains below the
5% acceptable extinction risk for seven years.
3.3. Occupancy
Higher elevations were more likely to have higher levels of occupancy whereas C. pitcheri are less likely to inhabit steep slopes
(Fig. 4 and Table S6). As most of this plot represents east facing
slopes, we are unable to delineate whether there is a difference in
occupancy levels due to the direction of the slope. There are relatively high levels of clustering for C. pitcheri occupancy levels in
regards to differences in slope and elevation (Fig. 5).
4. Discussion
4.1. Landscape characteristics and population dynamics
In our model, landscape characteristics of occupied habitat
inﬂuence population persistence. When estimating parameter estimates, we found that differences in slope, elevation and aspect
impact plant growth, survival, and fecundity at all life stages. For
all stages where slope was an inﬂuential factor, steeper slopes negatively impacted C. pitcheri (Table 2). Steep slopes can result in
unstable sand accretion which may increase the chance of sand erosion, sand burial and perhaps root exposure (Rowland and Maun,
2001; Maun et al., 1996). Increased elevation resulted in greater
probabilities of juvenile survival but reduced juvenile growth. This
may represent a tradeoff as at higher elevations plants are less
likely to be buried by sand but may have to deal with steeper slopes
that are likely better drained producing an arid environment that
may explain decreased growth (Halsey et al., 2017). We also note
that root crown diameter is an important variable for all stages of
growth, survival, and fecundity. The size of C. pitcheri inﬂuences
juvenile survival and growth with larger plants having a greater
chance of subsequent survival and growth (Table 2). Plant size also
inﬂuences fecundity with larger plants producing more seedlings.
Crown diameter does not appear to be important for seedling survival and growth which may be due to low variation in seedling size.
While landscape characteristics do not inﬂuence the initial growth
of seedlings to juveniles, seedling survival is negatively affected by
steeper slopes. As seedlings are the ﬁrst stage in the life-cycle of C.
pitcheri, the landscape characteristics that allow this life-stage to

persist have the potential to inﬂuence the future locations of the
rest of the population.
When C. pitcheri was originally planted at Beach, we placed
plants in distinct plots as a way to encompass the broadest range
of dune habitat and therefore increase the chances of establishing a viable population (Bowles et al., 1993). A beneﬁt of using
individual-based models, such as those developed with Netlogo, is
that IBMs allow researchers to visualize plant locations throughout
the simulation. In our model, we utilized an occupancy submodel that allowed us to identify how landscape characteristics
inﬂuenced Cirsium plant occupancy, and indicate areas that have
optimum conditions for population persistence (Maschinski and
Haskins, 2012). We found that the greatest plant occupancy tends
to occur on east facing, shallow slopes. There does not appear to be
much difference in the locations of optimum occupancy in regards
to elevation. This may be the greatest advantage of using a spatiallyexplicit approach to PVA. A user can choose a speciﬁc location for
further examination and simulate what may happen to a population throughout time. C. pitcheri habitat is dynamic, with gradual
changes due to the availability of suitable habitat. The digital elevation model (DEM) that we used to represent the Illinois Beach
habitat is approximately ten years old, so it is possible that there
could be changes in the habitat, either through the opening of new
habitat patches or the closing of previous patches through natural succession. However, we do not believe that there is a need for
either an updated DEM nor a time-series of DEMs as the rate of vegetation succession occurs on the order of hundreds of years (Litcher,
2000).
4.2. Model comparison
In addition to identifying the relationships between landscape
characteristics and vital rates via a spatially-explicit individual
based model (SEIBM), we sought to compare this approach to
the traditional matrix modeling approach. We aimed to conﬁrm
that the SEIBM produces results comparable to the traditional
approaches to population viability analysis while also having the
ability to provide information that is spatially explicit to the habitat
occupied by C. pitcheri. Our parameterized SEIBM produced results
similar to the matrix models that included environmental stochasticity (RAMAS-DS & ES, RAMAS-ES) as compared to the one that did
not (RAMAS-DS). However, it is important to note that we did not
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Fig. 5. Optimal locations for Cirsium pitcheri occupancy as calculated with Getis-Ord Gi* hot spot analysis (95% CI) within an approximately 357 square-meter plot at Illinois
Beach State Park in reference to (A) elevation, (B) aspect, and (C) slope. Each dot represents a 0.25 m2 patch of habitat.

explicitly incorporate environmental stochasticity into the SEIBM
model as environmental stochasticity is the temporal variation
driven by changes in the environment and we treat the environment as ﬁxed in this SEIBM (Morris and Doak, 2002). Although
we did not explicitly incorporate environmental stochasticity in
the SEIBM through the use of means and standard deviations, the
SEIBM gives a similar outlook for C. pitcheri population viability as
the matrix model (RAMAS-DS & ES) with both models predicting
the time that the Illinois Beach population is below the extinction
threshold as nine years. There was also no difference in median time
to extinction, conﬁrming that the SEIBM-PVA and matrix model are
comparable in the results obtained.
Previous studies comparing IBMs with matrix modeling sought
to explore the consequences of model aggregation by designing
simple matrix models to mimic the behavior of complex IBMs
(Sable and Rose, 2008; Meli et al., 2014). These studies started
with complex IBMs with the intention to move toward a simpler
model with fewer assumptions. Meli et al. (2014) found that for
IBMs and matrix models predictions to be in agreement, the relationships between parameters must be correctly deﬁned. Those
matrix models that were not able to simulate the output of the
IBMs was thought to be due to the inability to incorporate several factors in the matrix model (i.e. making the model too simple)
(Meli et al., 2014). In contrast, we independently designed our
IBM and matrix models with the goal of understanding how these
two approaches differ in their predictions of population viability.
PVA encompasses a range of data analyses and modeling meth-

ods that vary in their complexity (Morris and Doak, 2002). Through
improvements in technology and the emergence of longer-term,
more extensive datasets, PVAs have become more complex over
time. The progression of PVAs from simple count-based methods
to those that incorporate more complexity such as structure (e.g.
age, size, development stage), multiple sites and spatial data. One
should expect that when creating a more complex model that you
build on the existing assumptions by which the species of interest functions in addition to introducing additional factors into the
model. For C. pitcheri, we have established in matrix modeling PVA
methods that the inclusion of demographic and environmental
stochasticity is needed to form a more accurate view of population viability (Bell et al., 2003, 2013; Halsey et al., 2015). Therefore
in building the SEIBM-PVA, we aimed to ensure the inclusion of
both demographic and environmental stochasticity while introducing the effect of spatial data on individual plant vital rates before
comparing the SEIBM to the matrix model output.
Demographic stochasticity is an inherent property of this
model as we modeled the plant population at the individual level
(Shaffer, 1983; Shaffer and Mason, 1985). Demographic stochasticity, deﬁned as the temporal variation in population growth that is
driven by chance events in the fates of individuals within a year, is
dependent on the overall population size (Morris and Doak, 2002).
These phenomena are more likely to affect populations with a small
number of plants (Morris and Doak, 2002). However, it appears that
the removal of demographic stochasticity does not greatly affect
extinction risk with only a difference of one year in median time
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to extinction. The removal of environmental stochasticity from the
matrix model, however, produced a median time to extinction of
57 years with 37 years below the acceptable 5% threshold. Environmental stochasticity is usually incorporated in matrix models
using both mean and standard deviation matrices to describe how
temporal variation affects demographic vital rates due to changing
environmental conditions. The stark difference in the matrix model
(RAMAS-DS) may indicate that temporal variability in vital rates
and how these change from year to year is important to population
viability for C. pitcheri (Morris and Doak, 2002).
We chose to use speciﬁc landscape characteristics to determine
the survival and growth of the plants so that as time progresses,
those plants that remain are in optimal habitat for that species.
In contrast, with matrix modeling there is no spatial context and
instead only probabilities for survival and growth between size
classes. Incorporating a spatial aspect to this model can greatly
improve our ability to make predictions regarding future extinction risk. The limitation of this SEIBM in its current form is that we
do not explicitly incorporate environmental stochasticity, which
means that changes in the environment such as temperature or
storms have the potential to inﬂuence the population dynamics of
C. pitcheri for which we are unable to account for in this model in
its current form. One such example would be in regards to a rule
the model is bound by which states that seeds are unable to move
uphill. This in effect can reduce the potential habitat through which
C. pitcheri can occupy as time goes on. To negate this would require
information on the probability of seeds moving uphill to incorporate this into the SEIBM. However, from our comparison with
matrix model output, we do not believe that this is a major impediment to the use of this SEIBM approach to inform future population
viability analysis and subsequent conservation decisions.
4.3. Implications
Our SEIBM has allowed us to identify the landscape characteristics that are germane to the survival, growth and reproduction
of C. pitcheri which will guide future decisions of new plantings at
Illinois Beach. The initial restoration attempt used an experimental approach in transplanting C. pitcheri plants along gradient of
topographical landscape characteristics (e.g. slope, elevation and
aspect) in the hopes of ﬁnding sites that optimize establishment
of individuals (White, 1996). Over the ten-year period of Illinois
Beach restoration (1991–2000), less than one-third of the 853 C.
pitcheri plants survived the ﬁrst year with initial plant size inﬂuencing the survival probability, however landscape characteristics
best predicted subsequent growth and survival (Halsey et al., 2017).
Restoration efforts often focus on ensuring that habitat is suitable
for the completion of a plants lifecycle and utilizing the SEIBM
as described in this paper will allow for a more efﬁcient use of
resources (i.e. plants) by simulating plants throughout their lifecycle with respect to characteristics of their habitat (Bowles et al.,
2015).
With some effort, it is possible that environmental stochasticity can be incorporated in this spatially explicit individual-based
model PVA by including variation in the estimates of plant growth
and survival probabilities as well as including the probabilities of
long distance dispersal. Regardless, as a ﬁrst step, this type of PVA
is informative as it can provide comparisons of different habitats
within a region and assess which of them represent optimum habitat. Therefore, it is reasonable to assume that agent-based modeling
may be a viable and insightful PVA alternative. Using individualbased models, we ﬁll a gap in population viability methodology
by modeling how individual plants respond to microhabitat variables and the emergent effect that this has on overall population
maintenance. Using information about a plants microhabitat and
replicating that habitat in a formal modeling approach can help

identify how environmental processes that affect individual plants
can scale to the entire population. As long-term datasets on species
population demographics and distributions are increasingly available, spatially explicit, individual-based models may prove useful
in conservation management decisions.
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