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ABSTRACT
Management and conservation initiatives will always be controlled by finite resources, whether financial
or temporal. Understanding a species’ spatial ecology, and how its requirements vary across habitats and
locations is key to a successful species management plan. During recent decades, it has been noted how
many species populations have declined, despite conservation practices working to increase their numbers.
The most prevalent impacts affecting fauna populations have come from anthropogenic change in the form
of habitat loss and destruction, along with fragmentation, and global climate change. There is a clear need
for management practices to now operate on an entire landscape instead of focusing on small sites, with
spatial and statistical models being developed to address such issues. This study evaluated the performance
of two new methods for species habitat analysis. The methods make use of machine learning algorithms,
namely random forests and boosted regression trees.
Two case studies were completed comparing the predictive performance of the selected models,
with both finding they performed strongly. The first case study made use of presence-absence data for the
gopher tortoise and associated environmental habitat variables. The models provided an improved level of
accuracy and prediction power compared to a traditional regression model. The spatial distribution of the
top habitat model was mapped out across the initial survey areas, providing land managers with more
accurate habitat suitability locations to be used for relocated gopher tortoises.
The second case study utilized count data for the Florida manatee. The machine learning models
were developed using manatee count data and habitat predictor variables, divided into a winter manatee
season, and summer manatee season. Both models had high accuracy however the random forests models
performed marginally better. The predicted abundance maps displayed the concentration of manatees
around warm waterbodies in the winter, then they dispersed in the summer months as the waters warmed
v

up. The maps produced also indicated the potential for new manatee protection zones around the coastline
of Florida. These studies demonstrated the high performance and accuracy of machine learning models,
with the conclusion being to recommend their use for ecological analysis in the future.
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CHAPTER ONE:
INTRODUCTION
It is crucial to understand the relationship between species and their habitats to effectively manage and
protect wildlife populations. Species habitat models use environmental variables to conceptualize species
habitat relationships, potentially resulting in the development of spatial maps to display the relationships.
These models can provide cost-savings to government and industry while benefiting biodiversity through
improved knowledge of species habitat needs, resulting in better targeting of conservation initiatives. The
development of various species habitat models has resulted from successive knowledge progression over
the past few decades as computer technologies have improved, as well as increases in available spatial
environmental data. The comparison and evaluation of available ecological models and their predictive
performances has also influenced major advances, which are crucial to conservation and policy decision
makers. The ability for these models to predict and project over vast geographical extents across numerous
time periods is what makes these models so popular today (Bourdouxhe et al., 2020).
Traditional habitat regression models utilize algorithms such as generalized linear models (GLMs)
and generalized additive models (GAMs). These models are now commonly used as base models in
comparison with the newer machine learning (ML) algorithms such as Random Forests (RF) and Boosted
Regression Trees (BRT). Where traditional methods are theory driven and rely on previous knowledge of
the species being investigated, ML algorithms do not require any prior knowledge about the species, as they
are entirely data driven. Due to the ML algorithms being data driven, it is now possible for users to identify
previously unknown relationships and interactions between a species and its habitat variables. A decade of
comparative research has identified presence/absence models to have a greater predictive accuracy than
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presence-only models, and ML models which utilize powerful techniques such as bagging and boosting as
being able to offer more detailed insights into the species-habitat interactions.
Despite our ever-advancing knowledge on species and their habitat requirements we are currently
entering a sixth “mass extinction” due to accelerated human induced species loss (Ceballos et al., 2015). It
is now more important than ever before that we understand a species’ habitat requirements in order to
protect them. With famous conservationists such as David Attenborough calling for the crisis of biodiversity
extinction to be stopped there is a greater push for researchers to understand the impacts species and their
habitat face. As geographers’ it is our duty to evaluate methods which can aid in understanding the complex
ecological interactions between a species and its habitat, to assist conservationists and policy decision
makers in protecting these helpless species. The Florida Fish and Wildlife Commission (FWC) has three
main objectives with species conservation: (1) Minimize the loss of threatened and endangered species by
enhancing and restoring species habitat. (2) Acquire species information necessary to improve management
strategies. (3) Address vulnerable populations which could be affected by climate change by identifying
potential adaption strategies. To achieve these objectives, it is important that species current habitats are
thoroughly evaluated and mapped so that they can be used in the conservation and management efforts.
This dissertation aims to explore machine learning models to aid in the conservation of two species
of interest in Florida, the gopher tortoise and Florida manatee. The dissertation is broken up into Six
Chapters, including this one. Chapter Two contains a literature review of machine learning within the
discipline of geography. Chapter Three examines the two selected machine learning models, Random
Forests and Boosted Regression Trees. Chapter Four presents the first case study analyzing gopher tortoise
presence/absence data. Chapter Five describes the second case study which uses Florida manatee count
data. A geographical information system (GIS) and the statistical program R were used for data
management, analysis, and mapping the results for both case studies. Chapter Six makes concluding
remarks on the accuracy and utility of machine learning models for mapping species distributions.
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CHAPTER TWO:
MACHINE LEARNING IN GEOGRAPHY – PAST, PRESENT, AND FUTURE

Note to Reader:
A previous version of this chapter has been previously published in Geography Compass (Lavallin and
Downs, 2021) and has been reproduced with permission from John Wiley & Sons, Inc.
Introduction
Artificial intelligence (AI) is currently receiving remarkable attention from industry, government, the
general public, and academia. Since its beginning in the 1950s, AI has been a broad field with different
definitions depending on the research goals (Russell et al., 2003; Wang, 2008). Wang (2008) explored five
definitions of AI and how the research being conducted shaped the definition. The most common theme
sees AI being defined as an intelligent machine that can or will act like a human, with other popular
definitions addressing the design and development of the algorithms which are used to complete tasks too
powerful for a human to comprehend (Hebb, 1949; Hu et al., 2019). AI research focuses on big data,
complex algorithms, and immense computational power to address real-world problems. Because of this, it
is no surprise that we have seen the integration of AI into geography, particularly GIScience, geographic
information systems (GIS), and remote sensing, resulting in a new exciting discipline area called GeoAI.
Within academia the first GeoAI workshop was held at a GIS conference in California, November 2017,
which attracted participants from around the world (Mao et al., 2017). The American Association of
Geographers (AAG) conducted the first AI and Deep Learning Symposium in 2018 focusing on how AI
will transform geospatial research (AAG Annual Meeting 2018). Within the industrial field, two major
3

companies ESRI Inc., and Microsoft have been collaborating to create a geospatial program called the
GeoAI Data Science Virtual Machine (DSVM) which connects AI, cloud technology and infrastructure,
geospatial analysis and visualizations together (Microsoft, 2018; Hu et al., 2019). Given this immense
interest it is likely that there will continue to be more interactions between AI and geography in the
foreseeable future.
Recent literature notes three concepts which have been used frequently together: AI, machine
learning (ML), and deep learning (Figure 1). AI is the broadest field with machine learning (ML) being a
sub field within AI, and deep learning a specific form of ML (Bennett and Pobuda, 2018; Hu et al., 2019).
AI refers to the theory and development of computers able to perform tasks that normally require human
intelligence (Oxford Dictionary, 2010). ML can be identified as “the field of study that gives computers
the ability to learn without being explicitly programmed” (Samuel, 1959). ML methods generally use
empirical data to develop training models and make accurate classification from new data (Domingos,
2012). Deep learning is a specific type of ML approach that aims to both learn the relationships among
variables but also the knowledge that governs those relationships (Zhang et al., 2018). This paper reviews
the past, present, and future of machine learning, focusing on the field of geography. The objective is to
analyze the different meanings of ML through time, to summarize the contributions of AI to the discipline,
and to identify future directions for AI within geography.

Figure 1: The relationship between AI, machine learning and deep learning (Bennett and Pobuda, 2018).
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Past
In 1949, Donald Hebb published the book, The Organization of Behavior, in which he presented his theories
on neuron excitement and communication between neurons. Hebb’s model was based on the structure of
the human brain which in turn influenced the structure of machines with the idea that they could mimic the
processes of a living system. The parallels between computers and the neural system in the brain were noted
by psychologist and computer scientists alike who saw the analogies between the go-stop state of digital
devices like the firing of nerve axons (Cooper, 2005). These connections led to the first developments in
AI and ML.
Most histories on ML begin with Alan Turing (1950) and his world-famous Turing Test (Turing,
1950; Saygin et al., 2000). Turing conceptualized a 'digital computing machine’ at a lecture in London,
defining it as a machine that has the ability to think like a human brain (Turing, 1995). He proposed a
‘learning machine’ could acquire information and become artificially intelligent, allowing the computer to
convince a human that it is a human. Turing himself was not able to create a neural computer network,
because at that time the only electronic stored-program computer was not powerful enough (Copeland and
Proudfoot, 1996). However, his work provided a foundation for future developments in AI.
Turing inspired many computer scientists, including Arthur Samuel of IBM, who in 1952 created
the first computer program which could learn as it ran, enabling it to beat a human at a game of checkers.
This was a historical landmark in ML as a computer had never beat a human in a game before; it was also
the first time that the idea of ‘machine learning’ was mentioned (Samuel, 1959). As he stated in his original
paper: “Programming computers to learn from experience should eventually eliminate the need for much
of this detailed programming effort.” (Samuel, 1959 (2)). Playing games using ML is still being used today
to test new modelling approaches (Strickland, 2019).
The combination of Hebb’s model of the brain cell interactions with Samuel’s ML efforts saw the
release of the Mark 1 Perceptron by Frank Rosenblatt (1957). The Perceptron was originally designed as a
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machine, not a program, with software constructed for image recognition that worked in a simulated
memory program. Simply put, the Perceptron was composed in a single input layer and an output layer of
nodes which were connected to one another. A weight was assigned to each connection so that given a set
of inputs to the network the linked connections could produce the desired output. This adjusting of weights
was termed the ‘training’ of the network allowing it to learn and remember (Rosenblatt, 1957). Within
geography the Perceptron allowed the automation of maps, allowing a map to act both as a data-storage
medium and as an input variable, improving the speed and accuracy of spatial analysis (Tobler, 1959).
The core of this first Perceptron is the most basic form of artificial neural network (ANN) which
simulates the human brain by analyzing and processing information at each node. It is still used in many of
today’s more complex neural network applications (Estebon, 1997). The Perceptron has been developed
into the basis of multi-layer learning networks which formed the start of deep learning (Bengio, 2009;
Wason, 2018). Deep learning has been identified as a subset of ML which works by very loosely imitating
the human brain for processing data and creating patterns to use in decision making. Despite all the hype,
the Perceptron experienced some problems, being unable to recognize many visual patterns, causing
frustrations and temporarily stalling neural network research (Neimark, 2003). These early years of AI
development were approached with great enthusiasm, brilliant ideas but very limited success, leading to a
cut in government funding and cancelled AI projects (Negnevitsky, 1970).
With neural networks on hold researchers kept looking for new pattern recognition techniques. The
break came in 1967, with the development of the nearest neighbor algorithm (Cover and Hart, 1967) which
allowed researchers to identify patterns within geographic and non-geographic data sets. The new pattern
recognition algorithm was one of the most influential scientific papers of its time (Pelillo, 2014). The nearest
neighbor algorithm was used by human and physical geographers alike investigating, settlement patterns
(Kariel, 1970), the movement between places and international trade (Yeates, 1969), land use planning
(McAllister, 1973), and spatial patterns in human geography (Cliff and Ord, 1975). During this period, it
was predicted that geography would become a branch of applied mathematics, as much of its research used
6

qualitative data based on traits and characteristics (Johnston and Claval, 1984). Although this did not occur,
the nearest neighbor algorithm opened the doors of automatically produced information within geography.
Morrison (1970) wrote a rather influential paper discussing how the nearest neighbor algorithm built a
connection between mapping practice and theory, allowing a cartographer to gain new knowledge about
the accuracy of the maps produced. By using the nearest neighbor algorithm, it was now possible to check
for errors from automatically produced maps; this was a huge step forward for geographers, as maps could
now be analyzed for accuracy and previously used inappropriate machines could be terminated. During the
same time period, other AI statistical techniques were being discovered and utilized by geographers. Tobler
(1967) reviewed the use of computers in geography at the time, noting the similarities to other disciplines
except geographic techniques were developed in two-dimensional methods. Tobler noted how the nearest
neighbor method, Poisson cell counts, and synthetic map pattern generations were used for processing the
underlying properties of point, line, and area patterns.
The discovery of multilayer methods in the early 1960s added a new building block in neural
network research. Using two or more layers in the Perceptron researchers were able to create models more
like the human brain with a larger processing potential than a single layer. These added layers were called
hidden layers due to their output acting as an input to another layer instead of the final output (Figure 2).
This multilayer discovery was a great development in the stranded neural network research, allowing other
versions of neural networks to be developed and expanded. By the end of the 1960s many basic pattern
recognition algorithms, and neural network methodologies were formulated (Cowan, 1990). Despite this it
wasn’t until the mid-1980s that the answers emerged due to the lack of personal computers or powerful
workstations to model and experiment with neural networks.
The 1980s saw a demand for human-like information processing, encouraging the advancement of
computer technologies and the field of neural networks (Negnevitsky, 1970). Hopfield (1982) suggested
producing a bidirectional network, similar to how actual neurons work in the brain. This interest was
accelerated by the Japanese announcement that they were going to advance research on AI, incentivizing
7

American funding into the area, encouraging further research. The publication by Hopfield was read by
three researchers in 1986 from the Stanford psychology department who decided to make the idea a reality.
Rumelhart, Hinton, and Williams created a tool that used multiple layers in a neural network generating
what we call ‘slow learners’. Automatic differentiation or backpropagation allowed the algorithm to change
its many layers of nodes to handle changing environments (Leung and Haykin, 1991). The algorithm works
by using the output error to redistribute the network’s layers until the learning process has been improved
or reaches the required level. This method is commonly used to train deep neural networks. This new ML
method was very useful to geographers with many publications making use of the new network. LeCun et
al. 1989 applied backpropagation to handwritten zip codes provided by the U.S. Postal Service. The authors
successfully applied backpropagation learning to a large, real-world task with digital learning recognition
(LeCun et al., 1989).

Figure 2: A diagram showing how the multilayer neural network works.

In 1979 Kunihiko Fukushima published the first work on neocognition, a form of ANN. The ANN
can work with hidden layers allowing it to process more complicated data than previous single layer
perceptron’s. The ANN tools hidden layers enable it to detect complex patterns not recognizable by human
programmers. This method was useful for classification of multisource remote sensing and geographic data
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by NASA who found the ML method had some key advantages over traditional statistical analysis
(Benediktsson et al., 1990).
The 1980s saw AI and ML take separate paths, with AI research focusing on logical, knowledgebased approaches instead of the algorithms used by ML. Neural networks were abandoned by AI and
computer science researchers causing a schism between the AI work and the ML subtopic. The ML industry
was reorganized into its own field of research causing it to struggle for nearly a decade. This separation
forced the researchers and technicians to shift their efforts to more practical problem-solving methods in
order to provide useful services, using probability theory and statistics (Karpatne et al., 2018). For
geographers the change in AL and ML research forced the disciplines experts to design comprehensive
geographical models which could be implemented to support holistic studies of societal and technological
issues. This shift lead geographers into leading roles in public policy research as their expertise in
cartography, computer graphics, remote sensing, spatial statistics, and quantitative modelling allowed for
more integrated policy approaches, resulting in what Dobson (1983) termed automated geography.
This is where the definition of ML evolved from a simple neuron and artificial neural network to a
solid interdisciplinary topic of basic and advanced research influencing many important subjects. ML
models and algorithms could now learn from training data to be used when the modeled phenomena were
not easily understood, which is often the case with geospatial data (Kanevski et al., 2008). Due to this
advancement the early 1990s were the years of much methodological discovery, with Christopher Watkins
(1992) Q-learning, and Leo Breimans (2001) random forests algorithm. These new methodologies have
been widely used in many disciplines, especially with the commercialization of ML onto personal
computers. It should be noted that the use of ML, namely neural networks was not new in the field of
geography, with remote sensing (Bankert, 1994; Miller et al., 1995), and climate analysis (Seginer et al.,
1994) making use of these ML techniques since the early 1990s (Camps-Valls, 2009; Zhu et al., 2017;
Maxwell et al., 2018).
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Another new methodology was presented in the 1990 paper titled “The Strength of Weak
Learnability” by Robert Schapire, which introduced the concept of boosting. Boosting he explained helped
to reduce the bias during supervised learning and transform weak learners into strong ones. The weak
learners are defined as classifiers that are only marginally correlated with the true classification, and a
strong learner as ones which are clearly classified and align with the true classification. The boosting
algorithm works by repeatedly learning from the weak classifiers until they are aligned with the strong ones.
This algorithm enabled new weak learners to be quickly trained and reclassified by evaluating previous
weak learners. The boosting method is thought to be more accurate than random guessing used in previous
models (Freund et al., 1999; Schapire, 2003).
Another ML methodology developed at the same time was a bagging method (Breiman, 1996).
Advantages of these methods include that previous knowledge on the response variable and predictor
variables being researched is not required, and the dependent variable doesn’t need to follow any specific
distribution. They are entirely data driven. Both bagging and boosting methodologies have been thoroughly
evaluated using numerous geographic datasets, such as land-cover classification (Ghimire et al., 2012),
ecology risk management (Furlanello and Merle, 2000), image classification (Gislason et al., 2004; Bailly
et al., 2007), invasive species (Keller et al., 2011), species distribution (Marmion et al., 2009) and much
more. These new methodologies enabled the evaluation of data embedded within high dimensional geofeature spaces allowing for deeper analysis beyond digital elevation models, science-based models, and
remotely sensed images (Kanevski et al., 2008). Traditional statistical techniques could not always address
these new challenges and when they could they ran the possibility of human error, computational burden
and time restraints (Gahegan, 2003), ML removes these issues improving the potential research.
The late 1990s and early 2000s saw ML being used for numerous research topics within geography
including, automatic recognition of natural terrain features from remotely sensed data (Benediktsson et al.,
1990; Stepinski et al., 2006), land cover classification (Yoshida and Omatu, 1994; DeFries and Chan, 2000),
conservation (Baltensperger and Huettmann, 2015), human movements (Li et al., 2014), and modelling
10

habitats in space and time (Deuling, 1999; Garzon et al., 2006) to include just a few. See Openshaw and
Openshaw (1997) for a very informative outline on AI uses within geography.
The wide use of ML practices was due to many methods being turned into ‘packages’ which made
them available to the masses to use as analysis tools. Despite the positive of being widely available there
were still many limitations. The tools were still inherently complex, often requiring a considerable
investment in time as each research topic required a unique customization, set up, experimentation, and
testing before useful results can be obtained. Furthermore, due to the ‘newness’ of the tools there was still
a lack of understanding of how each tool functions and the potential bias they produce, which lead to a
danger of misinterpreting the outputs (Gahegan, 2000). Other challenges posed by geographic ML methods
raised questions like: how the results of ML algorithms could be mapped? Does geospatial data require
special consideration and specific tools? How do we find the answers to complicated questions to find
further insight and knowledge about the geographic questions? Without answers to all these questions ML
techniques were only useful to a certain level before other methods were needed to validate the results
(Gahegan, 2000).

Present
New research methods have led to ML techniques being divided into a taxonomy based on the desired
outcome of the algorithms (Ayodele, 2010). The most common categories are supervised learning,
unsupervised learning, semi-supervised learning, and reinforcement learning. Supervised learning is where
an algorithm creates a function that maps inputs to desired outputs. This process is used to train a machine
in a supervised manner by minimizing a well-defined standard describing the difference between the data
and the modelling results (Kanevski et al., 2008). Unsupervised ML algorithms receive inputs and analyze
them without a target label output (Ghahramani, 2003). The algorithms can be motivated from information
theoretic and Bayesian principles (Khanum et al., 2015). Previous researchers have questioned how the
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algorithm works and what the algorithm is doing considering it isn’t given any environmental feedback,
but it works to build a representation of the input data that can be used for decision making. Unlike
supervised learning it doesn’t obtain supervised target outputs, and it doesn’t receive rewards from its
environment like reinforcement learning (Ghahramani, 2003). Reinforcement learning is the learning of
input data to identify which action provides the highest reward given an observation of the study (Sutton,
1992; Kanevski et al., 2008). Every action can be seen to have an impact within the environment, and the
environment provides feedback to guide the learning algorithm (Ayodele, 2010). These methods have been
developed and used in every field of geosciences with the three key methods being supervised, unsupervised
and reinforcement (Goh, 2019).
ML has been defined by Samuel (1959) but more recently by Mitchell (1997) as “the process of
teaching a computer to perform a particular task by improving its measure of performance with experience”.
The ML algorithms are now being used in some of the most groundbreaking advancements in technology
and research within academia and industry and can now be found in almost every sub-field of geography.
Within human geography ML has been used to examine the distribution of production and
distribution of goods (Fulford et al., 2016), population genetics (Schrider and Kern, 2018), detecting,
characterizing, and interpreting human disease patterns (Moore et al., 2006), tourism forecasting (Cankurt
and Subasi, 2015), detecting military patterns (Whang et al., 2018), international politics (Hudson, 2019),
agricultural production systems (Liakos et al., 2018), transportation using mobile phone GPS systems
(Zheng et al., 2008), traffic and transportation of services (Bazzan and Klügl, 2013), and measuring the
human sense of place (Zhang et al., 2018).
Within physical geography ML has been used to advance research on diversity, biogeography and
abundance of environmental features (Miller-Coleman et al., 2012), management of water resources
(Solomatine, 2003), climate modelling (Krasnopolsky and Fox-Rabinovitz, 2006), tackling climate change
(Rolnick et al., 2019), predicting landslides (Pham et al., 2018), hurricane wind risk models (Subramanian
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et al., 2013), melting ice sheet effects (Lunt and de Noblet-Ducoudre, 2004), marine species geographic
predictions (Wiley et al., 2003), and social ecological data (Kampichler et al., 2000).
The most commonly used ML algorithms which are applied to a majority of problems are displayed
in Table 1: regression, instance-based, regularization, decision trees, clustering, artificial neural networks,
ensembles, and deep learning. The human and physical examples are just a few applications of ML models,
as data is investigated for longer periods of time the produced results will become increasingly accurate.
The new algorithms combined with the ever-improving computing technologies will promote scalability
and improve efficiency as time progresses. This will also advance deep learning applications, providing
important returns in terms of efficiency and time as the multilevel transformations can be executed quickly
and accurately using big data (LeCun and Ranzato, 2013). Unsupervised learning caused an increase in
interest on deep learning algorithms, using multi-layered neural networks to evaluate image recognition
and sentiment analysis (LeCun et al., 2015).
The growing accessibility of big data offers vast potentials for ML within geography and other
fields, revolutionizing almost all aspects of our lives. This has allowed geography to contribute significant
problem-solving techniques to a greater societal relevance, increasing available funding and research
opportunities (Karpatne et al., 2018). The idea of Big Data was first defined by Beyer and Laney (2012) as
high volume, high velocity, and high variety data which require new processing techniques to enable insight
into the patterns, allowing for the improvement of decision making, and process optimization. Big data are
not necessarily characterized by large size metrics, but rather by the fact that traditional methodologies
struggle to process the information due to the data’s size, velocity, and variety (L’heureux et al., 2017).
Big data alongside machine learning can be seen as impacting the current geographic research
culture. With Janowicz et al. (2020) arguing that less emphasis is now placed on experimental design and
sampling strategies, and more time is spent on data creating and sharing. The authors expand on how the
availability of data and the advancement of methodologies are changing the culture of research, with open-

13

content information making data available to the masses. The normalization of reusing data is leading to a
new paradigm of data-intensive exploration combining empirical, theoretical, and computational analysis.

Table 1: A list of the commonly used machine learning algorithms from Aha et al., (1991); Dietterich (2000); Dreiseitl and OhnoMachado (2002); Rokach and Maimon (2005); Ying et al., (2013); Singh and Gupta (2014); Data Science Central (2015); Das and
Behera (2017); Bengio et al., (2017); Ezziyyani (2019).
Main Algorithms
Regression

Instance-based
Regularization
Decision Tree

Clustering

Ensembles

Deep learning

Reinforcement Learning

Subgroup algorithm
Linear Regression
Logistic Regression
Lasso Regression
Support Vector Machines (SVM)
Multivariate Adaptive Regression Splines (MARS)
K-Nearest Neighbor (kNN)
Locally Weighted Learning (LWL)
Self-Organizing Map (SOM)
Least Absolute Shrinkage and Selection Operator (LASSO)
Elastic Net
Classification and Regression Tree (CART)
Chi-Squared Automatic Interaction Detection (CHAID)
Conditional Decision Tree
K-Means
Hierarchical Clustering
Kernel Density
Scan Statistics
Boosted Regression Trees
Adaboost
Weighted Average (Blending)
Stacked Generalization (Stacking)
Gradient Boosting Machines (GBM)
Gradient Boosting Regression Trees (GBRT)
Random Forest
Artificial Neural Network (ANN)
Convolution Neural Network (CNN)
Stacked Auto-Encoders
Recurrent Neural Networks (RNNs)
Long Short-Term Memory (LSTM)
Generative Adversarial Network (GAN)
Deep Boltzmann Machine (DBM)
Q-Learning

GeoAI examples
Forkuor et al., 2017
Pourghasemi et al., 2018
Demolli et al., 2019
Bona et al., 2017
Wei et al., 2015
Zhou et al., 2014
Jiang et al., 2013
Sheridan and Lee, 2011
Muthukrishnan and Rohini, 2016
Gholami et al., 2020
Naghibi et al., 2016
Chang et al., 2020
Pham et al., 2020
Viana et al., 2019
Lemenkova, 2018
Zhang et al., 2018
Zhang et al., 2010
Soykan et al., 2014
Shang and Chisholm, 2013
Vavilin et al., 2010
Dou et al., 2020
Yang et al., 2017
Cerasoli et al., 2017
Hengl et al., 2018
Özesmi, and Özesmi, 1999
Muhammad et al., 2018
Lui and Inkpen, 2015
Ienco et al., 2017
Altché and La Fortelle, 2017
Goodfellow et al., 2020
Wu et al., 2016
Van Hasselt et al., 2016

ML has become the primary mechanism for understanding and extracting relevant information
from data (Qiu et al., 2016) with institutions such as the McKinsey Global institute stating the ML will be
one of the main drivers of the big data revolution (Manyika et al., 2011). Past ML based systems were not
fundamentally efficient or scalable enough to accurately deal with such large volumes of data as these new
highly dimensional data sets. Creating a challenge for the data fitting methods, due to an exponential
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increase in computational complexity which lead to potential generalization issues. Improvements in the
ML technology from larger more powerful GPUs, along with new processing paradigms and distributed
frameworks has allowed it to learn from big data, providing useful insights, decisions, and predictions
(Steinkraus et al., 2005; Al-Jarrah et al., 2015).
Deep learning approaches have also been adapted to overcome the challenges faced by ML when
using big data. Deep learning algorithms can now work the big labeled data sets to extract relevant features
automatically providing a huge potential application with geographical questions. Some previous
environmental questions which couldn’t be answered due to the lack of labelled features can now be
answered with the newer deep learning methods. The older unlabeled data sets can now be quickly coded
to label features, objects, events, and relationships from the complex geodata (Karpatne et al., 2018). For
example, Song and Kim (2017) used a convolutional neural network to label pixels within images of
agricultural lands of differing crops and urban sites containing residential buildings. Deep learning is also
being used to evaluate points of interest using social media geo-tags to recommend new sites to travel to
and aid in location-based advertising (Guo et al., 2018). Along with landslide susceptibility mapping and
predictions (Van Dao et al., 2020) to name a few topics of interest.
The field of geography is unique, with its diverse nature of questions and topics being researched.
In general, geographical phenomena are controlled by physical laws and principles that involve objects and
relationships that often have amorphous boundaries and complex variables (Karpatne et al., 2018). In the
past geography has been the bridging discipline between the sciences and humanities, but the past few years
have seen a deterioration in geography specific skills (Harris et al, 2014). The value of geography however
has never been so important, with its background in data collection, analysis and visualization techniques
making it one of the leading disciplines to incorporate spatial, ethical, and conceptual knowledge.
Ultimately the ability of geographers to interpret the results of ML are a key end goal because if we can
understand the reasoning behind certain patterns, models, or relationships extracted from the data, then we
can use the results as building blocks in scientific discovery (Karpatne et al., 2018; Bergen et al., 2019).
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The challenges presented by big data research motivated the development of new problem-solving
algorithms and methodologies by geographers and data scientist alike allowing spatial problems to be
addressed within and outside the scope of geosciences (Karpatne et al., 2018).
This inter-disciplinary application has resulted in the collaboration of several new multidisciplinary studies using geosciences and ML. Some of these new studies include Climate Informatics, a
community of researchers working to bridge the issues in climate science with statistical, ML, and data
mining methodologies (Ebert-Uphoff et al., 2017). ESSI is another new research group made up of the
American Geophysical Union (AGU) focusing on earth and space science informatics (Holmes at al., 2017).
Recently the National Science Foundation (NSF) has been funding research on connecting intelligent
systems for geosciences (Gil et al., 2018).
Specifically, ML topics such as image classification and detection has seen an expansion in
geographic research with the development high resolution images being used in forest management (Zhang
et al., 2019), urban mapping (Law et al., 2020), and agricultural management (Feng et al., 2019) with the
ability to extract deep features from remotely sensed imagery (Lv et al., 2019). Another topic is that of geotext data which combines geographic locations with language texts. This topic has seen research using
geotagged tweets to support disaster response (Landwehr et al., 2016) and evaluate public health issues
(Yepes et al., 2015), along with interpreting natural language regions (Kordjamshidi et al., 2011). Hu (2018)
further discusses the use of geo-text data and how this data can be used, and Tsou (2015) investigates the
challenges and opportunities in mapping social media information and big data.
Furthermore, 2020 saw a record number of ML and deep learning conferences worldwide such as
the KDD in California, the International Conference on Data Mining (ICDM), the Conference on Learning
Representations (ICLR) held virtually, the Association for the Advancement of Artificial Intelligence
(AAAI) symposium, the International Conference on Machine Learning (ICML), and the Computer Vision
and Pattern Recognition (CVPR) conference and workshop. Some geographical machine learning
conferences included the ‘Big Data & AI World’ held in London, the ‘O’Reilly Artificial Intelligence
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Conference’ held in California, Advancing the World of Petroleum Geosciences (AAPG) 14th Middle East
Geosciences Conference and Exhibition, Earth Science Analytics in Norway, BGR International
Conference on Big Data in ML in geosciences supported by the Federal Ministry for Economic Affairs and
Energy (BMWi). The American Association of Geographers (AAG) has offered workshops and tutorials
on topics related to ML including the GeoAI and Deep Learning Symposium held in 2019. With 2021
already having over 260 machine learning conferences scheduled around the world.

Challenges of Machine Learning
In the face of the promises ML makes it also presents some challenges. The first problem involves data,
either the lack of data or the lack of good data. For example, Radke et al. (2019) noted the limitation of
predicting forest fires was the lack of appropriate data, forcing them to rely on other data augmentation to
generate sufficient training data. Another issue with data needed for ML algorithms is the presence of poor
quality geodata due to noise and/or missing values, this can increase the risk of spurious estimations
(Karpatne et al., 2018). Even when the researcher believes they have good quality data it must first be
evaluated. This involves checking several issues such as data redundancy, inconsistency, noise,
heterogeneity, transformation, labeling, data imbalance and feature representation/selection (Zhou et al.,
2017). Once these issues have been addressed the researcher then needs to evaluate the memory and
computational power required to run an algorithm. ML is a data-intensive application which needs a
significant memory footprint, recently researchers have been using high performance hardware such as
GPUs which have enabled significantly faster learning and memory usage (Steinkraus et al., 2005; Wen et
al., 2019).
By using ML algorithms some specific problem questions arise which must be evaluated. Real
world problems require complex modelling which is vulnerable to changes in the underlying observation.
Whether that be from population selections, temporal variations, or by changes in the original conditions,
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models which worked well using the training data are almost never able to continue performing well as
time passes (Joshi et al., 2016). Another limitation of ML is the interpretability of the results. When
presenting the findings if the researcher cannot convince the audience that they understand how the
algorithm came to the decision it did, how likely is the audience to trust not only the researcher but also the
results? The success of ML relies on the ability to understand the underlying principles of the algorithms
being used. This has resulted in a subfield of ML termed ‘explainable AI’ which attempts to make models
more transparent (Holzinger, 2018).
Within geography there are not only physical geographic problems but also human geographic
problems. By using ML algorithms to find answers to human problems a host of ethical issues can arise.
Bostrom and Yudkowsky (2014) highlight the potential ethical issues of ML including its responsibility,
transparency, auditability, incorruptibility, privacy, and predictability and note there can be victims of
unethical practices. For example, Yang et al. (2020) notes the offensive prediction results and poor
performance of underrepresented classes in imagenet data. These potential ethical issues have led to the
creation of numerous forums, including the Fairness, Accountability, and Transparency in ML (FAT ML)
forum which developed the “Principles for Accountable Algorithms and a Social Impact Statement for
Algorithms” (Diakopoulos et al., 2017). Despite the potential ethical problems, it is argued that these
methods still provide insights into questions previously unexplainable (Stahl and Wright, 2018).
Another challenge faced by spatial analysts and geographers alike is the lack of spatially explicit
general ML models and spatiotemporal models. The question of how spatiotemporal data should be
represented and whether thinking in terms of graphical fields is still adequate needs to be addressed. For
the field of GeoAI to be successful researchers will need to address why spatially explicit models’ matter
(Janowicz et al., 2020). This is especially the case when working with deep learning models which have
been shown to struggle with geospatial data (Klemmer et al., 2019).
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Future
The future of ML with geography, specifically GeoAI has many destinations which could be pursued in
academia and industry. Presently, a large number of ML models are based upon available training datasets,
because of this they can be unadvisedly biased to the provided data (Hu et al., 2019). Within the discipline
of geography data is often collected for a specific geographic location, a future improvement would be to
evolve model training processes so that they can be transferred to numerous geographic locations. As more
research is conducted to break down the current limitations, newer models with smart data workflows and
data provenance will be able to identify deeper underlying connections (Gil et al., 2007, Moreau et al.,
2008) allowing data from numerous sources and study locations to be connected. This new form of model
building and analysis is joining empirical, theoretical, and computational methods which have characterized
research in the past. The future direction will also enable multiple data sources to be combined to support
a more holistic understanding of a research question, improving the past issues of data sparsity of
representational bias (Gao et al., 2017; Janowicz et al., 2020).
The emergence of automatic machine learning (AutoML) at the ICML AutoML Workshop (2014)
emphasized the demand for ML models which can be executed easily without expert knowledge. This new
method sees ML being applied by non-ML experts for any question. As we have read ML currently requires
a series of sequential steps which are needed to build a successful model to solve a given question. A
number of these steps require domain knowledge of the problem at hand as well as theoretical knowledge
of the algorithms being used (Joshi, 2020). The AutoML model attempts to automate the entire pipeline of
ML itself by building a new ML model on top of the base ML model (Erickson et al., 2020). If executed
successfully, AutoML promises to build an entire ML algorithm and optimize it automatically (Joshi, 2020).
Gahegan (2020) proposes constructing models from pieces of understood knowledge such as commonly
used equations, constants, and laws to create models that can be understood by humans. Thereby enabling
the comparison of results with known geographical theories.
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This leads on to the next potential future of ML. Currently many GeoAI and ML research only
apply older geographic methods to their questions instead of searching for new methods (Hu et al., 2019).
While in some research cases this is acceptable, more often than not it would be beneficial for geoscientists
to utilize methodologies from other disciplines as well as their own discipline. Past studies have also
mentioned this (Youngblood, 2007; Belenzon and Schankerman, 2013) and we have yet to learn. Despite
this there is hope for the future as more and more academics and researchers alike begin working alongside
one another to improve our present practices to get where we need to go (Oswin, 2020).
Not only do disciplines need to work together but future AI, ML, and deep learning research needs
to be designed and implemented by people who understand the questions being asked, not just those who
comprehend the models (Blumenstock, 2018). One way of doing this would be to collaborate between
algorithm developers and discipline experts, governments, the public, and the private sector users. It is also
critical we train the future generations of researchers to be more proficient in data research and design along
with working with others so that they can enhance our knowledge as one unit (Sun and Scanlon, 2019).
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CHAPTER THREE:
RANDOM FORESTS AND BOOSTED REGRESSION TREES

Introduction
The 21st century has seen a growing number of cutting-edge statistical models being developed, with the
help from substantial advancement in both statistics and computing power. This chapter focuses on spatial
prediction modelling, where computer scientists have developed a suite of new models including support
vector machines, neural networks, and ensembles of trees (Elith et al., 2008). Common prediction modelling
research projects consist of making a discrete prediction about an object given other details about the object.
Since the early 1990s these types of problems have been referred to in artificial intelligence (AI) as a
classification or regression problems. Supervised learning is one method of pattern recognition within
machine learning which can be used to learn from a response variable X, given a training sample of
predictor variables Y related to X. The need to map and model spatial distributions has stemmed from the
knowledge that every geographical location has an intrinsic level of uniqueness due to its position relative
to the rest of the spatial system (Miller, 2004). Pattern recognition probability models can generate
information for both explanatory and confirmatory investigations to form and test hypothesis about spatial
distributions.
Traditional statistical algorithms begin with data preprocessing before selecting the most suitable
model depending on the variables being entered. This requires prior knowledge about the input variables
and their potential relationships before the model is even built. In comparison, machine learning (ML) uses
algorithms to learn the connections between a response and its predictor variables, without the need for data
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preprocessing and knowledge on the response prior the analysis (Breiman, 2001). The ML approach
attempts to understand the response variable by learning how it became from the entered predictor variables
and locating the dominant patterns. Here the emphasis is placed on the ability of the ML algorithm to
accurately predict, along with focusing on what is being predicted and how that prediction can be measured
(Elith et al., 2008).
When it comes to spatial distribution problems, there is an abundance of literature utilizing
ensemble learning techniques. Ensemble learning algorithms combine multiple models to solve a problem.
These algorithms are primarily used to solve classification and regression prediction problems as they can
improve model accuracy (Polikar, 2012). This chapter will focus on the ensemble algorithms, Random
Forests (RF) and Boosted Regression Trees (BRT) which make use of bagging and boosting approaches to
increase their predictive performances (Skurichina and Duin, 2002). Both methods are comparatively new
ensemble learning models established in the early 2000s. They work by combining a large number of
individual tree models into one overall model, unlike traditional regression-based models like GLM which
use a single tree (Breiman, 2001; Friedman, 2002; Yang et al., 2016). There advantages include, a small
number of user defined parameters, the ability to create non-linear boundaries which is common when using
real-world data, maintain robustness even when working with missing data and outliers, use a stochastic
process to reduce overfitting, and produce results which can be easily summarized and interpreted
(Freidman and Meulman, 2003; Yang et al., 2016).
Leo Breiman is known as the father of RFs with his bagging model being influenced by the work
of other statisticians at the time. Amit and Geman (1997) who proposed geometric feature selection, Ho
(1998) who utilized the random subspace method, and Dietterich (2000) who made use of random split
selection. Through these three methods, the RF model was created. During the early 2000s RFs emerged as
a serious competitor to the popular boosting and support vector machines methods (Genuer et al., 2008).
RFs can be quickly executed and trained, whilst still producing highly accurate predictions, even when
working with complex real-world interactions (Biau, 2012). When it comes to variable analysis, they have
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been found to be one of the most accurate ML techniques available, often being implemented in disciplines
such as ecology (Cutler et al., 2007; Fox et al., 2017), image recognition (Pal, 2005; Gislason et al., 2006),
bioinformatics (Díaz-Uriarte and De Andres, 2006; Qi, 2012), and geosciences (Wiesmeier et al., 2011;
Rodriguez-Galiano et al., 2012) to name a few. When it comes to geographical and ecological phenomena
it is highly important that intricate processes and spatial patterns are interpreted to produce accurate spatial
predictions (Millar et al., 2007; Evans et al., 2011). The complex nature of geographical problems has
limited the ability of traditional regression models to produce accurate results and spatial predictions
(Austin, 2007), ML methods such as RF and BRT overcome these limitations (Evans et al., 2007).
Breiman’s bagging procedure used in RF introduced the notion of adding randomness into the
algorithm to improve a model’s predictive performance. Motivated by Breiman (1999), Jerome Friedman
(2001) introduced gradient boosting ultimately designing the first BRT which incorporated randomness
into each iteration where a subsample of the training data is selected at random, without replacement. Like
RF it fits many models together, combining them for prediction (Schapire, 2003). Advanced uses of BRT
have seen the model being applied to natural real-world phenomena where there are non-linear
relationships, automatically addressing interaction effects (Youssef et al., 2016). The most common
disciplines BRT has been utilized by are ecology (Elith and Leathwick, 2017), epidemiology (Friedman
and Meulman, 2003), and geosciences (Müller et al., 2013; Yang et al., 2016).
Both RF and BRT are forms of supervised learning which is where an algorithm creates a function
that maps inputs to desired outputs. This process is used to train a machine in a supervised manner by
minimizing a well-defined standard describing the difference between the data and the modelling results
(Kanevski et al., 2008). The steps of applying supervised ML to a real-world problem can be seen in Figure
3. Once a problem has been selected for analysis the required datasets must be collected to answer the
question. It is usually best to first select many potential predictor variables then trim this down using
variable selection to eliminate irrelevant variables and speed up the model’s performance (Rakotomamonjy,
2003; Yu and Liu, 2004). The second step is data preparation and preprocessing. This is extremely
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important as the presence of poor-quality data due to noise and/or missing values can increase the risk of
spurious estimations (Karpatne et al., 2018). At minimum the data must be checked for data redundancy,
inconsistency,

outliers,

heterogeneity,

transformation,

labeling,

data

imbalance

and

feature

representation/selection (Zhou et al., 2017). The third step involves dividing the initial data into training
and test data sets before a model can be implemented. There are two main ways this can be executed, either
divide the data into two thirds training and one third testing data, or use cross-validation to divide the data
into equal-sized subsets using the error rate of each subset to estimate the error rate of the classifiers. This
step reduces the size of the data allowing the ML algorithms to run faster and more effectively.
Selecting which algorithm is most suitable to a problem being investigated is a critical step. Which
ML methods are available to use can be determined by the response variable, whether it is binary,
categorical or continuous will influence which algorithm will work best. Once the selected method(s)
has/have been executed it must then be validated with the test data set aside in the previous step. If the
validation results are unsatisfactory then the researcher must reexamine whether some relevant variables
are being excluded, if a larger training dataset is needed, if the complexity of the problem is too great for
the selected algorithm, or if a different algorithm needs to be chosen or the parameters of the model need
to be fine-tuned (Kotsiantis et al., 2007). Once the model has been accepted and the resulting model
validated the researcher needs to make sure the results are replicable. It is recommended to repeat the
methods up to 10 times with a new random training and test dataset each time. If the outcome is within a
useful range then the model can be approved (Bouckaert, 2003).
The remainder of this chapter will first review the RF and BRT models separately, investigating
the model parameters, data requirements, assumptions, advantages, and disadvantages of each. The final
section will evaluate model cross-validation measures which can be used by RF and BRT models before
making concluding remarks.
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Figure 3: The steps for supervised machine learning

Random Forests
The introduction of random forests was done by Breiman (2001). Random forests (RF) use a random feature
selection alongside a process called bagging (Breiman, 1996) where multiple trees are grown and allowed
to vote for the most popular predictor variable. What type of RF method is used depends on the response
variable, if it is discrete then RF classification is used, if it is continuous then RF regression is utilized. The
definition of RF is defined as (Breiman, 2001):
25

A random forest is a classifier consisting of a collection of tree-structured classifiers {h(x,Θ k ), k = 1,...}
where the { Θ k} are independent identically distributed random vectors and each tree casts a unit vote for
the most popular class at input x.
As the tree is not pruned it is assumed that overfitting could occur however RFs have taken this
into account by adding stochasticity to the tree building process, and at each node of each tree (Breiman,
2001). The trees are grown using a sequence of binary splits on individual predictors, where the “root” node
of a tree contains the entire predictor space. The nodes which are not split are termed “terminal nodes” and
form the final partition of the predictor space. The nonterminal nodes are split into two offspring nodes for
numeric attributes, but can be more than two for nominal attributes, and are determined by the value of the
predictor variable selected. For the continuous predictors, a split is determined using a split-point where
smaller values go to the left and the rest go to the right. When a categorical predictor is selected the split
sends a subset of the categories to the left and the remaining to the right (Cutler et al., 2012). The predictor
selected at each split is chosen by considering the “best” split according to a criterion, for regression this is
the mean squared residual at the node, for classification the Gini index is applied. The predictor which
provides the best “goodness of fit” (for regression), or “purity” (for classification) is then selected. The RF
procedure can be explained when we have N observations and Y predictor variables, each tree is grown by
the following steps:
1. A bootstrap sample of N observations are selected at random with replacement. This sample
represents the training set for growing the tree and it usually (1-1/e) = 63.2% of the total
available number of N observations.
2. At each node of the tree building, a predefined number of Y predictor variables will be available
for selection, from these randomly selected Y variables the best variable will be selected.
3. Each tree is then grown until zero error or no more separation of examples is possible.
4. The final ensemble is created by combining the individual trees either by unweighted voting if
the response in categorical, or unweighted averaging if the response in continuous.
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The number of Y predictor variables that can be searched at each node, is specified as a parameter
in the RF algorithm and usually depends on which method is being utilized. In several software packages,
the default for classification analysis is the square root of the total number of variables available, for
regression analysis the total number of available variables divided by 3 is recommended, although for
smaller datasets this can change (Breiman, 2001; Liaw and Wiener, 2002; Hastie et al., 2017; Probst et al.,
2019). When a large proportion of the variables are categorical it is not suggested to use a low number of
predictor variables as this could result in a low correlation and a low model strength. Here it is
recommended to increase the number of predictor variables randomly selected at each split by two to three
times int(log2 M + 1) where M is the total number of features, to get a good test accuracy and strong model
(Breiman, 2001).
Breiman argues two reasons for using bagging: (1) it has been shown to enhance the accuracy on
randomly selected features, (2) it gives continuous estimates on the generalization error on the collective
group of trees, whilst also estimating their strength and relationship. The strength of the model and the
correlation between the variables are calculated using the out-of-bag (OOB) error rate on the training data
set. The error rate will decrease as the number of combinations increases, because of this the OOB estimates
can sometimes overestimate the error rate. The OOB data evaluates the performance of the final model by
calculating the average accuracy and error rates of all the predictor variables which can then be used to
estimate the importance of each variable (Cutler et al., 2007). Being able to identify the importance of the
variables serves two objectives, it allows for the identification of the predictor variables highly related to
the response variable, which is useful for interpretation and explanatory reasons. Allows for the
identification of a smaller number of predictor variables which will still form a good prediction if the other
less important variables are removed (Grömping, 2009). There are currently two importance measures, the
mean decrease accuracy (MDA), along with the mean decrease Gini coefficient (MDG) for a classification
model and the Mean Decrease Impurity (MDI) for a regression model (Calle and Urrea, 2011). MDA
calculates the importance of a variable by measuring the decrease in prediction performance when a selected
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variable is omitted from the training data. MDG is calculated as the sum of all the decreases in Gini
coefficient of a given variable, normalized by the number of trees. MDI is calculated using the total
weighted sum of the impurity decrease from splitting the variable, averaged over all the trees.
Model Parameters
To generate the best RF model there are several parameters which need to be defined. The number of trees
to be built, the bag size, the number of predictor variables Y that are selected at random at each node, and
the tree depth which is defined using the number of examples at a leaf which states the prespecified number
of minimum observations to be used (Scornet, 2017).
Default values for these parameters have been found to produce an acceptable predictive
performance however there is notably a lack of theoretical justification for these values (Scornet, 2017).
The default in the randomForest package available in R uses 500 trees, a randomly selected number of
predictors, Y, at each split being either Y/3 for regression or √Y for classification, and the number of
examples at a leaf which is five for regression and one for classification. To improve model performance
and accuracy it is recommended to fine-tune the parameters and explore the different results produced.
The number of trees can change the accuracy of the model. It has been found that the larger the
number of trees used, the greater the accuracy in terms of mean squared error. Therefore, it is recommended
that the number of trees used is large enough to reach the anticipated statistical accuracy yet still small
enough that the model execution is achievable (Scornet, 2017). With regards to the appropriate number of
predictor variables to be randomly selected at each split, it has been shown that the default value is often
reasonable when working with a large number of observations but can be improved (Probst et al., 2019).
Methods for selecting appropriate predictor variables involve cross-validation and validation measures
(Svetnik et al., 2004; Hunt, 2020). In some cases, there are too many predictors included in a model which
do not impact the accuracy of the results, here it is recommended to remove predictors and select a subset
which may produce an even more accurate ensemble. This removal of inappropriate predictors has been
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termed “thinning”. Banfield et al., (2005) investigated several methods of thinning on different datasets and
found that it led to smaller ensembles whilst still maintain or improving the model accuracy.
Data Requirements
There are very limited data requirements to use the RF model. Data preprocessing is often applied to an
initial dataset to identify outliers, skewed data, missing data, and multicollinearity. Missing data or null
values are usually present in most real-world datasets, removing missing data can result in a loss of
information and result in biased estimations being formed (Rubin, 1986; Enders, 2010). If the dataset is
large removing null values should not affect the results, but if the dataset is small for example 100
observations and 20 of those have null values then it is best to substitute in new values or use one of the
several different RF missing data algorithms (Tang and Ishwaran, 2017). This is also true for outliers. In
robust datasets a few outliers will not affect the overall accuracy of the results as they will be isolated at
each node selection (Fawagreh et al., 2015). If there are obvious abnormal observations in a smaller dataset,
then it is recommended to remove those outliers before analysis. Another preprocessing assessment should
be for multicollinearity which is where variables are strongly dependent on one another. In ML it is not
important to remove variables which are multicollinear if the number of multicollinear variables is minimal
and the total variables used is large, but for datasets with a lot multicollinear variables it will be beneficial
to remove those variables to speed up the processing time (Dumancas and Bello, 2015). It should be noted
that multicollinearity can affect the ability of the model to calculate the importance of variables. Another
common data preprocessing step is to identify data transformations, but this is not required when using RF
as it can find complex non-linear relationships and variable interactions without it. When working with
categorical data it is recommended to define if the data is ordinal or nominal (Caiola and Reiter, 2010).
Ordinal data is categorical data which has an order for example shoe size, nominal data is not ordered for
example eye color. There is not officially a minimum sample size needed to execute the RF model however
the more observations available the higher the predictive accuracy of the model (Qi, 2012).
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Assumptions
Unlike other statistical algorithms which make assumptions about the data, RF does not have any
assumptions on the distribution of the data, like normality and homogeneity, and the type of data if it is
categorical or continuous (Smith et al., 2013). The main assumption of the RF model is dependent on the
response variable, if it is categorical then a classification method is used, if it is continuous then a regression
method is used. Another limitation is that the validity of a ML model is restricted to the range represented
by the training and testing data (Thessen, 2016).
Advantages
Advantages of the RF algorithm include: (1) only two parameters must be defined, the number of trees, and
the number of variables randomly selected at each node, but even then there are formulas that can be used
to calculate the most suitable numbers (Pal, 2005). (2) It can handle categorical data, continuous data,
skewed data, non-linear relationships, as well as missing values which traditional methods cannot work
with (Pal, 2005; Vincenzi et al., 2011). (3) Pruning of the trees is not required as suggested by Breiman
(1999) who explained that as the number of trees increases, the generalized error always converges and
overfitting is not an issue due to the Strong Law of Large Numbers (Feller, 1968; Rodriguez-Galiano et al.,
2012). (4) It can provide the relative importance of each variable which is useful when working with high
data dimensionality along with identifying the complex interactions between variables (Grömping, 2009;
Hengl et al., 2018). (5) High classification accuracy (Svetnik et al., 2003; Rodriguez-Galiano et al., 2012).
Limitations
The main disadvantage of RF is that the computing intensity increases with data size which can lead to
issues when running the model and computational failures (Hengl et al., 2018). ML algorithms are dataintensive applications which need a significant memory footprint and significant computing speed, in the
past this presented some issues (Zhou et al., 2017) however the recent improvement high performance
hardware such as GPUs has enabled more efficient systems and implementations (Van Essen et al., 2012;
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Liao et al., 2013). Data limitations can create the potential for biased predictions when the training data sets
are sampled in a biased way (Strobl et al., 2007; Hengl et al., 2018). When the number of predictor variables
is large, but the fraction of relevant variables is small, RFs have been shown to perform poorly as the model
can be affected by the number of noise variables leading to overfitting (Hastie et al., 2009). Another
limitation is that the RF model can only make predictions bounded by the maximum and minimum labels
in the training data, when working with smaller observation numbers this problem is exaggerated. A more
recent limitation being explored is that of the importance tests. Strobl et al. (2007) investigated the two
importance measures and found MDG to have a strong bias when the number of categories in factor data
varies so could be significant when working with medical or environmental predictors.

Boosted Regression Trees
Boosted regression trees (BRT) use a similar form of tree-based modelling as RF, using multiple trees and
combining them together for prediction rather than using a single tree model. BRT can be broken down into
two algorithms: decision tress which are used in classification and regression tree modelling, and a boosting
algorithm which builds and combines a collection of models. They are conceptually simple yet powerful
(Hastie et al., 2001).
Decision trees build regression and classification models based on a tree structure (Breiman et al.,
1984; Hastie et al. 2001).

Decision trees are popular methods, in part, because visualization and

interpretation are intuitive. Decision trees can also work with any type of variable (numeric, binary,
categorical, etc.), do not require variables to be transformed irrespective of their scales of measurement,
and are also relatively robust to outliers and missing data. Elith et al. (2008), explained tree-based models
as “partitioning the predictor space into rectangles, using a series of conditions to identify regions having
the most homogeneous responses to predictors”. The set of rules for evaluating predictors at each split
involves only a single predictor variable, with each condition being A <= T for a continuous predictor A,
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where T is some threshold, or A = V or A in {Vi} for a discrete predictor A, where V is one of its possible
values and {Vi} is a subset of them (Quinlan, 1987). For example, in Figure 4 the three predictor variables
canopy cover, elevation, and number of wet days a year, and the response variable being the mean height
of a shrub species. Predictors and split points are selected to minimize the prediction errors. The growing
of a decision tree involves recursive binary splits which are repeatedly applied until a defined stopping rule
is reached (Elith et al., 2008).

Canopy < 60%

Elevation < 11500 ft
6ft
Wet days < 109

4ft

2ft

3ft

Figure 4: Decision tree for mean shrub height, using canopy cover, elevation, and annual number of wet days as predictors.

Regression trees alone have been found to be less accurate than other probability approaches such
as envelope, distance-based, and regression-based models. Decision trees struggle to model smooth
functions and are highly dependent on the sample data used, with small changes in the training data resulting
in very different splits, introducing uncertainty and limiting their predictive performance. To overcome
these limitations boosting is incorporated into the algorithm to improve the model’s accuracy (Schapire,
2003). The technique of boosting is related to bagging, which builds individual trees then combines the
results to form a single model. The difference is boosting can be seen to work sequentially using a forward
stagewise process, where the existing trees are left unchanged as the model is grown (Elith et al., 2008).
This difference between bagging and boosting can be seen in Figure 5. When using the boosting method,
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the individual decision trees are created in a stagewise progression with the training data, slowly working
to improve the poorly modelled observations using the existing collection of trees (Elith et al., 2008). What
variables are selected at each split is random, adding a stochastic process to the BRT model, decreasing the
variance and improving the predictive accuracy of the final model (Hastie et al., 2001; Friedman, 2002).
One of the first boosting algorithms was created for binary classification problems and was called
AdaBoost, working by applying weights to the response observations, emphasizing poorly modelled
observations (Freund and Schapire, 1996). In regression problems, boosting works as a ‘functional gradient
descent’ working to minimize the loss in predictive performance by adding a new tree at each stage which
works to reduce the loss (Elith et al., 2008). In a BRT model, the first regression tree built works to
maximally reduce the loss function. The second decision tree is then fit to the residuals of tree one and a
linear regression is fit to the data in each leaf node, thus tree two may contain different variables and split
points than tree one as each variable is randomly selected (Loh, 2011). The BRT model is then updated to
contain two trees, and the residuals from these trees are calculated. For subsequent stages, the focus is on
the residuals of the combined preceding trees, therefore continuously working in a stagewise manner to
improve the predictive performance of the model. The final BRT model is a linear combination of all the
trees, which can be regarded as a regression model where each term is a tree. The fitted values in the final
BRT model are computed by the addition of all the trees multiplied by a user defined learning rate,
producing a much more stable and accurate result than that produced by a single decision tree.
Where a single tree can be completely represented using a simple graph making it easy to visualize,
it is impossible to do this with multiple trees so the results must be interpreted another way. In real-world
data analysis not all the predictor variables are equally relevant to the response variable, in many cases only
a few predictors have a substantial influence. Because of this it is beneficial to understand the relative
influence each predictor variable has on the response. The relative influence is “based on the number of
times a predictor is selected for splitting, weighted by the squared improvement to the model as a result of
each split, then averaged over all the trees” (Elith et al., 2008). This relative influence is scaled so that the
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total influences of all the predictors adds up to 100, thereby assigning the largest value to the most
influential variable then decreasing from there.

Dataset

Bagging

Subset 1

Subset 2

Subset n
…

decision tree 1

decision tree 2

decision tree n

1

2

n

decision tree 1

decision tree 2

Dataset
decision tree n

Boosting

…

1

…

2

learning from mistakes

learning from mistakes

Adjusted Dataset 1

Adjusted Dataset 2

n

Figure 5: Diagrams demonstrating the differences between bagging and boosting methods.

If a user wants to interpret the results of each variable influence individually, then they can use a
partial dependence plot. These graphs show the impact a predictor variable has on the observations after
considering the average effects of all the other predictors in the model. Although the plots might not provide
the exact depiction of the impacts a variable has due to variable interactions and multicollinearity, they still
provide a basic visual representation which may be informative to the user (Friedman and Meulman, 2003).
Model Parameters
BRT model stochasticity is determined with a ‘bag fraction’, this determines the proportion of data selected
as each step. The default bag fraction in the R program and gbm package is 0.5, meaning that at each
iteration, 50% of the data is selected at random, without replacement, from the complete training data. For
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a binary response variable data, a bag fraction between 0.5-0.75 has been shown to give the best results
(Elith et al., 2008). There are three other important user defined parameters in the BRT model, the learning
rate also known as the shrinkage rate, the tree complexity also known as the interaction depth, and the
number of trees. As was mentioned earlier, the learning rate, controls the influence each individual tree will
have on the building model. A smaller learning rate alongside a large number of trees is preferred but the
model will run much slower, usually a value substantially less than one is recommended (Sutton, 2005;
Elith et al., 2008). The tree complexity controls whether interactions are fitted into the model, a tree
complexity of one will fit an additive model, a tree complexity of two will fit a model with a two-way
interaction, et cetera. From the learning rate and the tree complexity a suitable number of trees can be
determined which produces the optimal prediction. It is recommended to fit a large number of trees as this
will reduce the variation between model runs, and when working with datasets including many predictor
variables a tree complexity of three or greater is also recommended (Elith et al., 2008). There are packages
available in R which can assist with defining the number of trees so a value too small isn’t selected,
packages bundle together code, data, documentation, and tests which are publicly available and easy to
share.
Data Requirements
The BRT model can work with missing data and outliers which is useful when working with real-world
data. It is common to have missing data when working with real world observations for one, or sometimes
multiple predictor variables. There are a few approaches to working with these missing data predictors. One
method involves removing all the observation with missing data, although this can drastically decrease the
data available to run the model on. Another option is to fill-in missing values either by using the mean value
for of the predictor variable for continuous data or by creating a new class titled ‘missing’ for categorical
data. Sometimes it can be seen that there is a relationship between missing values and observations
providing previously hidden information to the user.
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Other models may require data preprocessing assessments to be conducted before any model
analysis is completed. BRT like RF does not require preprocessing as it can work with skewed data, outliers,
and missing data but also multicollinear data, which is where variables are strongly dependent on one
another. In ML it is not important to remove variables which are multicollinear if the number of
multicollinear variables is small, but for datasets with many multicollinear variables it will be beneficial to
remove those variables to speed up the processing time (Dumancas and Bello, 2015). Another common
data preprocessing step is to identify data transformations, but this is not required when using BRT as it
can find complex non-linear relationships and variable interactions without it.
Assumptions
Unlike other statistical algorithms which make assumptions about the data, BRT does not have any
assumptions on the distribution of the data, like normality, multicollinearity, and homogeneity (Smith et
al., 2013). The only real assumption of the BRT model is dependent on the response variable, if it is
categorical then a classification method is used, if it is continuous then a regression method is used. Because
BRT is a ML model it assumes that the relationship between the observations and their predictors are
complex and unknown, so it attempts to learn the interactions occurring between them (Elith et al., 2008).
Advantages
Decision trees are popular due to their ability to easily visualize the information and that the inputted
predictor variables can come in any form, numeric, binary, or categorical. The model results are also not
influenced by outliers, and different scales of measurement between the variables (Elith et al., 2008).
Another advantage especially when using big data is the model’s ability to work with missing data within
the predictor variables as surrogate values can be applied (Breiman et al., 1984). The process of building
the decision trees then executing a stagewise progression also has the advantages that the splits are unbiased,
only a single regression model is fitted at each node, and due to the model development being based on the
residuals, the BRT model is not limited to the least squares criterion (Loh, 2011).
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The model includes the process of stochasticity which has been shown to improve the predictive
performance by reducing over-fitting and the variance of the final model (Friedman, 2002). BRT can also
find non-linear interactions between the predictor variables which are automatically calculated and can be
easily interpreted (Lampa et al., 2014). Finally, the model results can be evaluated to identify the predictor
variable importance, providing partial plots for further visualization (Elith et al., 2008).
Limitations
The main disadvantage of the BRT model is the computational power required to execute the model
compared to other ML models due to the computational complexity of the method. There is also the
potential for overfitting and distortions from noise however there are tools to avoid these issues. Another
limitation is that the validity of a ML model is restricted to the range represented by the training and testing
data (Thessen, 2016).

Model Validation
Selecting appropriate validation and performance measures is just as important as selecting the appropriate
ML model, if completed incorrectly, overly optimistic or useless results could be obtained (Hansen et al.,
2013). Validation metrics for a regression-based model will be different to validation metrics for a
classification-based model. Validation measures help the user determine if the results quantify the
hypothesized relationships between the variables and can therefore be used to answer a question. Based on
the performance of the model we can test if it is overfit, underfit, or well generalized.
Cross validation is almost always used to evaluate ML models by rerunning them on a subset of
the data termed the test data. The main cross validation technique is the holdout method where the original
dataset is divided into a training and test set. The model is fit to the training data then asked to predict the
output probabilities on the test data having never seen it before. The model is then evaluated by comparing
the results of the original observations against the predicted values. The advantage of this method is its
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simplicity and less computation however it can have a high variance as it completely depends on the spread
of the training data set and test data.
Validation for Classification Tree Models
A common ML classification accuracy measure in the geosciences discipline uses the receiver
operating characteristic (ROC) curve, specifically the area under the ROC curve termed the AUC, which
measures classifier performance and overall model accuracy. When working with a binary response
variable, the ROC shows the number of correctly classified positive tests and how many were inaccurately
classified (Provost et al., 1998). The ROC curve is based upon the confusion matrix which has four
categories: true positives (TP) are correctly labelled positive examples, false positives (FP) are negative
examples incorrectly labelled as positive, true negatives (TN) are negative examples labelled negative, and
false negative (FN) are positive examples incorrectly labelled as negative (Table 2). In the ROC graph the
False Positive Rate (FPR) is plotted on the x-axis, and the True Positive Rate (TPR) on the y-axis. The FPR
is calculated as the fraction of negative examples misclassified as positives, and the TPR is the fraction of
positive examples correctly classified. The closer to the top left corner of the ROC space the more optimal
the model is as seen in Figure 6 (Bradley, 1997).
Table 2: Example of a confusion matrix

Predicted Positive
Predicted Negative

Actual
Positive
TP
FN

Actual
Negative
FP
TN

The AUC is used as a basic measurement which measures the performance of a model across all
possible classification thresholds. It is calculated using the trapezoidal areas in between each ROC point
with a maximum value of 1.0 indicating a theoretically perfect model (Davis and Goadrich, 2006). An AUC
value of 0.5 means there is no discriminative value and is usually represented as a straight line extending
across the graph (Fan et al., 2006). There are numerous AUC scales, one example is Araújo et al. (2005)
who proposed a AUC scale where: AUC > 0.90 is excellent, 0.80 < AUC < 0.90 is good, 0.70 < AUC <
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0.80 is fair, 0.60 < AUC < 0.70 is poor, 0.5 < AUC < 0.60 fail, and AUC < 0.5 negative correlation (Falconer
et al., 2016).
Comparison of ROC curves
1
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True Postive

0.7
0.6
0.5
0.4
0.3
Bad
0.2
Good
0.1
Excellent

0
0.1

0.2
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Figure 6: Example of ROC curves
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The AUC method for model evaluation has many advantages. It produces a single number which
can be used for straightforward model comparisons, it does not require any parameter values to be defined
by the user and being so commonly utilized it is well understood by other scientists (Hand, 2009). Despite
its popularity there are several drawbacks of using the ROC analysis for model evaluation (Obuchowski,
2005). The largest drawback is that the method is only suitable for equally balanced binary response
variables, not skewed response data (Flach, 2016). When the dataset is unbalanced the ROC-AUC method
is not considered a reliable measure as it produces an overoptimistic estimation of the classifier ability on
the majority class (Sokolova et al., 2006; Bekkar et al., 2013; Akosa, 2017).
Alternative validation measures include Cohen’s kappa (Cohen, 1960; McHugh, 2012) which is
used to compare variables performances. The confusion entropy which is used to evaluate primarily binary
data (Wei et al., 2010; Delgado and Nunez Gonzalez, 2019). Another measure was proposed by Powers
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who used informedness and markedness to help evaluate the confusion matrix (Powers, 2011). When a
response variable imbalance problem is present it has been proposed using the Matthews Correlation
Coefficient (MCC) works best, as it generates more reliable results (Chicco and Jurman, 2020). The MCC
is a contingency matrix method used to calculate the Pearson product-moment correlation coefficient
between actual and predicted values (Powers, 2011). The MCC can be calculated by the below equation
where the worst value is -1 and the best value is +1. To get a high MCC score the classifier must correctly
predict both the majority of negative data points and the majority of positive data points, independently of
their ratios in the complete dataset (Chicco and Jurman, 2020).
𝑀𝑀𝑀𝑀𝑀𝑀 =

𝑇𝑇𝑇𝑇 × 𝑇𝑇𝑇𝑇 − 𝐹𝐹𝐹𝐹 × 𝐹𝐹𝐹𝐹

�(𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹). (𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹). (𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹). (𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹)

Validation for Regression Tree Models
As the response variable in a regression model is continuous it requires different validation metrics. Here
loss functions can be utilized to evaluate the accuracy of the predictions, the higher the loss function the
more the predictions are off from the original response values. Some of the more commonly used loss
functions include the Mean Squared Error (MSE), the Root Mean Square Error (RMSE), the Mean Absolute
Error (MAE) and the R squared test. The MSE loss is the preferred method if the distribution of the response
variable is Gaussian and is calculated using the equation below as the average of the squared difference
between the predicted values and the actual values.
𝑁𝑁

1
𝑀𝑀𝑀𝑀𝑀𝑀 = �(𝑓𝑓𝑓𝑓 − 𝑦𝑦𝑦𝑦)2
𝑁𝑁
𝑖𝑖=1

Where N is the number of observations, fi is the predicted values generated by the model and yi is the
actual values for the observation i.
The RMSE is the standard deviation of the model residuals, which tells the user how concentrated
the data is around the line of best fit, because of this it is sensitive the outliers in the data. It can be calculated
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by finding the square root of the MSE. Due to the complexity of the steps involved calculating the RMSE
it has been argued that the measure can be inappropriate and misinterpreted and to use the MAE measure
instead (Willmott and Matsuura, 2005; Chai et al., 2014).
When the distribution of the response variable contains many outliers, far from the mean value,
then the MAE is recommended (Chicco et al., 2021). This is calculated by the average sum of absolute
difference the predicted values and the actual observations as shown below.
𝑁𝑁

1
𝑀𝑀𝑀𝑀𝑀𝑀 = � | 𝑦𝑦𝑦𝑦 − 𝑦𝑦�𝑖𝑖|
𝑁𝑁
𝑖𝑖=1

Another popular validation or goodness of fit measure is R squared (R2). This validation measure
shows how close the data is to the fitted regression line, it should be noted that when applied to nonlinear
models the results can fall outside the 0,1 interval and decrease as regressors are added. The traditional R2
measure was intended for a simple linear regression model with one predictor variable. When analyzing a
multiple regression model such as RFs and BRT the R2 must be adjusted. Substitute R2 type metrics have
now been created for nonlinear models using a variety of methods (Cameron and Windmeijer, 1997).

Conclusion
As discussed throughout this model investigation the main advantage of the ML methods RF and BRT is
their versatility. So why would we use them? Both RFs and BRTs have been demonstrated to provide
substantial gains in classification and regression analysis using ensembles of trees, where each tree in the
ensemble is developed with a random parameter (Biau, 2012). When working with non-linear boundaries,
collinearity between predictors, missing data, and outliers it can be difficult to select an algorithm that will
work and still maintain a high level of predictive power. This is where RF and BRT models outweigh other
models being able to work with all data types and multiple input variables, without overfitting and
sacrificing model accuracy.
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Researchers utilize these two ML models because they want a deeper understanding on the
relationship between a response and its predictor variables, and the degree of influence they have on the
response, along with the ability to map the results when spatial distribution problems are being addressed.
The results of the models produce a spatial prediction on the probability of occurrence, quantity and or state
of a phenomena (Hengl et al., 2018). If only a simple understanding on the variable interactions is wanted,
then simpler methods such as linear regression or additive models could be used. Geographical phenomena
are complex and ever-changing happenings with evolving spatial distributions occurring to nearly
everything on earth, from fauna and flora species, to infectious diseases, weather patterns, and natural
disasters. Being able to understand and interpret these complex spatial relationships is key to many
geographical questions. With ML models able to evaluate these occurrences to a deeper level than
previously available, researchers are now able to further the knowledge on the complexities of our
environment.
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CHAPTER FOUR:
EVALUATING RANDOM FORESTS AND BOOSTED REGRESSION TREE ALGORITHMS
USING THE GOPHER TORTOISE

Introduction
Management and conservation initiatives will always be controlled by finite resources, whether financial
or temporal. Understanding a species’ spatial ecology and how its requirements vary across habitats and
locations is key to a successful species management plan (Castellón, Rothermel, & Bauder, 2018). When it
comes to habitat, selecting which sites to protect, which existing locations should be restored, if new habitat
needs to be created, and where management programs should concentrate their efforts present difficult
challenges. The predominant goal for many conservationists and managers alike is the long-term
continuation of populations. Being able to predict the functional connectivity of a species’ habitat and its
population dynamics are key to achieving this goal (Peterman et al., 2018). During recent decades, it has
been noted how many species populations have declined, despite conservation practices trying to increase
their numbers (McCoy, Mushinsky, & Lindzey, 2006; Geldmann, J. et al., 2013). The most prevalent
impacts affecting fauna populations have come from anthropogenic change in the form of habitat loss and
destruction, along with fragmentation (Inger et al., 2015; Reading et al., 2010). There is a clear need for
management practices to now operate on an entire landscape instead of focusing on small sites
(Lindenmayer et al., 2008). Spatial and statistical models, such as habitat suitability models, have been
developed over time to address such issues (Peterman et al., 2018).
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Habitat suitability models (HSMs) use environmental variables to conceptualize species habitat
relationships, potentially resulting in the development of spatial maps to display the relationships. These
empirical models relate species observations to environmental predictor variables, based upon a
combination of statistically derived response curves that best relate to the collective environmental
requirements of the species (Guisan, Zimmermann, 2000; Guisan, Thuiller, & Zimmermann, 2017). HSMs
can provide cost-savings to government and industry while benefiting biodiversity through improved
knowledge of species habitat needs which can lead to better targeting of conservation initiatives. The
development of HSMs has resulted from successive model updates over the past few decades as computer
technologies have improved, and available spatial environmental data has grown. The increasing
availability of spatial biological and environmental data has promoted the use of programs such as GIS and
R for habitat suitability analysis, with advancements in both programs enabling them to work harmoniously
together. The wide applications of these programs have been of high importance to conservation and
management practices alike, allowing for analysis to be conducted over large geographical extents, across
numerous time periods, quickly and efficiently (Bourdouxhe et al., 2020). The comparison and evaluation
of available HSM and their predictive performances has also influenced major model advances.
In this chapter, the gopher tortoise (Gopherus Polyphemus) was used as a case study to evaluate
three HSMs. The habitat protection of keystone species has always been of great importance to conservation
planners as the protection of a single species can save others. Federally and state listed as threatened
throughout its entire range, the gopher tortoise is vital to protect. Not only for itself individually but the
tortoise’s burrows provide an essential habitat to over 300 species, making it a key stone species within its
environment. Environmental destruction by anthropogenic change such as farming, fire suppression, and
habitat degradation, have resulted in an 80% population decline of gopher tortoises in the past two decades
(Hermann et al., 2002). We evaluated three HSMs, one traditional regression model, and two advanced
machine learning (ML) models to investigate which HSM produced the greatest model accuracy, using the
gopher tortoise as a case study. It should be noted that GPUs were not used for this study. The objectives

44

of this case study were to: (1) identify the environmental variables that may determine the distribution of
gopher tortoise habitat; (2) compare the accuracy of three habitat modelling approaches, and (3) map the
results of the best-performing model.

Materials and Methods
Study Area
Study site included four Florida state parks, Lake Louisa, Kissimmee Prairie Preserve, Highlands
Hammock, and Cayo Costa, along with two wildlife management areas (WMA), Avon Park Air Force
Range (AFR) which acts as an extension of the Kissimmee Prairie Preserve, and Hilochee WMA which is
a southern extension of Lake Louisa (see Figure 7). Location 1 is Lake Louisa and Hilochee WMA which
are part of the Lake Wales Ridge running down through central Florida. These two sites are dominated by
sandhill land cover with deep sandy soils highly suitable to gopher tortoises. Location 2 is the Kissimmee
Prairie Preserve, unlike the others it is relatively remote with the least human impacts, predominately made
up of flatwoods, seasonally flooded lowlands and grassland prairies with silty sand. It also has the largest
contiguous remnant of dry prairie and hammock habitat endemic to Florida. Location 3 is the Avon Park
AFR, a 106,000-acre site used by the military for test weapons and military training missions, making up a
large portion of the site. This location is heavily surveyed by the Archbold Biological Station who provided
the gopher tortoise burrow data for the site. South of Avon Park AFR lies Location 4, Highland Hammock
State Park. As the name suggests this site is largely composed on hydric hammock, scrub and scrubby
flatwoods with a bit of topographic relief in the eastern portion affected by the tail end of the Lake Wales
Ridge. Location 5 is Cayo Costa which has a low elevation at sea level increasing to just 10 ft at the top of
the sand dunes. Located along the coast this site is dominated by sandy beach dunes, coastal berm, and
coastal grasslands.
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Data Collection
Presence / absence data
The known gopher tortoise burrow locations have been provided by FWC for all the locations except
location 3 which was provided by the Archbold Biological Station. The FWC data was collected during
field surveys between 2011 to present by the placement of transect and having three people walk along the
transect and either side of it by up to 50ft. The Archbold Biological Station provided the gopher tortoise
burrow data for location 3. In total there are 2477 known gopher tortoise burrows across the study sites.
This data will represent the presence data. The absence data was constructed by selecting random locations
within each study site to match the total number of known gopher tortoise burrows, producing a total of
4954 observations to be used as the response variable.

Figure 7. Map of each location for the gopher tortoise case study.
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Environmental variables
The gopher tortoise can be found across the southeastern United States from South Carolina down to
Florida. Relevant studies have shown percentage of canopy cover, soils, and wetland presence to be
important habitat distribution variables with elevation and slope potentially affecting their burrow locations.
Inkley (1986) found canopy cover related to gopher tortoise prevalence. The presence of standing water or
saturated soils renders sites unsuitable gopher tortoises, as they create burrows underground (Cox et al.,
1987; Inkley, 1986). Soils are vital to gopher tortoises, as the soil must be able to support a burrow dug
down to 12 feet underground. The National Resource Conservation Service has allocated a gopher tortoise
suitability index to soils which was used in this study. Elevation and slope variables have been used for
gopher tortoise habitat analysis in sand dune environments and by Baskaran et al. (2006), but the effect
these variables may have on gopher tortoise burrow locations has not been fully identified. A location
predictor variable was also included as a categorical variable, represented as integers, to represent the
particular sites as displayed in Figure 7.
The environmental variables were downloaded from several sources. Elevation data was
downloaded from the United States Geological Survey (USGS) National Elevation dataset. From this the
slope was calculated in GIS (ArcGIS 10.5, ESRI, Inc). The percentage of canopy cover and soils datasets
were obtained from Natural Resources Conservation Service (NRCS), along with the U.S. Fish and Wildlife
Services national wetland dataset. The NRCS soils data was classified by its suitability to gopher tortoises;
highly suitable, suitable, less suitable, and unsuitable. In wildlife management studies, an area is only
classified as habitat if it is suitable for a particular species. Therefore, labelling soils as unsuitable would
presumably suggest it can’t be occupied as it is not habitat. Since it is possible gopher tortoise burrows
could be found in ‘unsuitable’ soils we have relabeled them: high, moderate, marginal, and poor. The
USFWS wetland dataset was classified as wetland and upland for areas not a wetland. The canopy cover
was classified as shown in Table 3, 0 percent canopy cover was rated as ‘open canopy’, values 1-30 were
rated ‘sparse’, values 31-60 are ‘moderate’, with values 61-100 being classified as dense. The value of 60
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is selected by previous research conducted by Inkley (1986), who defined adequate sunlight for gopher
tortoises as a canopy cover less than 60%. This 60% cover was calculated by extensive field work walking
along a transect line to calculate the percent canopy cover then identifying the tree species either primarily
deciduous or pine (Inkley, 1986). All data layers were projected to Albers (meters) projection because the
study sites are located across the state, then converted to raster files for ease of evaluation.
Table 3. Response and predictor variables for the gopher tortoise case study.

Response

Predictor

Variables

Level of
Measurement

Classification Values

Response

Factor

Presence / Absence

Soils

Factor

High / Moderate / Marginal / Poor

Canopy

Factor

Open Canopy / Sparse / Moderate / Dense

Wetlands

Factor

Wetland / Upland

Elevation

Number

0 – 55 ft

Slope

Number

0 – 10 degrees

Location

Factor

1/2/3/4/5

Model Building
The values of each habitat predictor variable were extracted for all the observations and exported to be
loaded into Rstudio for analysis. The first step involved looking at the structure of the data and looking for
potentially missing data, which there wasn’t. Before any model building can be completed the data will
need to be evaluated for normality, outliers, and skewness to check for any potential transformations. For
a model to be validated it must be tested against something, in this research the original dataset was
randomly divided into a train set made up of 70% of the examples and a validating set with the remaining
30%.
Generalized linear model
GLMs use a combination of environment predictor variables associated with the mean of the response
variable through a link function. Link functions make it possible to transform a response variable into a
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linear form whilst allowing the habitat predictor variables to remain within their original range, because of
this GLMs can work with Gaussian, Poisson, binomial, or gamma distributions. The GLM for this analysis
was based on presence and absence data so a binomial distribution was assumed.
Several models were constructed assuming no interactions between the predictor variables using
the CAR package available in R then building in interactions until the model of best fit was established.
The final model was:
GLM <- glm(Response~Soils*Canopy*Elevation*Slope*Location+Wetland, data = TrainSet, family =
"binomial")
Random forests classification model
The introduction of random forests was done by Breiman (2001). Random forests (RF) use a random feature
selection alongside a process called bagging where multiple trees are grown and allowed to vote for the
most popular predictor variable (Breiman, 1996). This case study uses a RF classification tree model as the
response variable is binary. Three packages rpart, pROC, and randomForest were used for the RF model
in R.
As the tree is not pruned it is assumed that overfitting could occur however RFs have taken this
into account by adding stochasticity to the tree building process, and at each node of each tree (Breiman,
2001). The RF procedure can be explained when we have N observations and Y predictor variables, each
tree is grown by the following steps:
1. A bootstrap sample of N observations are selected at random with replacement. This sample
represents the training set for growing the tree, for this study it is 70% of the total available
number of N observations.
2. At each node of the tree building, a predefined number of Y predictor variables will be available
for selection, from these randomly selected Y variables the best variable will be selected.
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Several tests were executed to determine the suitable number of predictors to be searched at
each node (Liaw and Wiener, 2002; Svetnik et al., 2004; Hunt, 2020).
3. Each tree is then grown until zero error or no more separation of examples is possible, with a
total of 5000 trees being used in this RF classification model.
4. The final ensemble is created by combining the individual trees by unweighted voting as the
response is categorical.
The final RF classification model for the gopher tortoise used a random predictor variable value of
two, with a high number of trees at 5000. The importance of each predictor variable was extracted from
this model. Being able to identify the importance of the variables allows for the identification of predictor
variables highly related to the response variable, which is useful for interpretation and explanatory reasons
(Grömping, 2009). There are currently two importance measures for a RF classification model, the mean
decrease accuracy (MDA) and the mean decrease Gini coefficient (MDG), which have been found to
provide more robust results (Calle and Urrea, 2011). MDA calculates the importance of a variable by
measuring the decrease in prediction performance when a selected variable is omitted from the training
data. MDG is calculated as the sum of all the decreases in Gini coefficient of a given variable, normalized
by the number of trees.
Boosted regression trees
Boosted regression trees (BRT) use a similar form of tree-based modelling as RF, using multiple trees and
combining them together for prediction rather than using a single tree model. BRT can be broken down into
two algorithms: decision tress which are used in classification and regression tree modelling, and a boosting
algorithm which builds and combines a collection of models. Elith et al. (2008), explained tree-based
models as “partitioning the predictor space into rectangles, using a series of conditions to identify regions
having the most homogeneous responses to predictors”. Decision trees alone struggle to model smooth
functions and are highly dependent on the sample data used, with small changes in the training data resulting
in very different splits, introducing uncertainty and limiting their predictive performance. To overcome
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these limitations boosting is incorporated into the algorithm to improve the model’s accuracy (Schapire,
2003). The technique of boosting is related to bagging, which builds individual trees then combines the
results to form a single model. The difference is boosting can be seen to work sequentially using a forward
stagewise process, where the existing trees are left unchanged as the model is grown (Elith et al., 2008).
What variables are selected at each split is random, adding a stochastic process to the BRT model,
decreasing the variance and improving the predictive accuracy of the final model (Hastie et al., 2001;
Friedman, 2002).
There are four important user defined parameters in the BRT model, the learning rate also known
as the shrinkage rate, the tree complexity also known as the interaction depth, the number of trees, and the
bag fraction. BRT model stochasticity is determined using the ‘bag fraction’, as this determines the
proportion of data selected as each step. The learning rate controls the influence each individual tree will
have on the building model. A smaller learning rate alongside many trees is preferred but the model will
run much slower, usually a value substantially less than one is recommended (Sutton, 2005; Elith et al.,
2008). The tree complexity controls whether interactions are fitted into the model, a tree complexity of one
will fit an additive model, a tree complexity of two will fit a model with a two-way interaction, et cetera.
From the learning rate and the tree complexity, a suitable number of trees can be determined. It is
recommended to fit a large number of trees as this will reduce the variation between model runs (Elith et
al., 2008). To understand how the learning rate of the model influences the outputs, different tests were
conducted using different settings, but keeping a selected number of trees. A suitable number of trees can
be identified by plotting various performance measures using out-of-bag errors for a given number of
boosting iterations (Ridgeway, 2007). This process was executed 100 times using a BRT classification
model with 10,000 trees and a learning rate of 0.01. The average recommended trees from this test were
4960. The bag fraction and tree complexity were calculated using a grid search. Instead of manually
adjusting the parameters one at a time and testing them through validation measures, it is better to execute
a grid search which iterates over every combination of parameter values to determine which combination
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performs best using 5000 trees and a cross-validation of 10 data folds (Bergstra and Bengio, 2012). The
final model used 5000 fitted trees, a complexity of 2, learning rate of 0.01, a random fraction of data to be
used to fit each tree of 0.5 or 50%, and a cross-validation rate of 10. Two packages gbm and cowplot, were
used to run this model in R.
The importance of each explanatory variable was extracted from the BRT using the relative
influence test and the permutation test. The relative influence is “based on the number of times a predictor
is selected for splitting, weighted by the squared improvement to the model as a result of each split, then
averaged over all the trees” (Elith et al., 2008). This relative influence is scaled so that the total influences
of all the predictors adds up to 100, thereby assigning the largest value to the most influential variable then
decreasing from there. The permutation test is very similar to this except it corresponds to the reduction in
predictive performance when the variable of interest is used and is most similar to the variable importance
test used by the RF model.
Model Evaluation
With the models built and finetuned, the final step is to assess the ecological realism of the models Elith et
al., 2005; Merow et al., 2014) and associated predictions (Mateo et al., 2012; Thuiller et al., 2014).
Evaluating a model’s ability to reflect the truth, its inherent uncertainty in the estimations, and whether it
can be applied under other conditions (Guisan et al., 2017). If these models are to be used for conservation
and planning of species habitat, it is important they are thoroughly tested (Guisan et al., 2013). Another
question raised is which model should be used for the final habitat suitability map? Sometimes a
combination of multiple models is used over selecting a strict single model. This combination model is an
ensemble of two or more models which can be used to derive a more general prediction. It retains all the
individual model’s information allowing it to map the main trend and the overall variation across all models.
An average of all three models, GLM, RF, and BRT is used to create an ensemble model which will be
used as a comparison to the single models for measuring model accuracies.
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When comparing the predicted probabilities of presence to presence-absence observations there are
two classes of evaluation: calibration and discrimination. Calibration has been defined by Guisan et al.
(2017) as “the extent to which a model correctly predicts conditional probability of presence”, while
discrimination has been defined by Phillips and Elith (2010) as “the ability to distinguish between occupied
and unoccupied sites”. These evaluation methods were executed using the 30% testing data set aside at the
beginning from the complete data set.
Measuring calibration
Analyzing the match between continuous and categorical predictions against a binary observation in a plot
can be visually challenging. Although an important aspect of model evaluation, calibration measures have
been largely ignored in habitat suitability modelling (Phillips and Elith, 2010) with few examples in other
studies (Edwards et al., 2005; Calvete et al., 2008; Petitpierre et al., 2012). Calibration analysis aims to find
the extent to which a model correctly predicts the conditional probability of presence points (Phillips and
Elith, 2010). A calibration plot was used to show the relationship between the true distribution of the
samples and the predicted probabilities. This plot is built using a contingency table. This measure helps to
show how realistic a model prediction is. Perfect calibration can be represented from diagonally aligned
points; it is therefore easy to interpret visually which graph has the most perfectly aligned points. When the
diagonal alignment deteriorates, it is visually apparent which model has the weakest predictions. A
calibration plot was created for all the models to visually display the differences between each model
individually and the ensemble average model.
Measuring discrimination
Discrimination is another way of viewing the same comparison of probabilistic predictions with a binary
response but from a ‘predictions’ perspective. To convert the probabilistic predictions to a binary scale a
valid threshold must be chosen above which the presences are predicted and below the absences are
predicted (Guisan and Zimmermann, 2000). Over the past decade studies have been comparing different
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models to select the optimized threshold with the final goal being to build a binary prediction maps
(Freeman and Moisen, 2008; Liu et al., 2011; Liu et al., 2013).
Using a predetermined threshold, four possible outcomes can be extracted in the form of a
contingency table. The contingency tables for all three models were calculated using thresholds as
determined using the calculated Cohen’s Kappa for each model. Using Cohen’s Kappa as an evaluation
metric, we considered increments of 0.01 i.e. 99 thresholds to find the “optimized” threshold. The
importance of Cohen’s Kappa is that the best threshold the predictive potential of a model can be identified.
The advantage of using this method is that it can be applied to any discriminative evaluation metric for
binary observations.
Another approach which does not require the use of an optimized threshold is the ROC and the
AUC. These two measures are the most used discrimination metrics in habitat suitability modelling. Where
the confusion matrix requires the maximal value of a metric across all thresholds, the AUC is used as a
basic measurement to calculate the performance of a model across all possible classification thresholds. It
is calculated using the trapezoidal areas in between each ROC point with a maximum value of 1.0 indicating
a theoretically perfect test (Davis and Goadrich, 2006). An AUC value of 0.5 means there is no
discriminative value and is usually represented as a straight line extending across the graph (Fan et al.,
2006). There are numerous AUC scales, one example is Araújo et al. (2005) who proposed a AUC scale
where: AUC > 0.90 is excellent, 0.80 < AUC < 0.90 is good, 0.70 < AUC < 0.80 is fair, 0.60 < AUC < 0.70
is poor, 0.5 < AUC < 0.60 fail, and AUC < 0.5 negative correlation (Falconer et al., 2016). The results of
this test were utilized to select which model will be implemented to map the habitat suitability for the
gopher tortoise.
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Results
GLM Model Results
The results of the GLM model have a five-way interaction being significant at the 99% confidence level
for soils:canopy:elevation:slope:location as can be seen in Table 4. This interaction therefore overrules the
individual significance of each variable. There are a large number of responses with a P-value of 1 and a
negative chi-squared value. A chi-square less than 1 means there is a high correlation between the predictor
variables. Because the relationship between the gopher tortoise presence/absence points and the predictor
variables was so great, the chi-square p-value test struggled to distinguish the actual relationship, resulting
in several p-values of 1.0.
Table 4: Anova results for the final GLM model
Response

LR Chisq

Soils:Canopy:Elevation:Slope
Soils:Canopy:Elevation:Location

Df

Pr(>Chisq)

505

9

< 0.001

***

-6127

12

1.00

-71564

11

1.00

Soils:Elevation:Slope:Location

16220

8

< 0.001

***

Canopy:Elevation:Slope:Location

13192

9

< 0.001

***

360

4

< 0.001

***

Soils:Canopy:Slope:Location

Soils:Canopy:Elevation:Slope:Location

Variable Importance
RF classification variable importance
The importance results for the RF classification model are displayed in Table 5. We are most interested in
the mean decrease in the Gini coefficients, which tells us the variable importance. The model has location
being the most influential variable followed by elevation, slope, soils, and canopy variables. Wetlands
displayed the least importance.
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Table 5: Random forests classification model importance of each individual predictor variable
0

1

Mean Decrease
Accuracy

Mean Decrease
Gini

Location

81.1

203.4

298.8

210.2

Elevation

37.5

81.9

130.8

144.2

Slope

36.1

48.4

98.3

129.1

Soils

2.2

178.5

167.0

113.9

Canopy

86.1

183.9

203.1

109.3

Wetlands

-21.8

89.7

78.2

26.9

BRT variable importance
The relative influence results for the BRT model are displayed in Table 6. The BRT model has the location
variable having the greatest relative influence followed by the slope, soils, elevation, and canopy variables.
The wetland variable is deemed to have the least influence of the gopher tortoise habitat suitability.
Table 6: BRT model relative influence test for the gopher tortoise habitat variables
Location

Relative Influence
27.96

Slope

23.31

Soils

17.63

Elevation

16.98

Canopy

12.31

Wetland

1.81

Model Validation
The results of the calibration plots can be seen in Figure 8. The BRT model shows the better calibration
plot having a strong diagonal alignment, followed by the ensemble model and the RF model. The diagonal
line represents an ideal model, the closer the points are to the line indicates that the predicted and empirical
probabilities are similar so the generated model fits the data well.
When measuring the discrimination, several metrics can be extracted for any given threshold. Using
Cohen’s Kappa as an evaluation metric the “optimized” thresholds for each individual model were as
follows, GLM – 0.32, RF – 0.49, BRT – 0.56. Using Landis and Koch (1977) scale of judgement BRT and
RF are considered good, and the GLM model is considered poor. As the measures of discrimination depend
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on the confusion matrix it is important the most suitable Kappa values are used for each model individually.
Figure 9 shows the results of the ROC and AUC. Here we can see that BRT has the highest rating of 0.85
followed by the ensemble model of 0.83, RF with a value of 0.80, and lastly GLM has a value of 0.66.
Using Araújo et al. (2005) AUC scale the BRT, the ensemble model, and the RF model were classified as
good and the GLM poor.
Habitat Prediction
The BRT model was used to analyze each habitat variable and their response curves individually (Figure
10) as this model had the greatest level of accuracy and performance. Starting with the most important
variable, the location variable had location 3 (Avon Park AFR) producing the greatest probability of suitable
gopher tortoise habitat followed by locations 5 and 4. The curve for the slope variable suggests gopher
tortoises strongly prefer slopes less than 6 degrees. As expected, the high suitability soils had the greatest
likelihood followed by the marginal soils and moderate suitable soils, with poor suitability soils being
deemed much less probable. The elevation variable sees a decline in probability as the elevation increases
past 45 feet. An open and sparse canopy cover is most preferable to gopher tortoise burrow locations with
dense forest coverage being the least probable. The wetlands had an obvious probability with the dry areas
being highly probable compared to the wet areas.
The gopher tortoise habitat suitability maps for the BRT model are displayed in Appendix 1,
Figures A1-A4. Location 1, Lake Louisa State Park and the Hilochee WMA, had large areas with a
probability of less than 0.1 with some isolated areas where the gopher tortoise habitat suitability ranging
from 0.4 to 0.7 in the northern portion of the site. The scattering of the higher suitability areas shows the
disconnect between suitable habitat areas which gopher tortoises are unlikely to travel great distances to
cross. At Location 2, the Kissimmee Prairie Preserve, the habitat suitability predictions range from 0.002
to 0.6. The location of streams and wetland systems are evident across the site with the lowest suitability
predictions; however, these areas then seem to be closely bordered by moderately suitable areas. Location
3, the Avon Park AFR, produced the greatest density of highly suitable gopher tortoise habitat predictions
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ranging from 0.5-0.99, showing the most continuous areas of highly suitable land across the five locations.
Location 4, which was composed of the Highland Hammock State Park, had a noticeable area of predicted
highly suitable gopher tortoise habitat connecting the two regions of the park together. The eastern portions
and the western borders of location 4 had moderately suitable gopher tortoise habitat areas ranging from
0.3 to 0.6, with the central regions of the park producing the lowest predicted gopher tortoise habitat
suitability. Finally, Location 5, the Cayo Costa State Park, contains highly suitable gopher tortoise habitat
predicted along the western coastline which gradually decreases as we move to the east; this could be due
to the higher elevation sand dunes providing good burrow sites above the areas which will be more affected
by flooding waters.
Observed vs. Predicted (Ensemble model)

Observed vs. Predicted (RF classification model)

Observed vs. Predicted (GLM model)

Observed vs. Predicted (BRT

Figure 8: Calibration plots for the gopher tortoise HSMs: (a) Average ensemble model, (b) RF, (c) GLM, and (d) BRT. The
different models yielded different calibration plots with different spreads.
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0.83 Ensemble Model
0.80 RF Classification Model
0.66 GLM Model
0.85 BRT Model

Figure 9: AUC and ROC plots for the four models, Ensemble model, RF classification model, BRT, and GLM.
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Figure 10: Plot of each predictor variable probability in the BRT model, the x-axis is the predictor variable values and the y-axis is the probability.
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Discussion
Method Comparison
This study thoroughly evaluated the predictive performance of three HSMs for the gopher tortoise, one
traditional HSM and two machine learning models. It was shown that the BRT model had a greater
explanatory power than both the RF classification model and the GLM, and provided a superior predictive
accuracy. This can be demonstrated when evaluating the AUC values where the two machine learning
models resulted in a score of 0.8 for the RF classification model, and 0.85 for the BRT model, showing a
good model performance across all possible classification thresholds. In comparison the GLM only received
an AUC score of 0.66 indicating a poor model performance. This may be due to the inability of the GLM
to deal with complex interactions between predictor variables which is a major limitation when
investigating intricate species-habitat interactions. This can also be seen when evaluating the model’s
confusion matrix measuring the performance of each model. Here the BRT model produced the smallest
number of FN and FP results, followed by the RF classification model, and finally the GLM which had the
largest number of both FN and FPs.
The advantage of the BRT method over the RF classification model is attributed to its tree building
as it grows a suite of trees, sequentially modelling the residuals throughout all parts of the data, including
the nonconforming observations which are outliers from the main patterns explained in the initial trees
(Elith et al., 2008). This enables the BRT model to reduce bias and variance through forward stagewise
fitting and model averaging. In comparison, the RF classification model can reduce the variance more than
single decision tree models, but it cannot achieve any bias reduction as each tree is based on a bootstrap
sample which is distributed the same way as the original training data. As a result, the averaged bias of the
model is identical to the bias of any single tree.

61

Environmental Variable Influence
The machine learning modelling results provided the influence each predictor variable has on the habitat
suitability probability. For both the RF, and BRT models the location variable was the most powerful
predictor for the gopher tortoise, with location 3, Avon Park AFR, resulting in the greatest level of
probability. For the RF model the elevation and slope variables were also strong influencers on the gopher
tortoise distribution followed by the soils. For the BRT model the slope was the second strongest variable
followed by the soils and elevation. The mediocre influence of the soil’s variable and the corresponding
BRT response plot for the soils shows the highly suitable soils having the greatest probability, followed by
the suitable soils and less suitable soils. This backs up the classification made by the NRCS for gopher
tortoise soil suitability. The influence of the slope variable contradicts Baskaran et al. (2006), who found
that gopher tortoise burrows were not significantly related to slope. But it does coincide with Kowal et al.
(2014) who determined that gopher tortoises prefer lower slopes. The canopy cover variable also follows
previous research with the open, sparse, and moderate levels being deemed the most probable regions for a
gopher tortoise burrow and the dense canopy cover being the least suitable, agreeing with Inkley (1986).
The wetland variable had the smallest variable importance level under both the RF and BRT model, with
only three presence locations occurring within a location classified as wetland out of 2477 presence
observation points.
Habitat Map and Species Management
The habitat suitability maps showed the gopher tortoise having the largest areas of suitable habitat across
location 3, and location 5. Location 3, the Avon Park AFR is one of the few remaining regions across the
state containing undeveloped land within the gopher tortoises’ range that is large enough to support a selfsustaining population (McCoy and Mushinsky 2007; Styrsky et al. 2010; US Fish and Wildlife Service
2011), making its continued protection vital to the species survival. The ability to map suitable gopher
tortoise habitat in these locations can aid in relocation conservation efforts as urban expansion continues to
destroy their already sporadic habitat.
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This research has demonstrated soils alone may not be most appropriate for predicting gopher
tortoise burrow locations. This suggests that future survey locations could be selected based on a broader
combination of environmental variables rather than focusing only on high suitability soils, whether the goal
is to most accurately measure burrow density or to most efficiently locate the presence of gopher tortoises.
By also surveying areas where soils are marginal but slope, canopy cover, and elevation are favorable,
previously unidentified burrows might be discovered.
Study Limitations
A large limitation of this research is the inability for the model to be extended to map habitat suitability at
other study sites. Because the location factor cannot be extrapolated to other study sites, it is impossible to
apply the BRT model to an independent location. The modelling approach might be improved by capturing
an environmental factor that reflects the differences between the five locations used in this study. A
landcover type variable might be one possibility; however due to the large variations in landcover between
the sites this could be very challenging. For this research the lack of a landcover variable was not deemed
restrictive, as the elements of landcover were captured by including wetlands and canopy cover. Another
limitation to note is that even if the model could be extended to map other areas the validity of a ML model
is restricted to the range represented by the training and testing data (Thessen, 2016).
Another limitation is the provided gopher tortoise burrow locations. Line transects were defined by
FWC in areas where they expected to find gopher tortoises, selected using the soils data, because of this the
data is limited to areas deemed more suitable to gopher tortoises. An argument can therefore be that the
models may only provide a limited insight into gopher tortoise responses to the predictor variables.
However, the absence points were randomly distributed throughout the same transect areas in order to
reduce potential bias. Future studies might conduct less restrictive surveys to obtain more comprehensive
data for rerunning the analysis
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Conclusion
To conclude, it is recommended that the machine learning methods used here should be considered in future
habitat modelling of other species similar in nature, with their greater predictive performance and in-depth
analysis than the traditional GLM HSM. The ability of conservationists and planners to protect a species
and its habitat depends on knowing and understanding the species-habitat interactions and distribution.
Since the 1980s ecologists have been using habitat suitability models to predict and map species distribution
using field studies, using remotely sensed data to aid in their conservation. With the advancements in GIS
and statistical platforms such as R, it is now possible to conduct in depth species-habitat analysis using a
plethora of models. This has resulted in improved species habitat predictive accuracy, providing mappable
guides which can be used by policymakers to target habitat areas that will deliver the greatest benefit to a
species. Providing cost-savings to governments whilst still helping the environment. This research found
that the machine learning HSMs were able to add a level of knowledge on the connections between a gopher
tortoise and its habitat, providing information previously hidden from studies. The BRT model was shown
to have greater model accuracy and performance than the RF model. It is therefore suggested that these
machine learning models are used instead of the traditional GLM HSM as they can offer a greater predictive
performance and expand our species-habitat knowledge.

64

CHAPTER FIVE:
FLORIDA MANATEE HABITAT ANALYSIS USING RANDOM FORESTS AND BOOSTED
REGRESSION TREE ALGORITHMS

Introduction
The protection and expansion of keystone species habitat is of great importance to organizations such as
the U.S. Fish and Wildlife Service (USFWS) and, in Florida, the Florida Fish and Wildlife Conservation
Commission (FWC) whose responsibility it is to consider “areas of habitat believed to be essential to the
species’ conservation”. The Florida manatee (Trichechus manatus latirostris), hereafter ‘manatee’, is
considered a keystone species within its environment as the species behavior can alert researchers to
environmental and habitat shifts within the waterways that may otherwise go unnoticed. Today the West
Indian manatee population, which contains the subpopulation of the Florida and Antillean manatees, has
numbers ranging up to 13,000 individuals, with 6,620 in Florida (FWC, 2017). The most significant habitat
threats to the manatee include environmental impacts such as exposure to extreme cold temperatures, tidal
entrapments, harmful algae blooms (HABs), and human impacts from dredging, seagrass bed destruction,
along with the closure of artificial warm-water discharges from powerplants, resulting in habitat loss and
fragmentation (U.S. Fish and Wildlife Service, 2001; Florida manatee management plan, 2007). The largest
cause for human related manatee deaths come from watercraft collisions (Runge et al., 2007b). With newer
boats being able to travel faster in shallower waters, there has been an increase in manatee carcasses bearing
the scars from boat collisions and important seagrass beds being destroyed (Ackermann et al., 1995). The
increase in boat traffic and recreational water activities disturbing manatees can result in them leaving
preferred habitat and alter biological behaviors such as feeding, suckling, and resting (FWC, 2007). Due to
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the multitude of threats to manatees, there is a need for predictive mapping of their abundance in order to
prioritize conservation efforts.
Today, researchers have access to large online data sources where they can download
environmental variables and animal distribution data. These data sets can be used together for species
presence and abundance predictions. Some of the methods used thus far include multiple linear regression
(Guisande et al., 2013), index models (Downs et al., 2008), artificial neural networks (Recknagel, 1997;
Kampichler et al., 2010; Olaya-Marín et al., 2013), LASSO (Reineking, 2006), Bayesian regression (Stuber
et al., 2017), support vector machines (Drake et al., 2006), and maximum entropy models (Baldwin, 2009).
More recently, ensemble learning techniques have been popular for mapping species distributions
(Grenouillet et al., 2011; Hao et al., 2020). Ensemble learning algorithms combine multiple models to solve
a problem. These algorithms are primarily used to solve classification and regression prediction problems
as they can improve model accuracy (Polikar, 2012). This chapter will focus on two ensemble modelling
algorithms, a Random Forests (RF) regression model which makes use of a random feature selection
alongside a process called bagging where multiple trees are grown and allowed to vote for the most popular
predictor variable (Breiman, 1996; Kampichler et al., 2010; Olaya-Marín et al., 2013; Baltensperger and
Huettmann, 2015; Jaonalison et al., 2020) and Boosted Regression Trees (BRT) which use a boosting
approach to increase their predictive performances (Skurichina and Duin, 2002; Leathwick et al., 2006;
Parravicini et al., 2013; Yu et al., 2020). Both methods work by combining a large number of individual
tree models into one overall model (Breiman, 2001; Friedman, 2002; Yang et al., 2016).
The ability to use machine learning models to predict species’ abundance based on their
environmental predictors may help conservationists design and conduct species’ abundance surveys. By
using appropriate machine learning models’, predictions on species abundance can be produced for
unsurveyed locations to help direct management decisions (Potts and Elith, 2006). The capacity to predict
species abundance across large areas based on their surveyed occurrences in limited areas using
environmental variables has enabled conservationists and researchers to work together to protect areas of
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significant habitat (Guisan et al., 2002). However, the intricacies of ecological systems can present
challenges for both selecting suitable habitat predictors for a particular species and for modeling their
interactions (Evans et al., 2011). Machine learning models have some advantages over traditional regression
approaches including, a small number of user defined parameters, the ability to create non-linear boundaries
which is common when using real-world data, maintain robustness even when working with missing data
and outliers, use a stochastic process to reduce overfitting, and produce results which can be easily
summarized and interpreted (Breiman, 2001; Freidman and Meulman, 2003; Yang et al., 2016). With
applications such as Geographical Information Systems (GIS) and statistical programs such as R being
more widely used, environmental and land managers now have the potential to predict species abundance
over large areas. It should be noted that GPUs were not used for this study.
This chapter applied two machine learning models, a RF regression model and a BRT model, to
map manatee abundance at five sites across Florida. The objectives were to identify the relative influence
of environmental variables on Florida manatee abundance during winter and summer seasons, and map
monthly manatee absolute and relative abundances during winter and summer seasons. The resulting maps
were also used to evaluate how existing manatee protection zones align with predicted abundances. The
findings were used to suggest manatee protection strategies during different seasons.

Materials and Methods
Study Area
The study area is made up of four Florida counties across four different time periods (see Figure 11). The
2003 study site includes the coastal waters of Indian River county, the 2009 study site includes mainly the
western coastal waters of Pinellas county, the 2011 study sites include the coastal waters of Martin/St.
Lucie counties and the eastern coastal waters of Pinellas county, and the 2019 study site is the coastal
waters of Indian River county again.
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Figure 11: Location map of the manatee observation points across Florida counties and time periods

Data Collection
Count data
The selected years, 2003, 2009, 2011 and 2019, were determined by the availability of manatee observation
data provided by the Florida Fish and Wildlife Conservation Commission (FWC). This agency conducted
aerial distribution surveys over a multiyear period to determine the seasonal distribution of manatees. In
these aerial surveys, a small airplane was used every two weeks for a two-year time-period and flown at a
height of 500-1000ft for four to six-hour long flight surveys. The on-board observers counted manatees in
shallow near shore waters within an individual county. When a manatee was located, the airplane circled
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the area so the number of manatees in the group could be counted. Recorded observations included single
manatees or the count of manatees in a group.
Manatees have quite different spatial distributions depending on the season and so for each selected
year the data were divided into winter and summer seasons. The range of months for these seasons was
determined by reviewing previous manatee season publications (Gannon et al., 2007; Langtimm et al.,
2011; Kleen and Breland, 2014; Merson et al., 2014; Martin et al., 2015). The winter season included the
months of December, January, February, and March, the summer season included the months of June, July,
August, and September. The number of observations for each season is shown in Table 7.

Table 7: The number of manatee observations by year, location, and season.

Year

County

2003

Indian River

2009

Western Pinellas

2011

Martin and St. Lucie

2011

Eastern Pinellas

2019

Indian River

Season
Winter
Summer
Winter
Summer
Winter
Summer
Winter
Summer
Winter
Summer

Observations
196
110
59
194
537
165
172
204
457
357

Count Range
1 – 19
1 – 12
1 – 17
1 – 15
1 – 24
1–6
1 – 73
1 – 35
1 – 50
1 – 25

Environmental variables
A species abundance model has not yet been completed for the manatee, but individual environmental
variables have been studied (Table 8). The manatee can be found in a variety of environments, from densely
populated urban canal systems to mangroves and salt-marsh habitats. They can tolerate a range of water
salinities (including freshwater rivers, estuaries, and marine habitats) but, as mammals, manatees require
freshwater sources to drink, either from creeks or industrial discharges (Lefebvre et al., 2001; OliveraGomez & Mellink, 2005). Being herbivores, manatees feed on a variety of marine and freshwater vegetation
(Bengtson, 1983), with seagrasses making up the largest proportion of their diet (Alves-Stanley et al., 2010).
Manatees favor shallow water seagrasses but often use deeper waters to escape approaching watercraft or
other disturbances (Nowacek et al., 2004). In terms of water temperatures, cold-water stress to manatees
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can result in emaciation, dehydration, skin lesions, gastrointestinal disorders, and death (Bossart et al.,
2003). Water temperatures in Florida periodically drop below the threshold of 16-18°C (61-64°F) for
extended periods of time (Bossart et al., 2003), and during the winter months a significant number of coldrelated deaths have been documented. For example, the year 2010 saw a notably high number of cold-water
mortalities totaling 280 during a three-month period. Due of the threat of cold-water temperatures during
the winter season manatees retreat to warm water refuges where the water temperatures are around 20°C
(68°F). These warm water refuges are typically created by discharges from power plants and natural springs
in central and northern Florida (Laist and Reynolds III, 2005a).
The environmental variables downloaded for the manatee abundance models are shown in Table 9.
Continuous mapping layers for each of the habitat predictors were produced in GIS. The seagrass data was
classified as ‘continuous’ seagrass and ‘patchy’ (discontinuous) seagrasses. The continuous seagrass is
present year-round across all the time periods, the patchy seagrass was classified differently depending on
which organization collected the data and is therefore not recommended to be used for time series
comparisons. Using the continuous seagrass raster layer, the distance (in kilometers) each raster cell was
from the closest seagrass cell as calculated in GIS. The warm water refuge sites were determined by the
U.S. Fish and Wildlife Service (2001) and further examined by Laist and Reynolds III (Laist and Reynolds
III, 2005b). Like the distance to seagrass variable, the distance (in kilometers) to warm water refuge sites
was again calculated for each raster cell in GIS. The bathymetry variable was a raster layer downloaded
from NOAA with elevations ranging from -28 meters to +7 meters within our study sites, the higher
bathymetry areas were in inland streams. Water salinity (ppth) and water temperature (°C) variables were
obtained from the National Water Quality Monitoring Council monitoring stations.

Salinity and

temperature data were interpolated each month from the station data using inverse distance weighting to
obtain a continuous raster of values. Figure 12 is an example showing the water temperature across eastern
Pinellas County for the 2011 winter season by month.
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Table 8: Examples of publications on manatee habitat variables
Habitat
Variable
Season

Seagrass

Bathymetry

Salinity

Warm water
refuge

Previous Publications

Findings

Deutsch, C. J., Reid, J. P., Bonde, R. K., Easton, D. E., Kochman, H.
I., & O'Shea, T. J. (2003). Seasonal movements, migratory behavior,
and site fidelity of West Indian manatees along the Atlantic coast of
the United States. Wildlife monographs, 1-77.
Lefebvre, L. W., Reid, J. P., Kenworthy, W. J., & Powell, J. A.
(1999). Characterizing manatee habitat use and seagrass grazing in
Florida and Puerto Rico: implications for conservation and
management. Pacific Conservation Biology, 5(4), 289-298.
Gannon, J. G., Scolardi, K. M., Reynolds III, J. E., Koelsch, J. K., &
Kessenich, T. J. (2007). Habitat selection by manatees in Sarasota
Bay, Florida. Marine Mammal Science, 23(1), 133-143.
Alves-Stanley, C. D., Worthy, G. A., & Bonde, R. K. (2010). Feeding
preferences of West Indian manatees in Florida, Belize, and Puerto
Rico as indicated by stable isotope analysis. Marine Ecology
Progress Series, 402, 255-267.
Haase, C. G., Fletcher, R. J., Slone, D. H., Reid, J. P., & Butler, S. M.
(2017). Landscape complementation revealed through bipartite
networks: an example with the Florida manatee. Landscape
Ecology, 32(10), 1999-2014.

Most manatees migrated seasonally
between the winter season of
November to March along the
Atlantic coast

Hartman, D. S. (1979). Ecology and behavior of the manatee
(Trichechus manatus) in Florida (No. 599.55 H3).
Olivera-Gómez, L. D., & Mellink, E. (2005). Distribution of the
Antillean manatee (Trichechus manatus manatus) as a function of
habitat characteristics, in Bahıá de Chetumal, Mexico. Biological
Conservation, 121(1), 127-133.
Nowacek, S. M., Wells, R. S., Owen, E. C., Speakman, T. R., Flamm,
R. O., & Nowacek, D. P. (2004). Florida manatees, Trichechus
manatus latirostris, respond to approaching vessels. Biological
Conservation, 119(4), 517-523.
Olivera-Gómez, L. D., & Mellink, E. (2005). Distribution of the
Antillean manatee (Trichechus manatus manatus) as a function of
habitat characteristics, in Bahıá de Chetumal, Mexico. Biological
Conservation, 121(1), 127-133.
Runge, M. C., Lantimm, C. A., Martin, J., & Fonnesbeck, C. J.
(2015). Status and threats analysis for the Florida manatee
(Trichechus manatus latirostris), 2012. US Department of the
Interior, Geological Survey.
Laist, D. W., & Reynolds III, J. E. (2005a). Influence of power plants
and other warm‐water refuges on Florida manatees. Marine Mammal
Science, 21(4), 739-764.
Laist, D. W., & Reynolds III, J. E. (2005b). Florida manatees, warmwater refuges, and an uncertain future. Coastal Management, 33(3),
279-295.
Haase, C. G., Fletcher, R. J., Slone, D. H., Reid, J. P., & Butler, S. M.
(2017). Landscape complementation revealed through bipartite
networks: an example with the Florida manatee. Landscape
Ecology, 32(10), 1999-2014.

Water
temperatures

Laist, D. W., & Reynolds III, J. E. (2005). Influence of power plants
and other warm‐water refuges on Florida manatees. Marine Mammal
Science, 21(4), 739-764.
Runge, M. C., Lantimm, C. A., Martin, J., & Fonnesbeck, C. J.
(2015). Status and threats analysis for the Florida manatee
(Trichechus manatus latirostris), 2012. US Department of the
Interior, Geological Survey.
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Prefer shallow seagrass beds
Seagrass makes up the largest
portion of manatee diets
Manatees adopt central-place
foraging strategies during the
winter season, periodically leaving
warm-water refuges to feed on
nearby seagrass beds
waters as shallow as 0.4 m with
their backs out of the water
analysed manatee water depth and
slope, finding manatees were found
at depths greater than 3.0m and a
medium level slope
When being approached or feeling
threatened manatees flight response
sends them to deep water channels
manatees were found closer to
freshwater sources and low levels
of salinity
Warm-water manatee carrying
capacity influenced by prolonged
water temperatures
warm-water springs should be
considered the most important
winter-refuge
Roughly 60% of manatees migrate
to use outfalls from 10 power
plants, and 15% of manatees use 4
natural warm-water springs
Manatees adopt central-place
foraging strategies during the
winter season, periodically leaving
warm-water refuges to feed on
nearby seagrass beds
winter water temperatures fall
below the threshold resulting in
manatee movements to warm-water
refuges
water temperatures affect the
carrying capacity of a water body

Table 9: Manatee response and predictor variables
Variables
Response

Manatee Count
Month
Distance to seagrass
(km)

Bathymetry (m)
Predictor
Salinity (ppth)

Water temperature
(°C)

Distance to warm
water refuge (km)

Data source
Florida Fish and Wildlife Conservation
Commission (2003-2019)
Florida Fish and Wildlife
Conservation Commission (20032019)
Florida Fish and Wildlife Conservation
Commission-Fish and Wildlife
Research Institute (March 2021)
NOAA Continuously Updated Digital
Elevation Model (CUDEM) - Ninth ArcSecond Resolution BathymetricTopographic Tiles (2021)
National Water Quality Monitoring
Council (2021)
www.waterqualitydata.us/portal
National Water Quality Monitoring
Council (2021)
www.waterqualitydata.us/portal
Laist, D. W., & Reynolds III, J. E.
(2005b). Florida manatees, warmwater refuges, and an uncertain
future. Coastal Management, 33(3),
279-295.

Figure 12: Water temperature data for eastern Pinellas county by month.
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Winter values

Summer values

1 – 73

1 – 35

12 / 1 / 2 / 3

6/7/8/9

0 – 11.25

0 – 8.78

-28 – 8

-29 – 7

0.91 – 38.36

0.18 – 37.36

10.73 – 26.95

26.32 – 32.66

0.04 – 76.12

0.19 – 73.51

Model Building
Data exploration
Histograms were produced of the continuous predictors, as well as the abundance count input and can be
seen in the Appendix 1, Figure A5 and a scatterplot of the information in Appendix 1, Figure A7. Boxplots
were also created for each of the months across the two seasons seen in Appendix 1, Figure A6. Some of
the variables displayed skewness and would require transformations if being used in traditional regression
models but machine learning models do not require transformed data to be input.
Random forests model.
As the response variable is continuous, the final ensemble is created by combining the individual trees by
unweighted averaging (Cutler et al., 2012). The key parameters needed to build a RF model are the number
of trees to be built, the bag size, the number of predictor variables Y that are selected at random at each
node, and the tree depth which is defined using the number of examples at a leaf which specifies number
of observations to be used (Scornet, 2017). To determine the suitable number of trees and predictor variables
to be searched, a combination of cross-validation and validation tests were executed.
Before any tests were executed the initial data was first separated into a training set and a testing
set. The observations for each season were separated into a random 70% training set and the remaining 30%
was used as a testing set, this was completed 50 times to generate 50 different training and testing datasets.
Two cross-validation tests were executed to determine the suitable number of random predictors to be
selected at each node. The first cross-validation test used the Mean Squared Error metric (MSE) which
calculates the average squared difference between the estimated manatee abundance and the actual manatee
abundance. The cross-validated prediction shows the performance of models with successively smaller
number of predictors, determined using the variable importance, by a nested cross-validation process
(Svetnik et al., 2004). After being run 100 times, 3 predictor variables were recommended a majority of the
time. The other cross-validation test implemented an automatic tuning procedure for the number of
predictors using the out-of-bag error rates which calculates the number of correctly predicted rows from
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the out of bag sample (Liaw and Wiener, 2002). This test gave a value of 2 predictors producing the lowest
out-of-bag error rates but was followed closely by 3 predictors.
To further help select the most suitable number of predictor variables to use in the RF model,
validation measures were computedwith 3000 trees, and run on the three metrics: MAE, MSLE, and
RMSLE. The validation metrics are all based on the differences between the observed and predicted values
for the response, i.e., the errors. The Mean Absolute Error (MAE) calculates the average of the absolute
errors. A MAE value of 1 means that the average of the absolute errors was off by a count of 1 manatee per
observation. The other metrics used were the Mean Squared Logarithmic Error (MSLE), which measures
the ratio between the actual values and the predicted values, and the Root Mean Squared Logarithmic Error
(RMSLE), which measures the ratio between the actual values and the predicted values then takes the log
of those values (Hunt, 2020). These evaluation metrics are robust to outliers. In this study, 50 different sets
of training/test data sets were used for model evaluation, and the metrics were averaged across the 50 sets.
Using three predictor variables at each split or six predictors returned the same validation metric results.
Using two predictor variables returned poor validation results so was not considered moving forward.
Probst et al., (2019) explains how using a lower number of predictor variables in an RF model can result in
less correlated trees and yield better stability when aggregating. However, a lower number of predictors
considered at each node can also lead to poorer performing trees, so a tradeoff occurs between stability and
model accuracy.
The final RF regression models created for both the winter and summer used three predictors with
3000 trees. Two measures of importance were calculated for each seasonal model. The first calculates how
much the accuracy decreases when the variable is removed and is known as the permutation accuracy
importance. This is done by randomly permuting a single predictor variable eliminating its association with
the response, then using the permuted variable alongside the remaining unpermuted variables to predict the
response. If the permuted variable was highly associated with the response then the prediction accuracy
will substantially decrease (Strobl et al., 2007). The second importance test known as the Mean Decrease
Impurity (MDI) or the average impurity reduction is calculated using the total weighted sum of the impurity
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decrease from splitting the variable, averaged over all the trees (Biau and Scornet, 2016; Botta et al., 2014).
The higher the value of node purity the greater the importance of the variable to the model.
Boosted regression tree model.
BRT models can be broken down into two algorithms: decision tress which are used in classification and
regression tree modelling, and a boosting algorithm which builds and combines a collection of models.
When using the boosting method, individual decision trees are created in a stagewise progression with the
training data, slowly working to improve the poorly modelled observations using the existing collection of
trees (Elith et al., 2008). In regression problems, boosting works as a ‘functional gradient descent’ working
to minimize the loss in predictive performance by adding a new tree at each stage which works to reduce
the loss. What variables are selected at each split is random, adding a stochastic process to the BRT model,
decreasing the variance and improving the predictive accuracy of the final model (Hastie et al., 2001;
Friedman, 2002). The final BRT model is a linear combination of all the trees, which can be regarded as a
regression model where each term is a tree (Elith et al., 2008). The fitted values in the final BRT model are
computed by the addition of all the trees multiplied by a user defined learning rate, producing a much more
stable and accurate result than those produced by a single decision tree. This “learning” process has a rate
(amount of incremental update), a fixed depth of tree fitted at each iteration, and the overall amount of
learning (number of trees). These are all parameters, along with the proportion of the residuals, that need
to be determined by the analyst.
The two main boosting parameters are the number of trees and the learning rate, also known as the
shrinkage rate. The learning rate controls the influence each individual tree will have on the model. A
smaller learning rate alongside a large number of trees is preferred but the model will run much slower,
usually a value substantially less than one is recommended (Sutton, 2005). The suitable number of trees
can be determined by estimating the optimal number of boosting iterations and plotting various performance
measures using the out-of-bag errors (Ridgeway, 2007). This was executed 100 times using a BRT model
with 10,000 trees and a learning rate of 0.01. The average recommended trees from this test were 9200. The
other two parameters which need to be defined are the bag fraction and the tree complexity. For the BRT
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model stochasticity, the bag fraction is used to determine the percentage of data selected at each step.
Instead of manually adjusting the parameters one at a time and testing them through validation measures,
it is better to execute a grid search which iterates over every combination of parameter values to determine
which combination performs best (Bergstra and Bengio, 2012). The first step involved constructing a grid
of parameter combinations across 162 models with varying learning rates (0.001, 0.01, and 0.1), interaction
depths (2, 3, 4), and bag fractions (0.5, 0.6, 0.7, 0.8, 0.9, 1). Each parameter combination was applied to a
model containing 10,000 trees and a cross validation of 10 data folds. Calculated error rates were used to
determine which combination of parameters worked best. The top five recommended parameter
combinations were then further evaluated using validation measures like those used for the RF model
parameter selections. The best performing combinations based on the MSE, MSLE and RMSLE results
were then used for the final BRT models. For the winter and summer BRT models the best combination
was a shrinkage rate of 0.01, an interaction depth of 3, a bag fraction of 0.5, and 10,000 trees.
The importance of each explanatory variable was extracted from each summer and winter BRT
model using the MSE and out-of-bag error rates. The relative influence uses the largest average decrease in
MSE to determine the most important predictor variable. This test is based on the number of times a variable
is selected for splitting, weighted by the squared improvement to the model from each split, then averaged
over all the trees (Friedman and Meulman, 2003). In comparison the permutation test uses the largest
decrease in accuracy using the OOB error measure to determine the most important variables (Friedman,
2001; Ridgeway, 2007).
Model Evaluation
With the final RF regression models and BRT models built for both summer and winter, the final step was
to assess the ecological realism of the models (Elith et al., 2005) and associated predictions (Thuiller et al.,
2014). This was completed using the validation measures again, running the models 50 times on different
sets of training/test data sets and then averaging the results across the 50 sets. The model which performed
best had partial dependence plots created for each variable separated by season. The partial dependence
plots display the marginal effect a predictor has on the predicted abundance. The results of the plots can be
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used visualize the relationships the model has learned about the manatee abundances. Using the same model
which produced the highest prediction accuracy, manatee abundance maps were created for each of the
original sites. Another set of maps was also created displaying the manatee protection zones overlaying the
predicted manatee abundances.

Results
Data Exploration Results
The histograms show that the distance to seagrass, and distance to warm water refuge are extremely skewed
(Appendix 1, Figure A5). The bathymetry and salinity distributions are somewhat bell-shaped, and the
water temperature has a bimodal distribution. This bimodal distribution can be attributed to the two seasons.
The boxplots for each month (Appendix 1, Figure A6) show that for distance to warm water refuge,
bathymetry and salinity there is not a large difference between the months. For the distance to warm water
refuge, there are several outliers across each month which are located over 60 kilometers from a warm
water refuge. This was surprising as it was expected that manatees would be located closer to the warm
water refuge areas during the winter months and then further away during the summer months. For
bathymetry there seems to be a relatively even distribution across the months with a depth of -5 meters.
The observations which occurred above sea level are located inland in estuaries and streams.
Seagrass is a predictor variable deemed important to the manatee from past literature, so comparing
the distance to seagrass with the water temperature could reveal valuable information. Appendix 1, Figure
A7 show that as the temperature increases, the distance to seagrass seems to also increase. However, when
looking at the average there is a decrease with a mean of 0.63 km in the warmer summer season compared
to the winter season which has a mean distance of 0.7 km. When looking at the counts 94.5% of all the
manatees were located less than 3 km to the closest seagrass beds showing how important it is for them to
be close by for feeding purposes.
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Variable Importance
Random Forests
The calculated measures of predictor importance as described earlier are shown in Table 10 for both the
winter and summer models. The winter RF model had the distance to warm water refuge being the most
influential variable followed by the water temperature, and salinity. The summer RF model had the distance
to warm water refuge being the most influential variable followed by the salinity, then water temperature.
Both the winter and summer models deemed the bathymetry and month variables as the least important.
Table 10: Random Forests variable importance

Month
Bathymetry
Distance to Seagrass
Salinity
Water Temperature
Distance to Warm Water Refuge

Winter

Summer

Node Purity
733.34
1854.05
2148.21
3364.37
3496.24
4665.39

Node Purity
158.25
336.51
548.84
881.02
867.73
1230.60

Boosted Regression Trees
The relative influence measures for the BRT models as described earlier, are shown in Table 11. Both the
winter and summer BRT models had the distance to warm water refuge variable having the greatest relative
influence followed by the water temperature, and salinity. The month and bathymetry variables are again
deemed to have the least influence on the manatee abundance.
Table 11: Boosted Regression Tree variable importance

Month
Bathymetry
Distance to Seagrass
Salinity
Water Temperature
Distance to Warm Water Refuge

Winter
Relative Influence
1.49
11.55
13.53
17.01
21.70
34.72
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Summer
Relative Influence
3.16
12.14
13.75
20.86
22.20
27.88

Model Validation
From the evaluation metrics shown in Table 12, it is evident that the RF model for both seasons produced
the better model performance, having smaller values for all of MAE, MSLE, and RMSLE. Looking at the
RF model validation tests, the summer season RF model outperformed the winter RF model. In comparison,
the winter BRT model outperformed the summer BRT model.
Table 12: Model evaluation results.

Winter RF model
Summer RF model
Winter BRT model
Summer BRT model

MAE
0.92
0.76
1.35
1.55

MSLE
0.10
0.07
0.19
0.30

RMSLE
0.31
0.26
0.44
0.55

Habitat Prediction
As the RF regression models had the better performance, they were used to analyze each predictor variable
thru their partial dependence plots. These show the dependence between the response variable (manatee
count) and each predictor, marginalizing over the values of all other predictors (Figure 13 and Figure 14).
Comparing the winter RF model and summer RF model it is apparent that the winter RF model produces a
greater range of abundance values in the winter than in the summer. The distance to warm water refuge
variable sees a decrease in abundance as the distance increases. In the winter season the predicted manatee
abundance plateaus out at a distance of around 20 km to the nearest warm water source. In comparison in
the summer season, this levelling out doesn’t occur until around 40 km from the nearest warm water source.
For water temperature, as the temperature increases the predicted abundance also gradually
increases. In the winter season there is a decline in predicted manatee abundance around 18°C before it
starts to increase from a prediction of 2.5 to 3.5 manatees. The summer season has a move visually evident
increase in abundance from 2 to 3 manatees as the temperature increases from 27°C to over 32°C. For
salinity, there is a negative correlation between salinity level and predicted manatee abundance. The lowest
abundance levels in the winter season occur at salinity levels of 20ppth and 30ppth, suggesting these higher
saline waters are less desirable to the manatees. This is the same in the summer season with a continuously
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declining predicted abundance level. The distance to seagrass variable produced relatively stagnant
abundance predictions. In the winter season there is a slight increase at a distance of 5km which can also
be seen in the summer season at 5.5km, before plateauing out. The bathymetry plots displayed low
abundance predictions between -10°C to -5°C in both the summer and winter seasons. This could be due to
a limiting number of observations which occurred in these bathymetry levels, potentially suggesting that in
the winter season the manatees may move to deeper warmer waters or inland waters heated by the
surrounding land. However, that does not explain why there is a similar decline in predicted abundance in
the summer season.
Manatee Abundance Maps
The manatee abundance prediction maps for each site and year can be found in the Appendix 1, Figures
A8-A11. Across all five maps produced it is evident that there are some similarities between the abundance
predictions. For the winter season, there are clear concentric rings around the warm water refuge sites with
the highest manatee abundance predications occurring closest to the warm water refuge sites then gradually
declining as the distance from them increases. In the summer season the abundance maps display more
evenly dispersed manatee numbers at lower abundance levels, however the warm water refuge sites still
maintain the highest abundance predictions across each month and site.
Evaluating each abundance map individually we start with the Indian River county, 2003 data
(Appendix 1, Figure A8). There are two concentric rings visible in the winter months, the northern most
ring focuses on the St. Sebastian Creek, and the southern ring extends out from the Vero Beach City Power
Plant. Both locations contain warm waters year-round providing a winter sanctuary to manatees. Focusing
on the month of March the highest predicted manatee abundances are located at the northern end of the site
within the St Sebastian stream and its discharges, with predicted abundances between five to nineteen
manatees. The areas further south surrounding the Vero Beach warm water refuge site have predicted counts
up to ten manatees, slowly decreasing the further away the distance is from this warm water site. In
comparison, the summer months display much lower manatee abundance predictions fairly dispersed across
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the site. Only the month of July displays potentially higher predictions in close proximity to the Vero Beach
City Power Plant.
The manatee abundance predication maps for western Pinellas county, 2009 data provided
information surrounding the entire county (shown in Figure 15). The concentric rings in the winter months
surrounding the Bartow Electric Generating Plant on the eastern coastline of the county are very evident,
even in the summer months the highest abundance predictions surround the warm discharge waters of the
plant. The month of December has the highest predicted levels of abundance around the Bartow plant on
the eastern coastline, and then along the coastline in the north west of the county, despite there being no
warm water refuge sites in this area. In January this is the same except there is also another cluster of higher
abundance predictions in the waters further south of the county of both the eastern and western coastlines
away from any warm water sites. In the month of February, the largest cluster of high abundance predictions
occurs on the western coastline of the county spreading northward, almost hugging the shallower waters of
the coastline. By the month of March, these high abundance levels have spread to the northern edge of the
county and into the small streams reaching into the coastline. March also has very clear concentric rings
surrounding the warm water refuge site on the eastern coastline of the county. The months of December
and March hold the highest predicted manatee abundance across all the study sites, with the areas
immediately surrounding the warm water refuge site containing abundance predictions greater than 20
manatees. This is the same area which contained the largest manatee count number of 73 across the study
sites in the original FWC data. For all the winter, and summer months, the lowest predicted abundance
levels occur in the southern end of the county where the Gulf of Mexico comes into the bay surrounding
Pinellas county. In the summer months there is a noticeable increase in manatee abundance in the south
eastern corner of the site where predicted number of manatees increase to four. There is another warm water
refuge site on the opposite side of the bay in the neighboring Hillsborough county, TECO Big Bend Power
Station which may be influencing this increase.
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Figure 13: Partial dependence plots for the random forests regression model, distance to warm water refuge, water temperature and salinity variables.
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Figure 14: Partial dependence plots for the random forests regression model, distance to seagrass and bathymetry variables
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The Martin and St. Lucie 2011 counties data is displayed in Appendix 1, Figure A9. The concentric
rings in St. Lucie are expanding out from the Fort Pierce King Power Plant which acts as a warm water
refuge for manatees in the winter with its warm discharge waters. In the winter months the rings are very
visible with the highest abundance levels in the center then gradually decreasing away from the power plant.
As there are no warm water refuge sites in Martin county the predicted manatee abundance levels are below
three manatees throughout the coastal waters. For the winter and summer months, the inland stream which
starts in the coastal waters of Martin county before spreading north into St. Lucie county has a medium
abundance of manatees year-round. Despite the lower manatee abundance levels across the counties
compared to other counties, the summer months do have patches of abundance predictions up to four
manatees.

Figure 15: Manatee abundance maps for the Pinellas county, 2009 data. Months Decembers through to March show the RF
winter model, and months June to September display the RF summer model results.
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The abundance maps focusing on just the eastern coastline of Pinellas county, 2011 data are
displayed in the Appendix 1, Figure A10. Throughout the year the highest abundance levels are visible in
the waters surrounding the Bartow Electric Generating Plant which produces warm discharge waters. The
winter months contain the greatest abundance levels across the site spreading out in concentric rings away
from the warm water refuge site. December has the largest areas with abundances between five to ten
manatees reaching out into the bay and hugging the northern coastline, with low abundance levels predicted
for the southern tip of the county, like what was visible in the western Pinellas county abundance maps. As
the months continue during the winter the concentric rings shrink inwards towards the warm water source,
with some areas maintaining a manatee abundance greater than ten. In February the higher abundance
predictions are spread tightly along the northern coastline of the county, surrounded by low abundance
levels less than two manatees. The southern portion of the county maintains the lower abundance prediction
levels throughout the year starting in March then continuing through the summer. In the summer months
the highest abundance levels are still focused in a hotspot around the Bartow Plant, with counts up to ten
manatees in these shallower coastal waters. The rest of the county has dispersed lower abundance levels as
the manatees are able to spread out and move further due to the warming waters no longer restricting their
movements.
The Indian River county, 2019 data produced similar manatee abundance maps to the 2003 data
(Appendix 1, Figure A11). Again, there are two clear concentric rings in the winter season, along with the
months of June and September which also display rings in the deeper coastal waters of the Atlantic Ocean.
The range of manatee abundance predictions is also similar between the two years with the 2003 abundance
maps having a maximum abundance level of 19.56 and the 2019 data having a level of 19.90 manatees
predicted. Noticeably the intracoastal waters along the county have very complex and dispersed abundance
levels with scattered areas of the highest level over ten manatees to surrounding areas with predictions of
one to two manatees. In comparison the coastal waters offshore show large areas of the same abundance
levels, especially in the summer season. In the winter season the concentric rings can be seen spreading
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into these offshore waters away from the inland warm water sources, indicating the large impact these
sources have on manatee abundances.
Relative Abundance Maps
Mapping the winter and summer RF models using quantiles produces maps (Appendix 1, Figures A12A15) that allowed for the relative patterns of abundance between the two seasons to be compared by
standardizing the data, i.e., removing the absolute differences in abundance across the two seasons.
Focusing on the Pinellas county 2009 relative abundance maps (Figure 16) for the winter season, the
quantiles form centric rings around the warm water refuge site, Bartow Electric Generating Plant, in the
central eastern coastline of the county. The concentration of the high value quantile levels around the plant
speaks to the significance of water temperature and the ‘pull’ of warm water refuges to manatees. In
comparison the summer season RF model quantile maps display much more dispersed patterns of relative
abundance.
Looking at the months individually we see large portions of the highest relative abundances
clustered close together in the waters more offshore near the warm water refuge site, and then on the
opposite coastline to the north there are also high relative abundance levels in the month December.
Hugging the coastline, the relative abundances are very mixed ranging from the lowest abundance up to the
highest in small, fragmented sections of water. The northwestern waters off the coastline, heading into the
Gulf of Mexico have the largest spatial areas with the lowest relative abundances. In January the concentric
rings are still present, but the rings are thinner and in between each ring are low abundance levels breaking
up the waters within the bay to be a mixture of all the relative abundances. The waters within the bay which
are hugging the coastline have the highest abundances and immediately adjoining them is the lowest
abundance levels indicating a sharp decline. The waters again in the north western coastline of the county
contain large portions of the highest relative abundance areas heading into the stream, mixed in the
gradually decreasing abundance levels further offshore. Further south along the western coastline there are
high relative abundances immediately adjacent to the coastline, with the southern tip of the coastline
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displaying the lowest relative abundances which gradually increase into the bay and the Gulf of Mexico.
The month of February is very similar to December, with the largest difference being that on the north
western coastline of Pinellas county the entire region contains some of the highest relative abundances.
Also, the second ring on the concentric rings surrounding the warm water refuge site contains a strong mix
of all the relative abundances, before becoming more consistent with large areas of level three. March
displays the largest areas of the lowest relative abundances across the winter season, with almost all the
waters heading out of the bay and into the Gulf of Mexico being low. The concentric rings are still strongly
present around the warm water refuge source, and the north western coastline still contains a large
domination of the higher relative abundances. Very thin areas embracing the entire Pinellas county coastline
have the highest relative abundances, but these thin strips quickly decline into the lowest relative
abundances.

Figure 16: Manatee relative abundance quantile maps for the Pinellas county, 2009 data using the random forests model
results.
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The summer months resulted in very different spread of relative abundances across the waters
surrounding Pinellas county. The most noticeable difference being that the concentric rings surrounding the
warm water refuge site are no longer present, and the waters in the southern portion of the bay have large
spatial blocks of the highest abundances, which were much more diverse in the winter season. In June the
waters along the coastline within the bay display high relative abundances, with the center of the bay being
a more dispersed mixture of all the abundances. There is still a small distinct circle surrounding the warm
water refuge site suggesting that it still has some sort of ‘pull’ even in the warm months. The waters along
the southern point of the county also have high relative abundances hugging the coastline which are then
surrounded by the lowest relative abundance, perhaps influenced by the decrease in elevation into the Gulf
of Mexico. This pattern of abundance spread is very similar in July with a mixture of relative abundances
within the bay and low abundance levels off the coast in the Gulf of Mexico, however the north western
region is back to containing the higher relative abundances but still covering a smaller spatial area than in
the winter season. The end of the stream in the northern portion of the county maintains the highest relative
abundances year-round, again suggesting it is preferred by manatees even as the waters increase in
temperature. In August the waters within the bay along the northern coastline are covered by a larger area
of high abundances than in the prior two months. The center, and narrowest portion of the bay is almost
entirely covered in the highest relative abundance, with a large section of the southern eastern section of
the bay also containing high abundance levels. The month of September shows many similarities to August
except the center of the bay is starting to return to a mixture of all the relative abundances again, with the
highest abundance levels being adjacent to the coastline.
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Discussion
Model Comparison
This study applied two machine learning models to predict manatee abundance. The RF regression models
for both the winter season and summer season produced marginally better predictive performances than the
BRT models. All three-validation metrics had the RF models outperforming the BRT models although not
by a large amount. The MAE values for the RF models shows how the average of the absolute errors was
off by less than one manatee, indicating a reasonably high accuracy, while the BRT models had a value of
1.35 manatees for winter and 1.55 manatees for summer. This is similar for the other two validation metrics:
MSLE and RMSLE. This closeness of the model results indicates that both ML models performed at a high
level and either could therefore have been used to create manatee abundance maps.
These results are similar to other studies which found RFs performed equally well to the BRT
model (Knudby et al., 2010b; Smoliński and Radtke, 2017; Yu et al., 2020). This study has highlighted the
powerful predictive ability of machine learning models for ecological studies. The advantages of machine
learning models such as RF and BRT include, a small number of user defined parameters, the ability to
create non-linear boundaries which is common when using real-world data, maintain robustness even when
working with missing data and outliers, use a stochastic process to reduce overfitting, and produce results
which can be easily summarized and interpreted (Freidman and Meulman, 2003; Olden et al., 2008; Knudby
et al., 2010a; Thessen, 2016; Yang et al., 2016).
Variable Importance
For both the RF and BRT models the distance to warm water refuge was the most important environmental
variable impacting the abundance of manatees. For the winter RF model, water temperature and salinity
were the second the third most influential predictor variables, with the summer RF model having salinity
followed by the water temperature. Similarly, the winter and summer BRT models also had water
temperature being the second most important predictor variable followed closely by salinity. These results
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accord well with previous research on the manatee, with several publications stressing the importance of
warm water refuge sites to manatee survival in the winter months (Deutsch et al., 2003; Laist and Reynolds
III, 2005a; Laist et al., 2013; Sattelberger et al., 2017). Water temperature is often included in these winter
refuge site studies as manatees have a limited threshold to temperatures below 16°C, although some studies
have used water temperature as an individual habitat predictor variable for the manatee (Langtimm et al.,
2011; Hardy et al., 2019). Manatees can tolerate a wide range of salinities (Ortiz et al., 1998), however they
prefer sources of freshwater with lower salinity levels (U.S. Fish and Wildlife Service, 2001; Barton, 2006).
The results show that during the winter season, the need for warm water temperatures overrides the
preference for low salinity. During the summer season, when the water temperature is not restricting,
manatees do appear to have a preference for lower salinity conditions.
Following the three predictor variables discussed above, the distance to seagrass was the next most
important variable, followed by bathymetry. Despite distance to seagrass often being considered as an
important variable to the manatee (Lefebvre et al., 1999), they can travel large distances to reach seagrass
beds so the need to be located very close to them may therefore not be as important as the other habitat
variables. It has been observed, for example, that during the winter months manatees adopt a central-place
foraging strategy where they rest in warm water refuges and then only periodically travel out to seagrass
beds (Haase et al., 2017). Our results back up this hypothesis, with the manatee abundances predicted to be
high at locations close to warm water refuge sites which are not close to seagrass beds, the need to stay in
warmer water supersedes the need to be close to seagrass beds. Manatees are generally found in waters
around two meters deep, mostly because their primary food is rarely found in deeper waters (Lefebvre et
al., 1999; Weigle et al., 2001). Studies have reported mixed results on the relative importance of bathymetry
in explaining manatee distribution within this range of suitable depths. For example, Olivera-Gómez and
Mellink (2005) found that bathymetry was influential in their regression model, with depths of 1.6 to 4.5
meters resulting in higher manatee abundances. Jiménez (2005) conducted a GLM and found a positive
relationship between manatee presences and depth, with manatees being located at an average depth of 3.03
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meters. The findings of this study had bathymetry contributing to our models across the five location but
resulted in relatively low importance compared to other predictors. However, when evaluating the manatee
abundance maps it is visually evident that bathymetry has some play on manatee abundances as they
manatees are not expected to be found in large number at extreme depths.
Manatee Abundance Map and Potential Management
The manatee abundance maps produced show large portions of the coastlines can be occupied by a small
group of manatees. The eastern coastline of Pinellas county has the largest continuous areas of manatee
abundance greater than two manatees including small hotspots with predicted abundances greater than five
manatees. During the summer months, as the water temperatures surpass the manatee’s threshold, they can
disperse outside the warm water hotspots into other regions. This explains the lower abundance numbers in
the summer season as the manatees spread out along the states coastline and no longer congregate together.
Despite the warmer temperatures, the waters around the Bartow Electric Generating Plant maintained
higher manatee abundance levels throughout the year. This could be due to plentiful and high-quality
seagrass beds and the shallow water ways surrounding the Weedon Island Preserve. Similar results were
found in the Port of the Islands, Florida where manatee numbers remained high throughout the year as they
had access to good quality seagrasses and freshwater from the local rivers (Langtimm et al., 2011). Manatee
seasonal movement patterns vary, but even during the summer season when the water temperatures surpass
20°C some manatees won’t leave being year-round residents in a local area, whilst others migrate sometime
hundreds of kilometers along the coastline annually (Deutsch et al., 2003).
At present the Florida Fish and Wildlife Commission has enacted manatee protection zones which
can prohibit or limit entry into a waterway, as well as restrict the vessel speeds, and operations allowed.
The Manatee Sanctuary Act, enacted in 1978 authorizes the FWC to “regulate the operation and speed of
motorboat traffic only where manatee sightings are frequent and where the best available scientific and
other relevant information, including observations, supports the conclusions that manatees inhabit these
areas on a regular basis”. In addition to this, the Act also allows the FWC to generate areas of safe havens
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for manatees where they will be undisturbed by human activity, permitting them to feed and reproduce in
peace (FWC, 2007). Figure A16 displays the current manatee protection zones for five of the coastal
counties. The manatee abundance predictions used are for the month of January when manatee movement
is most restricted by the cold-water temperatures, so the manatees are clustered together in warm water
refuges. The Indian River county manatee protection zones cover all the main channels which the manatees
may use for travelling and foraging. The Pinellas county map shows some good coverage of protection
zones however there are some noticeable locations where protection zones are limiting or missing. The
waters close to and to the south of the warm water refuge site currently have no protection, despite this area
containing high densities of manatees year-round. Also, along the north western coastline of the county
there is just one small manatee zone where we would expect to see more along the coastline and further
inland for the stream. It is therefore recommended that the FWC further evaluates this area to create new
manatee protection zones where the number of manatees is greatest. The Martin and St. Lucie counties also
provide manatee protection zone coverage along their coastal waters protecting the manatees from fast
moving water vessels. As was evident by the created RF abundance maps for the two seasons, the high
manatee abundance locations vary substantially between seasons and sometimes between months, it should
therefore be noted that optimal manatee protection zones may differ from season to season. At present the
FWC does change speed zones during cold-weather periods providing more protection, but none of these
zones include the areas surrounding Pinellas county which contains the highest abundance of manatees
across the state.
Study Limitations
There is the potential for data collection error as the models are run on aggregate data across a wide range
of years. For example, different equipment may have been used to test the salinity between 2003 and 2019
resulting in slightly differing results which we have no control over. It is also possible that there are smaller
sources of warm water refuges that were not identified in this study. When looking at the manatee
abundance maps for Pinellas county (Figure 15), the RF models predicted high abundance levels on the
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north western coastline of the county, despite there being no warm water refuge sources recorded here.
Warm water sources could also include inland streams which are not classified as manatee refuges, despite
the higher abundance levels found there such as the stream found in St Lucie county, and the stream in
north Pinellas county. Other study limitations could come from the averaging on the salinity and water
temperature variables across a month, hiding any variations which could be occurring within those periods.
When looking at the Mean Squared Error for the RF models (Figure A17) it is noticeable that the
original observations which had the highest manatee counts had the greatest error. Looking at the MSE
maps for Pinellas county, both the summer and winter RF models produced the largest error at the warm
water refuge site, the Bartow Electric Plant, this is also the location of the greatest manatee count within
the original data. These high MSEs could be due to the skewness of the original manatee count data. To
test that hypothesis, using the highest manatee count in the summer of 35 as a breaking point for the winter
season data and rerunning the RF model, resulted in the removal of four observations but improved the
winter predictions (results not presented here). This supports the reasoning as to why the summer RF model
outperformed the winter RF model, as the summer RF observations had less skewed count data. Despite
this, both the winter RF model and summer RF model produced a high predictive accuracy and
performance.
Something else to note is that species abundance models only provide the user a measure of
‘potentially’ how many species you could expect to find at certain locations, in comparison species
presence/absence models allows for completely unsuitable areas to be mapped and located. The manatee
abundance models created in the study enabled the prediction of the high abundance sites but were unable
to capture the magnitude of absences. Joseph et al. (2006) compared presence/absence against abundance
data to monitor a threatened species. They found that the presence/absence model produced better results
when working on a limited budget allocated to monitoring, but when the budget allowed for further species
observations then the abundance models were able to add more to the study by displaying changing
population size. To further examine, Nielsen et al., (2005) explained that presence/absence data was easier
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and less expensive to collect, so being able to make abundance predictions from presence/absence data
could be useful to conservation managers and policy makers. They also concluded that the environmental
predictors influencing a species abundance may be different from those limiting distribution. A large
number of absence locations for a study, could result in a better explanation being formed for the presence
observations reflecting closer to the real ecological interactions.

Conclusion
The use of machine learning models to build and map species abundance resulted in high performance and
accurate models. We have performed one of the first studies to compare the random forests regression
model and boosted regression trees model using species abundance as the response variable. To this end,
we have applied four machine learning models, two RF regression models for the winter season and summer
season, and two BRT models again for the winter and summer seasons. The study was completed with the
results showing that the RF regression models outperformed the BRT models across all three-validation
metrics. Ecological analysis requires the use of complex data sets and interactions often hidden from basic
analysis, the use of machine learning models enabled us to complete an in-depth study into the interactions
between manatee abundance levels and their surrounding environment.
During both the winter and summer seasons the distance to warm water refuge was deemed the
most important variable, followed by the water temperature and salinity. These results back up previous
knowledge on important manatee habitat variables and goes a step further to explain the potential interaction
occurring between the variables. During the winter season, the need for warm water temperatures overrides
the preference for low salinity. In comparison throughout the summer season, when the water temperature
is not restricting, manatees do appear to prefer lower salinity conditions. It would seem this is also the case
with the distance to seagrass beds, where the need to stay in warmer water during the winter months
supersedes the need to be close to seagrass beds.
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The abundance maps produced can allow conservationists to quickly locate areas across vast
geographical ranges which may be important to the manatee. Enabling new or expanded manatee protection
zones to be created. During the winter months the created abundance maps showed how manatees can be
found clustered together in greater numbers near warm water refuge sites. In the summer months as the
water temperatures surpass the manatee’s threshold, they can disperse outside the warm water areas into
other regions. The use of machine learning models is recommended for ecological analysis, although no
model should be analyzed exclusively as the model’s performance can change depending upon the data.
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CHAPTER SIX:
CONCLUDING REMARKS

The 21st century has seen a growing number of cutting-edge statistical models being developed, with the
help from substantial advancement in both statistics and computing power. Traditional statistical models
such as GLMs require the user to have prior knowledge about the input variables and their potential
relationships before the model is even built. When working with complex ecological relationships this can
provide a large restriction on new information being gained. The new machine learning ensemble models
such as RFs and BRTs use algorithms to learn the connections between a response and its predictor
variables, without any prior knowledge being needed. When looking to finder a deeper understanding on
the intricate connections between a species and its habitat these machine learning models can provide users
with knowledge previously hidden in big data sets. It should be noted however that data limitations can
create the potential for biased predictions when the training data sets are sampled in a biased way and when
the number of predictor variables is large, but the fraction of relevant variables is small, RFs have been
shown to perform poorly as the model can be affected by the number of noise variables leading to
overfitting. Another limitation is that both ML models can only make accurate predictions bounded by the
maximum and minimum labels in the training data, when working with smaller observation numbers this
problem is exaggerated.
The models evaluated in this dissertation RF classification and RF regression, alongside BRT have
been thoroughly assessed for their ability to accurately model and map species distributions, whether that
be through presence/absence data or absolute/relative abundance data. For the first case study using
presence/absence data for the Gopher Tortoise, the BRT model was shown to have the greater model
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accuracy and performance than the RF classification model. Further backing up the notion that BRT
analysis may perform better than RF analysis for habitat suitability research using presence/absence data,
with its stagewise fitting and model averaging. The second case study using count data for the Florida
manatee, the RF regression models marginally outperformed the BRT models across all three-validation
metrics.
The manatee abundance models were able to provide how many of the species you could expect at
a given location but fails to determine areas where manatees would not be present. In comparison, the
presence/absence model for the gopher tortoise allowed for completely unsuitable areas to be mapped and
located across the study sites. As both machine learning models produced acceptable results using
presence/absence data and absolute/relative abundance data it is recommended that they continue being
utilized for species ecological analysis. Although, no single model should be used exclusively as a model’s
performance can change depending on the inputted data.
Future research could investigate the ability to use a combination of species presence/absence data
alongside species abundance data. Presence/absence data alone fails to show the changing population size
across landscapes, but abundance data fails to show areas completely unsuitable. A combination of the two
could therefore provide conservationist the most thorough species habitat analysis across a landscape.
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APPENDIX 1: SUPPLEMENTAL FIGURES

Figure A1: Gopher tortoise habitat suitability map for Location 1 using the BRT model.
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Figure A2: Gopher tortoise habitat suitability map for Location 2 and Location 3 using the BRT model.

Figure A3: Gopher tortoise habitat suitability map for Location 4 using the BRT model.
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Figure A4: Gopher tortoise habitat suitability map for Location 5 using the BRT model.
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Figure A5: Histograms of the continuous predictor variables, Distance to Seagrass, Distance to Warm Water Refuge,
Bathymetry, Salinity, and Water Temperature.
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Figure A6: Boxplots of each predictor variable by month
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Figure A7: Scatterplot displaying the water temperature and distance to seagrass predictor variables.

125

Figure A8: Manatee predicted abundance random forests prediction maps for Indian River county 2003
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Figure A9: Manatee predicted abundance random forests predictions for Martin and St Lucie counties 2011

127

Figure A10: Manatee predicted abundance random forests maps for eastern Pinellas county 2011
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Figure A11: Manatee predicted abundance random forests maps for Indian River county 2019
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Figure A12: Manatee abundance quantile maps using the random forests models for Indian River county 2003
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Figure A13: Manatee abundance quantile maps using the random forests models for Martin and St. Lucie counties 2011
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Figure A14: Manatee abundance quantile maps using the random forests models for eastern Pinellas county 2011
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Figure A15: Manatee abundance quantile maps using the random forests models for Indian River 2019
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Figure A16: Manatee protection zones, and the random forests model manatee abundance predictions for the month of January.
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Figure A17: MSE maps for Pinellas County using the random forests models
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