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Abstract
Invasive pests and pathogens are a major driver of biodiversity loss. Some rare species
may persist through rapid evolution to tolerate or escape new threats, but representing
the underlying ecological and evolutionary processes at the appropriate scale is analyti-
cally and computationally challenging. Tillandsia utriculata has been classified as endan-
gered in Florida where its population has decreased significantly due to predation by the
invasive Mexican weevil Metamasius callizona. Adult female weevils deposit their eggs in
leaves of epiphytic bromeliads, preferentially ovipositing in the largest rosettes. Once the
eggs hatch, the larvae consume the core of the rosette, often leading to pre-reproductive
death. During the past three decades of predation, the T. utriculata population has shifted
to initiating the production of inflorescences (to commence its single attempt at sexual
reproduction) at smaller rosette sizes. Importantly, the rosette size at induction is corre-
lated with the number of seeds produced. We have constructed an agent-based model to
simulate the dynamics of a Florida T. utriculata population over many generations where
the minimum rosettes size required to initiate inflorescence production (minimum size of
induction or MSI), is an inherited trait. We use the model to explore how predation may
have shifted the population’s genetic composition and the impact this has on population
viability. Our results show that larger germination rates are required for population viabil-
ity when weevils are present. Parameter uncertainty analysis revealed that in the pres-
ence of weevil predation, only a population with a very high germination rate and a short
period of predation would sustain its population for 100 years with sizes similar to simula-
tions without weevil predation. Furthermore, uncertainty analysis showed that the mean
MSI of the population decreased over a 100-year period without weevil predation, and
this trend was exacerbated by the presence of weevil predation.
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Author summary
The giant air plant of Florida has been declared endangered due to predation from an
invasive weevil. These plants are incredibly important to the biodiversity of Florida; they
have a water retaining tank within which live ecosystems of thousands of individuals,
some that are completely reliant on these types of micro ecosystems. The giant air plants
have only a single reproduction event during their lifespans, and the predatory weevils
target the reproductive portion of the plants. This has led to the population reproducing
earlier, when they are of a smaller size. Our computer simulations have shown that, even
in the absence of the weevil, the plants continue to follow this earlier reproduction trend,
putting their long-term survival at risk.

Introduction
Invasive pests pose a globally significant threat to biological diversity [1]. Some of the most
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dramatic cases involve threatened keystone and foundational species. From plague-stricken
prairie dogs to blighted American chestnuts, introduced predators and pathogens have driven
once-dominant species towards extinction, with cascading effects for other dependent organ-
isms and ecosystem services [2]. While invasive pests are generally detrimental for biodiver-
sity, conservation outcomes vary with complex interactions between ecological and evolu-
tionary forces across scales. In the case of prairie dogs, colony extinction depends on spatial
configuration [3], while genotype influences individual survival and the potential for rapid
evolution of resistance [4]. More generally, predators that target adults often drive rapid evo-
lution of faster maturation and smaller body size [5]. Rapid evolution can also promote dis-
persal through fragmented landscapes [6] and occupation of predation refugia [7]. However,
experimental evidence for rapid evolution concentrates on animals and organisms with short
generation times. Protecting long-lived keystone species, especially plants, from invasive pests
requires simulating where, when and how key ecological and evolutionary forces interact.
One example of a long-lived keystone plant that may have experienced rapid evolution due to
an invasive pest are Tillandsia utriculata populations in Florida, USA.

Tillandsia utriculata L. (Bromeliaceae) is a large, long-lived, epiphytic bromeliad native
to Florida, the broader Caribbean, and Central America. Like most bromeliads, the vege-
tative body of T. utriculata consists of leaves arranged in a spiral rosette pattern with a sin-
gle bud region, called the apical meristem, that controls the production of new tissue [8].
When the rosette is young, the apical meristem produces new leaves. Eventually, the apical
meristem converts in a process known as inflorescence induction to produce a single, termi-
nal cluster of flowers (an inflorescence) at the top of the rosette that is used in sexual repro-
duction; Fig 1 shows a timeline of the T. utriculata lifespan. Some populations of T. utricu-
lata are also capable of reproducing asexually via axillary meristems that produce clonal off-
shoots called pups. The Florida populations, however, are incapable of producing clonal pup
rosettes and rely exclusively on sexual reproduction through the apical meristem[9]. Since a
T. utriculata rosette produces only one inflorescence in its lifetime, this means that in Florida,
each T. utriculata rosette can have only one reproductive event in its lifetime (known as a
semelparous life history strategy).

Since the late 1980s, large bromeliads in Florida (including T. utriculata) have been subject
to predation from the invasive weevilMetamasius callizona [10,11]. AdultM. callizona feed
on the leaves of bromeliads, and though this can be harmful to the plants, it is not necessarily
lethal. Lethal damage to bromeliad rosettes is caused byM. callizona in the larval stage. Adult
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Fig 1. Lifespan of a single T. utriculata rosette.The key moments in the lifespan of a T. utriculata rosette include germina-
tion, tank formation, induction, seed dispersal, and death. The years between these developmental milestones correspond to
distinct growth, reproductive, and senescence periods.

https://doi.org/10.1371/journal.pcbi.1013157.g001

female weevils lay their eggs in slits they cut into the base of large rosettes. Once the eggs
hatch, the larvae bore into and feed upon the available tissue, including meristematic tissue.
For those species capable of producing clonal pup rosettes (including the large, Florida native
epiphytic bromeliads Tillandsia fasciculata and Guzmania monostachia, which may maintain
their ability to generate pups after weevil infestation), there is a possibility of future reproduc-
tion through axillary meristem regrowth. However, T. utriculata populations in Florida rely
exclusively on the production of an inflorescence for reproduction, and thus there is no possi-
bility of future reproduction once weevil predation destroys the apical meristem. While all the
large Florida bromeliads (T. utriculata, T. fasciculata, and G. monostachia) have been heav-
ily impacted by the weevil and are currently listed as endangered in the state of Florida [12],
T. utriculata is currently of greater conservation concern due to its semelparous life history
strategy [10,11].

The ecology ofM. callizona and native Florida bromeliad populations have been of con-
siderable interest to researchers, conservationists, and bromeliad horticulturists for the past
two decades. In the past decade, there has been some evidence that the bromeliads in Myakka
River State Park (MRSP) in Sarasota County, FL are initiating induction of the inflorescence
at smaller sizes than has been seen in the past [field observations by T. Cooper]. One possi-
ble explanation for this shift is thatM. callizona, which preferentially select larger rosettes for
ovipositing eggs, have exerted sufficient pressure on the bromeliad populations to select for
earlier timing of induction [13]. With seed fecundity correlated to longest leaf length (LLL)
at time of inflorescence production [14], a shift to induction occurring at smaller rosette sizes
would correlate to a lower mean seed fecundity within the population. A significant shift in
average seed fecundity along with high seed mortality and low germination rate would likely
correlate to lowered population viability. To explore this possibility, we have constructed an
agent-based model (ABM) to simulate the population dynamics of T. utriculata in an area of
MRSP over several generations where the minimum size at which an individual rosette can
initiate inflorescence production, called minimum size of induction (MSI), is an inherited
trait. The protocols within the model are largely structured around the size classes defined
by Cooper in [11,15]; see Table 1. Of the three size classes, only the largest two are explicitly
modeled (medium and large size classes in Table 1; post tank formation in Fig 1). Not only
does this reduce the computational demands of the model to reasonable levels, but it also
shifts the focus of the model to the more relevant individuals. In particular, the focus lies on
those rosettes that are both subject to weevil predation and capable of reproduction. The small
size class (LLL<15 cm) is not a likely location forM. callizona oviposition [13], and thus was
not explicitly included in the model.
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Table 1. Tillandsia utriculata death rate data by size class.
Size Class Age LLL Death Rate (per wk) due to

(yrs) (cm) Senescence Natural Event Predation Other
Small 0 – 5 0 – 15 — 0.01502 0.00719 0.00817
Medium 5 – 12 15 – 50 0.00483 0.00976 0.00708 0.00671
Large >12 >50 0.00395 0.00400 0.00631 0.00300
Note that only rosettes with LLL ≥ 15 cm are explicitly represented in the model. Size class descriptions and death rate data from [11,15]. The
different types of death are senescence (post seed dispersal), natural event (natural death caused when rosette is knocked to the ground in a
natural weather event), predation (caused by weevil damage), and other (disappearance, overcrowding, etc).

https://doi.org/10.1371/journal.pcbi.1013157.t001

While there have been several illuminating studies of T. utriculata [11,13,16] an unfortu-
nate dearth of quantified information exists for some key demographic parameters, specifi-
cally germination rate and mean size at induction. Therefore, with this study, we utilize ABM
simulation experiments to determine likely ranges for these parameters. Through simulation
experiments we determine the minimum germination rate required to sustain a T. utricu-
lata population over 100 years in the presence and absence ofM. callizona. Additionally, we
perform a multidimensional parameter uncertainty analysis that explores the impact of key
parameters on population size and population mean MSI over time both with and without the
presence ofM. callizona.

Results
Simulation experiment protocols
We created an agent-based model (ABM) to simulate the population dynamics of the T. utric-
ulata over many generations. The model includes growth and dispersal procedures informed
by its life history and collected data. In particular, the model simulates the MSI as an inherited
trait. The model also includes predation by the invasive weevilM. callizona, which can be set
to occur for different lengths of time. Analysis of this model is intended to explain the impact
weevil predation may have had on the timing of reproduction in T. utriculata. A complete
description of the ABM is given in the Methods and Models section.

The duration of a single simulation was set to 5,200 time steps (1 time step = 1 week), the
equivalent of 100 years. We define a single experiment as a set of 100 simulations with the
same parameter values. Since each simulation is stochastic, we summarize results across a
single experiment (100 simulations) to draw conclusions about general model behavior and
emergent properties for the given parameter set and forest structure. For each simulation, we
recorded the following model output data:

1. The mean MSI over the population of T. utriculata with LLL ≥ 15 cm at every time step
(i.e. each week). We define 𝜇t as the mean MSI at week t.

2. The population size of T. utriculata with LLL ≥ 15 cm at the final time step (Nf, i.e.
5,200 wks or sooner if the population went extinct prior to 5,200 wks). We define Nt as
the total population size at week t.

Using model output #2, we calculated the extinction probability for each experiment (i.e. over
100 simulations),

P = # simulations with Nf = 0
100 simulations

, (1)
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the median change in population size for each experiment,

ΔN =Median[Nf –N0]. (2)

and using model output #1, we calculated the mean change in the mean MSI for each experi-
ment,

Δ𝜇 =Mean[𝜇f – 𝜇0]. (3)

Parameters that were varied between experiments include initial mean MSI (𝜇0), germina-
tion rate (g), variation in heritability (𝜈), standard deviation in initial MSI distribution (𝜎0),
and years of predation (Tp).

Exploration of the (𝜇0, g) parameter space
To determine germination rates which would allow for the Florida T. utriculata population to
survive over 100 years (i.e., 5,200 weeks), we ran experiments for 64 combinations of initial
mean MSI and germination rates with 𝜇0 ∈ {45, 55, 65, 75} and g∈ {0.05, 0.06,… , 0.19, 0.20}.
For each mean MSI, we determined the minimum germination rate with a zero extinction
probability (i.e. p = 0), and the minimum germination rate with median population increase
by year 100 (i.e. d>0). The matrix plots in Fig 2 show the values of p and d for various combi-
nations of germination rates (g, horizontal axis) and initial mean MSI (𝜇0, vertical axis). The
color of each square in the matrix plot shows the value of p (Fig 2A and 2B) or d (Fig 2C and
2D) as calculated for a single experiment (i.e. 100 simulations). The values of p vary from 0
to 1, with 1 representing extinction in every simulation by 5,200 weeks. The values of d vary
from -1,000 to 1,000, with grey colors representing negative values of d (i.e. median popula-
tion decline at 5,200 weeks), and red (no weevil predation) or blue (with weevil predation)
representing positive values of d (i.e. median population increase at 5,200 weeks).

Germination rates greater than 10–12% are necessary to avoid extinction without weevil
predation and there is little variation over the initial mean MSI value (see Fig 2A). However,
germination rates greater than 13–20% are required when weevil predation is present with the
minimum required germination rate increasing with initial mean MSI (see Fig 2B). The cor-
relation between extinction probability and germination rate is stronger than between initial
mean MSI and extinction probability (over the ranges explored), indicating that the germi-
nation rate is more important to the survival of the bromeliads than MSI. Germination rates
around 20% are necessary to maintain population size and allow for population growth over
100 years without weevil predation (see Fig 2C). Growth is further inhibited when weevil
predation occurs (see Fig 2D).

Exploration of the (𝜇0,𝜎0, g,𝜈,Tp) parameter space
To determine which parameters had the most influence over the final population size (Nf)
and the change in the mean MSI at the final time (Δ𝜇) we conducted simulations on a Latin
Hypercube Sampling (LHS) of the parameter space. For an LHS of K parameters, the param-
eter space is adequately covered if the number of samples (i.e. number of parameters sets),
denotedN , satisfies the inequalityN > 4

3K [17]. Our analysis consisted of five varied param-
eters: initial mean MSI (𝜇0), initial standard deviation in MSI distribution (𝜎0), germina-
tion rate (g), MSI heritability variation (𝜈), and the length of the predation period (Tp). We
additionally calculated partial rank correlation coefficients (PRCCs) to determine to which
parameters the final population size and final change in mean MSI were most sensitive. PRCC
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Fig 2. Each square gives extinction probability p (AB) or median population change d (CD) for 100 simulations at (g,𝜇0). Red is
without weevil predation (AC); blue is with weevil predation (BD). Black represents a population decrease over 100 years (CD). The
thick, black line represents the transition from p>0 to p = 0 (AB) or where d = 0 (CD).

https://doi.org/10.1371/journal.pcbi.1013157.g002

values range from -1 to 1 with positive values indicating that small increases in the parame-
ter correlate to increases in the measured model outcome and negative PRCCs indicating that
small increases in the parameter correlate to decreases in the model outcome; PRCCs whose
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absolute value is close to 1 have a strong correlation. We calculated the significance of each
PRCC with a Student’s t-test [17].

Analysis withN = 1000 parameter sets.We generatedN = 1000 parameter sets using LHS
and ran one simulation for each parameter set. All 1000 simulations were simulated using
the same initialized forest (see the Initialization section) and each simulation started with
a population of 750 T. utriculata rosettes with an initial LLL ≥ 15 cm (i.e., ℓi(0)≥ 15 cm).
Fig 3 shows the distribution of the population size at the final time (left) and the change in the
mean MSI at the final time (right) when the weevils are absent (shown in red) and when the
weevils are present for Tp years (shown in blue). In the simulations with no weevils present,
only 0.7% of the parameter sets resulted in the T. utriculata population going extinct prior
to 5200 time steps (i.e., 100 years). In contrast, 44.1% of the simulations with weevils are
present for Tp years resulted in the population going extinct before 100 years. Across the 1000
parameter sets, 886 resulted in a lower final population size with weevils present than with-
out, while 589 of the 1000 parameter sets resulted in a lower mean MSI at the final time with
weevils present than without. The difference between the median value of the mean MSI at
the final time with and without weevil present was significantly different (Mann-Whitney,
p = 1.30× 10–6). Table 2 shows the PRCC values and corresponding p-values for each combi-
nation of parameter (𝜇0, 𝜎0, g, 𝜈, and Tp) and outcome (median[Nf] without and with weevils
present, and mean[𝜇5200 – 𝜇0] without and with weevils present). PRCC values indicating a
strong correlation (i.e., |PRCC| > 0.7) with a low p value (i.e., p<0.1) are indicated with gray
shading in Table 2. Though many of the PRCC values had a p-value that met the 90% confi-
dence threshold, none of the PRCC values indicated a strong correlation between a parameter

Fig 3. Distribution of population at final time (left) and change in mean MSI at final time (right) from simulations across 1000 parameter sets when weevils
are absent (red) and with weevils present for Tp years (blue).

https://doi.org/10.1371/journal.pcbi.1013157.g003

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013157 June 10, 2025 7/ 28

https://doi.org/10.1371/journal.pcbi.1013157.g003
https://doi.org/10.1371/journal.pcbi.1013157


ID: pcbi.1013157 — 2025/6/12 — page 8 — #8

PLOS COMPUTATIONAL BIOLOGY Predicting potential recovery of Tillandsia utriculata: An agent-based modeling approach

Table 2. PRCC values (with p-values in parentheses) for the median final population size and difference in mean
MSI at the final time, without weevil predation and with weevil predation.

Pa
ra
m
et
er

Nf forN = 1000 𝜇f – 𝜇0 forN = 1000

without weevil with weevil without weevil with weevil
PRCC p-value PRCC p-value PRCC p-value PRCC p-value

𝜇0 -0.276 (<10–3) -0.300 (<10–3) -0.143 (<10–3) 0.023 (0.231)
𝜎0 -0.011 (0.365) 0.079 (0.005) -0.373 (<10–3) -0.402 (<10–3)
g 0.593 (<10–3) 0.357 (<10–3) -0.089 (0.004) -0.038 (0.119)
𝜈 0.057 (0.032) 0.043 (0.083) -0.009 (0.389) 0.030 (0.168)
Tp N/A -0.622 (<10–3) N/A -0.076 (0.010)

Pa
ra
m
et
er

Median[Nf] forN = 10 Mean[𝜇f – 𝜇0] forN = 10

without weevil with weevil without weevil with weevil
PRCC p-value PRCC p-value PRCC p-value PRCC p-value

𝜇0 -0.200 (0.310) 0.028 (0.147) -0.482 (0.469) 0.420 (0.079)
𝜎0 0.249 (0.220) 0.885 (0.051) -0.904 (<10–3) -0.878 (0.054)
g 0.932 (<10–3) 0.631 (0.169) -0.432 (0.009) -0.125 (0.373)
𝜈 -0.387 (0.190) -0.725 (0.105) -0.612 (0.079) -0.742 (0.075)
Tp N/A -0.381 (0.291) N/A 0.319 (0.153)
PRCC values indicating a strong correlation (i.e., |PRCC| > 0.7) with a low p value (i.e., p<0.1) are indicated with gray shading.

https://doi.org/10.1371/journal.pcbi.1013157.t002

and one of the two measured model outputs. However, this analysis only executed a single
simulation for each parameter set.

Analysis withN = 10 parameter sets. Given the many elements of stochasticity within the
model (see the Stochasticity section), it is possible to have significant variance in model out-
puts for a single parameter set. To explore the range in model output across replicate simula-
tions of the same parameter sets, we generatedN = 10 parameter sets using LHS (see Table 3),
and ran a single experiment (i.e., 100 replicate simulations) for each parameter set. All 10
experiments were simulated using the same initialized forest (see the Initialization section)
and each simulation started with a population of 750 T. utriculata rosettes with an initial LLL
≥ 15 cm (i.e., ℓi(0)≥ 15 cm). For each experiment, we calculated the mean final population

Table 3. Parameter sets generated through Latin hypercube sampling.
Parameter Set 𝝁𝟎 𝝈𝟎 g 𝝂 Tp p-value

Mean[Nf] Mean[𝜇f – 𝜇0]
1 ∎ 55.000 1.000 0.192 0.034 27.222 <10–3 0.144
2 ∎ 71.667 7.222 0.175 0.040 16.111 <10–3 <10–3

3 ∎ 48.333 8.778 0.158 0.026 21.667 <10–3 <10–3

4 ∎ 65.000 2.556 0.125 0.037 24.444 <10–3 0.290
5 ∎ 75.000 5.667 0.150 0.029 10.556 <10–3 0.692
6 ∎ 45.000 13.444 0.142 0.015 13.333 <10–3 <10–3

7 ∎ 61.667 4.111 0.167 0.018 18.889 <10–3 0.213
8 ∎ 58.333 11.889 0.200 0.021 5.000 0.057 0.149
9 ∎ 51.667 15.000 0.183 0.032 30.000 <10–3 <10–3

10 ∎ 68.333 10.333 0.133 0.023 7.778 <10–3 0.396
Varied parameters are the initial mean MSI (𝜇0), initial standard deviation in MSI distribution (𝜎0), germination rate (g), MSI heritability varia-
tion (𝜈), and the length of the predation period (Tp). Shaded p-values indicate a statistically significant difference in mean[Nf] or mean[𝜇f –𝜇0]
between simulations with and without weevil predation.

https://doi.org/10.1371/journal.pcbi.1013157.t003
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size (mean[N5200]) with and without weevil predation and the mean change in the MSI over
time (mean[𝜇t –𝜇0]) with and without weevil predation. A graphical depiction of these results
are given in Fig 4. Additionally, for each parameter set, we calculated the statistical signifi-
cance of the difference of the mean Nf with and without weevil predation and the mean 𝜇f –𝜇0

Fig 4. Distribution of final population size (A) and mean change in mean MSI over time (B) over 100 simulations for each parameter set shown in Table 3 in
the absence of weevils (left) and with weevils present for Tp years (right); each color represents a single experiment (100 simulations of 1 parameter set).The
bold line in (A) shows N0 = 750.

https://doi.org/10.1371/journal.pcbi.1013157.g004
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with and without weevil predation (Student’s t-test with 95% confidence) the values of which
are given in Table 3.

The distribution of final population size at the final time (Nf) for each experiment (and
thus, for each parameter set in Table 3) are shown in Fig 4A without weevil predation (left)
and with weevil predation (right). In each graph, the horizontal line shows the initial pop-
ulation size N0 = 750. Without weevil predation, seven of the ten parameter sets lead to the
median final population size below the initial (i.e., median[Nf] <N0), though none of the
parameter sets lead to a final population size distribution completely below the initial popula-
tion size (i.e., max[Nf] <N0). In contrast, with weevil predation, nine out of the 10 parameter
sets lead to the median final population size below the initial population size, and three of the
10 parameter sets lead to the entire final population size distribution being below the initial
population size. Upon examination of the statistical significance of the difference between
mean[Nf] with and without weevil predation, only parameter set 8 (see Table 3) showed no
significant difference with a confidence level of 95%, though, parameter set 8 would have a
significant difference with a confidence level of 90%. It should be noted that parameter set
8 happens to have the combination of greatest germination rate and the shortest period of
weevil predation.

The mean change in mean MSI at each time step over 5,200 weeks for each experiment are
shown in Fig 4B without weevil predation (left) and with weevil predation (right). Note that
even in the absence of weevil predation, the mean MSI decreases over time (averaged across
100 simulations). However, in four out of the 10 parameter sets (shaded in Table 3), the mean
change in the mean MSI at the final time without weevil predation is significantly higher than
when weevil predation is present with a confidence level of 95%. This result does not change if
the confidence level is changed to 90%.

Table 2 shows the PRCC values and corresponding p-values for each combination of
parameter (𝜇0, g, 𝜈, 𝜎0, and Tp) and outcome (median[Nf] without weevils, median[Nf] with
weevils, mean[𝜇f – 𝜇0] without weevils, and mean[𝜇f – 𝜇0] with weevils). PRCC values indi-
cating a strong correlation (i.e., |PRCC| > 0.7) with a low p-value (i.e., p<0.1) are indicated
with gray shading in Table 2. The only PRCC value indicating a strong correlation without a
p-value that met the 90% confidence threshold was the correlation between the variation of
heritability in MSI (𝜈) and the median final population size with weevil predation. The sig-
nificance of the PRCC results could be increased by increasing the total number of parameter
sets; however, this would increase overall computational time.

Discussion
The large, long-lived, epiphytic bromeliad T. utriculata has been subject to predation from the
invasive weevilM. callizona since the late 1980s. These weevils lay their eggs in the tissue of
bromeliads, resulting in the inability to reproduce. They preferentially select large bromeliads,
leaving fewer large bromeliads to reproduce. As the size of induction is theorized to be a heri-
table trait, this could be causing the average size of induction in these populations to decrease
over time. Many reproductive measures, such as seed fecundity, seed mortality, and germina-
tion rate, are tied to the size at induction. Thus, if the size at induction is decreasing, this may
lead to a reduction in the fitness of the population over time, eventually causing extinction.

Analysis of simulations of our ABM show that in order for the population to survive for
100 years with weevil predation, the germination rate needs to be about 13–20%. This is con-
siderably higher than the germination rates needed to survive 100 years without weevil pre-
dation, which falls around 10–12%. In order to have population growth rather than just sur-
vival, the germination rates need to be around 20%. Furthermore, PRCC results indicate that
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the germination rate is strongly correlated with the final median population size, meaning
that germination rate may be one of the most important factors in maintaining these natu-
ral populations of T. utriculata in the absence of weevils. Populations with smaller mean sizes
of induction have lower fecundity, increasing the importance of higher germination rates to
maintain the population size. The germination rate of T. utriculata has not been rigorously
studied. However, germination experiments on T. utriculata seeds harvested from Florida
native T. utriculata have begun at The Kampong National of The Tropical Botanical Garden in
Miami, FL. The results of these experiments will be integrated in future versions of this ABM.

Our model has also shown that there are conditions under which (given all model assump-
tions) the mean size of induction is, in fact, decreasing over time, confirming our initial
hypothesis and field observations at MRSP. This has important ecological implications for
T. utriculata populations because of the inherent ties between the mean induction size and
population viability. A decrease in the MSI may imply a decrease in the populations’ abil-
ity to reproduce. Smaller bromeliads have lower mean seed fecundity. If this shift results in
germination rates below 13% the populations will not be expected to survive even 100 years.

This could have implications on the community at large because bromeliads are known
to provide habitats for many other species in the forest canopy. The overlapping leaves of the
rosette form a tank that impounds water, forming unique phytotelm micro ecosystems housed
within each tank bromeliad. Each rosette can contain dozens of invertebrate species, at least
15 of which are found only in the phytotelm of tank bromeliads native to Florida [10,18]. The
T. utriculata rosettes are the among the largest of all native Florida tank-forming bromeliads
and can hold up to a liter of water. They also have the widest range phytotelm invertebrates
among the Florida large tank-forming bromeliads. Furthermore, larger bromeliads also have
more diverse communities of bacteria with unique functional characteristics [19]. This means
that T. utriculata in Florida provide the most opportunity to promote biodiversity through
the formation of phytotelm and bacterial communities. The extirpation of this species would
result in significant loss of biodiversity and ecosystem function across Florida and could have
a significant impact on the ecological structure of the community in general.

Current conservation measures for T. utriculata include removing large T. utriculata
rosettes from the forest, removing any weevils present, and placing the rosettes in mesh “con-
servation cages” that protect the rosettes from weevil infestations during induction, the build-
ing of the inflorescence, flowering, and dehiscing. Mature seeds from dehisced flowers are
then propagated back into the canopy [15]. Experimental trials of this conservation method
are underway in the Enchanted Forest Sanctuary in Brevard County, Florida and at Faka-
hatchee Strand Preserve State Park, Collier County, Florida. We plan to extend this model to
examine the impact of such a conservation measure by modifying the submodels to account
for the removal of large rosettes from the canopy and a protected reproduction period, fol-
lowed by the targeted dispersal of the resulting seeds into the canopy.

Other future directions for this project include refining the model based on new vital rates
data gathered for T. utriculata in Florida and explicitly modeling weevil movement rather
than imply their presence in the calculation of vital rates. However, data on the movement
patterns of ovipositing femaleM. callizona within the forest would be needed in order to
accurately simulate the impact of the weevils upon the T. utriculata or other large bromeliad
rosettes. Additionally, this model could be expanded to explore the potential long-term
impact of conservation methods designed to remove the invasive weevil, minimize weevil
damage of bromeliads, or repropagate populations. This model could also be adapted and
expanded to simulate other large bromeliads native to Florida that are vulnerable to weevil
predation, including T. fasciculata and Guzmania monostachia. In Florida forests where all
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three large bromeliad species are present, it is important to understand how weevil preda-
tion and potential conservation methods will impact individual bromeliad population and the
entire bromeliad community with a forest.

In summary, we illustrate that the presence of the invasiveM. callizona in Florida is likely
to have an important and detrimental effect on local biodiversity if no conservation efforts
are taken. The bromeliads in these populations are growing smaller, which will impede their
ability to reproduce at a rate high enough to survive the presence of the weevils. The altered
diversity and structure of communities will likely have far-reaching ecological consequences.
We recommend conservation efforts to prevent significant loss of biodiversity.

Methods and models
Myakka River State Park (MRSP) data
Cooper [11] completed an extensive study of the populations of T. utriculata and T. fascic-
ulata in MRSP that generated monthly data on the populations from June 2001 (about one
year afterM. callizona were first found in MRSP) to June 2005 that was used to quantify the
impact of weevil predation. The monitored bromeliads were categorized into three size classes
according to the LLL which approximately corresponds with the age of the rosette (Table 1).
The transition from the small to medium size class corresponds to a morphological change
in T. utriculata leaves. When a T. utriculata rosette reaches roughly 15 cm LLL, the leaf bases
broaden which allows for the formation of a tank that can impound rain water [20]; Fig 1
shows this occurs around 5 years of age. Impounded rain water can be held for many months
[21] providing water and nutrients for the rosette, and habitat for a variety of animals and
plants [11,22]. No T. utriculata have been observed to have started building an inflorescence
prior to the formation of their tank. Data from the Cooper study [11] was used to deter-
mine T. utriculata death rates from natural causes and due to weevil predation for the model
presented in the Agent-based model description section. Additionally, the selection of field
sites and monitoring protocol from the Cooper study [11] were used to inform further data
collection described in the remainder of this section.

Data collection protocol. To describe the size classes and spatial distributions of large,
long-lived Tillandsia in a natural landscape with weevil impacts, we conducted an inventory
within MRSP. Initial inventory work occurred between June 2001 and June 2005 [11]. At that
time, while the weevil outbreak was accelerating, 10–100 bromeliads occurred within 13 dis-
tinct areas of the park, which were incorporated into a spatially stratified monitoring proto-
col. In each area, host plants were tallied and a subset were mapped and inventoried every six
months. Inventory data included the number of apparent tillandsias in three size classes based
on LLL (0–15 cm, 15–60 cm and > 60 cm). Among these plants, 739 were monitored monthly
for survival, providing an estimate for mortality from weevils and other causes early during
the infestation.

To obtain more high resolution data later during the weevil outbreak, in March 2018, we
used standard forest inventory techniques to locate host trees [23], count tillandsias in dif-
ferent size classes, and map reproductive individuals within the canopy in one of the orig-
inal 13 inventory areas (FPS research and collection permit no 11201714). Specifically, we
obtained coordinates near the base of host trees (Sabal palmetto, Pinus elliottii var. densa,
Quercus virginiana, and Quercus laurifolia) using a Trimble Juno 5B (Trimble Inc., Sunnyvale
CA) and measured the distance and direction to the tree base using a 50 meter tape and com-
pass respectively. We then measured the diameter of the tree above root flare using a diam-
eter tape as well as the diameter of any independent stem that branched below 1.3 m height
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above the ground (diameter at breast height, DBH). We used trigonometric identities to cal-
culate the center of the rooting position of the tree from the measured coordinates, distance,
direction, and tree base diameter. After locating the host trees, we counted every individual of
T. utriculata and T. fasciculata as determined by the shape of the plant, color of the leaves, and
form of the reproductive structures when present. Based on the perceived longest leaf length
of each individual, we assigned it to one of four size categories: 0–15 cm, 15–30 cm, 30–45
cm and > 45 cm; four categories were used instead of three because there were no long-lived
tillandsias with LLL > 60 cm. For any individuals that were in bud, flower, fruit, or declining
due to weevil damage, we collected additional location information. First, we used a 50 m tape
and compass to measure the distance and direction (respectively) from the base of the tree
to the base of the Tillandsia. Then, we used a clinometer to measure the angle of inclination
from an observation point along the tape to the base of the plant. We calculated the 3 dimen-
sional coordinates for each plant using trigonometric identities. The full data set is provided
as supplemental information in S1 Data.

Summary of data.

Host tree data. Forest inventory revealed that 18.6% of host trees were host to at least one
T. utriculata, and of the host trees with T. utriculata, 81.8% had only a single T. utriculata.
Additionally, 91.5% of host trees were host to only one T. fasciculata, and of the trees with
T. fasciculata, 29.6% of trees were host to only one T. fasciculata.

Host tree density. Using the geolocation (given in latitude/longitude coordinates) of each
sampled tree (n = 44), the distance between all possible pairings of trees was calculated, and
the distance to each tree’s nearest neighbor was calculated (mean = 8.3 m; median = 8.5 m; SD
= 5.0 m; min = 0.9 m; max = 23.8 m). A histogram of the distance to nearest neighbor with bin
widths of 2 m is shown in Fig 5A.

Host tree basal area. A histogram of the basal area of all sampled trees (n = 58) with bin
widths of 1000 cm2 is shown in Fig 5B. Sampled basal areas had range of 266 cm2 to 70,845
cm2. Parameter values for an exponential distribution, a gamma distribution, and a Weibull
distribution were fitted using the maximum likelihood estimation technique in Mathematica
12.0. The estimated distribution parameters, Anderson-Darling statistic p value, and Akaike
information criterion (AIC) for each distribution are shown in Table 4. Note that the expo-
nential, gamma, and Weibull distributions have one, two, and three estimated parameters,
respectively. The distribution that best represents the basal area data will have the highest p
value for the Anderson-Darling statistic and the lowest relative value for the AIC. The distri-
bution that fits these criteria is the Weibull distribution. The probability density function for
the Weibull distribution can be expressed as

W(x;𝛼,𝛽,𝜃) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

(x – 𝜃)𝛼–1 exp(–( x–𝜃𝛽 )
𝛼
) , x > 𝜃

0, x≤ 𝜃
, (4)

where 𝛼, 𝛽, and 𝜃 are the shape, scale, and location (or threshold) parameters,
respectively.
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Fig 5. Histograms of (A) distance measured in meters to nearest neighboring tree given bin widths of 2 m (n = 44), and (B) basal areas of all sampled trees
(n = 58; bin width = 1000 cm2) with only fittedWeibull distribution shown,W(x; 0.656, 3880, 266).

https://doi.org/10.1371/journal.pcbi.1013157.g005

Table 4. Estimated parameters for distribution of basal area.
Distribution Estimated Parameters p value* AIC

Location Shape Scale
Exponential — — 5685.05 0.00689 1120.88
Gamma — 0.730507 7781.95 0.07150 1118.61
Weibull 265.901 0.655631 3879.71 0.47360 1095.25
*Anderson-Darling p value

https://doi.org/10.1371/journal.pcbi.1013157.t004

Demographic data for T. utriculata and T. fasciculata. The demographic data for both
T. fasciculata and T. utriculata collected in MRSP in March 2018 is shown in Table 5. Note
that a total of 302 rosettes were documented (288 T. fasciculata, 14 T. utriculata). The Cooper
study [11] documented a total of 296 rosettes in these same observations areas (70 T. fascic-
ulata, 13 T. utriculata; 296 unknown), however, the observation period spanned two years.
Distinguishing between the two species is challenging from a distance without an inflores-
cence. Standard characteristics used to distinguish these two species only develop in larger
individuals, and the inflorescence in each species is distinctive.

Table 5. MRSP Data collected in March 2018.
Species # Host Trees Rosettes/Host Tree # Rosettes with LLL (cm) % Post- Induction
Combined 58 6.2 9.7 [1,58] 85 92 63 62 18.2%
T. fasciculata 54 5.9 9.2 [0,55] 84 90 58 56 18.4%
T. utriculata 11 0.3 0.8 [0,5] 1 2 5 6 14.3%
Rosettes that showed evidence of budding, flowering, fruiting, or post-flowering senescence were categorized as post-induction.

https://doi.org/10.1371/journal.pcbi.1013157.t005
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Agent-based model description
We present a description of the model utilizing the Overview, Design concepts, and Details
(ODD) protocol as described by Grimm, et al [24,25]. The ABM describe below has been pro-
grammed in NetLogo version 6.4, and is provided as supplemental information in S2 Model.

Overview.

This agent-based model is created to give a realistic look into the population dynamics of the
T. utriculata with the presence of the invasive weevilM. callizona. The model includes growth
and dispersal procedures informed by its life history and collected data. It also includes preda-
tion of the weevil population which can be set to occur for different lengths of time. Analysis
of this model is intended to explain the impact weevil predation may have had on the timing
of reproduction in T. utriculata.

Purpose. The purpose of this model is to simulate populations of a Florida T. utriculata pop-
ulation in MRSP in the presence and absence of weevil predation. When simulated without
weevil predation, model analysis can aid in the evaluation of the likelihood of recovery fol-
lowing weevil eradication. When simulated with weevil predation, model analysis can be used
to examine population viability and shifts in reproductive timing of T. utriculata.

Agents. There are two categories of agents in this model: (1) individual T. utriculata rosettes,
and (2) the trees upon which the rosettes grow. Individual rosettes are not added as agents in
the mode until they have reached 15 cm LLL (to conserve computational power); until that
point, a count of all potential rosettes are stored in an array associated with mother rosette.
The state variables for the ith T. utriculata rosette agent are given in Table 6. Demographic
vital rates for rosette agents are primarily determined by the size of the rosette, measured as
the LLL variable, ℓi(t) (see Table 6). The other rosette variable key to model analysis ismi,
the minimum size for inflorescence induction (MSI), where the size is measured as LLL. The
value ofmi is randomly sampled from a normal distribution whose mean is the MSI of the
mother rosette and whose standard deviation is varied between simulations during model
analysis (see Results section).

The trees in the model, upon which the T. utriculata rosettes grow, are also agents. In the
model, no distinction is made between the host tree species. The state variables of the jth tree
agent are given in Table 7.

Patches and spatial scales. The patches are arranged in a 173× 173 grid, with each patch
representing a 1 m2 section of MRSP. In total, this area depicts approximately 3 hectares, the
size of one inventory site [11]. If a patch has canopy cover and at least one height with a suit-
able branch, it is colored gray, otherwise the patch is colored black. Canopy patches each have
a list of heights at which bromeliads may be located; the number of available heights are 0,
1, and 2 in the approximate ratio 60 : 36 : 4 (estimated based off field observations). Thus,
60% of patches with canopy coverage have no suitable branches to support a T. utriculata;
36% have branches at one height that can support T. utriculata rosettes; and only 4% have
branches at two heights that can support T. utriculata rosettes. Canopy heights range from 2
m to the maximum height of the tree, and each tree is no taller than 15 m. The state variables
of each patch are given in Table 8. The model has period boundary conditions with the land-
scape structured as a torus where the boundaries of the 173 × 173 grid wrap vertically and
horizontally to simulate a continuous forest with no edge.
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Table 6. Variables for the ith bromeliad agent representing a single T. utriculata rosette.
Variable Type Values Description
(x, y)i Integer [0, 173] × [0, 173] Patch location of the rosette
ℓi(t) Real [15,105] Length of longest leaf (cm)
hi Integer [2,15] Height of rosette in canopy (m)
Balivei Boolean True/False Status of having died (false) or not (true)
ai(t) Integer [0–max ticks] Rosette age (wks)
𝛾i Integer — Rosette generation (from start of simulation)
f(ℓi(t)) Integer 0.026661ℓi(t)2.376 # carpels on fully mature inflorescence
si Integer — Total # seeds produced during sexual reproduction
mi Integer [30,90] MSI (cm)
wi(t) Integer t + 260 Time step at which offspring agents appear in model
Oi Array — Offspring Array; each element is the number of seeds that survive to 15 cm LLL and become agents

during a given week of the offspring emergence period

Binductioni Boolean True/False Status as pre-induction (false) or post-induction (true)
𝜏ri Integer [71,111] Time from induction to seed dispersal (wks); reproduction period
̂𝜏ri Integer [0,𝜏ri ] Counter to track reproduction period
𝜏si Integer [52,104] Time from seed dispersal to senescence (wks); senescence period
̂𝜏si Integer [0,𝜏si ] Counter to track senescence period

https://doi.org/10.1371/journal.pcbi.1013157.t006

Table 7. Variables of trees located at coordinates (x, y).
Variable Type Values Description
(x, y)j Integer [0, 173] × [0, 173] Patch location of the tree
bj Integer ∼W(x; 0.655, 3880, 266) Basal area (m2)
cj Integer 0.0287bj + 112.33 Crown area (m2)
𝜂j Integer [13,15] Max height (m)
dj Integer [0.9,23.8] Distance to nearest neighbor (m)

https://doi.org/10.1371/journal.pcbi.1013157.t007

Table 8. Variables of patch located at coordinates (x, y).
Variable Type Values Description
(x,y) Integer [0, 173] × [0, 173] Location of the patch
pcolor Color black, gray Color of that patch (grey = canopy coverage; black = no canopy)
h(x,y) Array — Array of canopy heights that can support rosettes; length ranges from 0 to 2 m
L(x,y) Integer [80,100] Max leaf length (cm) available on patch at a single canopy height

https://doi.org/10.1371/journal.pcbi.1013157.t008

Global parameters. Themodel uses several global parameters to guide processes in the
model. The parameters that are varied in the model analysis define the initial mean MSI (𝜇0),
germination rate (g), MSI hertiability variation (𝜈), initial standard deviation in MSI distribu-
tion (𝜎0), and the length of the predation period (Tp). Additionally, there are several global
parameters which are not varied, as well as global variables that are used to generate output
for model analysis and model verification. The global parameters and variables are given in
Table 9.

Time scales. A single time step in the model represents one week and is tracked by the global
variable ticks which is increased at the end of each iteration of the Main procedure (Fig 6).
The simulation runs until ticks has reached the value of 5,200 weeks (i.e., 100 years).

Process overview. Themodel is initialized with a mature forest and an established pop-
ulation of T. utriculata. The bromeliads are distributed throughout the forest according to
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Table 9. Global parameters and variables for the model.
Parameter Type Values Description
ticks Integer [0,5200] Current time step (wks)
init-num-bromeliads Integer — Initial number of bromeliads
germ-rate (g) Real [0.05,0.2] Germination rate (%/wk)
MSI-hvar (𝜈) Real [0.015,0.04] Heritability variation of MSI
init-mean-MSI (𝜇0) Real [45,75] Mean MSI (cm) over initial bromeliad rosettes
init-std-MSI (𝜎0) Real [1,15] SD in MSI (cm) over initial bromeliad rosettes
predation-time (Tp) Integer [5,30] Years of weevil predation
weevil-begin Integer 50 – Tp Year at which weevil predation begins
weevil-end Integer 50 Year at which weevil predation ends
total-available-space Integer Totalm3 available for bromeliads to grow
induction-LLL-list Array — LLL (cm) at induction of all rosettes that reach induction
induction-age-list Array — Age (in wks from germination) at time of induction of all rosettes that reach induction
MSI-list Array — MSI (cm) of all rosettes that reach induction
MSI-generation-list Array — Generation since initial population of all rosettes that reach induction
all-MSI-list Array — MSI (cm) for every bromeliad agent in the model
init-MSI-list Array — MSI (cm) for initial bromeliad population only
tp-converge Boolean 0 or 1 Convergence reached for tree placement (0=no; 1=yes)

https://doi.org/10.1371/journal.pcbi.1013157.t009

probabilities generated from host tree data fromMRSP (see the Myakka 457 River State Park
(MRSP) data section). During each time step, there is some probability of each bromeliad
dying from natural causes (overcrowding, falling off of a tree branch, predation, senescence,
etc.). These probabilities vary according to the size of the rosette, and this process is encapsu-
lated within the submodel Bromeliad-Death. Next, bromeliads that have yet to complete
induction grow according to the Bromeliad-Growth submodel, which reflects the natu-
ral growth of each plant. Then, all bromeliads of reproductive size that have not yet dispersed
seeds execute the Bromeliad-Reproduction submodel. In this submodel, rosettes complete
inflorescence induction, generate the inflorescence, and store rosettes from resultant germi-
nated seeds that survive to 15 cm LLL by calling the Seedling-Survival submodel. Next,
post-reproductive bromeliads which are senescing execute the Sprout-New-Rosettes sub-
model. This submodel dictates the placement of the bromeliads that have grown to 15 cm
LLL from seeds following a dispersal event. All submodels are described in the Submodels
section. Finally, the graphic interface is altered to reflect changes in the agents’ sizes and life
stage (vegetative, reproductive, senesced). Fig 6 illustrates the procedures that occur during
each weekly time step.

Design concepts.

Basic principles. The basic principles explored through this model are population viabil-
ity and adaptation of reproductive timing in response to predation. There has only been one
other study of population viability of T. utriculata in Florida [14], however that model did not
allow for genetic drift or selection for certain values of MSI over multiple generations.

Emergence. There are two system level properties that emerge from the model. The first is
that over a 100 year period, the mean MSI decreases. This decrease is observed regardless of
the parameter set and regardless of the presense of weevil predation. However, weevil preda-
tion and certain parameter sets allow for a greater decrease in the mean MSI over 100 years
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Fig 6. Flow diagram illustrating the sequence of procedures executed during one time step defined as tick, each of
which represents one week. Green boxes indicate the execution of a submodel. See the Bubmodels section for descriptions of
each submodel.

https://doi.org/10.1371/journal.pcbi.1013157.g006

(see section on Exploration of the (𝜇0,𝜎0, g,𝜈,Tp) parameter 484 space). The second property
that emerges is a spatial clustering of rosettes within the model landscape.

Adaptation. TheMSI of each rosette is a heritable trait allowing for genetic drift and natural
selection within the model. Thus, the distribution of MSI values within the population may
adapt over generational time.

Sensing. Bromeliads cannot sense their surroundings in this model; growth, reproduction,
and death are determined based on the size or life-stage of the individual. Trees can sense
their nearest neighbor, although this sensing is only used in the initialization of the model.
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Canopy covered patches can sense the LLLs of the bromeliads present on that patch. This is
important in determining if a canopy patch is overcrowded.

Interaction. There is competition for space among bromeliads located on the same patch at
the same height. We assume that each height at every canopy patch can support a maximum
total leaf length of L(x,y). Larger bromeliads have two competative advantages: (1) their longer,
broader leaves shade smaller rosettes, and (2) their larger tanks can impound greater amounts
of water preventing them from drying out sooner. On patches with overcrowding, the small-
est bromeliads on the patch will die (see submodel description Bromeliad-death). Beyond
this, there is no bromeliad interaction. We assume pollination of flowers either through self-
pollination or animal-mediated pollination. Trees and bromeliads interact only in that the
bromeliads are epiphytic, living within the tree canopy.

Stochasticity. Many processes within this model are dependent upon stochastic decisions.
Whenever a set of agents is asked to execute a command or procedure, the order in which the
individual agents complete the ask is randomized. We divide other stochastic agent processes
into two categories.

Decisions using simple probabilities. Each of the following are events that occur with prob-
ability p.

• During model initialization, each tree will host at least one bromeliad with probability
p = 0.186. Of those trees, there is a probability p = 0.182 that the tree will host more than
one bromeliad. Trees that host more than one bromeliad have an equal probability of
hosting two, three, four, or five plants.

• During model initialization, a canopy patch will have 0, 1, or 2 available heights to host
a bromeliad with probabilities p = 0.60, p = 0.36, and p = 0.04, respectively.

• During model initialization, for rosettes with an LLL greater than their MSI, there is a
probability p = 0.66 that the individual is post-induction. Of those rosettes that are post-
induction, there is a probability p = 0.5 that they are post seed-dispersal and undergoing
senescence at t = 0.

• At each time step, bromeliads will die with a size-dependent probability as given in
Table 1.

• Each bromeliad that has reached its MSI will begin reproduction with probability p = 1 –
0.051/260 ≈ 0.0115 at each time step; calculated such that 95% of rosettes will go through
induction within 5 years of reaching their MSI.

Decisions using probability distributions and weighted sets.

• During initialization, the basal area (bj) of each tree is generated by sampling a random
number from the Weibull Distribution with parameters given in Table 4.

• During initialization, each tree is randomly assigned a maximum height (𝜂j) in meters
sampled from the discrete uniform distribution U[13, 15] based on MRSP Canopy
Walkway height, average heights of Sabal palmetto [26]. For trees with available heights
for hosting bromeliads, the heights are sampled from the uniform distribution U[2,𝜂j].

• During initialization, each patch with canopy coverage with a non-zero number of
heights available, is randomly assigned a maximum total leaf length space available
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on the patch at a single canopy height (L(x,y)) from the discrete uniform distribution
U[80, 100].

• During initialization, the height of each bromeliad in the canopy is set randomly
according to the available heights of the canopy patch on which the bromeliad has been
placed.

• During initialization, each rosette’s initial LLL (ℓi(0)) is sampled from an exponential
distribution with mean 14.4 cm [11].

• During initialization, each rosette’s MSI (mi) is sampled from a truncated normal distri-
bution over the range [30,90] cm, where the mean and standard deviation are varied in
the model analysis (see the Results section).

• The time from induction to seed dispersal for each rosette (𝜏ri ) is sampled from a dis-
crete uniform distribution U[71, 111]; the time from seed dispersal to senescence for
each rosette (𝜏si ) is sampled from a discrete uniform distribution U[52, 104] [8,11,21].

• The weekly growth rate of each bromeliad is sampled at each time step from a continu-
ous uniform distribution to yield a ±5% deviation from the average growth rate using
the size classes given in Table 1. The equation for weekly growth rate of each bromeliad
is given in Eq (5) in the description of the submodel on Bromeliad-growth and depends
on the time (in weeks) spent within a size class.

• The number of seeds each carpel produces for each bromeliad is determined from a
normal distribution with a mean of 79.1 cm and standard deviation of 21.1 cm [16].

• The duration of each seed’s germination period is sampled from a gamma distribution
with parameters 𝛼 = 5 and 𝛽 = 1 such that 99% germinate in 12 weeks [21,27].

• The location to which dispersed seeds travel is randomly selected from a weighted set of
patches based on distance from the mother rosette. See description of the submodel on
Sprout-new-Rosettes.

Collectives. Collectives of patches are associated with a single tree agent to represent the
canopy cover of that tree. These collectives are static over the course of a simulation.

Observations. At initialization, the initial number of bromeliads and the initial mean and
standard deviation of the MSI values are recorded. In addition, recorded forest measures
include a histogram of the distance to the nearest neighboring tree, a histogram of the basal
area of each tree, and the mean and standard deviations of the distance to the nearest neigh-
boring tree.

As the model runs, the following measures are recorded once per year (i.e., recording every
52 time steps), the total bromeliad population of living rosettes above 15 cm LLL, the number
of rosettes that have reached induction, the MSI values of all rosettes that have reached induc-
tion, and the mean and standard deviation of the MSI values of all rosettes that have reached
induction.

Objectives, learning, prediction. Neither the bromeliads nor trees have objectives, a learn-
ing capacity, or a predictive capacity in the model.

Initialization.

The environment is initialized in two steps: (1) Forest Creation, and (2) Initialization of
Bromeliads. Each of these steps is written as a separate procedure so that they can be executed
independently. This allows for multiple simulations using the same forest.
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Forest creation. In this procedure, the tree agents are created and initialized. Each tree is
assigned a basal area (bj), crown area (cj), and a maximum tree height (𝜂j). From our data,
the basal area of the trees in MRSP are randomly sampled from a Weibull distribution (see
Eq (4)) with parameters 𝛼 = 0.656 (shape), 𝛽 = 3880 (scale), and 𝜃 = 266 (location). Empirical
research of southern live oak forests by Spector & Putz [28] provides an allometric relation-
ship between crown area and basal area as cj = 0.0287 bj + 112.33, where bj is measured in cm2

and cj is measure in m2. The maximum tree height for each tree agent are drawn from a dis-
crete uniform distribution over the interval [13,15] meters based on MRSP Canopy Walkway
known heights.

Next, the trees are placed within the environment. Using data collected in MRSP, we cal-
culated the density and distribution of host trees (see Myakka River State Park 593 (MRSP)
data section). The data shows that the nearest neighboring host tree is on average approxi-
mately 8.3 m away with a standard deviation of approximately 5 m and a range of 0.9 m to
23.8 m. In the model, we mimic this distribution by first randomly placing 135 tree agents in
the model landscape. Each tree then calculates dj, the distance to its nearest neighbor. Let x̄nn
be the sample mean of the nearest-neighbor distance and snn be the sample standard deviation
of the nearest-neighbor distance. Next, the following sequence of operations is repeated until
termination criteria are met.

• If snn < 4.0, then 5% of the tree agents are randomly selected and moved to random
patches within the model landscape.

• Trees whose distance dj is outside the data range are moved appropriately. For each
tree,

– if dj < 0.9, then the tree agents is moved a distance of 0.9 – dj m away from its
nearest neighbor, and

– if dj > 23.8, then the tree agent is moved a distance of dj – 23.8 m closer to its
nearest neighbor.

• Five percent of trees whose distance dj is within the data range move slightly. For each
tree that is moved,

– if dj < 8.3, then the tree agent moves 0.25 m in the direction away from its nearest
neighbor ±5 degrees, and

– if dj > 8.3, then the tree agent moves 1 m in the direction closer towards its nearest
neighbor ±5 degrees.

• For each tree dj is recalculated.
• The values x̄nn and snn are recalculated.

The termination criteria are (1) once the sequence has repeated 50,000 times or (2) when
|x̄nn –8.3|≤ 0.5 and |snn –5.0|≤ 0.5. Forests with 125 trees (over 29,929 m2) converged, on
average, in 11,174 iterations. Forests with fewer than 105 trees or more than 140 trees will not
reliably converge with this method.

The patches within the crown area of each tree are then assigned a number of heights that
are available to host bromeliads. Canopy patches have zero, one, or two available heights in
the approximate ratio 60:36:4. The specific heights are assigned randomly between 2 m and
the maximum height of the tree. Patches with one or two available heights are colored gray.
Lastly, each tree is assigned a variable indicating the number of bromeliads with which it
will be initialized. Our 2018 MRSP T. utriculata data showed that 18.6% of trees in the for-
est were host to at least one T. utriculata, and of the trees with bromeliads, 81.8% have a
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single T. utriculata. The remaining have an equal probability of hosting two, three, four, or
five T. utriculata.

Initialization of bromeliads. In this procedure, each tree is populated with an initial num-
ber of bromeliads (all T. utriculata) and the variables of each created bromeliad agent are ini-
tialized. Tree by tree, the preassigned number of bromeliads are generated and placed ran-
domly within the canopy; height is selected randomly from the available heights at that patch.
To initialize a forest with a T. utriculata population similar to what was found prior to the
population decline from weevil predation, each tree receives 10 times the number of bromeli-
ads as would be indicated by our 2018 MRSP data to represent pre-predation population sizes.
Each bromeliad is assigned an initial LLL (ℓi(0)) from an exponential distribution with mean
14.37 cm, and an MSI (mi) from a truncated normal distribution with mean 𝜇0, standard
deviation 𝜎0, and range [30,90] cm. Of the bromeliads with ℓi(0) >mi, one-third are pre-
induction (i.e., Binduction

i = false), one-third are in the reproduction period (i.e., Binduction
i =

false and ̂𝜏ri > 0), and the remaining one-third are in the senescence period (i.e., Binduction
i =

false and ̂𝜏si > 0).

Submodels.

The submodels within the ABM are described in detail in this section. Within ODD proto-
cols, submodels are also called procedures.

Bromeliad-death. Procedure executed by the main procedure. For T. utriculata rosettes,
death can occur at each time step (i.e. each week) by natural causes or from weevil predation.
Natural death occurs when a rosette is knocked to the ground from natural weather events
(denoted as natural death, non-crowding), when overcrowding leads to lack of resources and
eventually death (denoted as natural death, crowding), or after a rosette has dispersed its seeds
and the rosette naturally desiccates over a lengthy senescence period, and eventually dies
(denoted as senescence death). The order in which we consider the possibility of each type of
death occurring to rosettes within the population follow the order in which they are described
below. For each type of death, if a rosette dies, its Boolean variable Balive

i will be set to false.
The rosette agent is only removed from the simulation if it has no seeds left to disperse.

• Natural death, non-crowding.The weekly probability that a T. utriculata rosette of a
particular size class will die from natural death, non-crowding was calculated based on
data collected in MRSP [11]. There is a 0.976% and 0.400% weekly probability of nat-
ural death, non-crowding for rosettes of size LLL = 15–30 cm and of size LLL > 50 cm,
respectively. If a rosette dies, its Boolean variable Balive

i is set to false.
• Senescence death. After an individual releases seeds, the rosette begins to senesce and
will die within the next year or two [8,21]. In the model, the duration of the senescence
period (𝜏si ) for each individual is determined at the time of seed dispersal (see descrip-
tion of submodel for Bromeliad-reproduction). A counter ( ̂𝜏si ) is used to count up to the
full length of the senescence period. If ̂𝜏si > 𝜏si , then the rosette’s Boolean variable Balive

i is
set to false, otherwise the counter ̂𝜏si is increased by 1.

• Natural death, crowding. Bromeliads are also susceptible to dying when there is local
overcrowding. A patch at location (x,y) has an array variable called h(x,y) which con-
tains a list of all canopy heights that can support rosettes, and a variable L(x,y) which
denotes the maximum total leaf length space available at each canopy height. Each patch
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has either 0, 1, or 2 available heights. Fig 7 shows the process for how natural death by
overcrowding occurs.

Each patch (x,y) with any bromeliads at that location, creates a temporary list of
all available heights (denoted lh). The first element of the list (denoted h1) is selected.
On patch (x,y), at the height h1, the sum of the LLL for all living bromeliads is calcu-
lated (denoted S(x,y,h1)). If S(x,y,h1) > L(x,y) and there is more than one bromeliad alive on
patch (x,y) at height h1, then the Balive

i variable of the smallest bromeliad on that patch at
height h1 is set to false. This process is repeated until either S(x,y,h1) ≤ L(x,y) or there
is only one bromeliad remaining on patch (x,y) at height h1. Then, the first element of lh
is removed. If the list is non-empty, the new first element of the list is set to h1 and the
process is repeated. If the list is now empty, then the procedure moves on to the next
patch containing live bromeliads until all patches containing live bromeliads have been
selected.

• Death byWeevil predation.The weevils have a demonstrated preference for larger
rosettes [13], and thus when weevil predation is present demographic structure dictates
the impact of weevil predation. Let NL(t) be the number of bromeliads with ℓi(t)≥ 50,
and NM(t) be the number of bromeliads with 30≤ ℓi(t) < 50. If weevil predation is
occurring in the model at the given time step, then all live bromeliads (i.e., with Balive

i =
true) die from weevil predation with the following probabilities (Table 1):

– 0.631% if ℓi(t) > 50 and NL(t) > 0

Fig 7. Flow diagram representing bromeliad death by overcrowding within the Bromeliad-death procedure.

https://doi.org/10.1371/journal.pcbi.1013157.g007
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– 0.708% if 30≤ ℓi(t) < 50 and NL ≤ 10
– 0.708% if 15≤ ℓi(t) < 30 and NL = 0 and NM ≤ 50.

Essentially, the largest rosettes are impacted by weevil predation first and smaller
rosettes are not impacted by weevil predation when there are a sufficient number of
larger rosettes available.

• Removal. Once all the forms of bromeliad death have been executed, dead individuals
(i.e., Balive

i = false) with no seedlings with LLL less than 15 cm left (i.e., all values ofOi

are 0) will be removed from the model.

Bromeliad-growth. Procedure executed by pre-induction bromeliad agents. Pre-induction
bromeliads grow at a rate that depends on the size class of the individual. The average weekly
growth rates of T. utriculata are based the size classes and corresponding ages given by [15]
and are included in Table 1. In the model, only bromeliads with longest leaf length greater
than 15 cm (i.e., in the medium and large size classes) are explicitly models as agents. The
longest leaf length ℓ of bromeliad agent i is increased from time step t to time step t + 1 by

ℓi(t + 1) = ℓi(t) + 𝛼 ⋅
avg Δ in LLL of size class (in cm)

time in size class (in wks)
, (5)

where 𝛼 is randomly sampled from a uniform distribution over the interval [0.95,1.05] to
simulate a ±5% variation in the growth rate at each time step, and the growth rate (avg Δ in
LLL of size class (in cm)/time in size class (in wks)) is 8

52
cm
wk for rosettes with LLL∈ [50, 90]

and 5
52

cm
wk for rosettes otherwise.

Bromeliad-reproduction. Procedure executed by bromeliad agents that have reached their
MSI. Reproduction in this model, refers to the processes leading to seed dispersal, occurring
in the period of time after induction (see Fig 1). These processes include induction (the start
of the production of the inflorescence), the growth of the inflorescence (including flower pro-
duction and seed maturation), and the completion of sexual reproduction (i.e., when seeds are
ready to disperse). Within this submodel, a bromeliad agent will update as follows (based on
where it is in the process of reproduction):

• Sexual reproduction complete. If the reproduction period is complete (i.e. ̂𝜏ri > 𝜏ri ),
then the time at which bromeliad i’s offspring will appear as agents within the model is
set to wi(t) = t+260, where t is the current time step. Next, the Seedling-Survival pro-
cedure is called. Lastly, the value of the senescence period 𝜏si is randomly sampled as an
integer from a uniform distribution over the interval [52,104] weeks [8,11,21].

• Growth of inflorescence, flowering, and seed maturation. If the rosette is post-
induction (i.e. Bpost-induction

i = true), then ̂𝜏ri is incremented by 1.
• Start production of inflorescence. If the rosette is pre-induction (i.e. Bpost-induction

i =
false), then with probability 1.15% the rosette enters the post-induction phase (the
probability is calculated such that, on average, 95% of all rosettes go through induction
within five years of reaching their MSI). Upon entering the post-induction phase, the
reproduction period 𝜏ri is set to a value randomly sampled from a uniform distribution
over the interval [71,111] weeks [8,11,21], and the value of Bpost-induction

i is set to true.
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Seedling-survival. Procedure executed by bromeliad agents as they enter the senescence
period. Seed germination occurs soon after seed dispersal, typically within a few months.
However, in the model, bromeliad offspring rosettes are not added as agents until they have
reached 15 cm LLL to conserve computational power. On average, growth from germination
up to the 15 cm LLL takes five years [11,15,21].

The number of carpels on the inflorescence is related to the LLL by the function

f(ℓi(t)) = 0.026661ℓi(t)2.376,

where ℓi(t) is the LLL of rosette i at time step t [14]. The number of seeds in each carpel is
then determined by a normal distribution with a mean of 79.1 seeds per carpel and a standard
deviation of 21.1 [16]. Of the seeds generated, only a small percentage will germinate [11],
however the exact germination rate is unknown and thus varied in the model analysis as the
global parameter g. Of the germinated rosettes, only a small portion survive five years to reach
15 cm LLL (about 1.89% when no weevil predation is present; about 1.95% when weevil pre-
dation is present) [11]. These surviving offspring are stored as integers in the arrayOi of the
parent bromeliad such that they are added to the model as agents at the appropriate time (i.e.
weeks to germination + 5 years to grow to 15 cm LLL; see Sprout-new-Rosettes procedure for
details). Every new bromeliad that will survive to the small size class is assigned a number of
weeks until germination based on a gamma distribution with a shape of 5 (𝛼 = 5) and a scale
of 1 (𝛽 = 1), such that 99% of the seeds will germinate within 12 weeks [21,27].

Sprout-new-Rosettes. Procedure executed by bromeliad agents 260 – 286 wks past seed dis-
persal In Fig 1, seed dispersal occurs at the completion of building the inflorescence, flower-
ing, and maturation of seeds. We will refer to the reproducing rosette as the “mother rosette”.
The offspring of a mother rosette will enter the model as agents 260 – 286 wks after the seed
dispersal of the mother rosette. We will refer to this 26-week window as the “offspring emer-
gence period.” Note, spatial distribution of offspring rosettes within the model occurs at the
time they enter the model as agents, not at the time of seed dispersal.

Mother rosette i has an array (Oi) that is defined during the Seedling-survival procedure,
where each element (oi)j of the array represents the number of germinated offspring that
survive to 15 cm LLL and become agents during week j of the offspring emergence period.
For mother rosette i on week j, (oi)j offspring rosettes are dispersed into the canopy using
a weighted dispersal function, which depends on the height in the canopy hi of the mother
rosette. Offspring rosettes can disperse to patches within a radius of dispersal 1.32

0.65hi (based
off wind tunnel experiments by [16]) that have canopy coverage and available heights within
the range [2,hi + 1]m above ground. Within that radius, the patch the offspring disperses
to is determined randomly and is weighted by ((distance to mother rosette i) + 1)–1/2 . If the
patch the offspring rosette disperses to has more than one available height, the height of the
offspring is randomly selected among the available heights.

After the rosette has dispersed, its agent variables are initialized. Of note, its age is set to
260 weeks, and its MSI is randomly sampled from a normal distribution with a mean equal to
the mother rosette’s MSI (mi) and a standard deviation equal to 𝜈 ×mi [29].

Supporting information
S1 Data. MRSP Tree Host Data. CSV file of the host tree data taken in Myakka River State
Park (MRSP).
(CSV)
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S2 Model. ABMNetLogo File. Netlogo file of the agent-based model described in the Agent-
based model description section. Requires NetLogo version 6.4 or higher to run (https://ccl.
northwestern.edu/netlogo/download.shtml).
(ZIP)

Acknowledgments
We thank Caroline Bush, Samuel Crowell, and Rainer Jones for their work coding and exam-
ining a preliminary ABM that was used to inform to development of the ABM presented in
this manuscript, and Elizabeth White, Liliana Benitez, and David Benzing for their contribu-
tions to the 2018 MRSP field inventory. We additionally thank Teresa Cooper for sharing her
raw field data with us and for the several conversations explaining the data and various field
observations.

Author contributions
Conceptualization: Alexandra M Campbell, Anna C. Kula, Rachel S Jabaily, Erin N Bodine.

Data curation: Brad Oberle, Brian Sidoti, Erin N Bodine.

Formal analysis: Alexandra M Campbell, Anna C. Kula, Alex Capaldi, Erin N Bodine.

Funding acquisition: Brad Oberle, Alex Capaldi.

Investigation: Alexandra M Campbell, Anna C. Kula, Rachel S Jabaily, Brad Oberle, Brian
Sidoti, Erin N Bodine.

Methodology: Alexandra M Campbell, Anna C. Kula, Alex Capaldi, Erin N Bodine.

Project administration: Alex Capaldi, Erin N Bodine.

Resources: Brad Oberle, Brian Sidoti, Erin N Bodine.

Software: Alexandra M Campbell, Anna C. Kula, Erin N Bodine.

Supervision: Erin N Bodine.

Validation: Alexandra M Campbell, Anna C. Kula, Alex Capaldi, Erin N Bodine.

Visualization: Alexandra M Campbell, Anna C. Kula, Erin N Bodine.

Writing – original draft: Alexandra M Campbell, Anna C. Kula, Rachel S Jabaily, Brad
Oberle, Brian Sidoti, Alex Capaldi, Erin N Bodine.

Writing – review & editing: Alex Capaldi, Erin N Bodine.

References
1. Díaz SM, Settele J, Brondízio E, Ngo H, Guèze M, Agard J. The global assessment report on

biodiversity and ecosystem services: summary for policy makers. Bonn, Germany:
Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES)
Secretariat. 2019. https://ipbes.net/global-assessment

2. Collinge SK, Ray C, Cully Jr JF, Ostfeld R, Keesing F, Eviner V. Infectious disease ecology: effects
of ecosystems on disease and of disease on ecosystems. Princeton, NJ: Princeton University
Press. 2008. p. 129–44.

3. Barrile GM, Augustine D, Porensky LM, Duchardt CJ, Shoemaker KT, Hartway CR, et al. A big
data–model integration approach for predicting epizootics and population recovery in a keystone
species. Ecol Appl. 2023;33(4):e2827. https://doi.org/10.1002/eap.2827 PMID: 36846939

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013157 June 10, 2025 26/ 28

https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013157.s002
https://ccl.northwestern.edu/netlogo/download.shtml
https://ccl.northwestern.edu/netlogo/download.shtml
https://ipbes.net/global-assessment
https://doi.org/10.1002/eap.2827
http://www.ncbi.nlm.nih.gov/pubmed/36846939
https://doi.org/10.1371/journal.pcbi.1013157


ID: pcbi.1013157 — 2025/6/12 — page 27 — #27

PLOS COMPUTATIONAL BIOLOGY Predicting potential recovery of Tillandsia utriculata: An agent-based modeling approach

4. Cassin-Sackett L, Tsuchiya MT, Dikow RB. Rapid adaptation to a globally introduced virulent
pathogen in a keystone species. Cold Spring Harbor Laboratory. 2024.
https://doi.org/10.1101/2024.09.16.613142

5. Grainger TN, Levine JM. Rapid evolution of life-history traits in response to warming, predation and
competition: a meta-analysis. Ecol Lett. 2022;25(2):541–54. https://doi.org/10.1111/ele.13934
PMID: 34850533

6. Williams JL, Kendall BE, Levine JM. Rapid evolution accelerates plant population spread in
fragmented experimental landscapes. Science. 2016;353(6298):482–5.
https://doi.org/10.1126/science.aaf6268 PMID: 27471303

7. Jolly CJ, Phillips BL. Rapid evolution in predator‐free conservation havens and its effects on
endangered species recovery. Conserv Biol. 2021;35(1):383–5. https://doi.org/10.1111/cobi.13521
PMID: 32378220

8. Benzing DH. Bromeliaceae: profile of an adaptive radiation. Cambridge, UK: Cambridge University
Press; 2000.

9. Luther HE, Benzing DH. Native bromeliads of Florida. Sarasota, FL: Pineapple Press; 2009.
10. Frank H, Cave R. Metamasius callizona is destroying Florida’s native bromeliads. In: Hoddle MS,

editor. Second International Symposium on Biological Control of Arthropods. USDA Forest Service
Publication FHTET-2005-08. USDA Forest Service; 2005. p. 91–101.

11. Cooper T. Ecological and demographic trends and patterns of Metamasius callizona (Chevrolat),
an invasive bromeliad-eating weevil, and Florida’s native bromeliads [Masters Thesis]. University of
Florida; 2006.

12. Florida Department of Agriculture and Consumer Services. Endangered, Threatened and
Commercially Exploited Plants of Florida: Flora Updates After 2023 Meeting. Florida Department of
Agriculture and Consumer Services. 2023.

13. Sidoti B, Frank H. The effect of size of host plant (Tillandsia utriculata: Bromeliaceae) on
development of Metamasius callizona (Dryophthoridae). Selbyana. 2002;23(2):220–3.

14. Brookover Z, Campbell A, Christman B, Davis S, Bodine E. A demographic model of an
endangered Florida Native Bromeliad (Tillandsia utriculata). SPORA. 2020;6(1):1–15.
https://doi.org/10.30707/spora6.1/zuai3621

15. Cooper T. Save Florida’s bromeliads: a method for conserving Florida’s airplants. University of
Florida, Institute of Food and Agricultural Science. 2016.

16. Bennett BC. A comparison of life history traits in selected epiphytic and saxicolous speices of
Tillandsia (Bromeliaceae) in Florida and Peru. Chapel Hill: University of North Carolina. 1988.

17. Blower SM, Dowlatabadi H. Sensitivity and uncertainty analysis of complex models of disease
transmission: an HIV model, as an example. Int Statist Rev. 1994;62(2):229–43.
https://doi.org/10.2307/1403510

18. Frank JH, Sreenivasan S, Benshoff PJ, Deyrup MA, Edwards GB, Halbert SE, et al. Invertebrate
animals extracted from native Tillandsia (Bromeliales: Bromeliaceae) in Sarasota County, Florida.
Florida Entomologist. 2004;87(2):176–85.
https://doi.org/10.1653/0015-4040(2004)087[0176:IAEFNT]2.0.CO;2

19. Stryker J, White E, Diáz-Almeyda EM, Sidoti B, Oberle B. Tank formation transforms nitrogen
metabolism of an epiphytic bromeliad and its phyllosphere bacteria. Am J Bodany. 2024; p.
e16396. https://doi.org/10.1002/ajb2.16396 PMID: 39187952

20. Frank JH, Curtis GA. Bionomics of the bromeliad-inhabiting mosquito Wyeomyia vanduzeei and its
nursery plant Tillandsia utriculata. Florida Entomologist. 1981;64(4):491–506.
https://doi.org/10.2307/3494406

21. Benzing DH. The biology of the bromeliads. Eureka, CA: Mad River Press. 1980.
22. Frank JH, Fish D. Potential biodiversity loss in florida bromeliad phytotelmata due to metamasius

callizona (Coleoptera: Dryophthoridae), an Invasive Species. Florida Entomologist. 2008;91(1):1–8.
https://doi.org/10.1653/0015-4040(2008)091[0001:pblifb]2.0.co;2

23. Oberle B, Milo AM, Myers JA, Walton ML, Young DF, Zanne AE. Direct estimates of downslope
deadwood movement over 30 years in a temperature forest illustrate impacts of treefall on forest
ecosystem dynamics. Canadian J Forest Res. 2016;46(3):351–61.
https://doi.org/10.1139/cjfr-2015-0348

24. Grimm V, Berger U, DeAngelis DL, Polhill JG, Giske J, Railsback SF. The ODD Protocol: a review
and first update. Ecol Model. 2010;221(23):2760–8.
https://doi.org/10.1016/j.ecolmodel.2010.08.019

25. Grimm V, Railsback SF, Vincenot CE, Berger U, Gallagher C, DeAngelis DL, et al. The ODD
protocol for describing agent-based and other simulation models: a second update to improve
clarity, replication, and structural realism. JASSS. 2020;23(2):7. https://doi.org/10.18564/jasss.4259

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013157 June 10, 2025 27/ 28

https://doi.org/10.1101/2024.09.16.613142
https://doi.org/10.1111/ele.13934
http://www.ncbi.nlm.nih.gov/pubmed/34850533
https://doi.org/10.1126/science.aaf6268
http://www.ncbi.nlm.nih.gov/pubmed/27471303
https://doi.org/10.1111/cobi.13521
http://www.ncbi.nlm.nih.gov/pubmed/32378220
https://doi.org/10.30707/spora6.1/zuai3621
https://doi.org/10.2307/1403510
https://doi.org/10.1653/0015-4040(2004)087[0176:IAEFNT]2.0.CO;2
https://doi.org/10.1002/ajb2.16396
http://www.ncbi.nlm.nih.gov/pubmed/39187952
https://doi.org/10.2307/3494406
https://doi.org/10.1653/0015-4040(2008)091[0001:pblifb]2.0.co;2
https://doi.org/10.1139/cjfr-2015-0348
https://doi.org/10.1016/j.ecolmodel.2010.08.019
https://doi.org/10.18564/jasss.4259
https://doi.org/10.1371/journal.pcbi.1013157


ID: pcbi.1013157 — 2025/6/12 — page 28 — #28

PLOS COMPUTATIONAL BIOLOGY Predicting potential recovery of Tillandsia utriculata: An agent-based modeling approach

26. Gilman EF, Watson DG. Sabal palmetto–Cabage palm. US Forest Service, Department of
Agriculture; 1994.

27. Marín AC, Wolf JHD, Oostermeijer JGB, Den Nijs JCM. Establishment of epiphytic bromeliads in
successional tropical premontane forests in Costa Rica. Biotropica. 2008;40(4):441–8.
https://doi.org/10.1111/j.1744-7429.2008.00403.x

28. Spector T, Putz FE. Crown retreat of open-grown Southern live oaks (Quercus virginiana) due to
canopy encroachment in Florida, USA. Forest Ecol Manag. 2006;228(1–3):168–76.
https://doi.org/10.1016/j.foreco.2006.03.001

29. Halligan DL, Keightley PD. Spontaneous mutation accumulation studies in evolutionary genetics.
Annu Rev Ecol Evol Syst. 2009;40(1):151–72.
https://doi.org/10.1146/annurev.ecolsys.39.110707.173437

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013157 June 10, 2025 28/ 28

https://doi.org/10.1111/j.1744-7429.2008.00403.x
https://doi.org/10.1016/j.foreco.2006.03.001
https://doi.org/10.1146/annurev.ecolsys.39.110707.173437
https://doi.org/10.1371/journal.pcbi.1013157

	Predicting potential recovery of the endangered bromeliad Tillandsia utriculata: An agent-based modeling approach
	References




