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Models are an integral part of the scientific endeavor, whether they be conceptual,

mathematical, statistical, or simulation models. Models of appropriate complexity

facilitate comprehension and improve understanding of the variables driving system

processes. In the context of conservation planning decision-making or research efforts,

a useful model can aid interpretation and avoid overfitting by including only essential

elements. Models can serve two related, but different purposes: understanding and

prediction of future system behavior. Predictive models can require several iterations of

refinement and empirical data gathering to be useful for conservation planning. Models

with less predictive ability can be used to enhance understanding of system function

and generate hypotheses for empirical evaluation. Modeling monarch butterfly systems,

whether it be landscape-scale movement in breeding habitats, migratory behavior, or

population dynamics at monthly or yearly timeframes, is challenging because the systems

encompass complex spatial and temporal interactions across nested scales that are

difficult, if not impossible, to empirically observe or comprehend without simplification.

We review mathematical, statistical, and simulation models that have provided insights

into monarch butterfly systems. Mathematical models have provided understanding of

underlying processes that may be driving monarch systems. Statistical models have

provided understanding of patterns in empirical data, which may represent underlying

mechanisms. Simulations models have provided understanding of mechanisms driving

systems and provide the potential to link mechanisms with data to build more predictive

models. As an example, recently published agent-based models of non-migratory

eastern North American monarch butterfly movement and egg-laying may provide the

means to explore how different spatial patterns of habitat, habitat quality, and the

interaction of stressors can influence future adult recruitment. The migratory process,

however, has not been addressed with agent-based modeling. Using western monarch

migration as an example, we describe how modeling could be used to provide insights

into migratory dynamics. Future integration of migratory models with non-migratory and

population dynamics models may provide better understanding and ultimately prediction

of monarch butterfly movement and population dynamics at a continental scale.
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INTRODUCTION TO MODELING

Models are an integral part of the scientific process. Models
have been described as “a representation of reality” that serves
a specified purpose (Webb, 2001) or a “description of a system”
(Haefner, 2005). Models can be used for several purposes.
A useful distinction is between models that help improve
understanding and those that provide predictive capability.
Better understanding of a system provides insights on key drivers
and processes in a system that may otherwise be difficult to
observe. Prediction is possible when drivers and processes are
quantified so that future system states can be estimated. All
models are simplified versions of reality that allow us to make
inferences and conclusions about a system without unnecessary
complexity. The art of modeling is to construct a model simple
enough to make conclusions about a system but not so simple
that all connection to reality is lost. This “sweet spot” has been
termed the Medawar Zone (Figure 1; Grimm et al., 2005).

Classes of models include conceptual, mathematical,
statistical, and simulation/algorithmic models. Conceptual
models are ideas or hypotheses of how a system functions. All
research is based explicitly or implicitly upon conceptual models
of how systems work and may be explicitly represented with
flowcharts or other tools to communicate working hypotheses
of a system (Heemskerk et al., 2003). Mathematical models
represent a conceptual model of a system using analytical
expressions and equations. They tend to be highly simplified
expressions of system processes and are often used to explore
general theory. Statistical modeling seeks to separate statistical
noise from signal by modeling the probabilistic processes that are
thought to have generated the observed data. Simulation models
(which are a type of algorithmic models) use a series of rules
to describe system behavior. Typically, they use programming
code to simulate a system. While other authors describe more
detailed taxonomies (see, for example, Hilborn and Mangel,
1997), and some models may not fit readily into one of these
categories, all models simplify reality to make generalizable or
comprehensible conclusions, and will be more or less appropriate
for different purposes.

Conceptual and mathematical models typically increase our
understanding of systems, but do not have the detail necessary
to predict future system states. Mathematical models typically
have poor predictive abilities in temporally and spatially explicit
settings because they are simplified and designed to explore
fundamental dynamics. Statistical and simulation models are
often more suitable for prediction. In creating predictive models,
one may be tempted to simply fit outputs to empirical data, with
limited mechanistic rationale. Turchin (1998) p. 41–45 reviewed
model development in the field of movement ecology and
described curve-fitting models as empirical or phenomological
models, which only consider the observed phenomenon, and no
underlying processes. However, without a mechanistic rationale
of system processes, no comparison can be made between
predictive capability of different phenomological models. Over
time empirical models have been abandoned in favor of models
that can provide insight into system processes (Turchin, 1998).
The goal of developing a predictive model is to balance internal

FIGURE 1 | The Medawar Zone. As models increase in complexity, the

Medawar Zone is the region of maximum usefulness. Adapted from Grimm

et al. (2005) (permission granted).

mechanistic structure with fit of output to empirical data,
consistent with the model’s intended application.

Evaluating complex, predictive models may not be as simple
as comparing outputs to field observations or experimental data
(Rykiel, 1996; Batty and Torrens, 2005; Bennett et al., 2013).
A complex model built from “the bottom up” may have many
opportunities for error propagation that leads to invalid results.
Consequently, complex simulation models may benefit from
calibration against empirical data (Thiele et al., 2014), especially
when used for predictive purposes. If empirical data is abundant,
testing multiple endpoints over a range of variability can provide
comprehensive model evaluation. Such evaluations may require
complex analysis techniques (Marino et al., 2008).

Models are used extensively in monarch butterfly research
and conservation planning. Modeled monarch butterfly systems
include migration, population size, movement and egg-laying of
non-migratory monarch butterflies, and developmental process
from egg to adult. Of particular interest are population trends
and causes of trends. Understanding or predicting movement
of millions of individual monarchs at continental scales requires
simplification of system processes. Determining the magnitude
of population trends and causes of trends requires interpretation
of variation in observed population measures. Many modeling
approaches have been employed toward this end. Mathematical
models such as matrix models and island chain models have
been employed, as have statistical models such as Bayesian state-
space models. In this review we describe the strengths and
limitations of modeling approaches applied to monarch butterfly
research and conservation issues. We synthesize findings of
modeling efforts to date and provide suggestions to improve our
understanding of monarch butterfly systems.

APPROACH

We reviewed the literature to provide an update on the state
of the art in modeling monarch butterfly systems, with a focus

Frontiers in Ecology and Evolution | www.frontiersin.org 2 May 2019 | Volume 7 | Article 197

https://www.frontiersin.org/journals/ecology-and-evolution
https://www.frontiersin.org
https://www.frontiersin.org/journals/ecology-and-evolution#articles


Grant and Bradbury Modeling Monarch Butterfly Systems

on population dynamics and their unique migratory system. We
reviewed papers covering eastern and western North American
monarch butterfly populations. To find an illustrative suite of
modeling papers, we searched Web of Science for the topic
“monarch model,” which returned 570 results. From among
these 570 results, we searched for papers that used a variety
of modeling approaches to answer questions about monarch
biology. We selected papers that provided insight into the history
of modeling monarch systems, the variety of methods available,
and future directions for monarch modeling. While we did not
constrain our search to the easternmonarch population, there are
comparatively fewer modeling papers for the western monarch
population. In this review we also describe and evaluate model
assumptions to help identify opportunities to link empirical
studies with model development to further understanding and
the means to predict future states of monarch systems (Restif
et al., 2012).

We describe three classes of models: mathematical, statistical,
and simulation. In addition to describing the models and their
assumptions, we attempt to identify common conclusions across
the modeling efforts. We highlight instances where similar
conclusion are reached by different research teams using different
models, which suggests higher confidence in understanding
and/or predicting future conditions. We synthesize model
findings in the areas of conceptual frameworks, population
fluctuations, causes of population declines, empirical data needs,
and migratory processes. We close by making recommendations
for moving forward.

MODELING EASTERN NORTH AMERICAN
MONARCH POPULATIONS

While a substantial body of research results is available
for monarch butterflies, some authors have noted a need
for modeling to help improve understanding and inform
conservation options (Oberhauser, 2004; Dyer and Forister,
2016). Most field research is undertaken at patch scales, with
conclusions extrapolated to larger spatial and temporal scales
based on conceptual models of system function. Much of
the literature makes implicit assumptions about how monarch
systems function, but often those assumptions have not been
explicitly stated and tested.

Mathematical Models
Yakubu et al. (2004) developed a spatially discrete advection
model, which can also be characterized as an island chain
model, where “islands” are generations of monarch butterflies.
Heuristically, the events (births and death) that occur in one
generation (island) are passed on to the next generation. The
objective of the model was to understand the effects of migration
and intraspecific competition on population dynamics. The
model estimates population levels of four generations each year
with a system of non-linear difference equations incorporating
survival, migration, and fecundity. Since the fecundity function is
not empirically known, Yakubu et al. (2004) tested compensatory
and over-compensatory density dependence and documented the

possibility of complex oscillatory behavior and or even chaos
(unpredictable population fluctuations) under some conditions,
which was not predicted in the modeling framework of
(Flockhart et al., 2015; see below). Such dynamics could partly
be responsible for the observed fluctuations in the overwintering
monarch populations. This modeling effort does not include
weather effects, spatial heterogeneity (except in the sense that
different generations occupy different locations), or individual
and spatio-temporal variation in survival or fecundity. Weather
effects could potentially dampen or amplify oscillatory or chaotic
behavior. This model advances a hypothesis that the system has
the potential to demonstrate unpredictable oscillatory or chaotic
behavior, even without drivers such as weather.

Periodic matrix projection models are very common
in ecology (Caswell, 2001) and are based on several key
assumptions. Matrix models require partitioning populations
into separate spatio-temporal groups for which survival and
fecundity are considered constant. Partitioning the population
into many groups requires substantial effort to empirically
estimate survival and fecundity for each group. Williams
et al. (2002) note this as an important limiting factor in the
development of complex matrix models. (Newman et al. (2014),
pp.39) has some excellent discussion on the pros and cons
of matrix models. The important distinction between matrix
models and other models is that matrix models project the
population size, they do not estimate the population size; thus
matrix models are highly sensitive to the quality of the data used
in their development. Except for matrix models, mathematical
models of monarch systems are scarce.

Flockhart et al. (2015) created a matrix model incorporating
stochasticity in parameters and density dependence. The model
was spatially explicit in that the different migratory and non-
migratory generations over the season were associated with
different locations on the North American continent (a type
of island chain model similar to that of Yakubu et al., 2004).
Three hypotheses for the cause of the population decline
were tested: habitat loss in the breeding grounds, habitat
loss on overwintering grounds, and climate change on the
overwintering grounds. The model predictions were compared
with 19 years of adult overwintering monitoring data. While
the projected population sizes were not significantly different
from the monitored overwintering population size estimates, the
projections did not exhibit observed overwintering population
fluctuations. Insights from this model include an estimated
decline of 14% in population size over the next 100 years, with
the reduction in milkweed in the summer breeding range as
the most significant driver of decline. As the model currently
stands, nearly constant survival rates are used across years, which
results in an exponential model with some variation from added
stochasticity and density dependence [see Figure 3a of Flockhart
et al. (2015)]. Because the variation in survival rates and fecundity
that lead to the overwintering population size in Mexico are
unknown, the matrix model is unable to capture the full range
of population variability. If there was a desire to understand or
predict population responses at finer temporal or spatial scales
using a similar model, the population could be divided into
smaller geographic regions and time periods. However, survival,
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fecundity, and migration would then need to be estimated for
each region and time period.

Oberhauser et al. (2017) also created a matrix model using
a Bayesian framework. In this framework the authors used
overwintering population monitoring data to help estimate
parameters in the matrix model. Because parameters were
estimated, the model has statistical and mathematical facets, but
is included here for comparison to the model developed by
Flockhart et al. (2015). Model parameters were given informative
priors developed from published data and expert elicitation. The
data supplied to the model to estimate the posterior distributions
was the overwintering population size and the Midwest USA
egg production index (Pleasants and Oberhauser, 2013). The
eastern North America population was divided into four regions
and four generations (i.e., an island chain model). The mean
of the population growth rate posterior distribution was 0.957.
Sensitivity and elasticity analysis showed that, because the
system is very complex, many parameters were important to
population growth. The most important parameters were spring
migration survival from overwintering sites in Mexico to the
southern U.S., fecundity, and spring immature survival in the
southern U.S. Among seven management scenarios, increasing
breeding habitat in the south and north central regions were
most important for increasing population growth rate. This
matrix model assumed a stable-age distribution with density
independent growth and did not include environmental factors.
Because this model was tuned to the overwintering population
data, it is likely much more realistic than other matrix models,
though it still assumes constant survival rates.

Statistical Models
Many statistical models have increased our understanding of
monarch population dynamics. Pleasants and Oberhauser (2013)
regression model predicts the overwintering population, based
on a Midwest egg production index, with an r2 = 0.47. The
Midwest egg production index is based on surveys in Iowa
agricultural fields as reported by the authors, Monarch Larval
Monitoring Program data (MLMP; Prysby and Oberhauser,
2004; Stenoien et al., 2015) from non-agricultural locations in the
Midwest, and surveys of milkweed in Iowa (Hartzler, 2010). Data
from these sources is extrapolated to estimate egg production
in the Midwest. The authors note four factors not incorporated
into the model that may be associated with the unexplained
variance: variability in survival from egg to adult; variability
of contributions to the Mexico overwintering population from
geographic regions other than the Midwest; variability in fall
migration survival; and variability in the conversion factor used
to calculate the number of eggs in the Midwest.

Zipkin et al. (2012) used a complex Bayesian Poisson
regression model with 17 parameters to model monarch butterfly
counts at 90 sites in Ohio from 1996 to 2008. Themodel’s purpose
was to further understanding of climatic effects on monarch
butterflies during spring migration. This model involved a
complex analysis of the correlation between abundance on
breeding grounds and climactic factors. Four climate effects
were included in the model (spring precipitation, spring growing
degree days, summer growing degree days, and summer Palmer

Drought Index), along with several interactions and quadratic
effects. Wet Texas springs and average Texas spring temperatures
produced the greatest monarch abundance in Ohio.

Saunders et al. (2016) advanced the approach used by Zipkin
et al. (2012) to predict monarch abundance in Ohio and Illinois
based on spring climatic conditions in Texas by testing model
predictive ability. Of 16 years of data, they used subsets of
8–15 years of data to generate models and compare model
outputs to the empirical data from years not included in model
development. The difference between predicted and observed
monarch counts was quantified using Bayesian p-values, where
a p-value of 0.5 indicated good model fit and p-values < 0.3 or
> 0.7 indicated poor fit (i.e., the model is either overestimating
or underestimating parameters). The model had good predictive
ability for years that had near average spring precipitation and
temperatures, or when there was a year with similar spring
precipitation and temperature values in the dataset. Model
prediction was poor for years with weather parameters that were
not similar to any other years in the dataset. The large numbers of
parameters may have overfit the model to some degree, causing
less predictive ability particularly for years with unusual weather.
The model suggested spatial synchrony in Ohio and Illinois,
with monarch abundance in the two states more dependent
on climatic conditions in Texas than local Midwest conditions.
While the models developed by Saunders et al. (2016) and
Zipkin et al. (2012) may provide our best statistical evidence of
climate effects on monarch butterfly population responses, these
efforts also highlight the difficulty ofmodeling a continental-scale
migratory system. Additional models could be tested for their
predictive ability as in Saunders et al. (2016).

Semmens et al. (2016) fit a Bayesian state-space statistical
model to egg counts and overwintering population size for the
purpose of estimating extinction risk. The model was first-order
auto-regressive, meaning the overwintering population from 1
year was estimated using the overwintering population from
the previous year. The observed overwintering population and
Midwest egg production index (Pleasants and Oberhauser, 2013)
informed estimation of the true value of the overwintering
population. This model quantified the variation and trends
in observed overwintering population size using a normal
distribution and no underlying mechanisms, and then projected
trends into the future. This model estimated a mean population
growth rate of 0.94, with a 66% probability of the average
annual growth being below 1.0 and an 11–57% probability
of quasi-extinction over 20 years. This model accounted for
yearly variation in overwintering population size using a random
deviate each year that was assumed to be normally distributed.
No environmental covariates were used and the model did
not include any demographic mechanics such as survival
and fecundity.

Inamine et al. (2016) compared North American Butterfly
Association1 (NABA) citizen science monitoring data from the
eastern U.S. and historical counts from Cape May, New Jersey,
and Peninsula Point, Michigan over different time periods
and regions to link population dynamics across the annual

1www.naba.org
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migratory and breeding cycles to help elucidate causes of the
population decline. They divided the yearly cycle into successive
regions that represent the location of the monarchs over the
year: Spring Mexico, Spring South, Midwest and Northeast,
Fall South, and Fall Mexico. A string of regression analyses
between each successive area were undertaken (i.e., an assumed
donor-recipient relationship, similar to the island-chain model
of Yakubu et al., 2004) to determine if the population counts in a
region can be predicted from the counts in the previous spatio-
temporal area. The Midwest summer NABA counts showed no
statistical relationship with Mexico overwintering counts over
the period of 1993–2014. Inamine et al. (2016) concluded that
unknown factors must be increasing mortality rates during fall
migration. Agrawal and Inamine (2018) restated the arguments
in Inamine et al. (2016) that factors during fall migration may be
partly driving population decline.

Ries et al. (2015) conducted an analysis similar to Inamine
et al. (2016) using NABA data and linear regression between
successive spatio-temporal stages of the annual monarch cycle.
Their findings were similar to those of Inamine et al. (2016);
however, Ries et al. (2015) and Pleasants et al. (2017) cautioned
that bias in population count data could be causing the
discontinuity between the U.S. Midwest summer population
counts and the overwintering population size. While the
modeling results of Inamine et al. (2016) and Ries et al.
(2015) help form the basis of a migratory failure hypothesis
(Agrawal and Inamine, 2018), other modeling efforts indicate
loss of milkweed in the summer breeding range as the primary
stressor, due to either Roundup Ready crops (e.g., Pleasants and
Oberhauser, 2013; Flockhart et al., 2015) or modern agricultural
practices since the 1950’s (Boyle et al., 2019; but see Ries et al.,
2019; Wepperich, 2019). Collectively, these models highlight
uncertainty in data used to develop and evaluate models (e.g.,
the ability of current monitoring designs to quantify monarch
migratory patterns across the eastern United States), as well as
uncertainty in the independent or interacting roles of reduced
nectar sources (Brower et al., 2015), road side mortality (Kantola
et al., 2019), spatial-temporal climatic variability (Zalucki and
Rochester, 2004), and reduced milkweed (Lemoine, 2015), in
monarch population trends.

The environmental niche model of Batalden et al. (2007) used
MLMP monitoring data on site occupancy status (whether a site
had ≥ one egg or no eggs) to estimate the area of the monarch
ecological niche in the eastern U.S. over successive generations.
Geographic Information System raster data layers of climatic
and topographic parameters were tested for correlation with
occupied sites. The variables of maximum, minimum, and mean
monthly temperatures; precipitation; elevation; and slope were
correlated with occupied sites to predict month-specific models
of the area in the eastern U.S. suitable for monarch occupation.
The monthly niche models indicate that monarchs follow their
preferred climatic niche during the breeding season, but switch
climatic preferences during the winter months. Batalden et al.
(2007) then looked at changes in the environmental niche using
models of future climatic conditions. These models indicate that
by 2055, more niche area will be available from March to June.
The area of the monarch niche will be similar in July to August,

but will extend farther north into Canada, nearly to Hudson
Bay. The potential consequences for spatial discontinuity in
monarch and milkweed range during July and August remains
an unresolved issue.

Simulation Models
Simulation models attempt to create a simplified representation
of a monarch butterfly system using algorithms (i.e., a set of
rules). By manipulating the algorithms, researchers hope to gain
insights on natural processes; e.g., movement behavior of adult
monarchs. Models have been used to simulate movement at
landscape scales and monarch development and colonization at
continental scales. Adult butterflies are well-suited for agent-
based modeling (also known as individual-based modeling),
which is a type of simulation model. Adult butterflies were
the subjects of some of the first agent-based models (because
they move freely across the landscape, unlike terrestrial species
whose movement paths are highly restricted by terrain; Jones,
1977; Jones et al., 1980). Insects are also thought to have limited
capacity for memory (Collett et al., 2013); hence incorporating
memory does not significantly increase model complexity. As a
consequence, butterfly movement can often be simulated using
random walk assumptions (Codling et al., 2008).

Pioneering efforts to simulate monarch butterfly movement
and egg-laying in a spatially explicit environment were reported
by Zalucki (1983). Zalucki’s model incorporated movement,
egg-laying, and immature survival to the adult stage in a
spatially explicit environment. The environment was a 3.1 km2

circular area with large and small patches of milkweed with
interspersed individual milkweed plants. Using a 1 s time step,
the model included many biological processes, frommale-female
interactions to the time needed to lay eggs. Key findings were
that low directionality of flight increased fitness when milkweed
was spread out, while high directionality increased fitness when
milkweed patches were more clumped.

More recently, Zalucki and Lammers (2010) and Zalucki et al.
(2016) used agent-based models to explore the effect of reduced
milkweed in the matrix (i.e., corn and soybean fields in the U.S.
Midwest) between patches of milkweed. Zalucki and Lammers
(2010) predicted that clearing milkweed from the matrix would
result in ∼20% reduction of eggs laid. Zalucki et al. (2016)
presented a more detailed model to advance understanding of
movement and egg laying in hypothetical 11.2 km2 landscape
scenarios with the same area of milkweed distributed in different
sizes of milkweed patches in varying spatial patterns. This model
suggested a 30% decline in monarch lifetime egg production
in a scenario when large milkweed patches were consolidated
in space, as compared to a scenario where small patches were
uniformly distributed in the landscape.

Grant et al. (2018) subsequently developed an agent-based
model to predict movement of non-migratory, summer breeding
female butterflies and egg-laying patterns in a spatially explicit
Iowa USA agricultural landscape. Movement decisions were
based on assumptions of monarch perceptual range for detecting
milkweed and spatial memory.Monarchs probabilistically choose
habitat patches with more milkweed and have a lower probability
of returning to patches they have already visited. This movement
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FIGURE 2 | The rural road in Boone County in which egg density data was collected by Blader (2018). Red squares (50m X 50m) outline patches in the agent-based

model developed by Grant et al. (2018). Empirically-measured egg density for each patch is compared to predicted egg density to calibrate the model.

algorithm was more complex than Zalucki et al. (2016) in that
monarch agents could choose between multiple habitat types
within their perceptual range. In assessing performance of the
model algorithms, patterns that needed to be reflected in model
outputs (sensu Grimm et al., 2005) included: female monarchs
moving long distances (10 km/day); expressing vagile behavior,
i.e., not remaining in a selected habitat patch; and laying eggs
widely across the landscape. By tying monarch movement to
habitat within their perceptual range substantial realism was
added to the model. Random walk models are commonly used
in biology (Codling et al., 2008), but in previous research, model
agents have not responded to habitat heterogeneity (see review by
Wallentin, 2017). The use of a spatial memory algorithm byGrant
et al. (2018) was also a unique addition to agent-based modeling
and contributed to the vagile behavior of themonarch agents. The
model does include several assumptions and constraints. First,
the minimum size of habitat patches is 50 × 50m, consequently
individual milkweed or very small patches of milkweed are not
explicitly included in the model. Rather, milkweed stems are
assumed to be homogeneous within habitat patches, though
adjusting egg-laying probabilities can help account for habitat
heterogeneity. Second, monarch movement is modeled as a
fixed-length step of 20–50m. The model could be improved
and further evaluated with empirical research data on adult
movement behavior, which could enhance the mechanistic basis

for the movement algorithms. Survey data on milkweed and
monarch egg density in different, adjoining landcover classes
could also improve model calibration, as discussed below.

To calibrate the model described by Grant et al. (2018)
requires empirical data that is difficult to obtain because it
requires intensive and large-scale sampling. More specifically,
egg densities in milkweed patches within adjoining landcover
categories is needed. Subsequent to publication of Grant et al.
(2018), information provided in Blader (2018) provided the
means to calibrate model parameters to field data. Blader (2018)
geolocated milkweed and monarch eggs in two 1.6-km rural
roadsides in rural Story and Boone counties Iowa in 2017
(Figure 2). This data was converted to milkweed and eggs
per ha to be compatible with the model input and output
for estimates, respectively, for roadsides adjacent to corn and
soybean fields. The calibration process first involved running the
model using parameters in Grant et al. (2018) for these spatially
explicit roadsides and comparing the predicted eggs laid to the
observed eggs laid in the same roadsides. A model parameter
that establishes a probability for an agent to lay an egg within a
landcover type, which is based on the assumed milkweed density,
was then adjusted such that subsequent model predictions of eggs
laid in these landcover types are similar to the eggs observed in
the monitored roadsides. Calibration substantially improved the
predictive ability of the model (Figure 3). Prior to calibration,
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FIGURE 3 | Comparison of model-predicted mean eggs per 50m X 50m

patch in five categories of milkweed density in two 1.6 km roadsides in Boone

and Story counties in Iowa, USA. Empirical data from Blader (2018). Pre-

calibration estimates for the roadsides is based on the agent-based model

assumptions in Grant et al. (2018). Post-calibration estimates are derived from

the Grant et al. (2018) model after calibration with empirical milkweed density

provided in Blader (2018). Error bars are 1 SD.

model predictions of egg densities when milkweed density was
20–240 milkweed/ha were approximately 2 to 5 times higher
than reported by Blader (2018). After calibration, predicted egg
densities were within a factor of 2 compared to the empirical
densities. A more robust calibration data set would include
measured milkweed and egg densities in the adjoining landcover
types (e.g., crop fields, pastures, and restored prairies), as well as
the roadsides.

Zalucki and Rochester (2004) presented a Monte Carlo
model of eastern North American monarch dynamics from
spring colonization of the eastern U.S. until fall migration. This
was the first model to explicitly include multiple generations,
weather, and developmental dynamics in a single model.
Probabilities were assigned to describe components of the system,
including colonization probabilities, egg-laying probabilities,
and probabilities of developing from egg, through 1st−5th
instar, and adult, for each of the generations. Populations were
simulated at 187 weather station locations where temperature
and other climatic data defined colonization probabilities and
developmental rates. A single simulated monarch was then run
using a Monte Carlo approach. The proportion of times the
monarch was found in a particular state was assumed to represent
the proportion of the monarch population that would be at that
location. The model explained only a very modest portion of the
variation in the observed data (r2 = 0.12, p< 0.001), but provided
key findings that climate is a powerful driver of yearly population
dynamics and that breeding generations quickly overlapped, due
to individual variation in stage duration.

Feddema et al. (2004) developed perhaps the most
comprehensive model of spring migration and development. The
eastern U.S. was divided into 50 square mile grids. Fifty miles

was chosen to match the assumed daily movement of migrating
monarchs. Occupancy status (occupied or not) and population
size was calculated for each grid over the course of the year. The
model queried National Climate Data Center2 databases from
weather stations nearest to each grid cell. The model makes
several assumptions. First, arrival time is defined by solar angle
rather than distance from the overwintering site. Consequently,
arrival date is determined by latitude. Second, once a grid cell
becomes occupied, it stays occupied until fall migration. Third,
daily movement is assumed to be 50 miles throughout the year;
the authors note the movement step is not realistic. Fourth, only
mortality due to temperature is included. Fifth, one new cohort is
laid in a grid cell each day after the cell becomes occupied. While
this is a unique modeling approach, the model failed to capture
many patterns observed in the empirical data. Comparison of
model results to Journey North3 datasets showed discrepancies
between predictions and first observations of spring-migrating
monarchs. Monarch production estimates from the model are
not significantly correlated to empirical data. The model did
show that natural variation in temperature can lead to different
arrival times at more northerly latitudes.

MODELING WESTERN NORTH AMERICAN
MONARCH POPULATIONS

There are comparatively fewer published population models
of the western population. Espeset et al. (2016) used Bayesian
hierarchical modeling and path analysis to estimate trends in
western monarch populations and the effects of weather on those
trends. The data for the analysis was from sites along a transect
across Northern California which has been surveyed biweekly
for monarch butterfly presence during flight season for 27–42
years, and publicly available overwintering population numbers.
They included climate data as predictor variables to explore their
effect on the population trend. The model estimated a continuing
downward trend in western monarch populations on the Central
Valley breeding grounds. A sliding-window regression analysis
indicated that the largest decline in numbers occurred in spring
months. The authors concluded that factors were mostly strongly
affecting western monarchs during overwintering and spring,
but that populations tended to rebound to normal levels during
the summer. Warmer winter and spring temperatures and
higher spring precipitation were correlated with more monarchs
observed at the survey sites. However, the path analysis revealed
that climate effects were not the strongest factor in the declining
population. In other words, after accounting for climate effects,
populations still trended downward. The cause of this downward
trend is poorly understood, but because the downward trend
is most pronounced in the spring, the authors recommend
looking at overwintering sites for causes of losses. Poor years for
westernmonarchs were not correlated with poor years for eastern
monarchs, prompting the conclusion that the two populations
are influenced by different factors.

2www.ncdc.noaa.gov
3http://journeynorth.org
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Schultz et al. (2017) developed a multivariate auto-regressive
state-space model using data collected on western monarch
overwintering populations, which is similar in approach to that
used by Semmens et al. (2016). Survey efforts varied substantially
across overwintering sites. Some sites were surveyed every year
for many years while some sites were surveyed intermittently
over the years. The statistical framework employed in the model
addressed data obtained through varying levels of monitoring
effort for individual overwintering sites. Average population
growth rate from 1981 to 2016 was estimated to be 0.927 and the
estimated quasi-extinction risk within 20 years was 0.72. Schultz
et al. (2017) noted high variation in annual population growth
rates may be due to climate factors, which were not included in
their models. They also note that vital rates, such as survival, are
poorly understood for eastern and western monarchs.

SYNTHESIS OF MONARCH POPULATION
MODELS

Significant effort has been invested in developing monarch
butterfly models that can improve our understanding and means
to predict population dynamics and trends in eastern North
America. Nevertheless, there is no standard model framework of
monarch population dynamics. Authors have repeatedly stated
the need for a full model of the monarch annual demographic
cycle that includes weather effects. As Zipkin et al. (2012) stated:
“No modeling approach has yet captured the full complexity
of how climate interacts with all the potential factors that
influence monarch population growth, including the condition
and number of incoming migrants from Mexico, milkweed
growth and congruence with monarch arrivals, natural enemies,
and appropriate climatic environments for activity and growth
throughout each phase of their migratory cycle.” Inamine et al.
(2016) stated: “Understanding the complex population dynamics
of monarchs over space and time therefore remains an important
ecological as well as conservation challenge.” Malcolm (2018),
in the context of determining the risk monarchs suffer from
anthropogenic factors, stated: “Risk for this highly mobile species
has to be put into the context of a complex life history across
relevant time and space for both eastern and western populations
of monarchs in North America.”

Consistent with these observations, we attempt to synthesize
several themes from the models summarized in this review.

Conceptual Frameworks Underlying
Mathematical, Statistical, and
Simulation Models
Conceptual models of monarch population dynamics implicitly
or explicitly acknowledge that weather patterns influence
continental to local patterns in system responses, yet few models
have included weather effects. Many authors have noted that
weather is needed to better predict observed population patterns
(Zalucki and Rochester, 2004; Zipkin et al., 2012; Stenoien et al.,
2015; Espeset et al., 2016; Semmens et al., 2016; Schultz et al.,
2017). This indicates a significant discrepancy between what may

be a critical driver of population dynamics and what we can
currently model to improve understanding and predictions.

Monarch models tend to have a “top-down” perspective in
exploring large-scale trends with uncertain empirical data. Top-
down models look at broad scales, either national or continental
and tend to be correlative and not mechanistic. For example,
Oberhauser et al. (2017) is essentially a correlation between
overwintering sites and breeding ground data, with matrix
population mechanics constraining the relationship. Zipkin
et al. (2012) and Saunders et al. (2016) are also correlative
analyses between abundance on the breeding grounds and
Texas climate data. Saunders et al. (2016) laudably tested the
predictability of their model. These models do provide important
advances to understanding the system, but the capacity to predict
system responses remains challenging. The complexity of the
system necessitates a correlative approach to begin improving
understanding; however, development of simulation models
including system mechanics may provide the best return on
investment. The Zalucki and Rochester (2004) model included
developmental mechanics in a national scale model. Zalucki
et al. (2016) took the critical step of incorporating movement
mechanics in their agent-based model, followed by inclusion
of improved movement mechanics into Grant et al. (2018).
Improving the mechanistic basis of our models, instead of using
only a correlative approach, will likely improve understanding
and prediction.

Most mathematical and statistical models use an “island
chain” approach in which different generations and areas of the
U.S. are modeled sequentially. After the first generation, however,
monarch generations overlap and may become indistinguishable
in late July and August (Zalucki and Rochester, 2004).
Consequently, spatial areas in an “island chain” approach
are most appropriate at large, regional scales (e.g., Midwest,
Northeast). However, there is no standard definition of regions
and different modelers have divided the eastern U.S. into
“islands” of different areas. In theory, the island chain approach
could provide greater insights using shorter timeframes and
smaller geographical divisions; however, as islands become
smaller, they become more artificial.

With increasing availability of high-performance computing,
simulation modeling (e.g., agent-based modeling) may be a
viable alternative to the island model approach to advance
understanding and prediction. The process of parameterizing a
simulation model would also help inform the lack of system
understanding and identify high-priority research needs. A good
example of this process in monarch butterfly research can be seen
in the work of Drury and Dwyer (2005), who developed models
and generated data to understand mechanisms behind spring
monarch colonization of habitat patches. Developing a model for
the entire eastern monarch population would be a challenging
undertaking, spanning multiple nested spatio-temporal scales.
To efficiently build the capability to model the annual monarch
cycle with agent-based modeling, different modules would need
to be developed that can be used concurrently. For example,
migratory and non-migratory modules could be developed with
the migratory module outputs serving as inputs for the non-
migratory module.
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Modeling Population Fluctuations
To date, published models have limited ability to predict annual
fluctuations in overwintering population counts. Matrix models
have not predicted population fluctuations because variability in
survival rates from year to year is unknown (e.g., see Flockhart
et al., 2015). Yakubu et al. (2004) showed that the system has the
potential to generate fluctuations and chaotic trends without any
explanatory variables. Semmens et al. (2016) modeled population
dynamics using a first-order auto-regressive model to investigate
population growth rate but modeled annual fluctuations as
normally distributed with no mechanistic rationale. Weather
patterns have been shown to influence the spring migration and
define the monarch’s environmental niche (e.g., see previous
summaries of Zalucki and Rochester, 2004; Batalden et al., 2007;
Zipkin et al., 2012; Saunders et al., 2016). Population fluctuations
are likely driven by changes in survival and fecundity under
different weather conditions. Improved methods for estimating
demographic rates—survival, in particular—are needed to
adequately model monarch population dynamics. It seems
likely that weather patterns contribute to the overwintering
population fluctuations as well; however, to date no attempts
have been made to use weather patterns over the entire annual
cycle to better understand or predict overwintering population
levels. Without an improved understanding how weather drives
fluctuations in the overwintering population, it will be difficult to
predict how climate change will affect future monarch butterfly
population dynamics.

Causes of Population Decline
Some modeling approaches support the hypothesis that
milkweed decline within the summer breeding range is the
primary cause for the decline in the eastern population
(e.g., Pleasants and Oberhauser, 2013; Flockhart et al., 2015;
Thogmartin et al., 2017; Malcolm, 2018; Stenoien et al., 2018).
Other modeling efforts suggest that adverse effects during the
fall migration have driven the decline (Ries et al., 2015; Inamine
et al., 2016; Agrawal and Inamine, 2018; Saunders et al., 2019).
Uncertainties in underlying empirical data and assumptions,
combined with different approaches for including uncertainties
in the modeling efforts, contribute to varying interpretations of
the causes for the population decline.

The NABA data used by Inamine et al. (2016) and Ries
et al. (2015) may be biased (see Ries et al. for discussion of
potential bias). The NABA data are counts of adult monarchs
at sites selected by citizen scientists and have two potential
limitations. First, because detection probability is not estimated,
the amount of bias in the counts is not known. Second, the
sites are not chosen using a probabilistic sampling design;
consequently, the relationship of the counts to the true monarch
population is unknown. The limitations of using counts with no
estimates of detection probability has been noted for numerous
species (MacKenzie and Kendall, 2002), including butterflies
(Kery and Plattner, 2007; Nowicki et al., 2008; Pellet, 2008;
Pellet et al., 2012; Kral et al., 2018). One likely mechanism
that would bias detection probability is monarch movement
becoming more confined to NABA count locations as milkweed
in agricultural fields decreased (Pleasants et al., 2017). There

may be additional factors biasing counts; however, without
empirical data on monarch densities, which currently seems
difficult or impossible to obtain, it may be difficult to determine
the presence and causes of bias. Estimating detection probability
for adult monarchs in the near term seems unlikely because of
their vagile behavior, though statistical methods to address this
issue continue to advance (Rossman et al., 2016). The monarch
research community is confronted with the difficult task of
resolving the extent to which uncertainty in the NABA counts
undermines the migration failure hypothesis. Exploration of
hypothesized causes ofmortality duringmigration, such as nectar
source declines or roadkill mortality, could provide independent
support for the migration failure hypothesis.

Other research groups have concluded that milkweed

limitation is the primary driver of monarch decline (Pleasants
and Oberhauser, 2013; Flockhart et al., 2015; Thogmartin et al.,
2017; Malcolm, 2018; Stenoien et al., 2018). Additional potential
factors for the decline, while acknowledged, have largely been

considered insignificant. The Pleasants and Oberhauser (2013)
model estimates that the Midwest egg production index accounts

for 47% of the observed variation in overwintering population

size. These researchers acknowledge that their model does not

account for variability in survival from egg to adult; variability

of contributions to the Mexico overwintering population from
other geographic regions; variability in fall migration survival;
and variability in the conversion factor used to calculate the

number of eggs in the Midwest.
Ideally a model constructed to quantify variation in

overwintering population due to these other factors would be
helpful; however, there are limitations in current knowledge to
support such a modeling effort:

1. Currently there is no statistically rigorous estimator for
survival rates from egg to adult (Oberhauser et al., 2001;
Flockhart et al., 2015) however, ad hoc estimates indicate that
survival rates may be declining (Nail et al., 2015).

2. Site selection bias has an unknown effect on trend analyses.

Subsampling or a rarefaction analysis could be utilized
with existing NABA data to determine the effect of site-
selection bias.

3. Flockhart et al. (2017) concluded that on average 40% of
overwintering monarchs originate in the Midwest; Pleasants
and Oberhauser (2013) contend that the contribution from
the Midwest was likely higher before the advent of Roundup
Ready crops in 1996. Contributions to the overwintering
population from the regions associated with the count zones
in Michigan and New Jersey suggest no declines (Davis,
2012). Trends in contributions from other regions to the
overwintering populations are poorly or completely unknown.

4. Threats during the fall migration could include lack of nectar

forage. Monarch butterflies need adequate lipid stores to

survive the overwintering period in Mexico. Saunders et al.
(2019) found that continental scale landscape greenness,

which they used as an index of nectar forage, was positively
correlated with overwintering population size. Brower et al.
(2015) documented low lipid stores in some monarchs in
Texas during fall peak migration; whether those monarchs
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reached the overwintering sites is unknown. These papers
suggest that nectar source availability on breeding grounds
and the migration route has the potential to have a negative
effect on monarch populations.

5. Kantola et al. (2019) estimated that 3.6 and 1.1 million
monarchs were killed along roads in Oklahoma and Texas
during the 2016 and 2017 fall migrations, respectively.
These mortality rates are approximately 4% and 2% of the
overwintering population in Mexico in those years. Kantola
et al. (2019) estimate the population declined on average
7% each year so a 2–4% roadside mortality rate could be
an important part of the annual decline. These authors also
note that a high level of roadkill could also be occurring
in Mexico. In addition, McKenna et al. (2001) estimated
500,000 monarchs were killed in 1 week in Illinois during
fall migration. If similar numbers of monarchs are killed
during fall migration in other Midwestern, Northeastern, and
Southern states, this factor could contribute substantially to
mortality during fall migration. A useful exercise would be to
determine if increases in traffic in different regions of the US
correlates with monarch population decline.

6. Refining the conversion factor of Pleasants and Oberhauser
(2013) for the Midwest would require more surveys from a
broader area.

Perhaps a model could be constructed utilizing different data
(e.g., NABA adult counts,MLMP egg and larval counts, milkweed
density, roadkill mortality rates, etc.); however, such a model
is more likely to be successful using monitoring data derived
through a probabilistic survey design.

Empirical Data
Empirical survey data on monarch butterflies of all stages is
limited and the inferential value of some of that data has been
questioned (Pleasants et al., 2017). Most inferences on monarch
butterfly populations come from a few sources: overwintering
population size measurements, citizen science counts of adults
(e.g., NABA, Illinois and Ohio programs), and citizen science
counts of larval stages (e.g., MLMP).

Much of the monarch data available is from citizen science
programs and it is difficult to imagine how substantial data
could be collected on monarch populations without these efforts.
Data from citizen science programs may have limitations due
to spatial sampling bias, because volunteers choose the survey
locations, and there are no estimates of detection probability.
Other citizen science programs have recognized these limitations.
eBird, perhaps the largest citizen science program in the world
(Sullivan et al., 2009), has recognized the imperfect detection
issue, among other potential limitations (Sullivan et al., 2014).
However, it is encouraging that studies have shown that eBird
data can provide very similar results to standardized shorebird
surveys (Callaghan and Gawlik, 2015). Detection probability for
monarch eggs and larvae could be determined experimentally.
Detection probability for adult monarchs is a difficult problem
because of their vagile behavior. Monarch butterfly modeling
research would be well served by data frommonitoring programs
with probabilistic sampling. A monitoring program under

development by Monarch Joint Venture, USGS, and USFWS
will hopefully fill this need (Cariveau et al., 2019). Analysis of
MonarchWatch4 mark-recapture data, another citizen science
program, would also be a welcome addition to the monarch data
available for modeling efforts.

More data would also be useful for refining and calibrating
algorithms in simulation models. Data on monarch movement
patterns and behavior could help improve the movement
algorithm in Grant et al. (2018), which is the mechanistic basis
for the model. Data on milkweed density and egg density in a
diversity of adjoining landcover types would improve calibration
of landscape-scale simulation models. Milkweed and egg survey
design and model frameworks need to be reconciled to ensure
spatial and temporal scale concordance.

Modeling Monarch Migration
Modeling monarch migration has generally proceeded with an
island chain approach (e.g., Flockhart et al., 2015; Oberhauser
et al., 2017). Zalucki and Rochester (2004) modeled colonization
probability over time in at weather station locations in the eastern
U.S. These approaches omit themechanics of movement (Zalucki
et al., 2016). An agent-based model of monarch migration
could include the important mechanics of movement and treat
monarchs as individuals rather than very large “islands” in which
each individual is assumed to be the same. Modeling migration
at continental scales is a non-trivial task. Perhaps modeling
the migration of the smaller western North American monarch
population may be a more tractable starting point.

Western monarchs are declining (Espeset et al., 2016; Schultz
et al., 2017) and the 2018 Thanksgiving counts found only
∼28,429 monarchs5 With so fewmonarchs spread over the entire
western U.S., modeling may help interpret current information
and predict future conditions because a limited amount of survey
data can be obtained. Pattern-oriented modeling could be a
viable option. Grimm et al. (2005) describe pattern-oriented
modeling as an approach that incorporates important system
patterns; patterns exhibited by systems are likely the result of
underlying mechanisms. Grimm et al. (2005) give an example
of patterns used to model spatio-temporal patterns in European
beech forests. Important patterns were: (1) the spatial mosaic
of forest patches at different successional patterns, (2) different
successional stages had different forest structure, and (3) when
large individual trees fell, they created canopy openings. After
incorporating these patterns, the model of beech forest dynamics
predicted age structure and distribution of large old trees well
and led to new understanding and hypotheses about the system.
Incorporating important patterns gives a model robustness
under varying conditions, sometimes even without in-depth
calibration or evaluation. Some considerations for a potential
pattern-orientated model of the western monarch migration that
could be used to assess different hypotheses of annual monarch
movements are summarized below.

4www.monarchwatch.org
5https://xerces.org/2019/01/17/record-low-overwintering-monarchs-in-

california/
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The western monarch population overwinters along central
and southern coastal California and spreads throughout the U.S.
west of the continental divide during the summer (Reppert and
de Roode, 2018). The most important breeding habitat has not
been identified (Jepsen and Black, 2015), though recent efforts
to map milkweed in the west have been undertaken (Dilts et al.,
(In Prep)). Western monarchs are genetically very similar to
eastern monarchs (Lyons et al., 2012) and may have navigation
strategies similar to eastern monarchs, or may have strategies
adapted to the west. The mountains and deserts of the western
U.S. strongly constrain movement patterns (Dingle et al., 2005).
Overwintering monarchs originate from a variety of places in
the western U.S. Stable isotope ratios demonstrate that western
monarchs originate from four isoscapes in the western U.S.:
40% originate from the “northern inland range,” 30% from
the “southern coastal range,” 16% from the “central range,”
and 12% from the “northern coast and southern inland range”
(Yang et al., 2016).

Following Grimm et al. (2005), several patterns that are
important in the yearly cycle of western monarch migration
should be reflected in a pattern-oriented model:

1. Monarchs are primarily found in coastal California during
the winter and can be found nearly anywhere from northern
Baja California to Mendocino County, California. Monarch
aggregations can ebb and flow in size over the winter (Frey
and Schaffner, 2004; Jepsen and Black, 2015).

2. The proportion of overwintering western monarchs from
different areas of the range should match proportions from
radio-isotope studies (Yang et al., 2016).

3. Monarchs spread throughout the U.S. west of the Continental
Divide in the summer (Dingle et al., 2005).

4. The dates of monarch records may indicate spring expansion
first into Nevada and Oregon, thenWashington, Utah, British
Colombia, Alberta, and Saskatchewan. Records in Idaho were
scarce, perhaps because of sampling effort. Most Arizona
records were from fall months (Dingle et al., 2005).

5. Monarchs tagged in Arizona have been found in California
and Mexican wintering sites (Morris et al., 2015).

6. Monarchs tend to follow riparian corridors and wetter areas
where milkweed and nectar sources are more abundant
(Dingle et al., 2005).

7. Monarchs tend to fly around mountains in the spring,
following the foothills, rather than directly over mountains
(Nagano et al., 1993).

8. There is significant individual variation in behavior in spring
migration behavior (Dingle et al., 2005) and overwintering
congregation locations, with some individuals overwintering
in Arizona (Morris et al., 2015) and other locations where
temperature does not exceed 4◦C (Dingle et al., 2005).

We hypothesize that fine-scale monarch movement constrained
by landscape and weather factors results in the observed
patterns. Annual migration strategies are the primary driver
of observed patterns. Testing different conceptual models of
monarch movement and migration strategies for consistency
with these patterns can determine which conceptual models of
monarch movement are most accurate, providing inference on

monarch migration strategies and improving model robustness.
We propose several conceptual models of western monarch
migration to test against these patterns. Some models are
based on eastern monarch research, under the assumption that
western monarchs may use the same migration strategies as
eastern monarchs:

1. Western monarch distribution is simply a yearly range
expansion and contraction with no directional movement and
migration involved. Monarchs diffuse into the Great Basin
during warm summer months, and are forced back to the
coast by cold temperatures in the fall (Wenner and Harris,
1993). This would serve well as a null model.

2. Western monarch orientation rotates 360◦ over the year
(Brower, 1996).

3. Western monarchs are “true navigators” that know
where they are going and how to get there (Pyle, 1999;
Oberhauser et al., 2013).

4. Western monarchs employ vector navigation wherein they
have an instinct to travel in a certain direction until geography
and weather shunt their movements (Mouritsen et al., 2013a;
Mouritsen et al., 2013b).

In a simulation model, western monarch agents could be
programmed with directionality according to the four conceptual
models highlighted above. For example, monarch agents
following strategy 4 would have a strong northeast directionality
during the spring months, but would have a higher probability
of staying at the same elevation instead of gaining altitude
to maintain a base directionality. Individual variation in
directionality (Froy et al., 2003) and probabilistic movement
decisions would result in monarchs spreading over the landscape.
For each movement step, agents would have a probability of
laying eggs depending on the habitat. Each egg would be a
new agent, with developmental rate dictated by temperature and
survival rate. Eggs that survive would become adult monarch
agents and begin moving across the landscape. As directionality
fades over the summer, simple diffusion along riparian corridors
would occur.

An agent-based model could test the proposed models of the
western monarch annual movement cycle. Once a model is found
that matches observed patterns, the model could identify which
areas are most important to monarch migration and breeding.
Modeling movement and demographics of monarchs over the
year could increase understanding of important movement and
migration corridors and increase understanding of important
breeding habitat. Such a model could also address questions
about the annual movements of western monarchs. Model results
could be tested with empirical surveys and conservation steps
could be prioritized accordingly.

ADVANCING MONARCH BUTTERFLY
MODELING

While monarch modeling using mathematical, statistical and
simulation approaches has greatly increased understanding of
monarch butterfly systems, improved approaches are needed
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to understand the causes of monarch population trends,
including the effects of climate change and other stressors,
and to predict population responses as a function of alternate
conservation plans. Most statistical modeling to date has been
largely correlative with little mechanistic basis. Mathematical
and statistical models have used an island chain conceptual
framework, but new understanding and prediction may require
an agent-based approach. Fewmodels have incorporated weather
effects, though most authors acknowledge that they believe
weather to be a primary driver of population fluctuations.
Agent-based modeling with built-in demographics and weather
effects could address this need. Incorporating movement
patterns and behavior in agent-based models provide an
important mechanistic basis (Zalucki et al., 2016). A model
of western monarch migration could serve as an important
developmental step to advancing agent-based modeling of
eastern monarch migration. A model of eastern monarch
migration could incorporate existing agent-based models for
non-migratory generations.

What are the challenges to advancing such a modeling effort?
Mechanisms that need to be incorporated include movement
behavior, developmental dynamics, density dependent effects,
effects of nectar resources on movement behavior, spatial
memory effects, behavioral interactions between individuals,
predation dynamics, and land-use stressors, such as pesticides
and mowing. It is not clear that all of these effects are possible
or necessary to include in agent-based models, but a conceptual
model could begin to address these factors systematically. Models
could be developed with nested modules to address these issues
and their interactions. Moving forward on collecting data to
refine model algorithms and calibrate and evaluate models is a
significant challenge. Advancing understanding and predictive
capabilities of the monarch system will require well-planned

collaboration between laboratory and field-based research and
modeling teams. The continued existence of monarch butterflies
as a migratory phenomenon will likely require new approaches
to develop the necessary understanding and predictive capability
to determine those conservation actions necessary to reverse
population declines in eastern and western North America.
International teams with a diversity of backgrounds are well
positioned to develop new conceptual models of monarch
systems to address these challenges.
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