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Invasive termites are destructive insect pests that cause billions of dollars in 

property damage every year. To be able to mitigate the damaging effects of termite 

infestation, this research investigates the spread and geographic distribution of invasive 

termites in Florida. In order to assess their spatiotemporal spread over a landscape, two 

spatially-explicit stochastic simulation models were developed: an individual-based 

model (IBM) and a cell-based model. The setting of a case-study of an invasive termite, 

Nasutitermes corniger (Motschulsky), was used to simulate the spread of the species in 

Dania Beach, FL. The Monte Carlo simulation technique was used in both models to 

assess outcome uncertainty. A sensitivity analysis was carried out for the IBM using a 

set of model realizations describing potential areas of infestation in order to assess the 

importance of each ecological parameter included in the model. Results showed that 

the areas with the highest predicted likelihood of infestation in both simulation models 

matched well the empirical locations discovered over the years within the chosen time 

window.  
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Frequently, the only data available on a species is the location of its occurrence 

(presence-only data). In order to predict the potential habitat of invasive termite species 

under both current and future climate change scenarios, several statistical models were 

considered using two approaches for presence-only data: a recently developed 

Bayesian linear logistic regression approach adjusted for presence-only data and the 

widely used maximum entropy approach (Maxent). A case study of two destructive 

invasive termite species in Florida, Coptotermes gestroi (Wasmann) and Coptotermes 

formosanus Shiraki, is presented to predict their current and future biotic distributions by 

using their occurrence records. Results showed that the predicted distributions of both 

C. gestroi and C. formosanus are strongly linked to urban development and that future 

climate warming seems to affect their projected probability of presence to a lesser 

extent than population growth. 

All models presented in this study can help state and local regulatory agencies to 

understand the response of invasive termites to different environmental conditions and 

anticipate their spread by developing successful early detection, quarantine, or 

eradication plans based on the predicted areas of infestation. 
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CHAPTER 1 
INTRODUCTION 

Termites are serious insect pests of the urban environment and are responsible 

for causing billions of dollars worth of damage to structural lumber (Edwards and Mill, 

1986). Recently, an estimate of the worldwide annual control and repair cost was found 

to be around $40 billion (Rust and Su, 2012). Human transport is responsible for 

spreading destructive exotic termites from their native range to far-reaching parts of the 

globe. Worldwide, over a dozen termite species have become established across 

oceans via colonies onboard infested boats or by the movement of infested goods. In 

Florida no less than six non-endemic termite species have become established in parts 

of the state (Scheffrahn et al., 2002).  

Once established, the natural termite dispersal of an exotic species proceeds 

slowly. Termite colonies require many years to mature, and once the first crop of winged 

reproductives leaves the colony, they are unable to fly more than a few hundred meters 

from the parent colony (Evans, 2011). Anthropogenic dispersal, i.e. human assisted, is 

far more rapid and progresses at cruising or highway speeds. The latter is far more 

complex and unpredictable than the natural dispersal, since occurrences have been 

recorded at localities of anthropogenic introduction beyond the endemic range of a 

given termite species. However, only if the climatic conditions are suitable, will the 

introduced species flourish. Termites are not currently found across most of the extreme 

northern part of the United States and Canada. However, some published articles state 

that it will probably not take long time until termites will start establishing in those areas 

(Peterson, 2010). Such a quick establishment would have to rely on anthropogenic 

movement and rapid climate change.  
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The University of Florida Termite Collection at the Fort Lauderdale Research and 

Education Center is the largest and newest repository of exotic and native termites in 

the world. Over 32,000 geo-referenced and identified colony samples are included in 

the database. The majority of the recorded samples are located in North America and 

the Caribbean.  

In this work, a special focus was given to three invasive destructive termite 

species in Florida: the Formosan subterranean termite (FST), Coptotermes formosanus 

Shiraki (see Figure 1-1), the Asian subterranean termite (AST), Coptotermes gestroi 

(Wasmann) (see Figure 1-2), and Nasutitermes corniger (Motschulsky) (see Figure 1-3). 

It has been suspected that FST and AST have been introduced to and dispersed 

throughout Florida by sailboats and yachts (Hochmair and Scheffrahn, 2010). FST has 

been introduced in the continental United States during the 1960s and in Florida it is 

found in most urban centers statewide (Su and Scheffrahn, 2000; Su and Scheffrahn, 

1997). AST has only recently been introduced in the continental United States and has 

established only in south east Florida (Scheffrahn and Su, 2005). N. corniger is a 

nonendemic species in the United States and its discovery in Dania Beach, Florida, 

represents the first record of a land-based establishment by a higher termite (Family 

Termitidae) in the continent (Scheffrahn et al., 2002).  

The State of Florida was chosen as a common study region for all the 

aforementioned termite species given the following reasons: (i) relatively homogeneous 

landscape, hence ideal conditions for developing and testing spatially-explicit simulation 

models; (ii) large climate variability along the north-south direction, ranging from 

temperate continental in the panhandle to oceanic subtropical in the Keys; (iii) rare 
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simultaneous presence of AST and FST which, at present, occur sympatrically only in 

south Florida, Hawaii, and Taiwan; and (iv) large amount of geo-referenced records 

available from the University of Florida Termite Collection. 

Objectives 

The main goal of this study was to investigate the spread and geographic 

distribution of invasive termites in order to mitigate the damaging effects of an 

infestation and better understand their response to both environmental and climatic 

conditions. A central hypothesis is that the natural range expansion of termite pests will 

proceed extremely slowly over time, taking hundred/thousand years to cover a few 

hundred miles. Moreover, the spread will probably occur at a much slower speed than it 

takes for suitable habitat boundaries to change under climate change scenarios. The 

anthropogenic dispersal will not be considered for the purpose of this work since it is 

practically an unpredictable event. It is also hypothesized that shape and boundaries of 

suitable habitats affect the dispersal speed. For example, street networks, canals 

accessible via boat, lakes, patches of open grassland, etc. might have an influence on 

the spread rate and flight direction. The aforementioned hypotheses are tested herein 

by pursuing three main objectives: 

1. Study the potential speed and dispersal rate at which an introduced termite pest 
might travel by natural means over a landscape. 

2. Predict the potential habitat of C. formosanus and C. gestroi over Florida under 
both current and future climatic conditions.  

3. Develop models that can be applied to other termite species within the 
constraints of their own specific natural histories. 
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Significance of the Study 

This study tries to address important questions on the spread and distribution of 

invasive termite species, such as: where could they ultimately become sustained pests 

and how fast, once established, can they continue to disperse on their own? How would 

they change and adjust their natural geographic range under different climate change 

scenarios, i.e. where would they re-establish, and how fast would they spread to new 

geographic regions? Models predicting the areas of infestation following initial 

introduction of an invasive species are important for an authoritative response and early 

detection is critical for successful quarantine or eradication efforts. As for most 

organisms, the distribution of exotic termites is limited by climate and habitat. No exotic 

termite has yet saturated its non-native range except for a few small island situations, 

e.g., Barbados1. Predictions for geographic establishment and spread of invasive 

termite pests can be used by government regulators and the pest control industry to 

either anticipate their arrival or mitigate the devastating effect of an infestation in terms 

of economical costs and damage caused to buildings. 

Dissertation Outline 

The chapters of this dissertation are self-contained journal articles. The first 

objective of the dissertation was accomplished by developing two stochastic simulation 

models. An individual-based model is described and tested in Chapter 2, while a cell-

based model is described, tested, and compared to the latter model in Chapter 3. The 

second objective of the dissertation was accomplished by considering several advanced 

statistical models using two main approaches for presence-only data. Chapter 4 

                                            
1
 Scheffrahn, personal communication. 
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describes the aforementioned statistical models and considers both historical climatic 

conditions and a set of future scenarios to be tested. The third objective of the 

dissertation was accomplished by developing all models and approaches in a way that 

they can easily be generalized to other termite species, after considering the constraints 

of their own specific natural histories. Finally, conclusions on the advantages, 

limitations, and implications of this work are provided in Chapter 5. 
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Figure 1-1. Individuals of Coptotermes formosanus Shiraki. A) Winged reproductive 

(alate). B) Soldier. C) Worker. 
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Figure 1-2. Individuals of Coptotermes gestroi (Wasmann). A) Winged reproductive 

(alate). B) Soldier. C) Worker. 
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Figure 1-3. Individuals of Nasutitermes corniger (Motschulsky). A) Soldier. B) Worker 

(major morph). C) Worker (minor morph). 
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CHAPTER 2 
SIMULATING THE SPREAD OF AN INVASIVE TERMITE IN AN URBAN 
ENVIRONMENT USING A STOCHASTIC INDIVIDUAL-BASED MODEL  

Study Background 

The primary anthropogenic means by which termites are transported between 

continents and islands is by maritime vessel (Scheffrahn and Crowe, 2011). Over a 

dozen exotic termite species have become established worldwide (Evans, 2011), of 

which six can be found in Florida (Scheffrahn et al., 2002). 

Termites are destructive insect pests that cause billions of dollars in property 

damage every year (Edwards and Mill, 1986). Once a species is established, the natural 

dispersal of termite colonies proceeds slowly. Termite colonies typically require 4-6 

years to mature, and once the first group of alates (winged reproductives) leaves the 

colony, they are unable to fly more than a few hundred meters from the parent colony 

(Husseneder et al., 2006; Messenger and Mullins, 2005; Mill, 1983). Anthropogenic or 

“vehicular” dispersal is far more rapid and can be measured in km/h. However, such 

long distance movements lack predictability. Specifically, the nesting core of a termite 

colony (reproductives, brood, and most foragers) must be moved intact and both a 

water and food source must be associated with the core during movement (Hochmair 

and Scheffrahn, 2010). 

The inherent complexity of a physical environment limits the applicability of 

mathematical models for realistic dispersal modeling of invasive species, and practical 

predictions are difficult to obtain (Pitt, 2008). Analytical methods commonly used to 

model dispersal in the past and in some cases up to the present include: (i) simple 

reaction-diffusion models (Fisher, 1937), which ignore any spatial interaction between 

individuals and do not consider single dispersal events; (ii) mixed diffusion-population 



 

22 

growth models, which include a per capita growth parameter (Okubo, 1980; Skellam, 

1951) or several demographic variables (van den Bosch et al., 1990); and (iii) integro-

differential equation models, which separate population dynamics and dispersal into two 

stages (Neubert et al., 1995). More recently, computer-intensive approaches, such as 

spatially-explicit population models (SEPMs), have been able to incorporate both 

ecological/biological information at a population level with underlying habitat differences 

(Wiegand et al., 2004). 

Computer simulations seek to imitate the dynamics of various real world processes 

(Steyaert, 1993) rather than solving sets of equations. Simulation models are either 

deterministic or stochastic. The first model type gives a fixed output for a given set of 

input data and model parameters while the second model type includes at least one 

stochastic process and provides a probabilistic outcome (Law and Kelton, 1982). The 

intrinsic dynamic component of a computer simulation provides the ability to estimate 

the rate at which an invading species is likely to occupy suitable areas. However, such 

models may represent a poor choice in cases where established populations are 

restricted to distinct areas of suitable habitat, since assuming universal dispersal 

abilities may not reflect the ability of a species to move from a current location to 

another potentially suitable habitat (Peterson et al., 2002). Whereas simulating the 

spread of invasive species beyond a decade into the future may decrease the reliability 

of the model outcome (Pitt et al., 2011), it should be noted that the invasive plant used 

by Pitt et al. (2011) has a much faster dispersal capacity compared to termites.  

Individual-based models (IBMs) are able to incorporate several rules describing the 

interactions between individual units considering each one of them as different, both 
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physiologically and behaviorally (Huston et al., 1988). The complexity of the rules 

increases with the total number of parameters involved in describing them. However, 

complexity often comes at the expense of generality, which makes it necessary to select 

the most appropriate modeling approach on a case by case basis. Small spatial scales, 

such as urban environments, are particularly suitable for the development of IBMs, 

because they are complex enough to require simulation but not so large as to be 

unmanageable for an IBM. Also, IBMs are able to represent individuals explicitly and 

incorporate biologically relevant rules that have a strong influence on the dynamics of 

an invasion (Pitt, 2008). 

In this work, a computer simulation was developed using a spatially-explicit 

stochastic individual-based modeling approach and use hindcasting in order to predict 

which areas would have been infested by an arboreal invasive termite, Nasutitermes 

corniger (Motschulsky), had no eradication plan been implemented at a particular 

location, Dania Beach, FL. The methodology presented herein is appropriate for more 

general application, such as predicting the future geographical spread or studying a 

different termite species after appropriate adjustments in the model parameters. 

Individual-based simulations consider the individual organism to be a logical basic 

unit for modeling ecological phenomena (Grimm and Railsback, 2005). Each model was 

run from 2003, the year in which a first complete survey of infested locations had been 

conducted over the study area, until 2012. The model outcome is the predicted areas of 

infestation at any time step, indicating the spatial extent and dynamic evolution of the 

invasion. Beginning in 2003, local authorities have been trying to eradicate this pest 

from the original survey area. However, between 2006 and 2011, extended survey 
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procedures had to be stopped due to discontinued funds. A new recent survey 

conducted in 2012 found newly infested locations in areas not spotted originally and 

therefore not included in the eradication plan. State or local regulatory agencies may 

benefit from a model that predicts the rate and direction of termite dispersal, as it would 

assist them in targeting specific areas for survey, eradication, or quarantine efforts.  

In the literature, only two computer simulation models have been applied to a termite 

species: one has been developed to determine per-capita wood consumption rates of 

termite workers (Morales Ramos and Rojas, 2005), while the other explored termite 

foraging behavior underneath the soil (Lee et al., 2008). To date, no computer 

simulation models have been published that investigate the geographic spread of a 

termite infestation from a set of surveyed locations. Unlike some other recently 

developed spatial simulation models found in the literature for other insects (Carrasco et 

al., 2010; Pitt, 2009) the human-mediated dispersal component is not included because 

of its unpredictability and lack of calibration data. Although samples collected over the 

past 10 years do not reflect the true (i.e. natural) expansion of the species, and were 

collected mainly for the purpose of verifying the success of the eradication effort, it is 

nevertheless possible to use the newly infested locations (2012) to ground truth our 

simulation model. 

The parameters and methods used to develop the computer simulation are 

described herein. Results are presented together with a discussion on the relative 

importance of each biological parameter included in the model, followed by conclusions. 
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Materials and Methods 

Model Design 

The simulation algorithm is implemented using a set of R functions (R 

Development Core Team, 2013) and free source code is provided. The model 

description follows the ODD (Overview, Design concepts, Details) protocol (Grimm et 

al., 2006; Grimm et al., 2010) in order to make the model's logic as clear as possible. 

Purpose of model 

A spatial, stochastic computer simulation was developed with the purpose of 

gaining a deeper understanding of the rate and direction of a termite invasion by natural 

means over a realistic landscape, such as an urban environment. In this study, the 

model is also used to determine how a new invasive species in South Florida, N. 

corniger, could have expanded from a set of surveyed locations up to the present, if no 

eradication plan had been implemented throughout the years. The developed simulation 

model may assist state or local regulatory agencies in targeting specific areas for 

survey, eradication, or quarantine efforts. 

Entities, state variables and scales 

The basic entities of the model are individual termite alates (dispersing 

propagules) and all the individual colonies they are generated from. Both alates and 

colonies are characterized by their continuous spatial location specified in a Cartesian 

plane coordinate system. Alates are also characterized by their sex (M-F), and colonies 

by their age (in years). A reference spatial grid was used to represent the distribution of 

all areas occupied by one or more termite colonies at each time step. The grid is set to 

an extent of 10 km x 10 km over the urban area of Dania Beach, FL, with a resolution of 

100 x 100 meters. The chosen resolution is suitable for a few reasons such as the 
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uncertainty associated with the precise locations of surveyed colonies/individuals, the 

approximate maximum extent of a colony’s foraging territory (Collins, 1981), and 

because it is a suitable scale of surveillance and pest control management. In order for 

the simulation to be more realistic, the local urban environment was considered and the 

areas that are unsuitable for the establishment of a new colony were excluded, such as 

roads, highways, non-wooded fields, and water bodies. Each area with wood sources 

(e.g., buildings, trees, boats, debris, etc.) has potential for colonization. For the chosen 

temporal resolution (10 years) the choice of a static habitat suitability layer should not 

introduce any relevant bias in the results. However, should the model be run over a 

much longer time span, a different strategy may be considered. The temporal scale is 

discrete and one time step represents 1 year. The model is run from 2003 (year of the 

first complete survey of infested locations) to 2012. 

Process overview and scheduling 

Dispersal of alates is the key process in the spread of colonies, and the dispersal 

was simulated as a single annual event. The consequence may be an increased chance 

for alates to find a mate and form a new colony. However, this represents a necessary 

simplification, since typical termite dispersal is formed by a major exodus that may be 

preceded and/or followed by smaller flights, of unknown magnitude and timing. Many 

termite species initiate dispersal flights in the early stages of the wet season and are 

triggered by environmental factors (Jones et al., 1988; Martius, 2003; Nutting, 1969). 

Dispersal flights are the only means by which new colonies can form beyond the 

foraging territory of the mother colony. Although the model simplifies the temporal scale 

of the real phenomenon, single massive dispersal flights are common because: (i) 
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alates are less vulnerable as prey, as they can overwhelm predators by large numbers 

(Nutting, 1969); and (ii) there are higher odds of finding and choosing a mate. 

Design concepts 

Sensing. Dispersing alates (reproductives) can sense and respond to 

pheromones in order to find potential mates of the opposite sex that have dispersed by 

chance to the nearby sites. 

Interaction. Male and female alates interact to form new colonies. 

Stochasticity. Both distance and direction of dispersal by alates are determined 

stochastically from a probability distribution (see paragraph on Colony aging and alate 

production). The sex (male or female) of a particular alate is random. 

Collectives. Individual alates are followed during dispersal, but after a colony is 

formed by two alates of the opposite sex, the colony is followed as whole rather than at 

the resolution of individuals. 

Initialization 

Fig. 2-1 shows a schematic representation of the steps involved for the model 

initialization. At the initial state, i.e. time t=1, the spatial locations of all surveyed termite 

colonies are stored in a dataset and assigned a random age between 0 and the 

maximum lifespan decided by the user. The initialization process is the same in all 

simulation runs. Surveyed colonies can be imported from an external data file 

containing their geographic coordinates, e.g. recorded with a GPS device. In most 

cases, the collected samples do not identify different termite colonies, as they are taken 

opportunistically with the goal of spotting an infestation. Therefore, different termite 

locations may or may not belong to the same colony. 
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Input data 

Table 2-1 shows seven main parameters of the implemented dispersal model 

and their baseline values, i.e. the values assigned for the baseline simulation, which are 

based either on related literature findings (see subsection on Model Parameterization) 

or the opinion of termite experts. More specific information for the particular location 

modeled, Dania Beach, FL, is described in Application of Model to Specific Study Area 

and Data section. 

Submodels 

The simulation algorithm is composed of several modules ordered in a sequential 

manner and imitates the steps taken by a group of individual alates from the dispersal to 

the inception of a new colony. Figure 2-2 shows an overview of the main subprocesses 

and steps involved in the simulation at any generic time step. Each subprocess is 

discussed in detail below. 

Habitat suitability. The habitat suitability submodel checks the suitability of the 

underlying environment for all termite individuals after dispersal. If an individual alate 

falls within an unsuitable habitat, as defined by the user, then it is eliminated. In order to 

include the local landscape in the simulation model and identify areas unsuitable for the 

establishment of new termite colonies, the following vector-type spatial layers were 

combined in a GIS (using ESRI’s ArcMap 10.0). A surface water layer published in 2006 

was obtained from the Broward County GIS data online repository (Lelis, 2006). The 

2011 NAVTEQ NAVSTREETS street data were used for the street network layer and 

created a 10 m buffer around each line segment to model the approximate coverage of 

roads. Further, the Fort Lauderdale Airport area and its runways were extracted from 

the 2010 TomTom (formerly TeleAtlas) Multinet Dataset. 
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Because N. corniger, like other invasive termite species, needs a wood source as 

food, all agricultural field polygons were added to the collection of unsuitable areas. 

These polygons were extracted from a 2010 land use layer at the parcel level, which 

was obtained from the University of Florida GeoPlan Center. The original land use layer 

was compiled by the Florida Department of Transportation and contains 99 land use 

classes which have been collapsed into 15 classes by the GeoPlan Center (University 

of Florida GeoPlan Center, 2010). Using the union overlay operation in ArcMap, all the 

GIS layers listed above were combined into a single layer denoting unsuitable habitat 

areas in which colonies are not able to survive. 

Alate dispersal. The dynamics and speed of termite dispersal by natural means 

are controlled by several behavioral characteristics affecting the successful creation of 

new colonies. Such behavioral characteristics were identified and included in the form of 

model parameters to better simulate the real process. A new colony begins with a male-

female (i.e. king and queen) couple of unwinged alates building and sealing the nuptial 

chamber in a proper substrate, usually soil or wood. After a termite colony matures, 

which requires about 4 years, alates are produced. All alates change their behavior in 

response to: (i) changes of habitat, i.e. they may fall into an unsuitable patch of land and 

therefore are not able to find a location to form an incipient colony; (ii) their proximity to 

a heterosexual mate. Alates do not adjust their behavior over time as a consequence of 

their experience, since they only serve the purpose of expanding the colony with a one-

time flight after which they either die or find a mate and become the king/queen of a 

new colony. Although they have eyes, alates are probably not able to predict which 

location will be suitable once in flight. Dispersal flights typically occur at dusk or at night 
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after a light rain and during calm weather conditions. It is known that alates are attracted 

by lights, as found in mark-recapture studies (Messenger and Mullins, 2005). Sex 

pheromones have two main roles: a close-range attraction and contact attraction. The 

former is used to unite sexual partners, the latter is used to maintain the contact during 

the tandem behavior (Nutting, 1969). Alates do not release pheromones during the flight 

and therefore their flight behavior is not influenced by it. The processes that are 

modeled assuming they are stochastic, i.e., random, are the flight distance, flight 

direction, and the sex of each individual. The model output is used to spot which areas 

have been occupied and how often throughout all 100 runs. 

Colony formation. The colony formation subprocess loops through each grid 

cell that is occupied by at least two individuals and, subsequently, through each 

individual. This process is necessary to check if a reproductive is able to find a 

heterosexual neighbor and form a nuptial pair, where the neighborhood is defined by a 

circular buffer with the pre-set pheromone attraction radius. If two candidate alates are 

matched, a new colony is created and assigned spatial coordinates of the midpoint 

between the two individuals. The process stops for a particular grid cell as soon as the 

maximum density of colonies per hectare is reached. At the end of the present 

subprocess, if one or more pairs of individuals are matched, new colonies are created 

and their spatial location is saved. 

Colony aging and alate production. Each time step, the age of every existing 

colony is increased by one (aging submodel). If this value exceeds the maximum 

lifespan defined by the user, then the colony is eliminated from the map. After the aging 

subprocess, alates are generated by each existing colony based on colony age 
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(dispersal subprocess). Older colonies generate more alates, which increase the overall 

chances for an individual reproductive to find a mate, a suitable nesting site, and a 

location farther away from the mother colony. The dispersal subprocess also executes 

the following: (i) random creation of male and female individuals by sampling from a 

Binomial distribution, Bin(n,p), where n is the number of alates to be generated and p is 

the probability of drawing a male, (ii) random sampling of flight directions (in radians) 

from a uniform distribution, Unif[0, 2π], (iii) random sampling of flight distances 

(Euclidean) from a negative exponential distribution, Exp(λ), with mean 1/λ (where λ = 

rate), and (iv) calculation of new spatial locations X and Y (Easting and Northing) of 

alates derived from basic trigonometric equations, using both the simulated flight 

direction and flight distances. 

Updating the distribution of colonies on the landscape. The final subprocess 

(stacking colonies subprocess) stacks all new colonies created during the previous 

process (colony formation) with the existing ones in a dataset. Before moving to the 

next time step, all colonies can be saved to an external shapefile as points and further 

converted to a geo-referenced raster grid. The raster grid allows us to overlay modeling 

results from multiple simulations and to compute a final occupancy envelope. At the 

following time step, new alates are generated which fly out from all mature colonies, i.e., 

colonies old enough to produce alates. 

Sensitivity Analysis 

A range of values for each model parameter (Appendix A, Table A-1) was 

chosen to run a sensitivity analysis and assess the contribution of each one of them to 

the model outcome. Preliminary model runs were used to identify the aforementioned 

parameter ranges. The uncertainty associated with the outcome of a stochastic 
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simulation was estimated through the Monte Carlo technique and 100 simulation runs. 

This number was chosen as a compromise between short computational time and high 

precision of confidence intervals around the mean predicted area of infestation. A set of 

model realizations describing the effect of changes in parameter values on potential 

areas of infestation were also considered in a sensitivity analysis.  

Model Parameterization 

Basic data relevant to several termite species were used in order to parameterize 

the model. Unfortunately, there is not sufficient data to calibrate the model directly 

against N. corniger at the Dania Beach site. The age of colonies at the first production 

of alates, which varies between different termite species, can be derived from related 

literature studies. Typically, a colony takes four to six years from its creation to reach 

maturity and start the production of alates (Collins, 1981). In this work, the baseline 

value of the age of first production was set to 4 years. Lifespan estimates are 

approximations because they only reflect laboratory conditions. Estimated maxima 

ranged from 15 years old in Macrotermes bellicosus (Smeathman) (Keller, 1998) to 20 

years in Pseudacanthotermes spiniger (Sjoestedt) and P. militaris Hagen (Connétable 

et al., 2012). In this work, an age threshold of 20 years was set, after which a colony 

dies. 

The maximum distance of pheromone attraction currently reported is 2.5-3 m by 

males (Leuthold and Bruinsma, 1977). Here, the baseline value for the model was set at 

3 meters. 

The density of termite colonies over a certain patch of land is related to its 

specific biology, ecology and behavior (Adams and Levings, 1987). No specific literature 

sources studied the density of N. corniger's colonies within an urban environment. 
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However, a study found a density of approximately 7 colonies per hectare in a primary 

forest in Panama (Thorne, 1982), which was used as a baseline value in our model.  

Literature sources treating the topic of alate predation or alate flight success rate 

are scant. Both predation and injuries typically occur as alates start leaving the nest (i.e. 

pre-flight), in flight (bats and birds), and as soon as they alight on the ground or on a 

tree (i.e. post-flight) to search for a mate. Empirical observation of alates of a different 

invasive termite species, Cryptotermes brevis (Walker), found an approximate survival 

rate of 1%, excluding predation (Scheffrahn et al., 2001). Factors affecting the outcome 

and the success of the dispersal flight include environmental conditions, number of 

alates, sex ratio, proportion of alates eaten by predators, and efficiency of the post-flight 

mating behavior (Noirot, 1990; Nutting, 1969). A recent field study for two termite 

species showed that, despite the presence of 40 mature colonies over an area of one 

hectare producing approximately one million alates every year, no new colonies were 

found (Connétable et al., 2012). In this work, the baseline value of the overall survival 

rate was set to 0.01 (1%). This can be thought to be a realistic estimate considering all 

the aforementioned factors2.  

Although sex ratios of termite alates are variable, they tend towards parity (Jones 

et al. 1988). In N. corniger, individual colonies produced alates whose sex ratio was 

around 1:1 (Darlington, 1986; Thorne, 1983). Therefore, the baseline value of the 

prevalence of male alates in the colony was set to 0.5 (50%).  

Field studies aiming to precisely assess the size of an alate crop in individual 

colonies are rare. Several colonies of N. corniger have been compared and a noticeable 

                                            
2
 Scheffrahn, personal communication 
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variation in production of alates was found. Mature colonies, whose population size 

ranges between 50,000-400,000 individuals, produced 5,000-25,000 alates (Thorne, 

1983). The production of alates likely depends on factors such as availability of food 

resources, health of queen(s), colony age, and colony-specific history. All factors are 

not easily assessed during the short time frame given in field sampling. In another 

invasive termite, Coptotermes formosanus, the alate production of a single colony was 

over 68,000. In this case, sex ratio was 1:3 (F:M) (Su and Scheffrahn, 1987).  

In the baseline simulation model, a “Low Profile” age-related alate production 

was set, defined as follows: (i) no production of alates until a colony reaches 4 years of 

age, (ii) 1,000 alates between 4 and 9 years of age, (iii) 10,000 alates between 10 and 

14 years of age, and (iv) 100,000 alates between 15 years and the age at which a 

colony dies. Opposed to this profile, a “High Profile” scenario was also defined, with a 

greater production of alates at an earlier age: (i) no production of alates until a colony 

reaches 4 years of age, (ii) 10,000 alates between 4 and 9 years of age, (iii) 50,000 

alates between 10 and 14 years of age, and (iv) 100,000 alates between 15 years and 

the age at which a colony dies. This alternative scenario is tested in our sensitivity 

analysis (see Results and Discussion section). Although these “profiles” may be an 

oversimplification, it is likely to match an average magnitude that is otherwise 

impossible to calibrate with precise empirical data3. 

Termite alates are weak, erratic fliers. On average, alates are capable of flying a 

few hundred meters on their own (Nutting, 1969). Flight distances have not specifically 

been estimated for N. corniger. However, it is possible to estimate this model parameter 

                                            
3
 Scheffrahn, personal communication 
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based on findings for other termite species. Mark-recapture studies using light traps 

gave the first empirical measurements of termite flight ability. A maximum distance of 

892 m has been recorded for C. formosanus (Messenger and Mullins, 2005). In an 

endemic habitat, alates may fly far enough to ensure that a mixture of different colonies 

is created with swarm aggregation (Husseneder et al., 2006). However, for an exotic 

population to spread, alates fly into uncolonized areas lacking conspecifics with which to 

mate. Recently, a new maximum distance record of about 1.3 km has been recorded by 

Mullins and Messenger in New Orleans, LA4. Alates of Odontotermes formosanus 

(Shiraki) were capable of flying between 120 and 743 m (Hu et al., 2007). Other studies 

recorded only a few dispersal flights covering about 300 m for termite species belonging 

to the Termitidae family (Mill, 1983), to which N. corniger belongs, or 460 m for C. 

formosanus (Ikehara, 1966). In this study, dispersal flight distances were sampled from 

an exponential distribution. This allows for both short and rare longer dispersal events. 

In a unique mark-recapture study recently completed in New Orleans, LA, data collected 

for alates of C. formosanus confirmed the “exponential” shape of the empirical 

histogram derived from several recorded flight distances (Mullins, unpublished data). 

The mean of the exponential distribution was estimated based on the aforementioned 

empirical data and literature findings. The baseline value used as a mean dispersal 

distance for the simulation model was set to 200 m.  

Two factors that affect alate dispersal distance during the swarm season are 

wind velocity and light intensity. In most cases, the flight is only initiated if the wind 

velocity stays below 3.5 km/h (Leong et al., 1983). Moreover, termites are extremely 

                                            
4
 Mullins, personal communication 
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prone to injuries, hence windless or low wind conditions are preferred. Given the 

impossibility of forecasting wind direction, wind speed, and light intensity in a multi-year 

simulation model, alates are assumed to be able to fly in any direction and sample all 

angles (in radians) from a uniform distribution. Moreover, the present model was used 

within an urban environment, where light intensity is quite uniformly distributed and 

therefore it will not likely affect the model outcome. 

Application of Model to Specific Study Area and Data 

N. corniger was first reported in Florida in May 2001, in Dania Beach, Broward 

County, FL (Scheffrahn et al., 2002). The discovery represents the first record of a non-

endemic and land-based establishment of a higher termite (Family Termitidae) in the 

continental U.S. It is likely that the infestation was the result of dockside flights from an 

infested boat or shipping container, probably a decade before the discovery, but no 

specific source was identified (Scheffrahn et al., 2002). Starting in early 2003, a 

previously delineated area was targeted for a deliberate eradication campaign of this 

invasive pest. In January 2003, an area-wide visual survey was conducted for nests, 

foraging tubes, foraging sites, and debris harboring living N. corniger. However, most N. 

corniger nest locations were cryptic and even an exhaustive survey is likely to miss 

some infested locations, especially in the case of young colonies. In 2006, survey work 

was discontinued due to budget cuts before being re-activated in 2011 (Scheffrahn et 

al., 2014). 

Exact sample locations were recorded using a GPS device and later imported 

into a database. A total area of 200 acres (approximately 81 ha) was surveyed, 20% of 

which had active infestations. Several epigeal nests of different diameters were found at 

the base of both live and dead trees, in tree cavities above ground, and foraging tubes 
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extended upward of 10 m on trees and palms (Scheffrahn et al., 2002). The maximum 

separation between active sites in north-south and east-west direction was 

approximately 1 km. A newly funded 2011-2012 survey revealed new infested locations. 

No pest reoccurrence was observed within the areas originally surveyed between 2003 

and 2006 (Scheffrahn, unpublished data).  

 Fig. 2-3 shows the known infested area in 2003, with a zoom over the recorded 

GPS locations of all sampled termites. The total area covers less than 0.25 km2 and 

consists of commercial, residential, marina, and vacant wooded properties. 

Results and Discussion 

The stochastic outcome of 100 computer simulations can be grouped and 

represented by different occupancy envelopes. A “>0%” occupancy envelope groups all 

areas predicted as occupied by the model in at least one simulation run. Similarly, a 

“>=50%” occupancy groups all areas predicted as occupied in at least half of all runs. 

Finally, the “100%” occupancy envelope groups areas that are predicted as infested in 

all runs. Fig. 2-4 shows a snapshot of the spatial expansion of N. corniger through time 

as predicted by the baseline simulation model, with color coding to represent the 

different occupancy envelopes. Between 2003 and 2004 in the model there was a larger 

expansion in the areas surrounding the first surveyed locations compared to all other 

time frames. There are two reasons for that: (1) alates fly in all directions and therefore, 

if the habitat is suitable, fill in all the voids; (2) After 2004, most of the areas toward the 

center of invasion had already been invaded and therefore occupied by at least one 

colony. Moreover, both the “>0%” and “>=50%” occupancy envelopes were 

representing only areas that were not occupied in all simulation runs, hence they 

overestimate the predicted area and show a much larger extent than was likely to have 
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been invaded. Areas covered by the "100%" envelope can be used to plan a first survey 

and either quarantine or eradicate the infestation. The other envelopes, instead, can be 

used as a "worst-case scenario", thus used as a maximum perimeter to plan a more 

effective eradication program. Overall the expansion seems to proceed slowly and it is 

possible to observe some barrier effect represented by both highways and the airport 

ground on the shape of the predicted surfaces in the East-North East directions. Finally, 

a few isolated spots are predicted by the “>0%” envelope across the study area. 

However, these spots may have been predicted by a single simulation run out of 100 

and they should not be looked at as a threat. 

The contribution of each model parameter to the final outcome of the computer 

simulation is assessed with a sensitivity analysis. This is typically done by slightly 

changing the value of a given model parameter while keeping the other model 

parameters constant. Based on the change in output one can estimate how the 

uncertainty in the model output can be apportioned to uncertainty in that parameter. The 

importance of each parameter was evaluated through a set of metrics, which are: 

covered area, absolute area growth, relative area growth. All measures are expressed 

as Monte Carlo (or multi-run) averages, i.e., as arithmetic means of all 100 simulation 

runs. For six out of the seven parameters selected for the sensitivity analysis, as 

introduced in Table 2-1, the simulation was run with two alternative values, giving a total 

of 12 alternative model realizations in addition to the baseline simulation. Further, a 

single change of value was tested for variable SCR because only in observing the effect 

of a different age dependent reproduction structure and did not have empirical data to 

justify more realistic alternative scenarios on that parameter. Detailed results from the 
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global sensitivity analysis are shown in Appendix A (Table A-1). Relative and absolute 

growth rates in the table refer to changes in area compared to the previous year. Here, 

for the sake of brevity, the sensitivity analysis results are reported using line charts and 

selecting the average predicted area of infestation through time as a representative 

measure of changed parameter settings. Fig. 2-5 shows the charts for the seven tested 

parameters. Each chart also contains a line of the baseline model as a reference. The 

parameters that have the largest overall influence on the model outcome, considering 

all evaluation metrics, are SCR (scenario of amount of alates generated by a colony), 

SURV (overall survival rate of alates), PHR (maximum pheromone attraction distance), 

and DIST (mean dispersal flight distance). The parameter MAR (prevalence of male 

alates in the colony) has the smallest effect. Both AFP (age of first production of alates) 

and DEN (density of colonies /ha) have a relatively small effect. When SCR is set to 

"High Profile" there is a large and sudden increase in the predicted infested area after 

the first four years, as described in the Model parameterization subsection. A higher 

number of alates is produced after reaching the age of first production and this increase 

is far more rapid compared to the "Low Profile" used in the baseline model. The PHR 

parameter has a large effect as it sets the rule for the maximum distance within which 

alates can find a mate. When the radial distance is reduced by two meters, the final 

predicted area is reduced to less than half of its corresponding baseline value. The 

SURV parameter controls the percentage of alates that are able to survive predation 

and find a mate. Therefore, the higher the percentage, the higher the chance to create 

new colonies at any time step. In general, the effect of a change in a model parameter 

accumulates over time. As an example, Fig. 2-6 (B-C) shows the effect of a change in 
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the SURV parameter on the predicted area of infestation in the study area. For the sake 

of clarity, only the “100%” occupancy envelope is shown. 

To corroborate our simulation model, all newly infested sites that were 

discovered in 2012 were included. Figure 2-7 (right image) shows the infested areas 

predicted by the baseline simulation model with all three occupancy envelopes using 

2003 sample sites as seed points (left image). The “100%” occupancy envelope 

overlaps well with the 2012 empirical locations, while the “>0%” and “>=50%” envelopes 

overestimate termite spread. 

The main goal of this work was to develop a stochastic individual-based 

simulation model that would give regulatory agencies a tool to anticipate possible areas 

of infestation and, at the same time, optimize the allocation of human and financial 

resources toward an eradication effort. Model output may be used by either local 

authorities or pest control agencies to draw one or more areas of intervention instead of 

randomly inspecting an unknown perimeter with subsequent waste of resources. For 

example, a greater amount of economic resources could be assigned to those zones 

encompassed by the “100%” predicted envelope. Hindcasting was used in order to 

predict which areas in Dania Beach, FL, would have been infested up to the present if 

no eradication plan had ever been implemented. The model presented in this study is a 

generic model for termites and can be applied to any species after proper calibration of 

all the parameters. To make the model more realistic, the complexity of a termite 

invasion was captured by including several of the ecological-biological characteristics 

that control the dynamics and speed of their natural dispersal. 
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Some limitations of the model presented include the precision of the estimates 

used to parameterize it. In some cases, parameters had to be estimated based on 

literature findings on termite species that are not the same as the one modeled. 

Unfortunately, this was necessary whenever an empirical estimate could not be found 

for N. corniger. Although the lack of precise estimates for N. corniger may affect the 

final outcome of the model, all values reflect a general tendency shared by most termite 

species. The precision of the model presented in this study will greatly benefit from 

newer and better empirical estimations for the species being modeled. Whenever 

calibration data are missing or scant, a consultation with a termite expert is 

recommended. Future research may expand from our work and implement a micro-level 

simulation model to simulate multiple dispersal steps within a single year. Moreover, 

future implementations may include, among other parameters, prevailing breeze 

direction and distance from city street lights for nocturnal dispersing species. The Monte 

Carlo technique is used to assess the uncertainty associated with the stochastic 

outcome of each model and to obtain an approximation of the answer to the problem. 

Occupancy envelopes were used in order to estimate areas of infestation with different 

likelihoods. Although the nature of the available data does not allow the use of a 

traditional model validation technique, the comparison with field samples via hindcasting 

provides at least some support to our conclusions. Results show that the areas 

predicted as infested in all simulation runs by our baseline model match all empirical 

sample locations well. 

A sensitivity analysis was used to check for the importance of each model 

parameter, indicating that in particular, the parameters settings for the amount of alates 
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generated by a colony, overall survival rate of alates, maximum pheromone attraction 

distance, and mean dispersal flight distance heavily influenced the final outcome of the 

model. This study is potentially beneficial to termite science, pest control agencies, and 

to a general audience. The simulation model was implemented using the open source R 

programming language. The functions are freely available to the users and flexible to 

facilitate use in different future applications. The source code can be found at 

https://github.com/f-tonini/Termite-Dispersal-Simulation. 
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Figure 2-1. Structure of the initialization steps involved in the termite dispersal 

simulation model. 
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Figure 2-2. Core subprocesses involved in the individual-based simulation algorithm at 

any generic time step. 
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Figure 2-3. Location of samples of N. corniger collected during a field survey in 2003. 

The background satellite image on the top-right corner was taken from a set 
of historical images in Google Earth. 
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Figure 2-4. Snapshot of the areas predicted as infested with N. corniger by the baseline 

dispersal simulation model. Yellow, orange, and red cells indicate the >0%, 
>50%, and 100% occupancy envelopes, respectively. Top-left map: dots 
represent samples of N. corniger collected during a field survey in 2003, while 
green cells indicate the approximate areas of initial infestation. 
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Figure 2-5. Sensitivity analysis charts for the termite dispersal simulation model. Each of 

the seven parameters is compared to the baseline simulation model (blue 
line). Red and green lines represent the models with a small change in a 
given parameter, leaving all the other variables unaltered. 

 
  



 

48 

 

 

A. 
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C. 

 
 
Figure 2-6. Model sensitivity to the SURV parameter. A) Baseline simulation model. B) 

SURV = .005 (0.5%). C) SURV = .02 (2%). 
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Figure 2-7. Evaluation of the termite dispersal simulation model. Original and predicted 

infested areas by N. corniger, with 2003 and 2012 sampled termite locations. 
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Table 2-1. Model parameters: abbreviations, definitions, and their baseline values. 
Parameter Definition Baseline Value Source 

AFP Colony age at first production of alates 4 yrs (Collins, 1981) 

PHR Maximum pheromone attraction distance 3 m 
(Leuthold and 
Bruinsma, 1977) 

DEN Maximum density of colonies per hectare 7 (Thorne, 1982) 

SURV Overall survival rate of alates* 0.01 (1%) 
(Scheffrahn et al., 
2001) 

MAR Prevalence of male alates in the colony 0.5 (50%) 
(Darlington, 1986; 
Thorne, 1983) 

SCR 
Scenario of amount of alates generated 
by a colony 

Low Profile 
(see Model 
parameterization 
subsection) 

(Scheffrahn, 
personal 
communication) 

DIST Mean dispersal flight distance 200 m 
(Scheffrahn, 
personal 
communication) 

 

* Overall percentage of alates surviving all phases of a dispersal flight 
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CHAPTER 3 
STOCHASTIC SPREAD MODELS: A COMPARISON BETWEEN AN INDIVIDUAL-

BASED AND A CELL-BASED MODEL FOR ASSESSING THE EXPANSION OF 
INVASIVE TERMITES OVER A LANDSCAPE 

The Integration of GIS with Spread Models  

Termites are serious pests of the urban environment and are responsible for 

severe damage to structural lumber (Rust and Su, 2012). It has been estimated that 

every year, in the continental United States alone, termites cause property damage up 

to billions of dollars (Edwards and Mill, 1986). Although human-assisted (also called 

anthropogenic) dispersal can play a significant role in the rate of expansion of an 

established exotic species, its nature is complex and unpredictable. Termites are not 

"hitchhiking" insect pests, i.e. they cannot easily be transported aboard commercial 

vehicles such as cars or boats. More specifically, the nesting core of a termite colony 

must be moved intact and both a water and food source must be available to the core 

throughout the movement (Hochmair and Scheffrahn, 2010). The natural spread of 

termites is expected to proceed fairly slowly for two main reasons: (i) they are weak 

fliers and their reproductives (winged individuals) can fly only a few hundred meters 

from the parent colony on average each year (Nutting, 1969); and (ii) a termite colony 

takes at least four years to mature and release the first reproductives from the nest 

(Evans, 2011). Given the unpredictability of human-assisted movements, it will be more 

useful here to restrict our study on termite dispersal by natural means and attempt to 

anticipate the rate and direction of termite spread. 

The recent integration of Geographical Information Systems (GIS) with simulation 

models, coupled with advances in computing power, has allowed the development of 

spatially-explicit and dynamic simulation models, such as individual-based models 

http://starfrontiers.us/node/6906
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(IBMs, hereafter), and cell-based models, such as cellular automata (CA, hereafter) 

(Brown et al., 2005). Both types of models have been introduced in ecological modeling 

to capture the inherent complexity of various real-world problems (Steyaert, 1993) as 

alternative approaches to solving mathematical sets of equations such as partial 

differential equations (PDEs) (Alexanderian et al., 2011; Holmes et al., 1994). Moreover, 

the intricacy of a physical environment limits the applicability of mathematical models for 

modeling realistic dispersal of invasive species (Pitt, 2008). GIS allows for spatial 

complexity and simulation modeling takes GIS visualizations into the domain of 

temporal dynamics. Early examples of GIS-based simulation models include land-use 

change based on the Markov process (Burnham, 1973), and discrete state models of 

flow and transport (e.g. transport of pollutants) (Maidment, 1996). Other more recent 

computer-intensive approaches have been able to incorporate ecological information at 

a population level with landscape complexity (Wiegand et al., 2004).  

While IBMs incorporate rules to describe the interactions between individual 

units, such as organisms, in which each individual can have a different set of 

behavioral, physiological, and other properties (Huston et al., 1988), in cell-based 

modeling the basic units of the simulation are discrete spatial cells, which can transition 

among different states (e.g. empty, infested, quantified occupation, etc.). CAs are the 

most basic form of cell-based model and are able to model complex dynamics from 

biological, social, or physical processes by using simple rules (Toffoli and Margolus, 

1987). Several improvements have been made to basic CAs in the past decade to 

include underlying landscape differences, more complex rules for changes of state, and 

stochastic parameters. Some examples of cell-based models include wildfire spread 
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models (Clarke et al., 1994), spread models of invasive ants (Pitt, 2009), spatial 

dynamics of urban and regional systems (Clarke and Gaydos, 1998), and epidemic 

propagation (Mikler et al., 2005; Morley and Chang, 2004). In the past years, different 

computer simulation approaches have been either compared (Ajelli et al., 2010; Lett et 

al., 1999) or integrated (Sudshira, 2010). 

In this work, a new stochastic cell-based model was developed in order to 

simulate the spatiotemporal spread of invasive termites. The model developed herein 

includes a set of relevant ecological parameters that can be modified according to the 

species of interest. A recently published stochastic IBM for the spread of invasive 

termites (Tonini et al., 2013) was used as a benchmark for comparison with the new 

model in terms of both predictions and computational time. The purpose of the new 

model is to improve computational speed over the IBM model, which is costly in terms 

of computational time. The model proposed herein likely represents a substantial 

improvement to the IBM and could give regulatory agencies a better tool for targeting 

specific areas for survey, eradication, or quarantine effort.  

The format of the chapter is as follows. The new model, its framework and main 

parameters are described in Materials and Methods. Results are presented in the 

Results section, while their interpretation is discussed in the Comparison of Model 

Results and Discussion section. Finally, conclusions on the advantages and limitations 

of the models tested herein are provided in the Advantages and Limitations of the Model 

section. 

Materials and Methods 

A side-by-side comparison between the proposed cell-based model and the IBM 

by Tonini et al. (2013) was done by establishing a common ground in order to discount 
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unwanted effects due to their different frameworks. Both models were used in two 

different settings: (i) a homogeneous landscape, where different sets of N termite 

colonies were randomly located and considered as sources of invasion, and (ii) a case-

study of an invasive termite, Nasutitermes corniger (Motschulsky), in Dania Beach, 

Florida (Scheffrahn et al., 2002). The average area occupied at each time step was 

computed over all model replications (Monte Carlo estimation) and its value compared 

between the two modeling approaches. Moreover, the computational time was 

considered to assess the speed of the proposed model against the established IBM. 

Model Design 

The cell-based model proposed herein is spatially-explicit and stochastic with the 

purpose of simulating the spatiotemporal spread of a termite invasion by natural means 

over a realistic landscape (e.g. urban environment), starting from a set of initial 

surveyed colonies. The basic units of the model are cells of a grid with a pre-defined 

spatial resolution. Each cell may assume one or more states expressed by the number 

of termite colonies contained in it. The temporal scale chosen for the simulations was 

discrete with one time step representing a year. In order to keep the model comparable 

to the IBM by Tonini et al. (2013), the resolution of the spatial grid was set to 100 x 100 

meters (= 1 hectare).  

The main ecological parameters, shown in Table 3-1, were kept identical to the 

IBM. A general description of each one of them follows here. 

Colony age at first production of reproductives. The age at which a termite 

colony starts generating the first crop of winged reproductives (AFP, hereafter) 

contributes to the rate of spread of an invasion. The earlier the first reproductives are 

generated, the faster the invasion will proceed. 
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Pheromone attraction distance. Termite reproductives find potential mates of 

the opposite sex by sensing and responding to pheromones after concluding the 

dispersal flight (Bordereau and Pasteels, 2011). A new colony begins with a male-

female (i.e. king and queen) couple of unwinged reproductives starting the nest in a 

proper substrate, such as soil or wood. The maximum pheromone attraction distance 

(PHR, hereafter) affects the chance that two heterosexual individuals find each other 

after the dispersal flight (see Fig. 3-1). The smaller this maximum distance is set, the 

smaller the number of new termite colonies will be. 

Colony density. The maximum density of termite colonies over an area (DEN, 

hereafter) avoids overpopulation of grid cells in the simulation model. The higher this 

parameter is, the higher the chance for a nearby cell to become infested.  

Survival rate. The overall survival rate of reproductives (SURV, hereafter) in a 

termite colony determines the number of reproductives that survive a dispersal flight 

and can thus potentially mate. Survival is expressed as an overall rate that considers 

both predation and injuries that typically occur as reproductives start leaving the nest 

(i.e., pre-flight), volent predators in flight (capture by bats and birds), and nonvolent 

predators (e.g. ants and herps) as soon as they alight on the ground or on a tree (i.e., 

post-flight) to search for a mate. 

Male prevalence. The prevalence of male reproductives in a colony (MAR, 

hereafter) describes the percentage of males among the reproductives and affects the 

chance that a heterosexual pair unites within the pheromone attraction distance after 

the dispersal flight. That is, the chance decreases the further the value deviates from 50 

percent of males. 



 

56 

Amount of reproductives generated by a colony. The number of 

reproductives generated by a colony (SCR, hereafter) after reaching maturity 

(determined by the aforementioned AFP parameter) increases with age. Different 

scenarios representing the total number of reproductives by colony age can be chosen. 

A higher number of reproductives increases the chance of new colonies being formed. 

Dispersal distance. The mean dispersal flight distance (DIST, hereafter) 

determines how far termite reproductives are able to fly, on average, on their own. The 

higher this parameter value, the faster the termite spatial expansion will proceed. 

The age of each colony is tracked along with the number of colonies within each 

grid cell. Depending on the number of colonies, their age, and the SURV parameter, 

each cell can be expressed as the total number of reproductives available to either stay 

within it or fly toward neighboring cells. The main process involved in the spread of 

termite colonies is the dispersal of reproductives. Typically, dispersal flights are initiated 

in the beginning of the wet season and are triggered by environmental factors (Jones et 

al., 1988; Martius, 2003; Nutting, 1969). Termites can only spread across a landscape 

and form new colonies beyond the territory occupied by the mother colony by using 

dispersal flight (excluding occasional and unpredictable human-assisted introductions). 

In this study, as it was assumed for the IBM study, the dispersal and the subsequent 

creation of new colonies were simulated as a single annual event. This simplification is 

necessary because of the extreme uncertainty in the frequency and magnitude of 

dispersal flights during each flight season. A two-parameter dispersal kernel (Clark, 

1998) was used to express the proportion of reproductives that fly up to a certain 

distance from the mother colony: 
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   (3-1) 

where  ( ) is the gamma function, α is the average distance parameter, c the 

shape parameter, and x the distance from the centroid of the central cell. The value of α 

was set to have the same value of the baseline distance parameter in the IBM 

equivalent, i.e. 200 m. The kernel is exponential when c = 1, "exponentially-bounded" 

when c ≥ 1, "fat-tailed" when c ≤ 1, and Gaussian when c = 2. The probability kernel 

used in this study was chosen to be exponential to be consistent with the IBM model but 

can be changed to match a desired shape for the dispersal function. Probability 

densities were generated from a grid expressing values as Euclidean distances (in 

meters) from the central cell. This was accomplished first by replacing x in the equation 

with all the distances and then by normalizing the resulting f(x) values with their sum in 

order to obtain a true probability density kernel to use as weight matrix in the focal 

operation. 

Termite reproductives find potential mates of the opposite sex by sensing and 

responding to pheromones after concluding the dispersal flight. A new colony begins 

with a male-female (i.e. king and queen) couple of unwinged reproductives starting the 

nest in a proper substrate, such as soil or wood. In the IBM model, the final location of 

each individual reproductive was followed and mating was assumed when two 

individuals of the opposite sex came within a sufficiently short distance. Thus 

reproduction was conceptually simple in the IBM, but very costly in terms of 

computational time, which the cell-based model attempts to avoid. Therefore, a new 

approach to estimating reproduction was used in which the number of new colonies 

formed by N reproductives, given different values of the MAR parameter, is again 
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stochastic. This number was derived from a separate simulation study of individually 

moving reproductives, from which a permanent lookup table could subsequently be 

used for all future simulations of the cell-based model. Using a lookup table rather than 

performing a detailed individual-based simulation for each reproductive event saves a 

great deal of time in simulations. In order to account for stochasticity in the formation of 

new colonies, a sequence of values of N randomly placed reproductives was used and 

1000 replications were run for each one of them. Fig. 3-2 shows some of the empirical 

histograms extracted from the aforementioned simulation for some values of N. 

A more extensive set of histograms can be found in Appendix B. A numerical 

procedure was necessary because a formal mathematical derivation would be highly 

complex. Specifically, this is a combinatorial problem, in which any reproductive 

individual can be by chance a close neighbor of multiple other individuals. Moreover, 

once a heterosexual pair is found within a pre-defined pheromone attraction radius, 

those individuals that have mated will not be available any more for others to mate with. 

Due to this complexity, simulations to develop a look-up table for future use was the 

most practical solution. 

Because the cell-based model is stochastic, it was run 100 times in order to 

account for the uncertainty associated with the outcome of a stochastic simulation. The 

number of replications was chosen to allow comparison with the IBM and was large 

enough to produce tight confidence intervals around the mean predicted area of 

infestation. 
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Framework and Modules 

The simulation algorithm was implemented using a set of R functions (R 

Development Core Team, 2013) and the source code is provided freely5. The simulation 

is composed of several modules ordered in a sequential manner. The main script calls 

external modules that follow the steps involved in the spread of a termite invasion from 

the creation of reproductives to the final creation of new colonies, which are identical to 

those of the IBM study by Tonini et al. (2013): (1) the ecological parameters are set; (2) 

in case the simulation is meant to be run over a realistic landscape, a suitability habitat 

GIS layer is read; (3) a set of initial colonies (sources of invasion) are either read from 

an external file with spatial coordinates associated to each record or randomly located 

over the study area; (4) a spatial grid with pre-defined resolution is created and each 

cell is assigned the number of colonies falling within it; and (5) if the DEN parameter 

was set at (1), a random elimination of colonies exceeding the limit on colony carrying 

capacity within each cell is performed. During step 3, in the absence of specific 

information, each colony is assigned a random age between 0 and a pre-defined 

maximum lifespan. 

Fig. 3-3 shows a conceptual representation of the main modules (four boxes to 

the right) involved in the simulation algorithm at any generic time step. 

At each time step, the age of each colony is increased by one (age increase 

module) and colonies exceeding the maximum lifespan age are removed. After each 

cell has been updated with the number of colonies within it, termite reproductives are 

generated depending on the colonies' ages (alate generation module) and their total 

                                            
5
https://github.com/f-tonini/Termite-Dispersal-Simulation 
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number summed over the grid. At this stage, a dispersal kernel is used as a matrix of 

weights (probabilities) in combination with a summation function to calculate numbers of 

reproductive arriving at a focal cell from both itself and from neighboring cells. 

Therefore, a focal ("moving window") operation, shown in Fig. 3-4, can be used to return 

new values for the spatial grid representing the final number of potential reproductives 

available after the dispersal flight that may form new colonies. The ‘moving window’ is 

placed such that the focal cell is in the center. Estimates of the probabilities of 

reproductives from each of the eight surrounding cells and the focal cell itself arriving at 

the focal cell constitute the dispersal kernel. These probabilities are then used as 

multipliers of the number of reproductives in the focal and adjacent cells to calculate an 

estimate of the number of new reproductives that arrive in the focal cell. 

Next, the number of new colonies formed in each cell (new colonies generation 

module) is determined by randomly sampling from the look-up table (see Model design 

subsection). If the model is run over a realistic landscape, all cells occupied by colonies 

falling within a patch of habitat classified as unsuitable are removed (habitat suitability 

module). Before moving to the next time step, the spatial grid is saved as a geo-

referenced raster grid to be overlaid at the end of the simulation with all other 

replications for a given year. This operation is the same used by Tonini et al. (2013) to 

compute a final occupancy envelope. 

Results 

Homogeneous Landscape 

Several initial scenarios were tested by randomly placing termite colonies across a 

spatially homogeneous study area, without any habitat limitations for the species. These 

initial scenarios were used as the first time step to run both the new cell-based model 
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and the IBM by Tonini et al. (2013) under the same conditions. Fig. 3-5 shows the 

results obtained from the stochastic outcomes of 100 model replications after 20 time 

steps for both the IBM and cell-based models, considering different values of N 

randomly located colonies. The outcomes of the 100 replications are grouped such that 

they can be visualized by three color-coded occupancy envelopes. The “>0%” (yellow) 

occupancy envelope represents all areas predicted to be occupied by the model in one 

or more simulation runs. Similarly, a “>=50%” (orange) occupancy represents all 

predicted areas that were occupied by at least half of all simulation runs. Finally, the 

“100%” (red) occupancy envelope represents areas that are predicted as occupied by 

all runs. Although the shapes of the envelopes computed by the two approaches are 

similar, there are a few differences, especially in the broadest (yellow) envelope.  

Fig. 3-6 shows a comparison between both simulation approaches in terms of occupied 

areas over 20 years of simulation and grouped by the same aforementioned occupancy 

envelopes. The broadest envelope (yellow) shows the largest differences between the 

two approaches, with the cell-based model predicting a larger infested area, while there 

is not a clear pattern for the “>=50%” and “100%” envelopes. Table C-1 (Appendix C) 

shows detailed results of the multi-run average occupied area at each time step by both 

modeling approaches.  

The computational time of the two modeling approaches needed to complete the 

simulation and to save all results to external geo-referenced raster grids was also 

compared. Fig. 3-7 shows a comparison of the speed (in hours) given the different 

values of N randomly distributed initial colonies. All simulations were run on a 3.30 GHz 

Intel(R) Core(TM) i7-3960X CPU with 32 GB RAM. 
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Case Study: Dania Beach, Florida 

The proposed cell-based model was also applied to the case study presented in 

Tonini et al. (2013) in order to compare its stochastic outcome to the IBM. Both models 

used surveyed N. corniger colonies (Scheffrahn et al., 2002) as initial sources of 

dispersion and the simulated spread after 9 years was compared to the observed 

infested sites discovered in 2012. Values used for the Dania Beach case study were 

assumed identical to the ones used for the IBM. Fig. 3-8 shows a snapshot of two years 

extracted from the simulation in both approaches and the three types of occupancy 

envelopes (see Homogeneous landscape section). The infested locations by N. corniger 

observed in different years are also shown. 

Comparison of Model Results and Discussion 

Fig. 3-5 provides a comparison of the results between the cell-based model and 

the IBM after 20 years of simulation. Although some differences can be seen across all 

envelopes, the number of initial colonies does not seem to have a great impact on the 

differences between the spatial extents of the areas predicted by the two approaches. 

Visual inspection suggests that the broadest envelope ("> 0%") is the one with 

consistently larger differences. To assess envelope dissimilarities throughout all 

simulation time steps, one can refer to results in Fig. 3-6. An increasing trend in the 

dissimilarity between envelopes mirrors with an increasing number of initial colonies. 

However, while the "≥ 50%" and the "100%" envelopes look more similar for the two 

modeling approaches and do not show a consistent over/under estimation over time, 

the "> 0%" envelope confirms the pattern observed in Fig. 3-5. Specifically, the cell-

based model seems to always estimate a slightly larger infested area, and this 

difference starts to increase approximately after the first 2-3 years of simulation. This 
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can be explained by the larger standard deviation found in the estimated occupied area 

over the 100 model replications for the cell based model for the "> 0%" envelope (see 

Table C-1, Appendix C). Since the broadest (yellow) envelope is created to show spots 

that are predicted by one or more model replications, it is subject to high stochasticity, 

so that it is natural that a higher standard deviation in the occupied area is reflected 

more for this envelope than for the others. As pointed out by Tonini et al. (2013), areas 

predicted by both the "> 0%" and "≥ 50%" envelopes are conservative estimates that 

are likely to overestimate the true expansion and should not necessarily be looked at as 

a serious threat. As opposed to this, areas predicted by the "100%" envelope should 

instead be carefully inspected and monitored by local authorities as they are 

consistently predicted to be infested by all model replications. Higher values were also 

tested for the DEN parameter, in the range from 5 to 10. All models had a similar 

outcome to that presented herein. 

The biggest advantage of the new cell-based model compared to the IBM can be 

seen clearly in Fig. 3-7, where computational speed is compared for several values of 

initial seed points (termite colonies). The larger the number of initial points, the longer it 

takes for the IBM to complete the simulation, as opposed to the cell-based model which 

seems to tend asymptotically to a fairly stable value. Specifically, with 10 initial colonies 

the computational time of the IBM model already doubles that of the cell-based one 

(~3.5 hours vs. ~1.8 hours). This difference increases further up to a factor six with 50 

initial colonies (~15.6 hours vs. ~2.5 hours). This result should encourage the use of the 

proposed cell-based model over the IBM, unless the simulation is being used to 

simulate the spread of invading termites from a small set of initial surveyed colonies, in 
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which case the IBM is not much more costly and may be more accurate. Moreover, the 

aforementioned result was obtained from multiple simulations over a homogeneous 

landscape. Models allowing a higher maximum density of colonies per grid cell tended 

to slow down the simulation in both modeling approaches. However, while the cell-

based model only had a slight variation in speed, the IBM suffered more extreme 

effects, which almost halved its speed. 

The results obtained with the cell-based model for the Dania Beach case study 

are also encouraging in the sense that both approaches have a similar outcome. Not 

only do all three occupancy envelopes approximately cover the same areas, but the 

infested sites found between 2004 and 2012 all fall within the most probable envelope. 

Although this result does not represent a true model evaluation, given the limitations of 

the empirical data pointed out by Tonini et al. (2013), it corroborates the cell-based 

simulation model in so far as its results enclose the surveyed locations. The "100%" 

envelope is smaller in the cell-based model than in the IBM because the higher 

standard deviation increases the chance that at least a few grid cells will not be 

occupied in some of the model replications. 

A major difference between the IBM and the new cell-based model is 

represented by the way the underlying suitable habitat is represented, as shown in Fig. 

3-9. 

On one hand, the IBM can use vector-type GIS layers to consider patches of 

landscape that are unsuitable (e.g. roads, marshes, rivers) and all colonies that are 

falling within it (point-in-polygon operation) are removed from the simulation. On the 

other hand, the cell-based model can only use raster-type GIS layers, hence it strongly 
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depends on the spatial resolution chosen for the simulation grid. If the grid has a coarse 

resolution, the underlying habitat will also be coarse and all colonies within a cell may 

be removed as a whole, hence losing some important detail necessary at a small spatial 

scale. 

Advantages and Limitations of the Model 

The new cell-based model presented in this study is a generic model for termites 

and can be applied to any species upon modification of the values of its ecological 

parameters. Although individual-based models are able to provide a very detailed 

scenario and incorporate both individual differences and local interactions among 

organisms, their computational cost is often higher compared to cell-based models 

(Ajelli et al., 2010). Therefore, whenever the spatial scale is large (e.g. state, country 

level) or the temporal window is long, it is recommended to use a different simulation 

approach. 

Given the findings of this study, the proposed cell-based approach not only gives 

similar results to the IBM equivalent, but has a significant advantage in terms of 

computational speed. This has been shown to be particularly true when there is a large 

number of initial termite colonies at the start of the simulation. However, given the 

higher variability found in the results of the proposed model, it is recommended to use 

more replications whenever possible to have a greater precision in the perimeters 

delineated by the occupancy envelopes. 

The degree of precision of the estimates used to parameterize the model 

represents a limitation of the proposed approach. As already pointed out by Tonini et al. 

(2013) for the IBM model, the cell-based model will also greatly benefit from newer and 

better empirical estimations for a given species. It is often hard to find a precise 
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estimate for cryptic species like termites and a consultation with a termite expert is 

always encouraged to calibrate according to the desired species. Newer and better 

empirical estimations of the ecological parameters for a given species will be of great 

benefit to the simulation model. 

Finally, it is important to remark that the least probable envelopes should only be 

used for delineating a general perimeter of intervention, close to a "worst-case" 

scenario, instead of randomly inspecting unknown areas. A greater monitoring, 

quarantine, or eradication effort could be used in those areas encompassed by the most 

probable envelope. 
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Figure 3-1. Schematic example of termite reproductives and the pheromone attraction 

radius within which a heterosexual individual must be found to mate after a 
dispersal flight. The male at the top is beyond detection range of a female 
while the males at the bottom left are in female detection range. 

 
  



 

68 

 
 
Figure 3-2. A sampling of empirical histograms for the number of new termite colonies 

formed by N reproductives (alates). Histograms are derived from 1000 
replications. 
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Figure 3-3. Conceptual diagram of the main modules used in the simulation algorithm at 

any generic time step. 
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Figure 3-4. Schematic representation of the focal ("moving window") operation. Focal 

values are calculated for the neighborhood (dashed line) of focal cells (red in 
this example) using the dispersal kernel as matrix of weights, in combination 
with a summation function. 
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              A. 

 

B. 

 

C. 

 

 
 
Figure 3-5. Simulation outcome comparison between cell-based and individual-based 

models. A) Initial scenarios of N randomly located colonies. B) Final outcome 
of the cell-based model; and (C) final outcome of the individual-based model. 
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Figure 3-6. Predicted areas (in hectares) of infestation for the cell-based model (solid 

line) and the individual-based model (dashed line) for different values of N 
randomly distributed initial colonies. Occupancy envelopes are color coded: 
“>0%” (yellow), “>=50%” (orange), and “100%” (red). 
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Figure 3-7. Computational time (in hours) of the cell-based model (solid line) and the 

individual-based model (dashed line) for different values of N randomly 
distributed initial colonies. 
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A.

 

B.

 
C. 

 

D. 

 
 
Figure 3-8. Snapshot of the areas predicted as infested with N. corniger by the 

simulation models with sampled termite locations in 2003 and the period 
2004-2012. (A-B) Individual-based model. (C-D) Cell-based model. Yellow, 
orange, and red cells indicate the > 0%, ≥ 50%, and 100% occupancy 
envelopes, respectively. 
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A. 

 

B. 

 
 
Figure 3-9. Habitat representation in the IBM (left) and the cell-based model (right). A) 

Termite colonies (dots) falling within patches of unsuitable habitat (in grey) 
are removed. B) Cells occupied by one or more termite colonies (black) 
overlaying cells of unsuitable habitat (grey) are removed. 
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Table 3-1. Model ecological parameters used in both modeling approaches and their 
values. 

Parameter Definition Values 

AFP 
Colony age at first production of 

reproductives 
4 yr 

PHR Maximum pheromone attraction distance 3 m 

DEN Maximum density of colonies per grid cell 
1 (homogeneous landscape setting) 

7 (Dania Beach case study) 
SURV Overall survival rate of reproductives * 0.01 (1%) 

MAR 
Prevalence of male reproductives in the 

colony 
0.5 (50%) 

SCR 
Scenario of amount of reproductives 

generated by a colony 

1,000 for colony age 4 ≤ yr < 9 
10,000 for colony age 9 ≤ yr < 14 

100,000 for colony age ≥14 yr  
DIST Mean dispersal flight distance 200 m 

 

* Overall percentage of alates surviving all phases of a dispersal flight 
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CHAPTER 4 
PREDICTING THE GEOGRAPHICAL DISTRIBUTION OF TWO INVASIVE TERMITE 

SPECIES FROM OCCURRENCE DATA 

Species Distribution Models  

The use of statistical models to predict a species’ potential habitat has seen a 

growing interest during the past two decades given the importance of monitoring 

endangered or invasive species and understand a species' response to different 

environmental conditions (Guisan and Thuiller, 2005). Such models are often referred to 

as habitat models, ecological niche models, or species distribution models (SDMs) (Elith 

and Leathwick, 2007) and have been applied to a variety of fields such as ecology, 

conservation, and biogeography. SDMs attempt to model the species-environment 

relationships by using sites of known occurrence (presence data) and, sometimes, non-

occurrence (absence data) together with environmental variables recorded over the 

whole study area. In most cases, records from atlases, herbaria, or museum databases 

only contain information on a species' incidental observations (Franklin, 2009). A 

fundamental limitation of presence-only datasets is that the prevalence of a species, i.e. 

the proportion of occupied sites across the study area, is unknown. In recent years, 

several statistical methods have been proposed for modeling this type of datasets, such 

as inhomogeneous Poisson process (IPP), (Chakraborty et al., 2011; Warton and 

Sheperd, 2010), and maximum entropy (Maxent) (Phillips et al., 2006; Phillips et al., 

2004). Other approaches use presence-absence models by treating random samples 

chosen from the region of interest (background samples) as absences (also called 

"pseudo-absences") (Elith et al., 2006). However, this assumption has been shown to 

have substantial errors (Warton and Sheperd, 2010).  
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In this work, a recently developed Bayesian logistic regression model adjusted 

for presence-only data (Divino et al., 2013; Divino et al., 2011) and the widely used 

maximum entropy approach were used to predict the current and future biotic 

distributions of two major invasive termite pests over Florida: the Asian subterranean 

termite (AST), Coptotermes gestroi (Wasmann), and the Formosan subterranean 

termite (FST), Coptotermes formosanus Shiraki. The Bayesian approach used herein 

has only been tested on artificial data prior to this study. 

Both AST and FST are considered among the most destructive termite species, 

causing severe damage to structural lumber (Rust and Su, 2012). AST is endemic to 

southeast Asia and it is currently found mostly in tropical areas (Li et al., 2009). FST is 

probably endemic to southern China and is found primarily in subtropical and temperate 

regions (Li et al., 2009). AST and FST occur sympatrically only in Taiwan, Florida, and 

Hawaii (Li et al., 2010). AST was first found in 1996 (Dade County) and is a more recent 

invasive species compared to FST, discovered in 1980 (Broward County) (Scheffrahn, 

2013). Both species are now well established pests in Florida. 

Regional predictions of the potential habitat of the two termite species under both 

current and future climate scenarios are currently lacking in the available literature. A 

single recent study attempted to predict the ecological niche of AST on a global scale 

using mostly coarse-precision occurrence data derived from the literature (Li et al., 

2013). However, the reliability of such predictions was strongly affected by the 

excessive extent of the study area used for both model calibration and estimation, given 

the small amount of available occurrence data.  
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The format of the chapter is as follows. The study area, data, variables, and 

modeling approaches used are described in Materials and Methods. Results and their 

interpretation are presented in the Results section, and a final discussion on the 

advantages and limitations of the models tested herein is provided in the Discussion 

section. 

Materials and Methods 

Study Area and Species Data 

Florida was selected as a common study area for both AST and FST in order to 

compare the performance of two different statistical approaches under the same 

environmental conditions. Termite collection localities were taken from the University of 

Florida Termite Collection at the Fort Lauderdale Research and Education Center. 

Geographical coordinates of 280 and 411 separate land-based colonies of AST (1996-

2012) and FST (1985-2012), respectively, were used in this study (Fig. 4-1). Boat 

infestations (Scheffrahn and Crowe, 2011) were excluded. All database samples were 

predominantly collected from or near human habitations by R.H.S., pest control 

professionals, property owners, entomologists, and others interested in species-level 

identification. 

The study area was divided into roughly 38,000 2-km grid cells and all termite 

observations falling within a given cell were aggregated to a single point. In this work, 

grid cells were considered as independent and the probability of presence was modeled 

for each one of them. The chosen spatial resolution attenuates some of the bias caused 

by spatial dependence between nearby occurrences because termite reproductives 

from a mature colony fly only a few hundred meters during their annual dispersal flights 

(Nutting, 1969). Moreover, it is a common approach to consider a sampling unit whose 
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size is equal (or close) to the resolution of available environmental data (Elith and 

Leathwick, 2009). Finally, a 2-km resolution grid makes sure that a sufficient number of 

observations is available for use with statistical models. After aggregation, a total of 65 

and 160 occurrences were considered for AST and FST, respectively. 

Predictor Variables 

A set of gridded climate and environmental variables was selected (Table 4-1) 

based upon its ability to directly influence the ecophysiology of both AST and FST 

(Gautam and Henderson, 2011). Data for historical climatic conditions were extracted 

from two sources: (i) the PRISM Climate Group database (Daly et al., 2002) and (ii) the 

WorldClim (1950-2000) database (Hijmans et al., 2005). General annual trends such as 

annual total precipitation (prec), average daily mean dew point temperature (dew), and 

average daily maximum (tmax) and minimum (tmin) temperatures were obtained from 

the PRISM database, representative of average historical conditions for the years of 

available occurrence records of both AST and FST. Two bioclimatic variables 

representing extreme or limiting factors such as maximum temperature of the warmest 

month (bio5) and minimum temperature of the coldest month (bio6) were chosen from 

the WorldClim database, representative of 1950-2000 average historical conditions. 

Both WorldClim and PRISM data were obtained at a 2.5-arcmin (~4 km) resolution and 

further resampled down using bilinear interpolation to maintain the higher data 

resolution of the reference spatial grid over the study area. The available time series of 

historical climate data from PRISM (1895-Present) allowed us to extract those years 

that matched historical occurrence records for both AST and FST exactly. 

In addition to climate variables, the U.S. Geological Survey National Land Cover 

Database (NLCD) 2006 (http://www.mrlc.gov/nlcd2006.php) was also considered, which 
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has a native resolution of 30 m. The database comes with 20 land cover classes, which 

were modified according to the following steps: (1) reduction from 20 to 8 main land 

cover classes according to the NLCD 2006 product legend; (2) creation of single layers 

for each land cover class from the previous step; and (3) aggregation of each land cover 

layer from 30 m to our 2-km reference grid by expressing each cell value as the 

percentage of land cover contained within.  

Finally, centroids of grid cells occupied by termite locations were also used in 

some of the statistical models in order to account for the geographic proximity between 

collection sites across the geographic space. Locations were expressed by their 

projected easting and northing values. All layers, including the 2-km reference grid, 

were mapped using the NAD83 / Florida GDL Albers projection to minimize distance 

distortions throughout the study area. 

Most predictor variables in our dataset were highly correlated and their 

simultaneous presence in statistical models has been proven to cause several problems 

(multicollinearity, Farrar and Glauber, 1967). Therefore, an a priori choice of variables 

was carried out in order to exclude pairs of highly correlated variables (r ≥ 0.8). A 

different set of models was also estimated using principal components obtained from 

the full set of predictor variables considered herein. Principal component loadings are 

shown in Appendix D, Table D-1. 

Future Scenarios 

The Intergovernmental Panel on Climate Change (IPCC) Fourth Assessment 

Report (AR4) describes a set of alternative CO2 emissions scenarios grouped under 

four main narrative storylines (http://www.ipcc.ch/). In this study, the A2 emission 

scenario was focused on, which is at the higher end of all the future scenarios. The 
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average increase in global surface temperature by 2100 predicted by a sophisticated 

set of Atmospheric-Oceanic Global Circulation Models (GCMs hereafter) amounts to 

about 3.4°C (ranging from 2.0°C to 5.4°C). This scenario was preferred over others in 

order to assess the impact of a larger climate change on both termite species' potential 

distributions and consider it as a benchmark "worst-case" scenario. 

Given the uncertainty associated with the path of future climate change, average 

projections of annual precipitation and minimum/maximum temperatures for the years 

2040-2069 (referred to as 2050s hereafter) were extracted from the Climate Change, 

Agriculture and Food Security (CCAFS) web portal (http://www.ccafs-climate.org/data/). 

Projections of annual mean dew point temperatures were not available from any data 

provider, hence this predictor variable could not be considered for future scenarios.  

The three following GCMs (Diniz-Filho et al., 2009), statistically downscaled 

using the so-called delta method (Ramirez-Villegas and Jarvis, 2010), were selected for 

the A2 emission scenario and the 2050s time frame: GFDL-CM 2.1, NCAR-CCSM 3.0, 

UKMO-HadCM3.  

A projected population growth scenario in 2060 was obtained from the University 

of Florida GeoPlan Center (http://www.fgdl.org). The dataset assumes no further 

population growth in areas currently urbanized.  

First, a change in the climatological variables was assumed under the A2 

emission scenario given by the three selected GCMs, assuming no change in 

population. Then, a population growth scenario was added together with climate 

change, resulting in a total of six future scenarios for each species. To create 
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"consensus" maps of projected probabilities in the 2050s, predictions were averaged 

over the three GCMs. 

Modeling Approaches 

In this study, several models were considered using two statistical approaches 

for presence-only data: (i) maximum entropy (Phillips et al., 2006); and (ii) a Bayesian 

linear logistic regression adjusted for presence-only data, named Bayesian for 

presence-only data (BPOD) hereafter (Divino et al., 2013; Divino et al., 2011). The 

former, was presented in Phillips et al. (2004) and it is widely used for modeling 

distributions of species (Elith et al., 2011). The BPOD, following the work of Ward et al. 

(2009), considers a linear logistic regression adjusted for presence-only data in a 

Bayesian framework. 

Although different in their theoretical backgrounds, both methods use the Bayes' 

rule as an important point to calculate the probability of presence of the species 

conditioned on the environment. An outline of the theory, main assumptions, and 

modeling settings used in both approaches follows. 

Maximum entropy approach 

Maximum entropy (Maxent hereafter) is a machine-learning method that uses 

species occurrences and a random sample of background environmental data over a 

region of interest to predict species distributions. Let us define               to be 

the probability distribution of covariates, i.e. environmental variables, across locations 

where the species is observed (Y = 1), and               to be the probability 

distribution of covariates where the species is absent (Y = 0). The quantity of interest is 

the probability of presence of a species,                conditioned on a set of 
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environmental covariates X. Maxent considers the modeling of             and 

uses the Bayes' rule to estimate the sought conditional probability distribution: 

              
                  

     
                  (4-1) 

The core of the Maxent "raw" model output is the estimate of the ratio          

       . This is accomplished by seeking an estimate of             that is consistent 

with available occurrence data. Among several possible distributions, one that 

maximizes the entropy of             or, in other words, minimizes the relative entropy 

of             with respect to       (measured using the Kullback-Leibler divergence) 

is chosen. The distribution of maximum entropy, i.e. closest to the uniform probability 

distribution or most spread out, is estimated while being subject to a set of constraints 

imposed by the information available from the environmental conditions where the 

species occurs.  

Environmental variables or functions thereof are known as "features" and are 

treated as an expanded set of variables to be added as terms in the model specification. 

A random sample of background locations informs the model about      . The set of 

constraints on             ensures that empirical averages of each feature 

approximate their averages at sites where the species is present (or a random sample 

thereof). 

The probability distribution of maximum entropy is a Gibbs distribution, which has 

an exponential form (Della Pietra et al., 1997). Raw exponential values estimated by the 

model are scale-dependent, e.g. they can be extremely small if the study area is large, 

and only represent a measure of relative suitability of each site. However, the model 

can also be transformed from an exponential family model into a logistic model, thus 
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making it more comparable with other machine learning or generalized linear/additive 

models (Phillips and Dudik, 2008).  

To calculate the final conditional probability of occurrence            , 

knowledge of the prevalence of the species          , i.e. the proportion of 

occupied sites across the study area, is required. However,   is unknown with 

presence-only data (Ward et al., 2009). In this case, the maximum entropy approach 

sets this quantity arbitrarily to 0.5. 

Bayesian for presence-only data (BPOD) approach 

The approach introduced in Divino et al. (2011) and fully formulated in Divino et 

al. (2013) considers a stratified case-control design adjusted for presence-only data 

developed in a Bayesian setting. When dealing with presence-only data, sampling from 

the reference population of locations cannot be performed under the traditional random 

sampling design. Specifically, while a random sample of presences is available, a 

random sample of absences cannot be obtained. Therefore, a random sample of 

"contaminated controls", i.e. a random sample of locations from the whole reference 

population (background sample) that can also include some occurrences of the species, 

is matched with the aforementioned random sample from the available occurrence data 

(Lancaster and Imbens, 1996).  

Building upon the approach presented in Ward et al. (2009), the BPOD 

implements a linear logistic regression model adjusted for presence-only data within a 

Bayesian framework. In order to estimate the regression parameters, a two-level 

scheme is used: (1) a first level describing the probability law that generates the 

population data; and (2) a second level using a stratified case-control design, modified 
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for presence-only data to select samples from the population. In a traditional logistic 

regression, the response variable Y = 0 marks the absence of an attribute of interest in 

the population, while Y = 1 marks the presence of the same attribute. The key point in 

the BPOD approach is the introduction of a stratum variable Z, considered as the only 

observable variable. Specifically, Z = 0 means that a location is collected from the whole 

reference population, while Z = 1 indicates that a location is collected from the sub-

population of presences. Z = 1 implies that Y = 1, while Z = 0 implies that Y is an 

unknown value          . The introduction of the stratum variable Z allows us to define a 

linear logistic regression, adjusted for presence-only data. Denoting by          

       the probability that a location is sampled (C = 1) from the set of locations 

where the species of interest is present (Z = 1) and with covariates X = x, the linear 

logistic model for presence-only data can be defined as: 

                           (4-1) 

where q is a correction term, depending on the number of presences truly 

observed and the unknown number of presences hidden in the sample of 

"contaminated" controls. An approximation of q can be derived iteratively within the 

estimation algorithm. After prior distributions are defined over the parameters of interest 

(the linear coefficients   and the unobserved responses in the sample of "contaminated" 

controls), Bayesian inference can be carried out through Markov Chain Monte Carlo 

(MCMC) techniques (Robert and Casella, 2004). In particular, an algorithm including a 

data-augmentation step (Tanner and Wong, 1987) is used to obtain an estimate of the 

unknown empirical prevalence π of the species of interest, jointly with linear coefficients 

of the logistic model. 
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Evaluation of model performance 

In this study, model performance is evaluated according to three criteria: (i) 

prediction accuracy of occurrence data, i.e. model sensitivity expressed by the 

percentage of correctly predicted occurrences in the sample; (ii) goodness of fit, using 

both the Akaike Information Criterion (AIC, Akaike, 1974) and its corrected version 

(AICc, Burnham and Anderson, 2002); and (iii) ecological realism, i.e. assessing 

predictions against prior biological knowledge of a species. AIC and AICc for all Maxent 

models were calculated using the ENMTools (Warren and Seifert, 2011) which uses 

Maxent "raw" suitability scores, i.e. exponential values standardized over the study 

area. Several other traditional statistical evaluation metrics such as Cohen's Kappa 

(Cohen, 1960) or the area under the receiver operating characteristic curve (AUC, 

Hanley and McNeil, 1982) are commonly used with presence-absence (or pseudo-

absence) data. However, in this study no assumptions of pseudo-absence for 

background data are made. While model sensitivity was compared across all models 

and both statistical approaches, AIC and AICc values were only used to compare the 

relative quality of each model within the same statistical approach in order to provide a 

mean for model selection. This is crucial because Maxent’s model structure is different 

from BPOD, hence values of both AIC and AICc cannot be compared across models 

considered in both approaches. 

Sampling scheme 

The following background sampling schemes were considered with respect to 

Maxent and BPOD modeling approaches. 

Each Maxent model was run 16 times, with the background sample size set to 

10,000 randomly selected points. Although there are not set guidelines regarding the 
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ideal number of background points to use in each situation, from a statistical point of 

view it is desirable to have a sample that well represents the domain of the model 

variables over the study area. Moreover, some studies found that predictive accuracy of 

Maxent was best with about 10,000 points (Barbet-Massin et al. 2012). All other settings 

in the MaxEnt software have been used with their default values. 

Each BPOD model was run 500 times, with sample size set according to the 

presence/background ratio of 1:4. Specifically, in AST a sample of 65 observed 

presences was matched with a background sample of 65×4=260 locations (total sample 

size n=325), while for FST a sample of 160 observed presences was matched with a 

background sample of 160×4=640 locations (total sample size n=800). The MCMC 

algorithm with data augmentation used 15,000 iterations (10,000 burn-in) to estimate 

the unknown model parameters.  

The reason for using different sampling schemes between Maxent and BPOD is 

due to the fact that the two approaches have different requirements for reaching robust 

parameter estimates. Specifically, Maxent needs a large background sample, while 

BPOD needs a large number of model replications. Given these constraints, model 

settings were chosen accordingly and used roughly the same amount of “sampling 

information” (see Table E-1, Appendix E, and Table F-1, Appendix F). In both 

approaches, parameter estimates were obtained as averages over all model 

replications. 

Results 

Several models were run to predict the current potential distribution of both AST 

and FST. A list of the best performing models is shown in Table 4-2 for AST and Table 

4-3 for FST, together with their evaluation metrics. 
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For AST, the model that reached the highest overall performance in the 

maximum entropy approach was M1, while in the BPOD approach it was MPC3, which 

used the first three principal components as covariates. The BPOD approach 

outperformed Maxent consistently in all models, reaching a higher sampling sensitivity. 

The highest sensitivity reached by any Maxent model is ~61%, hence much lower 

compared to the best BPOD model (~97%). Fig. 4-2 (A-B) shows the current potential 

distributions of AST predicted by the best overall models in both approaches, thus 

BPOD-MPC3 and Maxent-M1, respectively. Southeastern Florida and the Keys Islands 

show a much higher suitability compared to other areas, matching the general pattern of 

recorded occurrences. Low probabilities are also predicted along the east coast up to 

central Florida and on the west coast around urban areas such as Ft. Myers and 

Tampa. 

For FST, the model that reached the highest overall performance in the 

maximum entropy approach was MPC3, while in the BPOD approach it was MPC6, 

using the first three principal components and all six principal components as 

covariates, respectively. As for AST, the BPOD approach performed consistently better 

than maximum entropy across all models. The highest sensitivity reached by any 

Maxent model is ~66%, compared to ~74% for the best BPOD model. Fig. 4-3 (A-B) 

shows the current potential distributions of FST predicted by the best overall models in 

both approaches, thus BPOD-MPC6 and Maxent-MPC3, respectively. Highest suitability 

values are associated with urbanized areas across the entire state. Although no 

occurrences were recorded in some urban areas, a medium-to-high suitability is 

predicted for the species in areas such as North-West Florida around Pensacola, along 
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the west coast in Sarasota and Port Charlotte, along the east coast in Melbourne and 

Palm Coast, and all the Keys islands south-west of Key Largo. 

Future predicted probabilities of presence were derived using a model from the 

BPOD approach for both AST and FST. Due to data availability (see Future scenarios 

subsection), the BPOD-M1 model was chosen to predict their future distributions. Fig. 4-

4 (A, D) shows the contemporary predictions calculated using model BPOD-M1 for AST 

and FST, respectively. Predictions are not much different from the best models that 

used principal components as covariates, with the exception of a few areas for FST 

such as the Keys Islands or the west coast of Florida where the suitability is slightly 

lower. Fig. 4-4 (B, E) shows average "consensus" projected probabilities, i.e. averaged 

over the three GCMs, for AST and FST, respectively, under climate change conditions 

for the 2050s time period and given no change in land cover. The climate variables that 

are projected to the future from M1 are precipitation, bio5, and bio6. Urban areas in 

southeast Florida seem to have an increased predicted probability of presence for AST, 

while for FST changes in suitability are less noticeable. The population growth scenario 

(Fig. 4-4 C, F) increases the percentage of areal units occupied by developed areas, 

thus increasing the variable "devel" (refer to Table 4-1) in our model. The effect of a 

combined change in climate and developed areas increases the predicted probabilities 

of presence for both AST and FST. However, the effect is much more noticeable for the 

latter across the whole study area. 

Discussion 

The performance of the BPOD approach on both species was shown to be 

consistently better than the widely used maximum entropy approach in terms of 

sampling sensitivity, with few exceptions (see Table 4-3). Moreover, the best BPOD 
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model gave more realistic predictions from an ecological perspective compared to the 

best Maxent model for both species. Specifically, for FST maximum entropy tends to 

over-predict areas across the entire state, far apart from recorded occurrences, and 

under-predict areas close to them (Fig. 4-3). Although this phenomenon is less 

pronounced for AST, areas in the metropolitan southeast Florida are under-predicted 

nearby recorded occurrences.  

The BPOD approach seems to make a better use of the information from PCA-

derived variables compared to maximum entropy, as its predictive power increases until 

reaching an optimum in terms of sensitivity and both information criteria (see Tables 4-

2, 4-3). However, such models behave in a slightly different manner between the two 

species. In particular, BPOD models for AST reach an optimum with a smaller number 

of PCA-derived variables than FST (3 vs. 6 principal components, respectively). This 

probably means that the original environmental variables enclosed in the first three 

principal components are sufficient to explain the ecological niche of AST in Florida. 

FST is a more generic species, i.e. spread across nearly the entire study area and 

exploring a wider range of values in the environmental variables chosen for the study. 

This result also suggests that some environmental factors influencing the habitat of FST 

may be missing.  

Maxent models reported in this chapter were estimated by fitting linear responses 

to relationships between response and predictor variables in order to keep comparability 

between the two different statistical approaches. Maxent models fitting more complex 

responses were also tested but had a much lower predictive performance compared to 

the ones fitting linear features. A major advantage of the BPOD approach over 
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maximum entropy is that the MCMC algorithm does not require the a priori knowledge 

of the population prevalence as it is considered as a further parameter in the model. 

This overcomes the issue of prevalence specification pointed out by Ward et al. (2009). 

A Bayesian modeling framework allows flexibility in the treatment of uncertainty while 

making full inference on the probability of presence possible. However, a more formal 

comparison between the two statistical approaches based on artificial data is suggested 

for future studies. 

In this work, statistically downscaled climate projections for the 2050s were 

preferred over dynamically downscaled projections, such as the CLARReS10 dataset 

for the Southeast United States (http://tiny.cc/0gjd5w). Although the latter are able to 

incorporate regional-scale processes their spatial resolution (~10 km) was too coarse to 

assess the effect of variation in climate and urbanization on the same scale used for 

contemporary predictions for both termite species. Climate change under the A2 

scenario for the 2050s has a moderate effect on both species' geographical distribution. 

Conversely, a combined effect of climate change with a population growth scenario has 

a larger impact on their projected probabilities, especially for FST. This suggests that 

both termite species are influenced by urban development much more than by climate 

alone. 

Two issues not addressed in this work are the residual autocorrelation that may 

still persist among neighboring occurrences and the problem of observer bias (Syfert et 

al., 2013). While an attempt to reduce the first issue was done both by using a spatial 

resolution at which termite occurrences could be assumed independent of each other 

(see Study area and species data subsection) and by using spatial coordinates as 

javascript:;
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predictor variables, true spatial models may be able to improve the final predictions. 

However, this goes beyond the purpose of this study. The second issue would be 

extremely complicated to specify in the models developed herein, as data comes from 

different sources and involves multiple data collectors (see Study area and species data 

subsection). Moreover, the data used in this study were not collected based on road 

accessibility. The treatment of such a complex issue is deferred to future work. 
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Figure 4-1. Florida occurrences of AST (green) and FST (purple). 
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A. 

 

B. 

 
 
Figure 4-2. Current predicted probabilities of presence for AST. A) BPOD-MPC3 model. 

B) Maxent-M1 model. Darker red areas correspond to areas with higher 
probabilities. 
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B. 

 
 
Figure 4-3. Current predicted probabilities of presence for FST. A) BPOD-MPC6 model. 

B) Maxent-MPC3 model. Darker red areas correspond to areas with higher 
probabilities. 
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C. 

 
D. 

 

E. 

 

F. 

 
 
Figure 4-4. Current and average projected probabilities of presence for the 2050s time 

period. A) BPOD-M1 contemporary predictions for AST. B) BPOD-M1 
projected predictions for AST averaged over the GFDL-CM 2.1, NCAR-CCSM 
3.0, and UKMO-HadCM3 global circulation models under the A2 emission 
scenario. C) BPOD-M1 projected predictions for AST averaged over the 
GFDL-CM 2.1, NCAR-CCSM 3.0, and UKMO-HadCM3 global circulation 
models under the A2 emission scenario and population growth. D) BPOD-M1 
contemporary predictions for FST. E) BPOD-M1 projected predictions for FST 
averaged over the GFDL-CM 2.1, NCAR-CCSM 3.0, and UKMO-HadCM3 
global circulation models under the A2 emission scenario. F) BPOD-M1 
projected predictions for FST averaged over the GFDL-CM 2.1, NCAR-CCSM 
3.0, and UKMO-HadCM3 global circulation models under the A2 emission 
scenario and population growth. Darker red areas correspond to areas with 
higher probabilities. 
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Table 4-1. Environmental variables used and their data source for both AST and FST. 

Database Variable  Description 

PRISM prec Annual total precipitation 

dew Average daily mean dew point temperature 

tmax Average daily maximum temperature 

tmin Average daily minimum temperature 

WORLDCLIM bio5 Maximum temperature of the warmest month 

bio6 Minimum temperature of the coldest month 

NLCD 2006 water Open water or permanent ice/snow cover 

devel High percentage (≥ 30%) of constructed materials (e.g. asphalt, 

concrete, buildings, etc.). 

barren Bare rock, gravel, sand, silt, clay, or other earthen material, with little 

or no "green" vegetation 

forest Tree cover (> 6 m tall). Tree canopy accounts for 25% to 100% of 

the cover 

shrub Natural/semi-natural woody vegetation with aerial stems (< 6 m tall) 

herb Natural/semi-natural herbaceous vegetation (75% - 100% of the 

cover) 

cultiv Herbaceous vegetation that has been planted or is intensively 

managed for the production of food, feed, or fiber (75% - 100% of the 

cover) 

wetlands Soil or substrate is periodically saturated with or covered with water 
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Table 4-2. List of main models used for AST, their sampling sensitivity, and information 
criteria. M1: X (easting), prec, bio5, bio6, all land cover variables. M2: prec, 
bio5, bio6, all land cover variables. M3: X (easting), Y (northing), prec, bio5, 
all land cover variables. MPCx: x stands for the number of principal 
components used as covariates. The best models are highlighted in bold. 

Approach Model Sampling Sensitivity AIC AICc 

Maxent 

M1 0.61 823.4 825.2 

M2 0.61 828.7 830.6 

M3 0.60 857.6 860 

MPC1 0.40 1066 1066 

MPC2 0.61 942 942 

MPC3 0.60 828.8 829.2 

MPC4 0.60 829.1 829.8 

MPC5 0.58 831.7 832.5 

MPC6 0.57 830.2 831.1 

BPOD 

M1 0.96 62.2 38.2 

M2 0.96 63.2 38.4 

M3 0.96 67.7 41.1 

MPC1 0.76 118.3 112.4 

MPC2 0.90 78 70.2 

MPC3 0.97 48.8 39 

MPC4 0.97 50.1 38.3 

MPC5 0.97 51.4 37.8 

MPC6 0.97 52.5 36.9 
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Table 4-3. List of main models used for FST, their sampling sensitivity, and information 
criteria. M1: X (easting), prec, bio5, bio6, all land cover variables. M2: prec, 
bio5, bio6, all land cover variables. M3: X (easting), Y (northing), prec, bio5, 
all land cover variables. MPCx: x stands for the number of principal 
components used as covariates. The best models are highlighted in bold. 

Approach Model Sampling Sensitivity AIC AICc 

Maxent 

M1 0.55 2712.9 2714.2 

M2 0.55 2713.1 2714 

M3 0.57 2712 2713.2 

MPC1 0.66 1177 1177.1 

MPC2 0.59 1047.4 1047.6 

MPC3 0.66 956.8 957.2 

MPC4 0.57 968.5 969.1 

MPC5 0.61 963.6 964.6 

MPC6 0.58 961.1 962.5 

BPOD 

M1 0.73 391.1 366 

M2 0.73 391.4 367 

M3 0.73 391.5 367.2 

MPC1 0.05 689.2 683.2 

MPC2 0.53 529.7 521.8 

MPC3 0.71 396.3 386.4 

MPC4 0.71 395.1 383.2 

MPC5 0.72 388.6 374.8 

MPC6 0.74 382.8 367 

 
  



 

101 

CHAPTER 5 
CONCLUSIONS 

The two simulation models developed in this study and presented in Chapter 2 

and Chapter 3 showed different approaches that can be used to replicate the 

geographical spread of invasive termites over a landscape. Although the IBM is able to 

capture individual differences and represents a more refined approach to simulation 

over smaller spatial extents, the cell-based model gave similar results and had a 

significant advantage in terms of computational speed. Given the stochastic nature of 

both simulation approaches and the subsequent variability in the model outcomes, it is 

recommended to use a sufficiently large number of replications. The application of both 

the IBM and the cell-based model to the case study of N. corniger in Dania Beach, FL, 

showed that the areas predicted as infested in all simulation runs of a baseline model 

covered the spatial extent of all locations recently discovered. Although the nature of the 

available data did not allow the use of traditional validation techniques, the comparison 

of model outcomes with field samples via hindcasting provided some support to the 

goodness of both simulation approaches. 

The precision of the estimates used to parameterize both simulation models is 

crucial in order to obtain reliable prediction, hence it is strongly recommended to consult 

with a termite expert should any empirical value be missing in the related literature. 

Moreover, given the scant information available on termites, as opposed to other social 

insects such as ants or bees, it was in some case necessary to use parameter values 

from termite species different from the one modeled. A sensitivity analysis run on the 

IBM gave some insight on the importance of each model parameter. Specifically, the 

outcome of the simulation was particularly sensitive to the amount of alates generated 
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by a colony, the overall survival rate of alates, the maximum pheromone attraction 

distance, and the mean dispersal flight distance.  

Both simulation models were developed with the goal of keeping them as generic 

as possible and applicable to any termite species after proper calibration of all the 

ecological parameters involved. If the spatial extent of the study area over which the 

simulation needs to be run is large (e.g. state, country) or the temporal window is long 

(e.g. more than 15-20 years), the use of the cell-based approach is strongly 

encouraged. Instead, it is advisable to use the IBM model if a more detailed local 

simulation is preferred. The models presented herein represent a first attempt to predict 

and delineate areas of infestation by invasive termites from a set of surveyed locations 

(or from one or more points of introduction). The stochastic component allows a more 

flexible and realistic representation of the dynamic of a spread over a landscape while 

giving different likelihoods of infestation in output. A greater amount of economical and 

human resources should be assigned by state and local regulatory agencies to those 

areas with the highest likelihood of infestation. The least probable areas, instead, 

should only be looked at as a general perimeter of intervention in order to avoid a waste 

of resources that would otherwise be randomly assigned in order to survey unknown 

locations.  

The statistical models described in Chapter 4 attempted to predict the current 

and future biotic distributions of two major termite pests, C. gestroi and C. formosanus, 

over Florida. Not only the BPOD approach performed consistently better compared to 

maximum entropy models but it also made a better use of the information from PCA-

derived ecological variables in both termite species. Moreover, the use of a Bayesian 
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framework overcomes the issue of prevalence specification given by presence-only 

datasets of a species' occurrence by considering it as a further parameter in the model. 

However, a more formal comparison between the two statistical approaches is deferred 

to future work. The Bayesian framework used in this study can be applied to any termite 

species, but more generally to any datasets where only occurrences of a species are 

known. 

Future scenarios considered both climate change and population growth 

projections. The effect of climate change under the pessimistic A2 emission scenario 

and three different statistically downscaled GCMs for the 2050s time frame had a much 

more moderate effect on both species' geographical distribution compared to the 

combined effect of climate change and population growth. This result suggests that both 

C. gestroi and C. formosanus are affected by urban development much more than by 

climate alone. Future work should focus on modeling the residual autocorrelation 

among neighboring species occurrences and the problem of observer bias (Syfert et al., 

2013). The type of statistical models presented in this study can be used by government 

regulators and the pest control industry to anticipate the arrival of invasive termite pests 

or predict their potential habitat under either current or future conditions.  
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APPENDIX A 
SENSITIVITY ANALYSIS 

Table A-1. Sensitivity analysis results extracted for some years of the simulation. All 
values in the table are computed as differences between a given model and 
the baseline model. Positive numbers indicate that a given model has a 
higher value compared to the baseline. As an example, an absolute growth of 
0.09 for year 2006 (AFP=2) means that the increase in the area between 
2005 and 2006 for the AFP=2 model is 0.09 km2 / yr larger than for the 
baseline model (AFP=4). 

Parameter Variable* 2004 2006 2008 2010 2012 

AFP=2 

Area (km
2
) 0.01 0.1 0.19 0.19 0.22 

Abs growth (km
2 
/ yr) 0.01 0.09 0.03 -0.01 0.02 

Rel growth (%) 3 6 1 0 0 

AFP=6 

Area (km2) -0.02 -0.05 -0.09 -0.14 -0.12 

Abs growth (km2 / yr) -0.02 -0.01 -0.03 -0.01 0.01 

Rel growth (%) -7 0 -2 1 0 

PHR=1 

Area (km
2
) -0.61 -0.72 -0.73 -0.8 -0.87 

Abs growth (km
2 
/ yr) -0.61 -0.02 -0.01 -0.04 -0.03 

Rel growth (%) -204 5 1 2 0 

PHR=5 

Area (km
2
) 0.27 0.31 0.36 0.48 0.55 

Abs growth (km
2 
/ yr) 0.27 0.02 0.05 0.05 0.05 

Rel growth (%) 89 0 1 2 1 

DEN=5 

Area (km
2
) -0.18 -0.23 -0.18 -0.13 -0.11 

Abs growth (km
2 
/ yr) -0.18 -0.02 0.04 0.03 0.01 

Rel growth (%) -62 0 3 3 0 

DEN=9 

Area (km
2
) 0.06 0.04 0.06 0.1 0.11 

Abs growth (km
2 
/ yr) 0.06 0 0.02 0.02 0.01 

Rel growth (%) 17 -1 1 1 0 

SURV=.02 

Area (km
2
) 0.46 0.5 0.6 0.8 0.92 

Abs growth (km
2 
/ yr) 0.46 0.02 0.07 0.09 0.07 

Rel growth (%) 150 -1 2 2 1 

SURV=.005 

Area (km
2
) -0.43 -0.49 -0.51 -0.55 -0.61 

Abs growth (km
2 
/ yr) -0.43 -0.02 -0.01 -0.02 -0.03 

Rel growth (%) -145 2 0 2 -1 

MAR=.65 

Area (km
2
) -0.04 -0.08 -0.08 -0.08 -0.08 

Abs growth (km
2 
/ yr) -0.04 -0.01 0 0 0.01 

Rel growth (%) -15 0 0 1 0 

MAR=.80 

Area (km
2
) -0.08 -0.11 -0.09 -0.14 -0.17 

Abs growth (km
2 
/ yr) -0.08 0 0 -0.03 -0.01 

Rel growth (%) -27 1 0 0 -1 
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Table A-1. Continued   

SCR=High Profile 

Area (km
2
) 0.24 0.26 0.82 1.33 1.86 

Abs growth (km
2 
/ yr) 0.24 0.01 0.54 0.19 0.4 

Rel growth (%) 79 -1 25 4 9 

DIST=100 

Area (km
2
) -0.44 -0.66 -0.73 -0.82 -0.93 

Abs growth (km
2 
/ yr) -0.44 -0.08 -0.04 -0.04 -0.05 

Rel growth (%) -148 -3 -1 1 -1 

DIST=300 

Area (km
2
) 0.43 0.6 0.7 0.85 0.99 

Abs growth (km
2 
/ yr) 0.43 0.05 0.05 0.07 0.08 

Rel growth (%) 143 0 0 1 1 
 

* Monte Carlo average over 100 simulation runs 

 
. 



 

106 

APPENDIX B 
SUPPLEMENTARY DATA 

 
 
Figure B-1. Empirical histograms for the number of new colonies formed by N reproductives (alates). Histograms are 

derived from 1000 model replications. Gaussian probability distributions obtained using empirical means and 
standard deviations are shown in yellow. In red the empirical kernel density estimates. 
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Figure B-1. Continued   
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Figure B-1. Continued   
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Figure B-1. Continued   
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Figure B-1. Continued   

 
 
. 
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APPENDIX C 
COMPARISON OF MODEL OUTCOMES 

Table C-1. Simulation results over a homogeneous landscape. The average occupied areas and their standard deviations 
over 100 model replications are shown for the cell-based and the IBM approaches, using different values for the 
number of initial colonies N. Units are in hectares. 

Time 

N = 1 N = 5 N = 10 N = 25 N = 50 

IBM  CA  IBM  CA  IBM  CA  IBM  CA  IBM  CA  

Area SD Area SD Area SD Area SD Area SD Area SD Area SD Area SD Area SD Area SD 

1 1 0 1 0 5 0 5.00 0 10 0 10.00 0 25 0 25.00 0 49 0 49.00 0 

2 1.31 0.51 1 0 20.38 2.7 13.85 2.69 34.08 3.21 26.88 3.57 96.67 5.44 81.34 6.49 144.37 6.45 128.41 8.05 

3 1.54 0.61 1.03 0.17 34.58 3.31 27.55 4.56 40.39 3.5 33.02 4.18 158.62 7.93 151.89 9.06 193.23 8.04 183.39 10.49 

4 1.8 0.72 1.04 0.2 49.92 4.05 46.05 5.54 45.56 3.86 39.37 4.09 197.44 8.27 212.58 10.21 229.9 9.46 225.04 12.24 

5 2.04 0.82 1.06 0.24 67.44 5.35 67.77 6.35 53.48 4.21 45.68 4.47 220.55 8.9 246.90 10.96 257.93 10.36 263.87 11.92 

6 8.27 1.74 5.42 1.86 76.24 5.44 82.10 6.76 59.41 4.13 52.88 5.25 238.89 8.96 276.68 10.98 269.73 10.65 280.23 12.68 

7 11.63 1.89 8.76 2.46 85.07 5.6 96.05 6.76 70.48 4.75 63.43 5.84 264.32 9.73 312.11 12.33 305.37 11.71 318.97 13.45 

8 14 2.13 11.58 2.68 89.74 6.2 103.78 7.38 81.28 5.21 73.59 6.44 277.69 9.88 331.46 12.83 357.4 12.65 384.69 15.08 

9 15.84 2.21 14.47 2.77 92.69 6.39 108.25 7.38 95.82 5.45 87.76 7.37 293.02 9.81 344.72 13.23 393.85 12.93 434.85 15.2 

10 17.57 2.39 17.29 3.08 93.94 6.38 110.31 7.39 106.21 5.51 100.81 7.9 303.89 10.16 358.51 13.51 417.78 13.31 471.68 16.26 

11 19.4 2.59 19.8 3.08 93.55 6.42 109.52 7.4 112.2 5.59 109.25 8.44 318.64 10.5 373.40 14.39 444.48 14.15 511.05 16.76 

12 18.53 2.65 18.8 3.08 98.18 7.19 111.22 7.68 127.45 6.89 123.82 9.54 354.3 11.35 406.27 15.77 545.96 16.19 625.60 20.27 

13 18.7 2.71 18.82 3.07 106.91 7.54 116.91 8.67 146.54 8.04 140.95 11.65 409.57 15.24 471.84 19.13 648.72 17.78 768.65 22.37 

14 18.92 2.72 18.88 3.1 119.26 8.02 129.96 10.68 165.52 8.61 161.39 13.11 473.9 18.2 571.46 23.08 734.07 18.69 898.49 23.03 

15 19.18 2.79 18.91 3.12 135.69 9.94 151.08 12.02 186.11 9.5 182.88 14.44 546.85 18.61 686.07 27.74 819.11 20.68 1020.14 23.94 

16 20.93 3.07 19.49 3.39 152.06 11.13 177.51 14.69 204.02 10.9 206.39 16.11 608.08 20.09 793.93 29.39 904.73 20.94 1138.30 25.2 

17 24.58 4.11 21.14 4.25 216.88 16.24 260.76 25.22 287.16 16.05 336.42 28.74 840.92 26.13 1101.08 36.59 1144.1 24.6 1444.79 36.97 

18 29.16 5.25 23.78 5.39 278.18 17.61 362.51 30.07 344.05 17.04 434.50 34.38 1059.9 27.19 1402.46 35.41 1313.46 24.56 1629.30 37.47 

19 33.88 6.23 27.08 6.65 341.96 18.37 476.39 33.01 392.85 19.15 514.23 34.82 1207.41 26.65 1590.05 32.6 1443.02 25.54 1766.70 37.36 

20 38.28 7.01 32.05 7.98 403.34 18.85 586.05 34.14 453.34 20.75 612.53 35.55 1310.28 26.6 1717.78 31.46 1536.38 26.27 1872.97 34.82 

 
 
 
 
 
. 
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APPENDIX D 
PRINCIPAL COMPONENTS LOADINGS 

Table D-1. Environmental and climate variables used in the study and principal 
component analysis (PCA) loadings for all six extracted main axes, 
accounting for about 80% of the total variation in the original dataset. 
Variables strongly correlated (r ≥ 0.7) with each of the six axes are shown in 
bold. 

Variable  Axis 1 Axis 2 Axis 3 Axis 4 Axis 5 Axis 6 

X (Easting) 0.84 -0.30 0.04 0.10 -0.01 0.16 

Y (Northing) -0.96 -0.02 0.05 0.06 0.08 -0.03 

dew 0.97 0.11 0.06 0.01 -0.06 0.08 

prec -0.29 0.70 -0.09 -0.29 -0.12 -0.06 

tmax 0.90 -0.25 -0.09 -0.06 -0.07 0.06 

tmin 0.96 0.14 0.08 0.01 -0.05 0.08 

bio5 -0.09 -0.81 -0.12 0.07 0.06 0.08 

bio6 0.97 0.11 0.03 -0.03 -0.06 0.05 

water 0.15 -0.07 0.22 0.74 0.34 -0.29 

devel 0.19 0.33 0.75 -0.11 0.16 0.33 

barren -0.04 0.14 0.28 0.28 -0.64 -0.48 

forest -0.76 0.04 -0.06 0.01 0.15 0.13 

shrub -0.42 -0.30 0.00 0.06 -0.27 0.49 

herb -0.35 -0.19 0.09 0.15 -0.59 0.25 

cultiv 0.17 -0.56 0.13 -0.58 -0.02 -0.48 

wetlands 0.39 0.31 -0.80 0.15 -0.06 0.01 

Eigenvalue 6.47 2.03 1.41 1.13 1.04 1.03 

(%) Variance 40.43 12.66 8.81 7.06 6.48 6.42 

Cumulative (%) Variance 40.43 53.09 61.90 68.96 75.44 81.86 

 
. 
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APPENDIX E 
AST MODEL COEFFICIENTS 

Table E-1. Model coefficients, 95% Bayesian credible intervals (α = 0.05) for AST. N 
indicates the sample size used in each independent model replication. k 
indicates the number of independent replications. Only the best overall 
models for Florida are shown here. 

Model k N Parameter Coefficient SD LCI* UCI* 

BPOD-MPC3 500 325 

Intercept -16.67 1.12 -18.79 -14.51 

Axis1 2.07 0.27 1.54 2.63 

Axis2 0.81 0.44 -0.02 1.72 

Axis3 2.02 0.28 1.46 2.62 

Prevalence 0.01 0.01 0 0.02 

Maxent-M1 16 10,000 

 Lambdas 

Axis1 14.48 

Axis2 2.50 

Axis3 10.16 

 
*LCI = Lower Credible Interval (Bayesian lower confidence interval). UCI = Upper 
Credible Interval (Bayesian upper confidence interval) 
. 
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APPENDIX F 
FST MODEL COEFFICIENTS 

Table F-1. Model coefficients, 95% Bayesian credible intervals (α = 0.05) for FST. N 
indicates the sample size used in each independent model replication. k 
indicates the number of independent replications. Only the best overall 
models for Florida are shown here. 

Model k N Parameter Coefficient SD LCI* UCI* 

BPOD-MPC6 500 800 

Intercept -5.60 0.52 -6.87 -4.83 

Axis1 0.18 0.04 0.10 0.28 

Axis2 0.75 0.1 0.58 0.96 

Axis3 1.24 0.24 0.93 1.90 

Axis4 0.32 0.11 0.12 0.54 

Axis5 0.45 0.11 0.27 0.67 

Axis6 0.83 0.20 0.55 1.35 

Prevalence 0.05 0.02 0.01 0.10 

Maxent-MPC3 16 10,000 

 Lambdas 

Axis1 3.15 

Axis2 3.40 

Axis3 6.13 

 
*LCI = Lower Credible Interval (Bayesian lower confidence interval). UCI = Upper 
Credible Interval (Bayesian upper confidence interval) 
. 



 

115 

LIST OF REFERENCES 

Adams, E.S., Levings, S.C., 1987. Territory size and population limits in mangrove 
termites. J. Anim. Ecol. 56, 1069-1081.  

 
Ajelli, M., Goncalves, B., Balcan, D., Colizza, V., Hu, H., Ramasco, J.J., et al., 2010. 

Comparing large-scale computational approaches to epidemic modeling: agent-
based versus structured metapopulation models. BMC Infect. Dis. 10, 190.  

 
Akaike, H., 1974. A new look at the statistical model identification. IEEE Transactions 

on Automatic Control 19, 716-723.  
 
Alexanderian, A., Gobbert, M.K., Fister, K.R., Gaff, H., Lenhart, S., Schaefer, E., 2011. 

An age-structured model for the spread of epidemic cholera: analysis and 
simulation. Nonlinear Anal. Real World Appl. 12, 3483-3498.  

 
Bordereau, C., Pasteels, J.M., 2011. Pheromones and chemical ecology of dispersal 

and foraging in termites. In: Bignell, D.E., Roisin, Y., Lo, N. (eds.), Biology of 
termites: a modern synthesis. Springer, pp. 279-320. 

 
Brown, D.G., Riolo, R., Robinson, D.T., North, M., Rand, W., 2005. Spatial process and 

data models: toward integration of agent-based models and GIS. J. Geogr. Syst. 
7, 25-47.  

 
Burnham, B.O., 1973. Markov intertemporal land use simulation model. South. J. Agric. 

Econ. July, 253-258.  
 
Burnham, K.P., Anderson, D.R., 2002. Model selection and multimodel inference: a 

practical information-theoretic approach, 2nd ed. Springer-Verlag. 
 
Carrasco, L.R., Mumford, J.D., MacLeod, A., Harwood, T., Grabenweger, G., Leach, 

A.W., et al., 2010. Unveiling human-assisted dispersal mechanisms in invasive 
alien insects: integration of spatial stochastic simulation and phenology models. 
Ecol. Model. 221, 2068-2075.  

 
Chakraborty, A., Gelfand, A.E., Wilson, A.M., Latimer, A.M., Silander, J.A., 2011. Point 

pattern modelling for degraded presence-only data over large regions. J. R. Stat. 
Soc.: Series C (App. Stat.) 5, 757-776.  

 
Clark, J.S., 1998. Why trees migrate so fast: confronting theory with dispersal biology 

and the paleorecord. Am. Nat. 152, 204-224.  
 
Clarke, K.C., Brass, J.A., Riggan, P.J., 1994. A cellular automaton model of wildfire 

propagation and extinction. Photogramm. Eng. Remote Sens. 60, 1355-1367.  
 



 

116 

Clarke, K.C., Gaydos, L.J., 1998. Loose-coupling a cellular automaton model and GIS: 
long-term urban growth prediction for San Francisco and Washington/Baltimore. 
Int. J. Geogr. Inf. Sci. 12, 699-714.  

 
Cohen, J., 1960. A coefficient of agreement for nominal scales. Educ. Psychol. Meas. 

20, 37-46.  
 
Collins, N.M., 1981. Populations, age, structure and survivorship of colonies of 

Macrotermes bellicosus (Isoptera: Macrotermitinae). J. Anim. Ecol. 50, 293-311.  
 
Connétable, S., Robert, A., Bordereau, C., 2012. Dispersal flight and colony 

development in the fungus-growing termites Pseudacanthotermes spiniger and 
P. militaris. Insect. Soc. 59, 269-277.  

 
Daly, C., Gibson, W.P., Taylor, G.H., Johnson, G.L., Pasteris, P., 2002. A knowledge-

based approach to the statistical mapping of climate. Clim. Res. 22, 99-113.  
 
Darlington, J.P.E.C., 1986. Seasonality in mature nests of the termite Macrotermes 

michaelseni in Kenya. Insect. Soc. 33, 168-189.  
 
Della Pietra, S., Della Pietra, V., Lafferty, J., 1997. Inducing features of random fields. 

IEEE Trans. Pattern Anal. Mach. Intell. 19, 380-393.  
 
Diniz-Filho, J.A., Bini, L.M., Rangel, T.F., Loyola, R.D., Hof, C., Nogués-Bravo, D., et 

al., 2009. Partitioning and mapping uncertainties in ensembles of forecasts of 
species turnover under climate change. Ecogr. 32, 897-906.  

 
Divino, F., Golini, N., Jona Lasinio, G., Penttinen, A., 2013. Bayesian modeling and 

MCMC computation in linear logistic regression for presence-only data. Cornell 
University Library. Source: http://arxiv.org/abs/1305.1232. Accessed 08/21/2013. 

 
Divino, F., Golini, N., Lasinio, G.J., Penttinen, A., 2011. Data augmentation approach in 

Bayesian modelling of presence-only data. Procedia Environ. Sci. 7, 38-43.  
 
Edwards, R., Mill, A.E., 1986. Termites in buildings: their biology and control. The 

Rentokil Library, 261 pp. 
 
Elith, J., Graham, C.H., Anderson, R.P., Dudík, M., Ferrier, S., Guisan, A., et al., 2006. 

Novel methods improve prediction of species' distributions from occurrence data. 
Ecogr. 29, 129-151.  

 
Elith, J., Leathwick, J., 2007. Predicting species distributions from museum and 

herbarium records using multiresponse models fitted with multivariate adaptive 
regression splines. Divers. Distrib. 13, 265-275.  

 



 

117 

Elith, J., Leathwick, J.R., 2009. Species distribution models: ecological explanation and 
prediction across space and time. Annu. Rev. Ecol. Evol. Syst. 40, 677-697.  

 
Elith, J., Phillips, S.J., Hastie, T., Dudík, M., Chee, Y.E., Yates, C.J., 2011. A statistical 

explanation of MaxEnt for ecologists. Divers. Distrib. 17, 43-57.  
 
Evans, T.A., 2011. Invasive termites. In: Bignell, D.E., Roisin, Y., Lo, N. (eds.), Biology 

of termites: a modern synthesis. Springer, pp. 519-562. 
 
Farrar, D.E., Glauber, R.R., 1967. Multicollinearity in regression analysis: the problem 

revisited. Rev. Econ. Stat. 49, 92-107.  
 
Fisher, R.A., 1937. The wave of advance of advantageous genes. Ann. Eugen. 7, 353-

369.  
 
Franklin, J., 2009. Mapping species distributions: spatial inference and prediction. 

Cambridge University Press, Cambridge, UK. 
 
Gautam, B.K., Henderson, G., 2011. Relative humidity preference and survival of 

starved Formosan subterranean termites (Isoptera: Rhinotermitidae) at various 
temperature and relative humidity conditions. Env. Entomol. 40, 1232-1238.  

 
Grimm, V., Berger, U., Bastiansen, F., Eliassen, S., Ginot, V., Giske, J., et al., 2006. A 

standard protocol for describing individual-based and agent-based models. Ecol. 
Model. 198, 115-126.  

 
Grimm, V., Berger, U., DeAngelis, D.L., Polhill, J.G., Giske, J., Railsback, S.F., 2010. 

The ODD protocol: a review and first update. Ecol. Model. 221, 2760-2768.  
 
Grimm, V., Railsback, S.F., 2005. Individual-based modeling and ecology. Princeton 

University Press, Princeton, NJ. 
 
Guisan, A., Thuiller, W., 2005. Predicting species distribution: offering more than simple 

habitat models. Ecol. Lett. 8, 993-1009.  
 
Hanley, J.A., McNeil, B.J., 1982. The meaning and use of the area under a receiver 

operating characteristic (ROC) curve. Radiol. 143, 29-36.  
 
Hijmans, R.J., Cameron, S.E., Parra, J.L., Jones, P.G., Jarvis, A., 2005. Very high 

resolution interpolated climate surfaces for global land areas. Int. J. Clim. 25, 
1965-1978.  

 
Hochmair, H.H., Scheffrahn, R.H., 2010. Spatial association of marine dockage with 

land-borne infestations of invasive termites (Isoptera: 
Rhinotermitidae:Coptotermes) in urban south Florida. J. Econ. Entomol. 103, 
1338-1346.  



 

118 

 
Holmes, E.E., Lewis, M.A., Banks, J.E., Veit, R.R., 1994. Partial differential equations in 

ecology: spatial interactions and population dynamics. Ecol. 75, 17-29.  
 
Hu, J., Zhong, J.-H., Guo, M.-F., 2007. Alate dispersal distances of the black-winged 

subterranean termite Odontotermes formosanus (Isopera: Termitidae) in 
Southern China. Sociobiology 50 

 
Husseneder, C., Simms, D.M., Ring, D.R., 2006. Genetic diversity and genotypic 

differentiation between the sexes in swarm aggregations decrease inbreeding in 
the Formosan subterranean termite. Insect. Soc. 53, 212-219.  

 
Huston, M., DeAngelis, D.L., Post, W.M., 1988. New computer models unify ecological 

theory. Biosci. 38, 682-691.  
 
Ikehara, S., 1966. Research report. Bull. Arts Sci. Div., 49-178. In Japanese. 
 
Jones, S.C., La Fage, J.P., Howard, R.W., 1988. Isopteran sex ratios: phylogenetic 

trends. Sociobiology 14, 89-156.  
 
Keller, L., 1998. Queen lifespan and colony characteristics in ants and termites. Insect. 

Soc. 45, 235-246.  
 
Lancaster, T., Imbens, G., 1996. Case-control studies with contaminated controls. J. 

Econ. 71, 145-160.  
 
Law, A.M., Kelton, W.D., 1982. Simulation modelling and analysis. McGraw-Hill Book 

Company, New York. 
 
Lee, S.H., Bardunias, P., Su, N.Y., 2008. Two strategies for optimizing the food 

encounter rate of termite tunnels simulated by a lattice model. Ecol. Model. 213, 
381-388.  

 
Lelis, K., 2006. Broward County surface water. Water Resources Division, Broward 

County Department of Natural Resource Protection. Source: 
http://gis.broward.org/GISData.htm. Accessed 05/25/2012. 

 
Leong, K.L.H., Tamashiro, Y.J., Su, N.-Y., 1983. Microenvironmental factors regulating 

the flight of Coptotermes formosanus Shiraki in Hawaii (Isoptera: 
Rhinotermitidae). Proc. Hawaiian Entomol. Soc. 24 

 
Lett, C., Silber, C., Barret, N., 1999. Comparison of a cellular automata network and an 

individual-based model for the simulation of forest dynamics. Ecol. Model. 121, 
277-293.  

 



 

119 

Leuthold, R.H., Bruinsma, O., 1977. Pairing behavior in Hodotermes mossambicus 
(Isoptera). Psyche 84 

 
Li, H.-F., Fujisaki, I., Su, N.-Y., 2013. Predicting habitat suitability of Coptotermes 

gestroi (Isoptera: Rhinotermitidae) with species distribution models. J. Econ. 
Entomol. 106, 311-321.  

 
Li, H.-F., Yang, R.L., Su, N.Y., 2010. Interspecific competition and territory defense 

mechanisms of Coptotermes formosanus and Coptotermes gestroi (Isoptera: 
Rhinotermitidae). Env. Entomol. 39, 1601-1607.  

 
Li, H.-F., Ye, W., Su, N.-Y., Kanzaki, N., 2009. Phylogeography of Coptotermes gestroi 

and Coptotermes formosanus (Isoptera: Rhinotermitidae) in Taiwan. Ann. 
Entomol. Soc. Am. 102, 684-693.  

 
Maidment, D.R., 1996. Environmental modeling within GIS. In: Goodchild, M.F., 

Steyaert, L.T., Parks, B.O., Johnston, C., Maidment, D., Crane, M., Glendinning, 
S. (eds.), GIS and environmental modelling: progress and research issues, Fort 
Collins, CO, pp. 315-324. 

 
Martius, C., 2003. Rainfall and air humidity: non-linear relationships with termite 

swarming in Amazonia. Amazon. 17, 387-397.  
 
Messenger, M.T., Mullins, A.J., 2005. New flight distance recorded for Coptotermes 

formosanus (Isoptera: Rhinotermitidae). Fla. Entomol. 88, 99-100.  
 
Mikler, A.R., Venkatachalam, S., Abbas, K., 2005. Modeling infectious diseases using 

global stochastic cellular automata. J. Biol. Syst. 13, 421-439.  
 
Mill, A.E., 1983. Observations on Brazilian termite alate swarms and some structures 

used in the dispersal of reproductives (Isoptera: Termitidae). J. Nat. Hist. 17, 
309-320.  

 
Morales Ramos, J.A., Rojas, M.G., 2005. Wood consumption rates of Coptotermes 

formosanus (Isoptera: Rhinotermitidae): a three-year study using groups of 
workers and soldiers. Sociobiol. 45, 707-719.  

 
Morley, P.D., Chang, J., 2004. Critical behavior in cellular automata animal disease 

transmission model. Int. J. Mod. Phys. C 15, 149-162.  
 
Neubert, M.G., Kot, M., Lewis, M.A., 1995. Dispersal and pattern formation in a 

discrete-time predator-prey model. Theor. Popul. Biol. 48, 7-43.  
 
Noirot, C., 1990. Castes and reproductive strategies in termites. In: Engels, W. (ed.), 

Social insects: an evolutionary approach to castes and reproduction. Springer. 
 



 

120 

Nutting, W.L., 1969. Flight and colony foundation. In: Krishna, K., Weesner, F.M. (eds.), 
Biology of Termites, vol. 1. Academic Press, New York, pp. 233-282. 

 
Okubo, A., 1980. Diffusion and ecological problems: mathematical models. Biomath. 10 
 
Peterson, A.T., Ortega-Huerta, M.A., Bartley, J., Sanchez-Cordero, V., Soberon, J., 

Buddemeier, R.H., et al., 2002. Future projections for Mexican faunas under 
global climate change scenarios. Nat. 416, 626-629.  

 
Peterson, C.J., 2010. Termites: here, there and everywhere? EARTH magazine 55, 46.  
 
Phillips, S.J., Anderson, R.P., Schapire, R.E., 2006. Maximum entropy modeling of 

species geographic distributions. Ecol. Model. 190, 231-259.  
 
Phillips, S.J., Dudik, M., 2008. Modeling of species distributions with Maxent: new 

extensions and a comprehensive evaluation. Ecogr. 31, 161-175.  
 
Phillips, S.J., Dudík, M., Schapire, R.E., 2004. A maximum entropy approach to species 

distribution modeling. Proc. 21st Int. Conf. Mach. Learn. 655-662 
 
Pitt, J.P.W., 2008. Modelling the spread of invasive species across heterogeneous 

landscapes. Lincoln University, p. 232. 
 
Pitt, J.P.W., 2009. Predicting Argentine ant spread over the heterogeneous landscape 

using a spatially explicit stochastic model. Ecol. Appl. 19, 1176-1186.  
 
Pitt, J.P.W., Kriticos, D.J., Dodd, M.B., 2011. Temporal limits to simulating the future 

spread pattern of invasive species: Buddleja davidii in Europe and New Zealand. 
Ecol. Model. 222, 1880-1887.  

 
R Development Core Team, 2013. A language and environment for statistical 

computing. R Foundation for Statistical Computing, Vienna, Austria. 
 
Ramirez-Villegas, J., Jarvis, A., 2010. Downscaling global circulation model outputs: the 

delta method. Decis. Policy Anal. Working Pap. No. 1 
 
Robert, C.P., Casella, G., 2004. Monte Carlo statistical methods, 2nd ed. Springer-

Verlag New York, Inc., Secaucus, NJ. 
 
Rust, M.K., Su, N.-Y., 2012. Managing social insects of urban importance. Annu. Rev. 

Entomol. 57, 355-375.  
 
Scheffrahn, R.H., 2013. Overview and current status of non-native termites (Isoptera) in 

Florida. Fla. Entomol. 96, 781-788. 
 



 

121 

Scheffrahn, R.H., Busey, P., Edwards, J.K., Krecek, J., Maharajh, B., Su, N.-Y., 2001. 
Chemical prevention of colony foundation by Cryptotermes brevis (Isoptera: 
Kalotermitidae) in attic modules. J. Econ. Entomol. 94, 915-919.  

 
Scheffrahn, R.H., Cabrera, B.J., Kern Jr, W.H., Su, N.-Y., 2002. Nasutitermes costalis 

(Isoptera: Termitidae) in Florida: first record of a non-endemic establishment by a 
higher termite. Fla. Entomol. 85, 273-275.  

 
Scheffrahn, R.H., Crowe, W., 2011. Ship-borne termite (Isoptera) border interceptions in 

Australia and onboard infestations in Florida, 1986–2009. Fla. Entomol. 94, 57-
63.  

 
Scheffrahn, R.H., Hochmair, H.H., Kern Jr, W.H., Warner, J., Krecek, J., Maharajh, B., 

et al., 2014. Targeted elimination of the exotic termite, Nasutitermes corniger 
(Isoptera: Termitidae: Nasutitermitinae), from infested tracts in southeastern 
Florida. Int. J. Pest Manag. Source: 
http://dx.doi.org/10.1080/09670874.2014.882528. Accessed 02/28/2014. 

 
Scheffrahn, R.H., Su, N.Y., 2005. Distribution of the termite genus Coptotermes 

(Isoptera: Rhitotermitidae) in Florida. Fla. Entomol. 88, 201-203.  
 
Skellam, J.G., 1951. Random dispersal in theoretical populations. Biom. 38, 196-218.  
 
Steyaert, L.T., 1993. A perspective for studying of environmental simulation. In: 

Goodchild, M.F., Parks, B.O., Steyaert, L.T. (eds.), Environmental modelling with 
GIS. Oxford University Press, New York, pp. 16-30. 

 
Su, N.-Y., Scheffrahn, R.H., 1987. Alate production of a field colony of the Formosan 

subterranean termite (Isoptera: Rhinotermitidae). Sociobiology 13, 209-215.  
 
Su, N.-Y., Scheffrahn, R.H., 2000. Formosan subterranean termite, Coptotermes 

formosanus Shiraki (Insecta: Isoptera: Rhinotermitidae). Institute of Food and 
Agricultural Sciences, University of Florida. Source: http://edis.ifas.ufl.edu/in278. 
Accessed 05/23/2012. 

 
Su, N.Y., Scheffrahn, R.H., 1997. A new introduction of a subterranean termite, 

Coptotermes havilandi Holmgren (Isoptera: Rhinotermitidae) in Miami, Florida. 
Fla. Entomol. 80, 408-411.  

 
Sudshira, H.S., 2010. Integration of agent-based and cellular automata models for 

simulating urban sprawl. International Institute for Geo-Information Science and 
Earth Observation, p. 78. 

 
Syfert, M.M., Smith, M.J., Coomes, D.A., 2013. The effect of sampling bias and model 

complexity on the predictive performance of maxent species distribution models. 
PLoS ONE 8 



 

122 

 
Tanner, M., Wong, W., 1987. The calculation of posterior distribution by data 

augmentation. J. Am. Stat. Assoc. 82, 528-550.  
 
Thorne, B.L., 1982. Termite-termite interactions: workers as an agonistic caste. Psyche 

89, 133-150.  
 
Thorne, B.L., 1983. Alate production and sex ratio in colonies of the neotropical termite 

Nasutiternes corniger (Isoptera; Termitidae). Oecol. 58, 103-109.  
 
Toffoli, T., Margolus, N., 1987. Cellular automata machines: a new environment for 

modelling. MIT Press, Cambridge, MA. 
 
Tonini, F., Hochmair, H.H., Scheffrahn, R.H., DeAngelis, D., 2013. Simulating the 

spread of an invasive termite in an urban environment using a stochastic 
individual-based model. Environ. Entomol. 42, 412-423.  

 
University of Florida GeoPlan Center, 2010. Generalized land use derived from 2010 

parcels - Florida DOT District 4. Source: http://www.fgdl.org. Accessed 
01/24/2014 

 
van den Bosch, E., Metz, J.A.J., Diekmann, O., 1990. The velocity of spatial population 

expansion. J. Math. Biol. 28, 529-565.  
 
Ward, G., Hastie, T., Barry, S.C., Elith, J., Leathwick, J.R., 2009. Presence-only data 

and the EM algorithm. Biom. 65, 554-563.  
 
Warren, D.L., Seifert, S., 2011. Environmental niche modeling in Maxent: the 

importance of model complexity and the performance of model selection criteria. 
Ecol. Appl. 21, 335-342.  

 
Warton, D.I., Sheperd, L.C., 2010. Poisson point process models solve the “pseudo-

absence problem” for presence-only data in ecology. Ann. Appl. Stat. 4, 1383-
1402.  

 
Wiegand, T., Revilla, E., Knauer, F., 2004. Dealing with uncertainty in spatially explicit 

population models. Biodivers. Conserv. 13, 53-78.  
 
 



 

123 

BIOGRAPHICAL SKETCH 

Francesco Tonini was born in Florence, Italy. In 2007, he graduated with a 

Bachelor of Science in statistics and information systems from the University of 

Florence, Italy. In 2010, he graduated with a Master of Science in statistics for 

biomedicine, the environment, and technology from the University of Rome "La 

Sapienza", Italy. During the same year, he was awarded a four-year Graduate School 

Fellowship Program by the University of Florida and accepted as a Ph.D. student. The 

award funded Francesco's position as a graduate research assistant between the years 

2010-2014. In 2014, he graduated with a Ph.D. in forest resources and conservation 

with a concentration in geomatics. 

 

 

 

 


