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Resumo

Os modelos de distribuicao de espécies descrevem a relacao entre espécies e o ambiente
em que elas podem ser encontradas. Estes modelos sio amplamente utilizados na mode-
lacdo ecoldgica e ambiental principalmente para analisar as causas e os efeitos das alter-
acoes climéaticas no ecossistema. O aumento das temperaturas causado pela intervencio
humana tem contribuido significativamente para varios fen6menos que se tém verificado
nanatureza, dentre os quais se destacam o abandono do habitat natural por parte de certas
espécies, a colonizacao de espécies invasoras, ou até mesmo a extin¢ao de algumas espé-
cies, entre outros. Mecanismos capazes de permitir analisar e prever tais fendmenos sao
de grande utilidade para se tracar medidas que garantam a gestao, conservacao e preser-
vacao da biodiversidade. Apesar de garantirem essa projecao da distribuicao da espécie no
ambiente, os modelos de distribuicao de espécies tém limitacdes em representar o com-
portamento da espécie nesse ambiente projetado. De uma forma genérica, ha um con-
junto significativo de informacoes tteis relativas ao ciclo de vida da espécie que nao sao
tidas em devida conta, o que pode resultar em previsdes pouco especificas acerca da sua
reacao aos estimulos ambientais. Como meio de colmatar essas limitacoes, a abordagem
de modelos baseados em agentes tem sido adotada com sucesso assinalavel. Geralmente
esses modelos baseados em agentes sdo constituidos por individuos que incorporam re-
gras comportamentais simples. Contudo, as interacoes entre estes, observadas numa ab-
stracdo do ambiente, podem servir para descrever sistemas complexos capazes de oferecer
uma (pre)visao mais fidedigna sobre o comportamento da espécie em ambiente real.

Neste trabalho propomos um modelo resultante da combinacao dos modelos classicos de
distribuicdo de espécies com a abordagem de modelacao baseada em agentes de forma a
garantir uma melhor caraterizacao da relacao entre a espécie e o ambiente. Normalmente,
as implementacdes de modelos baseados em agentes sdo exigentes em termos de tempo
computacional. De modo a minimizar o custo computacional resultante da simulacao do
modelo, apresentamos uma estratégia de paralelizagdo que ao mesmo tempo garanta a
integridade dos resultados.

Um desafio inerente a implementacao de modelos baseados em agentes consiste em quan-
tificar a escala de tempo, isto € mapear o tempo computacional com o tempo geoldgico.
Conseguimos identificar claramente o tempo computacional dispendido com uma simu-
lacdo do modelo; quando se procura estabelecer uma correspodéncia com o tempo real as
dificuldades sao acrescidas. Numa tentativa de mapear esse tempo computacional com o
tempo geologico, desenvolvemos um método capaz de estimar o tempo geoldgico de uma
simulacao para os nossos modelos baseados em agentes. Este método permitiu também
que se fizessem previsoes da distribuicdo de espécies em ambientes dinamicos. Grande
parte dos ensinamentos retirados da realizacao desse trabalho, bem como a nossa abor-
dagem a simulac¢do da distribuicao de espécies biologicas, foram integrados numa ferra-
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menta computacional de acesso gratuito.

Palavras-chave

Modelos de distribuicao de espécies, modelos baseados em agentes, distribuicao espa-
ciotemporal, modelacao ambiental, temporalidade



Resumo Alargado

Os modelos de distribuicao de espécies descrevem a relacao entre espécies e o ambiente
em que as mesmas podem ser encontradas. Estes modelos sao amplamente utilizados
na modelacao ecoldgica e ambiental principalmente para analisar as causas e os efeitos
das alteracoes climaticas no ecossistema. O aumento das temperaturas causado pela in-
tervencao humana tem contribuido significativamente para varios fen6menos que se tém
verificado na natureza, dentre os quais se destacam o abandono do habitat natural por
parte de certas espécies, a colonizacao de espécies invasoras, ou até mesmo a extin¢ao
de algumas espécies, entre outros. Mecanismos capazes de permitir analisar e prever tais
fenomenos sao de grande utilidade para se tracar medidas que garantam a gestao, conser-
vacao e preservacao da biodiversidade. A relacao espécie-ambiente € efetivada através da
projecao da distribuicao da espécie no ambiente, representada em um mapa de adequacao
da espécie. Este mapa de adequacao da espécie contém tanto os locais mais adequados
como os locais menos adequados para a espécie sob o ponto de vista da sua sobrevivéncia e
colonizacdo. Apesar de garantirem essa projecao da distribuicao da espécie no ambiente,
os modelos de distribuicao de espécies tém limitacoes em representar o comportamento
da espécie, isto €, em como a espécie reproduz-se e expande-se nesse ambiente projetado.
De uma forma genérica, ha um conjunto significativo de informacgoes uteis relativas ao
ciclo de vida da espécie que nao sao tidas em devida conta, o que pode resultar em pre-
visdes pouco especificas acerca da sua reagdo aos estimulos ambientais. Como meio de
colmatar essas limitacoes impostas pelos modelos classicos de distribuicao de espécies, a
abordagem de modelos baseados em agentes tem sido adotada com sucesso assinalavel.
Geralmente esses modelos baseados em agentes sao constituidos por individuos que in-
corporam regras comportamentais simples. Esses modelos apresentam uma perspetiva
bottom-up permitindo que o comportamento de um sistema emerja das interacoes entre
os individuos e o ambiente, e os individuos entre si. Contudo as interagoes entre estes, ob-
servadas numa abstracdo do ambiente, podem servir para descrever sistemas complexos
capazes de oferecer uma (pre)visao mais fidedigna sobre o comportamento da espécie em
ambiente real.

Neste trabalho propomos um modelo resultante da combinacao dos modelos classicos de
distribuicdo de espécies com a abordagem de modelacao baseada em agentes de forma a
caraterizar melhor a relacao espécie-ambiente.

Inicialmente, desenvolvemos um modelo que descreve essencialmente o ciclo de vida da
espécie, e a forma como cada etapa do ciclo de vida é afetada pelas carateristicas do ambi-
ente onde a espécie pode ser encontrada. A espécie é representada no ambiente por uma
percentagem de ocupacao em cada unidade de habitat (também designada por célula).
Durante cada ciclo de vida da espécie essa percentagem de ocupacao aumenta de acordo
com uma taxa de natalidade, reduz com base em uma taxa de mortalidade, e é transferida

xi



para as células vizinhas de acordo com uma taxa de expansao. Entretanto, essas percent-
agens de ocupacao da espécie sao também afetadas pela adequacao do ambiente; isto &,
os locais mais adequados para espécie serao favorecidos, enquanto que os locais menos
adequados serao penalizados. Inicialmente foram analisados os efeitos da parametriza-
¢ao das variaveis do ciclo de vida da espécie no output do modelo, para se perceber até
que ponto os resultados estao dependentes dos valores dos parametros do ciclo de vida
da espécie. De acordo com os resultados, os valores dos parametros do ciclo de vida tém
grande influéncia nos resultados do modelo.

Normalmente, as implementacoes de modelos baseados em agentes sdao bastante exi-
gentes em termos computacionais. De modo a minimizar o tempo computacional asso-
ciado a uma simulacao do modelo, implementamos uma estratégia de paralelizacao que
garantisse simultaneamente o speedup e a integridade dos resultados. Essa estratégia de
paralelizacao consistia em dividir o ambiente em varios blocos que eram executamos si-
multaneamente, introduzindo sobreposicao entre os blocos e reduzindo a sincronizagao.
Os resultados demonstraram existir uma combinacao entre a sobreposicao entre blocos e
periodicidade de sincronizagao que garante nao s6 o aumento do speedup como também
a integridade dos resultados.

No modelo, o ciclo de vida da espécie, corresponde a uma iteracao a nivel computacional,;
isto €, em cada simulacao realizada, é conhecido o niimero de iteracoes (ciclos ou épocas)
que durou a simulacdo. Entretanto essa informacao nao € suficiente para se tomarem
medidas concernentes a gestao, preservacao e conservacao de espécies, pois nao é con-
hecido o tempo geologico correspondente a essa simulacao. Numa tentativa de mapear o
tempo computacional com o tempo geoldgico, desenvolvemos um método capaz de esti-
mar o tempo geoldgico de uma simulacao. Esse método permitiu também que se fizessem
predicoes da distribuicao de espécies, bem como analises do comportamento de espécies
em cendrios de alteracoes constantes no ambiente, conseguindo uma melhor aproximacao
com a realidade.

No final, uma ferramenta computacional baseada na Web e de acesso gratuito foi desen-
volvida com a finalidade de agregar os principais ensinamentos e contributos deste tra-
balho. Esta ferramenta permite que qualquer investigador sem competéncias de desen-
volvimento de solucdes de software, interessado em analisar a distribui¢io de espécies de
interesse em funcao das alteracoes no ambiente ao longo do tempo possa fazé-lo com um
minimo de dificuldades.
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Abstract

Species distribution models are used to describe the species-environment relationship.
These models are widely applied in ecological and environmental modelling mainly to
analyse the causes and effects of climate changes in the ecosystem. Climate changes con-
tribute significantly to several observed phenomena among which stand out the displace-
ment of species from their natural habitat, the colonization of invasive species, and even
the extinction of species, for instance. Mechanisms that allow analysing and predicting
such phenomena are widely needed in order to adopt measures that ensure the manage-
ment, conservation and preservation of biodiversity. Despite ensuring the projection of
the species distribution in the environment, species distribution models have limitations
concerning representing the species’ behaviour in this projected environment. In generic
terms, there is a set of useful information regarding the species’ life cycle that is not taken
into account, resulting in predictions less specific concerning the species’ reaction to the
environmental stimulus. To address these limitations, agent-based models approaches
have been successfully adopted. Normally, these agent-based models are composed of in-
dividuals that incorporate simple behavioural rules. Therefore, the interaction between
them, observed in an abstraction of the environment, could allow the description of com-
plex systems offering a more reliable prediction regarding the species’ behaviour in the
environment.

In this work we propose a model resulting from the combination of traditional species dis-
tribution models with the agent-based models approach to ensure better characterisation
of the species-environment relationship. Usually, agent-based models implementations
are quite time-consuming and can demand a lot of computer resources. To minimize the
computational cost resulting from the models’ simulation, we presented a parallelization
strategy that allows increased speedups, and at the same time ensures the integrity of the
results.

Another challenge inherent in implementing agent-based models concerns the measure-
ment of the time scale, i.e., mapping between computational and geological time. We
can easily identify the computational time of a simulation; however, when it comes to es-
tablishing a mapping in real time, difficulties are increased. In our attempt to map the
computational time with the geological time, we developed a method capable of estimat-
ing the geological time of a simulation for our agent-based models. This method also
allowed performing predictions of species distribution in dynamic environments. Much
of the lessons learned from this study as well as our approach concerning the species dis-
tribution simulation, were integrated into an open-access computational tool.
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Chapter 1

Introduction

Species distribution models (SDM) are modelling approaches widely adopted in ecologi-
cal and environmental modelling to describe the relationship between a species and the
environment where that species can exist [1][2]. The environment is composed of a set of
eco-geographical variables (EGVs), e.g., temperature, precipitation or slope, and the ob-
servations of the species occurrence (species occurrence data) in that environment. Based
on this information SDM projects the distribution of species in the environment. There
are two types of occurrence data: (1) presence-only data, containing only the locations
where the species was observed; and (2) presence-absence data, containing both locations
where the species was observed and locations where it was not [3].

For example, given a study area with a set of EGVs (e.g. climatic variables) that constrain
the behaviour of certain species and a dataset with the locations where the species has
been observed in that study area, SDM can project the species’ suitability map (i.e. a map
of the entire study area showing both more and lesser suitable locations for the species’
survival).

Usually, the performance of SDM is evaluated by using a set of performance measures,
e.g. [4, B, 6, 7], that compare the results collected in the terrain (occurrence data), with the
results from the model. Therefore the ability of SDM to project the distribution of species
accurately is highly dependent on the quality of the occurrence data [8][9]. Consequently,
several studies have adopted virtual species to evaluate and compare the performance of
SDM. There are some software packages e.g. [10, 11, 12, 13], developed to create virtual
species and allow users to have complete control over species’ behaviours, reducing the
bias and guaranteeing a more realistic performance comparison between several SDM.

Usually, statistical and machine learning methods are used to create SDM. These meth-
ods create a response function for each EGV that describes the species’ behaviours. SDM
produce as output the habitat suitability, also called the suitability map of the species un-
der study. This suitability map represents locations where the species are more likely to
be found, and also the locations where the probability of species occurrences is lower.
Despite that, the habitat suitability does not explain the actual behaviour of the species,
taking into account that there are many issues regarding species’ life cycle and relation-
ships with the environment that cannot be answered.

Itis essential to notice that each species presents a distinct behaviour concerning how they
interact with the environment. Therefore, in addition to projecting the species’ suitability
map based on the set of EGVs and the occurrence data, the model must reflect these par-



ticular characteristics by showing how the species adapt to the environment, reproducing
and spreading to the places considered more suitable for their survival. In addition to a
suitability map, it is essential to have a representation that shows the places where the
species can or cannot reach, settle, and populate based on their characteristics.

Another fundamental aspect, not observed in the suitability maps of the species, has to
do with how to represent the changes observed in the environment. SDMs consider only
abrupt changes in the environment. For example, considering projecting the distribution
of a species in a study area in a different period (e.g. after 40 years), SDMs only perform
abrupt changes in the values of the environmental variables, i.e., if the mean annual tem-
perature increases 2°C during this 40 years, SDMs do not consider a gradual increment
of the temperature. Thus, crucial details about the species’ behaviour in changing envi-
ronmental scenarios, which could more accurately reflect the species’ reality, are lost.

For this information to be reflected in the models, it is important to introduce an iterative
process representing the species’ life cycle. This iterative process should involve simulat-
ing the distribution of the species in the environment, and analysing how they reproduce,
die and spread in the environment at each iteration. For this purpose, there are differ-
ent modelling and simulation approaches with an emphasis on agent-based modelling
(ABM), a bottom-up modelling approach, in which the behaviour of the system emerges
from the local interactions between independent entities (agents) that constitute the sys-
tem [14][15]. ABM is a modelling approach widely used in ecology to simulate the distri-
bution of species and populations. Several studies have been implementing ABM in the
spatio-temporal distribution of species, e.g. [16, 17, 18, 19]. Despite the wide usage of
ABM in ecology, several issues related to their implementations have been reported [20].
Hence new methods and concepts capable of addressing these issues are needed.

1.1 Motivation and Scope

Climate change is an important factor in current extinction events and habitat loss and
fragmentation. The colonisation processes of invasive species also contribute significantly
to the displacement of species from their natural habitat [21].

Researchers in ecology have shown great interest in modelling species distribution for
management and conservation purposes. Statistical methods and machine learning mod-
els have been extensively studied to predict the spatio-temporal distribution of species and
populations accurately.

Current SDM does not give us much information about a species’s potential colonisation of
an environment. Some factors, such as species’ life cycle, would be essential in analysing
species distribution. Another significant aspect concerns predicting species in different
periods, for example, predicting the distribution of a species twenty years in the future.
The traditional SDM predict the distribution of the species using the EGV data for the
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future as if it were an abrupt change. Inreality, the EGV data changes over time at different
rates (smoother or harsher) rather than in an abrupt singular event.

Therefore, analysing the distribution of species in changing environmental scenarios would
provide valuable information for species planning, management, and conservation pur-
poses.

1.2 Research Aims

In this dissertation, new concepts and methods at the intersection of evolutionary ecology,
mathematics and computational science are studied to address two main goals:

« Develop new mathematical and computational concepts to interpret the time evo-
lution of the spatial distribution of species;

« Combine concepts from the fields of essential ecology, mathematics and informatics
as a way to create novel pieces of software focused on the analysis of biodiversity
data.

1.2.1 Specific aims and working hypotheses

The specific aims associated with the working hypothesis are described as follows:

1. Evaluation of common problems when applying classical Spatial Distribution Model
(SDM) techniques.

Hypothesis: classical SDM techniques present several constraints concerning ana-
lytical efficiency. Those techniques are usually limited by critical aspects at different
stages of the analytical process, such as i) limited source of species occurrence data,
ii) implementation of temporality, and iii) evaluation and classification of results.

2. Implementation and evaluation of Agent-based Models (ABMs) used to model the
spatial distribution of diversity of species and populations.

Hypothesis: ABMs are suitable models that can represent biologically complex phe-
nomena, allowing model spatial distribution and variability of species and popula-
tions in an ecological framework.

3. Improvement of the analytical efficiency of ABMs for their use in evolutionary and
ecological studies at different scales.

(a) Evaluation of the resolution of provided EGVs in the model’s computational
cost.



Hypothesis: Higher resolution maps (EGVs) may significantly increase the com-
putational cost required for species distribution simulations.

(b) Evaluation of the effects of the implementation of dynamic variables that can
virtually represent any EGV.

Hypothesis: incorporating structural connectivity can provide a considerable
advance over traditional techniques, where modellers can only infer relation-
ships. This dynamic approach to non-static environmental variables, such as
oceanographic currents, could enable the study of essential processes like dis-
persion, colonization, and invasion.

4. Interpretation of temporality into the proposed new modelling environment.

Hypothesis: Temporal modeling can also be performed. In this context, a new eco-
logical concept should represent an ABM epoch (related to computational time) and
its translation into geological terms. For example, this could include the descrip-
tion and interpretation of the time needed to reach equilibrium, programming the
running time according to the characteristics of the agent, or considering ecological
aspects of the environmental envelope.

1.3 Main Research Contributions

The main contributions of this dissertation can be summarized as follows:

1. Proposal of a new method to model and simulate the spatial distribution of species:

In addition to representing the species-environment relationship, the species’ be-
haviour in spreading the study area is also represented by the species’ life cycle pa-
rameters. This new method showed that these species’ parameters have a signif-
icant impact on the way the species spread into the study area; and the projected
distribution of the species provided by only the species-environment relationship
(also called the suitability map) could be considerably different from the potential
distribution of the species when additional factors, such as the species life cycle pa-
rameters are considered. Based on the parameterization of the model, including the
representation of dynamic variables, several colonisation scenarios of the species
can be produced [2, 22, 23, 24].

2. A parallelization strategy of the agent-based species distribution model:

The proposed parallelization strategy for implementing an agent-based species dis-
tribution model consists of operating in a multi-stage synchronous distributed mem-
ory mode to obtain gains in performance while reducing the need for synchroniza-
tion. The environment is divided into stage-subsets according to the number of
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available processes in the computer. The stage-subset is extended with an overlap-
ping section from each neighbouring stage-subsets to ensure no information loss.
This strategy guarantees an optimal trade-off between the level of redundancy and
the synchronization frequency; thus, time consumption can be minimized without
information loss [25].

3. A proposal of a method capable of estimating the geological time of a simulation,
using the agent-based species distribution model:

This method brings a new approach to performing the mapping between computa-
tional and geological time in the agent-based species distribution model. Instead of
just simulating the distribution of species in a static environment, this mapping en-
ables predicting the distribution of species over time in a setup of climatic changes.
In addition, it allows us to estimate the distribution of species in different intervals
of geological time [26].

4. A generalized web-based species distribution simulator (SDSim):

SDSim allows modellers to simulate and predict movements and colonization pat-
terns of species in different climate scenarios without any programming skill and
monitor and analyze the spreading of the species through a visual component. It
also guarantees the simulation of species’ geographical ranges in a continuum of
time in an environment. The parametric style of SDSim allows modellers to use real
or potential environmental scenarios, as well as real or virtual species [24].

Some papers of our work have been published in journals ([23, 24]) and conferences ([2,
22 P25, 27, 26]) during this research period. One paper is currently under review process
[20]. It is our understanding that these contributions provide new insights and methods
regarding the objectives of this research work.

1.4 Outline of the Dissertation

The remaining of this dissertation is organized as follows.

Chapter b describes the main challenges of agent-based models (ABM) applied to the
analysis of the spatio-temporal distribution of species, including the fundamental con-
cepts related to ABM in ecology and the implementation of ABM in ecological and bio-
geographical studies. At the end of the chapter, open challenges and future trends related
to ABM in the spatio-temporal distribution of species are also discussed.

Chapter B describes the proposed agent-based species distribution model (AB-SDSIM),
following the main steps of the ODD protocol [28]. After the model’s description, an in-
depth parametric study is performed to analyse the effect of the parameters on the qual-
ity/behaviour of the model. In addition, two types of SDM methods (density probability
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function and logistic regression) are compared. Different samples from occurrence data
(presence-only data) collected in the terrain are used to perform this comparison.

In Chapter l4 a parallelization strategy of the AB-SDSIM is proposed to deal with the time-
consuming issue, reducing the processing time involved in the simulations. This parallel
implementation is then compared to the sequential implementation of the model to anal-
yse the speed-up in scenarios of different dimensionality.

In Chapter f an approach to solving the temporality issue involving species distribution
simulations is proposed by creating a method that tries to explain the mapping between
computational and geological time.

Chapter b aggregates all these contributions described in the previous chapters into a web-
based simulator (SDSIM) that allows users without any programming skills to model and
simulate the distribution of species and populations.

In the concluding chapter, the main contributions of the dissertation, some unsolved is-
sues and the future research directions are described.



Chapter 2

An Overview of Agent-based Models for
Species Distribution

2.1 Introduction

Agent-based modelling and simulation (ABM&S) has become a suitable alternative to test
and analyse different facets of complex adaptive systems [14].

ABM&S approaches are applied in several different scientific domains such as stock mar-
ket [29, 30, 31] and supply chains assessment [32, 33, 34], electrical energy market [35,
36, 371, epidemiology [38, 39, 40], biology [41, 42], population dynamics of forest pests
[43], environmental impacts [44], etc.

Furthermore, ABM&S have been increasingly adopted in the ecological modelling of species
distribution, mainly to account for the impact of climate change, the dynamics of invasive
species, and species range shifts [45, 46, 47, 48, 49]. The acquisition of adequate knowl-
edge about species distribution has become crucial to developing management programs
for conservation and economic reasons [50, 51, 52, 53]. ABM&S approaches have been
reasonably used in ecology and conservation biology due to their capacity to simulate the
dynamics of ecosystems more realistically. Implementing a species distribution model
(SDM) to mimic species behaviour over space and time raises several concerns related
to simulation requirements and results. This chapter outlines the main challenges en-
countered during the development of spatio-temporal species distribution models using
ABM&S (Agent-Based Modeling and Simulation) approaches. It addresses a description
of surveys that focus on the main challenges of agent-based models (ABMs) applied to
analyse the spatio-temporal distribution of species; after a description of the fundamental
concepts related to ABMs, the implementation of ABMs in ecological and bio-geographical
studies is reviewed. Finally, the leading open challenges and future trends are discussed.

2.2 Agent-Based Modelling and Ecology

System dynamics, individual-based models (IBM), and cellular automata have been ad-
dressed in previous reviews about their application in spatio-temporal modelling of ecol-
ogy systems, e.g. [54]. Geographic information systems (GIS) and remote sensing (RS)
have become powerful tools to model the spatial distribution of species, although they
have shown limitations when applied to the description of the dynamics of such biologi-
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cal systems [54]. Among them, there are three major classes of issues that can be high-
lighted when dealing with spatial simulation approaches (i) contribution to theory foun-
dations, (ii) model validation and (iii) model communication. These are particularly ap-
parent when the aim is to integrate a geographical space into a computation system to
develop more realistic models. An ecological model is a set of state variables changing
along space and time. It highlights the value of ABMs, capable of treating each individual
(agent) as an entity with their properties, interacting with other agents and their environ-
ment (habitat). Unlike conventional mathematical models that deal with collective pop-
ulation properties, ABMs are an alternative for those situations that involve spontaneous
motion, such as, for instance, animal movements [54].

Computational models are increasingly used to simulate the spatio-temporal distribution
of species. However, surveys focused on such kinds of ABM applications are scarce. ABMs
have been previously applied to simulate processes and patterns of animal movements
[55]. Four key components of agents are discussed: internal states, external factors, mo-
tion capacities, and navigation capacities. All of these components are crucial for mod-
elling animal movement behaviour.

Several challenges are emphasized, including spatial adaptation, multi-scale environment
representation, validation, and computational limitations. [55]. Additional key chal-
lenges identified in socio-ecological system modelling with ABM&S include modelling
agents’ behaviour, sensitivity analysis, verification and validation, coupling socio-demographic,
ecological, and biophysical models, and spatial representation [56, 57, 58]. Consequently,
potential research directions are identified to address these issues.

After decades of application, ABMs have been used in various ecological topics such as
the conservation and management of local populations and assessing issues in complex
ecological systems [51]. Future trends and challenges in ABMs have been partially ad-
dressed, including the standardization of sub-models, the need for ABMs to go beyond
the construction phase, and the inclusion of a deconstruction phase [51]. All the key is-
sues described in this section are summarized in Table p.1.

2.2.1 Agent-based modelling and simulation approaches

ABM&S is a modelling and simulation approach existing for several years. ABMs have
been adopted due to the limitation imposed by modelling alternatives such as systems
of differential equations and statistical modelling. One fundamental aspect that made
ABMs widely adopted was the ability to demonstrate phenomena that emerge from local
interactions between individual entities [60]. Additionally, ABMs can provide a more
realistic description of a system by defining simple rules (decisions) and behaviours in
the individual level entities, ensuring greater flexibility [61, 62].

Nowadays, an increasing number of studies are adopting ABMs to build more efficient
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Table 2.1: Issues of ABMs to the spatio-temporal distribution of species found in previous
survey papers

Author Identified Issue reference
- Spatial adaptation.

Tang and Ben- - Multi-scale environment representation. [55]

nett

- Validation and computation.

- Modelling agents’ behaviour.

- Sensitivity analysis, verification and validation.
Filatova et al. - Coupling socio-demographic, ecological, and (561
biophysical models.

- Spatial representation.

- Standardization of sub models.

- The need of ABMs to go beyond the construction

DeAngelis [51]
and Grimm phase.

- Include deconstruction phase.

- Contribution to theory.
Wallentin - Model validation. [59]

- Model communication.

descriptive models capable of simulating the dynamics of ecological systems.

However, several issues must be considered to build models that accurately represent re-
ality. To achieve this, it is essential to address the generalization of ABMs, design issues,
and evaluation techniques.

2.2,1.1 Agents

There are several definitions of agent elsewhere. However, existing definitions have sev-
eral convergent points [63]. In general, an agent should be capable of performing an au-
tonomous task in a virtual environment, fulfilling a purpose for which it was designed
[64, 65, 66]. Usually, agents have two levels of rules: the agent’s internal rules (base-level
rules); and rules designed to overwrite internal rules according to the variation in the en-
vironment (high-level rules). When stated, they demonstrate an independent decision-
making mechanism of their own [65].

Agents can represent several entities with behaviours and react according to their states
and environment in different granularity (different levels of observation of the environ-
ment) [67]. Furthermore, several agents can interact, considering a system as a set of
subsystems, i.e., an agent composed of several agents.

There are several shared characteristics among ABMs [63, 68]:

« Discrete or modular in structure, containing a set of rules to build a decision-making
ability;



Autonomous and self-directed, acting independently from the environment;

« Social, interacting with other ABM, driven by an interaction protocol to recognize
the particularities of the other ABM;

« Particular allocation in an external environment;

Driven by goals, allowing a comparison of results;

Flexibility, showing an ability to learn and adapt based on experience and controlled
by a set of results.

The number of characteristics described above that an agent could have depends signifi-
cantly on the model’s purposes and performance.

2.2.1.2 Agent-based modelling

Implementation and analysis of more complex and realistic models have resulted in the
broad adoption of ABM&S in studies where the traditional mechanisms do not respond
appropriately [69]. Any ABM consists of a set of agents capable of keeping the behaviours
of the various individuals that constitute any studied system [70]. Gilbert [71] defines
agent-based modelling (AB modelling) as a computational method that allows an inves-
tigator to create, analyse and experiment with models composed of agents that interact
within an environment. For Kim and McGraw [72], AB modelling consists of agents that
can make autonomous and adaptive decisions using local information and rules that trig-
ger social mechanisms and processes.

Software and tools

There are several tools and software designed to implement ABMs. Typically, ABMs are
implemented by using programming languages that allow for developing applications.
Usually, the limitations of any AB modelling framework led us to implement dedicated
applications [69]. Table .2 shows some of the most common software solutions for de-
veloping ABM&S applications, both desktop and large-scale development environments.

2.2.2 Agent-based modelling in ecology

The practice of AB modeling in ecology involves models that describe the interrelation-
ships between species and their environments by representing individuals as discrete, au-
tonomous entities. [[73, 74]. Initial ABMs studies in ecology did not present a precise dis-
tinction of ABMs from classical models until four criteria were proposed. [75]: 1) how the
complexity of the individual’s life cycle is reflected in the model; 2) the explicit represen-
tation of the dynamic of resources used by individuals; 3) the type of data (real or integer
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Table 2.2: Summary of the most common software solutions for developing ABM&S ap-

plications. .
Software Desktop Solution Large Scale Solution | Programming Lan-
guage
Repast Simphony v - Java
NetLogo v - NetLogo
StarLogo v - Logo
Repast for High Per- | - v C++
formance Computing
Swarm - v Java, Objective-C
MASON - v Java
AnyLogic - v Java
FLAME v v C
MESA v - Python

numbers) used to represent the size of a population; 4) the interval to which variability
among individuals of the same age is considered.

ABMs in ecology were first applied in forest modelling, and then the application to other
areas of ecology began to increase in the 1990s [76]. A particular early use of ABMs was to
model the recruitment of fish populations to understand and assess human impacts on the
mortality of fish recruitment [51]. However, two main model categories have motivated
the development of ABMs in ecology based on purpose [77]. One category is mainly used
to model a specific type of species, population, or ecosystem with management purposes;
another category aims to help ecologists better understand the factors behind several eco-
logical phenomena [78]. Nowadays, ABMs still receive much attention in ecological stud-
ies due to the possibility of simulating complex ecosystem behaviours.

A significant advantage of ABMs in ecology concerns population study by considering the
individual’s behaviours and relationships, resulting in a more natural way of looking at
populations, making simulation results closer to reality [[79]. Therefore, new techniques
could reduce such differences between a simulation and the reality that it is trying to rep-
resent.

Two mutually dependent motivations have been listed when using ABMs: first, essential
features of individuals, such as individual variability, are not taken into account in classi-
cal models; and second, deficiencies of the theory emerge from state variable approaches
[771.

To understand the importance of ABMs in ecology, first, it is necessary to have a look at
the way that classical models are built. In-state variable models or classical models, a
system is described only with variables representing the state of the whole system. There
is no distinction between the elements of those systems. In terms, these models ignore
important particularities of species (individuals) and population [80]. Unlike classical
models, individuals or agents have heterogeneous behaviours and interact with each other

11



and their environment. For example, an algorithm should represent the behaviour of an
individual agent in a specific environment, searching for suitable places. Each agent has
its behaviour according to its state, the environment and its neighbourhood. As seen in the
algorithm [, the agent will move to another location if a suitable place is found; otherwise,
it will remain at the exact location.

Algorithm 1: ABM in Ecology: Searching for Suitable Places. Example of al-
gorithm which defines an application of ABMs in Ecology. This algorithm rep-
resents how an individual agent moves to find suitable places, which could be
considered locations where enough food and optimal environmental conditions
occur.
1: Initialize agents, environment
2: Set time t = tg, tymar = 1
3: while ¢t < ¢,,,,, do
Set array of newStates|]
for agent in agents do
suitable = findSuitable(neighbours)
if suitable! = empty then
agent.select(suitable)
agent.step(1)
10: else
11 agent.step(0)
12: append agent to newStates

ABMs could better reflect the reality of ecological systems but are more complex than
classical models and hence more difficult to analyse [81]. Therefore a thorough study and
assessment should be done when developing an agent.

2.2.3 Model evaluation

The evaluation of the quality of the model is a crucial step in developing ABMs. After the
development of a model, it should be measured, i.e., its performance should be evaluated.
Conclusions can be extracted regarding the proximity between the simulation data and
the actual data, provided that the latter is available. Some available model performance
measures rely primarily on comparing the predictions against the actual data. In the fol-
lowing, the performance measures that seem to have reunited more outstanding practical
adhesion are presented.

2.2.3.1 AUC

The area under the receiver operating characteristic curve (AUC) is a widely used measure
of model performance for assessing the accuracy of a species distribution model (SDM)
(e.g. [46, 82, 83, 84, 85, 4, 86, 87, 88]). AUC is the probability that a classifier ranks a
randomly chosen positive instance higher than a randomly chosen negative one. It pro-
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vides a single measure of overall accuracy that is not dependent on a specific threshold
[5]. AUC values range from 0 to 1. Values close to 1 indicate that the model has good
discriminating power, while values around 0.5 suggest that the model cannot distinguish
between the two classes. If the AUC value is less than 0.5, the model’s output should be
swapped as it is producing the reciprocal classes.

2.2.3.2 Cohen’s kappa

Cohen’s Kappa, or the Kappa coefficient, is also widely used in ecological modelling to as-
sess agreement between two or more observers. [6]. This coefficient analyzes situations
where multiple observers classify cases as either present or absent. Kappa coefficient, &
is calculated using the relation between the proportion of observed agreement P, and the
expected hypothetical probability of chance agreement P, givenby k = (P, — P.)/(1— Pe)
[89]. Kappa coefficient values range from -1 to +1, where +1 indicates perfect agree-
ment [6]. This coefficient has been used alone or in combination with other performance
measures, such as AUC and error rate, to evaluate the performance of species distribu-
tion models (SDMs) in various ecological research studies involving both terrestrial and
aquatic species [90, 91].

2.2.3.3 True skill statistic (TSS)

TSS is a particular case of kappa, traditionally used to assess forecasts’ accuracy. It calcu-
lates the difference between the number of correct predictions and those attributable to
random guessing to a hypothetical set of perfect predictions [7]. Different from Kappa,
TSS is not affected by prevalence. TSS has been used to measure the performance of SDM
in vegetal and animal species [83, 46, 82, 92].

2.3 Spatio-temporal distribution of species

Spatio-temporal analysis of species distribution targets substantial interest in ecological
modelling. It can be verified by the increasing number of research studies conducted
with findings recently published, e.g., [93, 94, 95]. Spatio-temporal distribution allows
the analysis of species dynamics along space and time with a particular goal (e.g., food
search, search for suitable places, reproduction purposes) [24]. Usually, the fundamen-
tal variables influencing species’ dynamics and their movement along space and time are
state, environmental, and input data. ABMs are usually deployed in high-performance
computers (HPC) and a Cloud Computing environment. Fig. b.1 shows the most com-
mon components for developing ABMs in the spatio-temporal distribution of species.
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Figure 2.1: Components for the development of ABMs in the spatio-temporal distribution
of species.

2.3.1 Impact of space and time in the distribution of species

Space and time are probably the most important factors when studying species distribu-
tion. Analysis of species distribution also involves interaction between species or popula-
tions. Such interaction could occur when their biological traits allow it, e.g., predators can
capture their prey, viruses can overcome host resistance, and invasive species can invade
anew habitat. These interactions between species could also vary along with space within
different periods [96].

Predicting species distribution involves using a model with a set of environmental vari-
ables (EGVs) to simulate past, current, or future conditions. The model aims to identify
the relationship between species occurrences and environmental descriptors to project
species distribution. The predictive power is linked to the quality of the data used to build
the model and the model’s characteristics. Additionally, predicting species distribution
over time requires simulating changing environmental conditions, such as transitioning
from past to current or future scenarios. However, simulating species distribution within
the same period but across different spatial scenarios, even if conditions are optimal for
survival, may encounter constraints such as geographic barriers.

2.3.2 Overview of studies related to the spatio-temporal distribution
of species

Numerous studies focus on investigating the correlation between a species’ distribution
and a set of environmental descriptors that capture variability, utilizing ABMs.

Pepin et al. [17] developed a stochastic ABM of feral swine population dynamics to find
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a better-reducing strategy for this pest species. Feral swine are mainly responsible for
the destruction of plantations in several areas. The study was conducted in the Western
Czech Republic and Southeastern USA. The impact of different spatio-temporal manage-
ment strategies on population response (such as culling rate, the timing of culling during
the year, the spatial pattern of culling and strength barrier immigration) was tested. Ac-
cording to these results, the spatial culling strategy using spatial zoning showed the most
significant impact on control efficiency. Their model predicts that population reduction
could be achieved at lower culling intensities but when zonation is applied.

Reuter et al. [97] simulated spatio-temporal distribution of fish schooling when search-
ing for food resources. Some studies with empirical investigations and different modelling
approaches motivated authors to study fish schooling behaviour using ABM and under-
stand how schooling can contribute to foraging success. Their model consists of three
sub-models to study fish movements: description of individual fish behaviours, descrip-
tion of fish schooling and the environment. Cellular automata were used to simulate a
heterogeneous environment where fishes were moving over time and space.

Xing et al. [18] used an object-oriented simulator of marine ecosystems (OSMOZE) to
evaluate the performance of an end-to-end multispecies ABM. This end-to-end model was
used to simulate the Jiaozhou Bay ecosystem dynamics in situations of limited data used
for modelling. The model was calibrated using an evolutionary algorithm, and results
were compared with actual data collected in random locations in the Bay. OSMOZE pro-
vided insights to improve the understanding of ecosystem dynamics in Jiaozhou Bay.

Parry et al. [98] developed an ABM to simulate the spatio-temporal distribution of moth
pests across agricultural landscapes in Australia. That model simulated individual move-
ments of female moths, reacting to landscape configuration and crop attractiveness, and
therefore, exploring the influence of landscape dynamics in the movement behaviour.
When developing the model, two types of agents were considered: female and habitat
patches.

Heinnanen et al. [19] implemented an integrated modelling approach based on hydro-
dynamic modelling (HDM), SDM and ABM to study the spatio-temporal distribution of
Atlantic mackerel, a highly mobile migratory species, in the Norwegian Sea. The previous
implementation of single modelling techniques, such as SDM, was not enough to describe
movement patterns and migrations for this species. A combination of these three mod-
elling approaches described a more realistic result about the spatio-temporal distribution
of this species.

Morales and Perry [99] developed a spatially explicit IBM (SEIBM) to represent the long-
term dynamics and viability of podocarp-tawa forest patches in New Zealand. Three simu-
lation scenarios were applied (unfragmented forest, fenced and unfenced patches). Three
forest canopy species and three sub-canopy species were considered for simulations. For
each time step, a series of ecological routines were sequentially performed, such as restora-
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tion, planting, herbivory, and mortality. The obtained model could represent fundamen-
tal ecological processes related to the long-term dynamics of this forest.

Fust and Schlecht [100] applied ABMs to develop the Rangeland model in Drylands (RaMDry)
to understand rangeland dynamics and analyse the fundamental parameters for sustain-
able and practical use. This model was developed in a step-wise manner to simplify, and
then new specifications were gradually increased. Three entities were modelled: agent
types-herds, water resources (water points) and environment (environmental spatial cells).
This set of parameters gave this model the power to assess several scenarios for sustain-
able foraging resources.

Zhang et al. [101] proposed a modelling framework that combines the statistical infer-
ential movements model (IMMS) and approximate Bayesian computation (ABC) to pro-
duce more realistic behaviours of ABMs. The movement of black petrels in foraging and
searching for prey was used as a case study. This framework improved the calibration
and parameterization of this model, resulting in more confident projections of the model
outcomes.

Anderson and Dragicevic [102] developed a geospatial ABM called EAB-BioCon that al-
lows interactions between two types of insects: emerald ash borer and parasitoid wasp
to evaluate the spread of forest infestation. Geospatial data from the City of Oakville,
Canada, was used to explore strategies and control infestations. Several scenarios were
simulated to reach a stage where borer infestation is eradicated from the study environ-
ment using this wasp. More recently, the same authors [16] combined network and com-
plex systems theory to develop a network-ABM (N-ABM) to simulate complex spatial net-
works. As a result of the simulations, spatio-temporal networks were able to represent
patterns of infestation.

Table p.3 summarises the main characteristics of these studies and enumerates the main
issues and challenges that seem to affect their successful development. Due to their widespread
general nature, these challenges are discussed in the next section.

2.4 Open Challenges in Spatio-temporal Distribution of Species

Despite the increasing adoption of ABMs in ecological studies, literature shows that some
issues remain challenging, occasionally preventing an accurate prediction of the system
dynamics.

2.4.1 Modelling agent behaviours

Design and parameterization of agent’s decision models are fundamental in developing
ABMs to capture behaviour and interaction from reality [56]. There are some agents’ be-
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Table 2.3: A selection of works on ABMs in the spatio-temporal distribution of species
and their significant challenges (c2.3.1 - Modelling agents’ behaviour; c2.3.2- Calibration,
analysis, evaluation and validation; c2.3.3- Temporality issue; c2.3.4- Spatial representa-

tion; c2.3.5- Computational cost. See sec. 2.3)

Authors | Description Study area State variables Input data Issues Challenges
€2.3.1 | ¢2.3.2 | ¢2.3.3 | €2.34 | €2.3.5
Tongevity distribution,
weekly conception probability,
- litter size distribution,
Age, sex, family group ID, itter size digiribution,
. . . . ) sex ration of litters,
Astochastic agent-based simulation natal dispersal status, longevity, ° " o .
- 3 ) - ) age at reproductive mature for females, | Quantify the effects of population
model (ABM) of feral swine population Western Czech Republic | minimum age at first conception, L . .
L&) - " . " minimum time between farrowing density and environment on - v - -
dynamics in order to found a better and Southeastern USA | litter size, reproductive status, :
. . . Lo and conception, capture costs.
reducing strategy of this pest species. gestation time, postnatal time, P,
P gestation time, distribution of
home range centroid, grid cell ID. c
age of natal dispersal,
distribution of dispersal distances,
maximum group size.
Number of simulation times steps,
star value for random seed, Modelling and simulation of social
An agent-based model to simulate the x/y extension of simulation area, interactions among individuals in a
i) spatio-temporal distribution of fish - Cell state, fish location. boundary values of fish initial area, complex environment; and competition | - - -
schooling in search food resources. number of fish, number of fish to between individuals (agents) in
be considered for calculation of of resources.
direction, size of simulation area
Combination of network and complex Maximum flight/day, chance of
systems theory in order to developer ) Age, location, number of offspring | success fertility, maximum number Validation of the spatial networks
i) a network-agent-based model Oakville, Canada. produced, fertility, sex, stress, of offspring, survival rate of eggs, - v - -
: P ! generated by the N-ABM.
(N-ABM) to simulate complex number of larvae. sex ratio, survival rate of larvae,
spatial networks carrying capacity.
Usage of object-oriented simulator of “Time steps for moving out of . A
; ) . Several simplifications in the
marine ecosystems (OSMOSE) to Jiaozhou Bay simulated domain, the range of -
. ’ parameterization of the model
[iEs] evaluate the performance of an (south of Shandong age for migratory species (year), N e v v - -
ornal oA e - A due tolack of relevant biological
end-to-end multispecies Peninsula in China). minimum size (em), maximum information
individual-based model. size (cm), trophic level. .
Model learning.
An individual-based model to simulate Spatial location daily distance Exploring the effects of learning
S . max, eggs laid per day (max), in the model.
[ioz] | spatio-temporal distribution of moth Australia. : . v v
lifespan total eggs (max), Add other factors in the model
pests, across agricultural landscapes N : .
egg laying rate. (environmental variables) e.g wind.
Coupling with a migration model.
An integrated modelling approach based Fine-scale behaviours are not well
on hydrodynamic modelling (HDM), described in the model; intra-specific
species distribution models (SDM) and Location (x, y coordinates), speed, | Bathymetry, initial water level, /inter-specific interactions are not
[id) agent-based modelling in order to Norwegian Sea. body length, initial body weight, | current velocities, wind speed, included. Lack of data to simulate v - v v
study spatio-temporal distribution of total body weight. boundary conditions. in other scenarios; the model
Atlantic mackerel, a highly mobile just fits on data of a short period of
migratory species, in the Norwegian Sea. time (from July to August).
The model over-predicted class
) - . f species with small size.
A spatially explicit individuals-based . External species, repro-age, ofspecies with sma size. §
Proportional abundance, : : ’ . Lack of representation of some species
model (SEIBM) to represent long-term § seeding-survivor, sapling-survivor, ) .
(ba) . O Waikato, New Zealand. | mean dbh, . and important variables in the model | v - - v -
dynamics and viability of podocarp-tawa lld-dispersal, seed-prod, nporay
oot et mean basal area. ooortality st toloranc resulting in discrepancy between the
orest fragments. Supp-mortafity, sup-tolerance. data from the model and the data
gathered from the field data.
Maximum daily vegetation growth
rate, maximum daily vegetation
Location, number of animals, death rate, maximum daily
An ABM to assess the fundamentals v ’ Vegetation decay rate, maximum Computing power and lack of
] Southwestern body weight, body condition | - ’ PN
[lod] | parameters for a sustainable and : oY ) potential vegetation biomass, suitable validation data. v v - - v
neters | in corner of Madagascar. | score, potential milk production ; o vk ol
effective utilization of rangelands. | pro current green biomass area density, Some simplifications of the model.
of the representative animal. 3 N
current dry biomass area density,
total biomass area density, sum
of green and dry biomass.
) ) Number of behavioural switches
Modelling framework that combines : "l""bl; o ;c o ‘f‘:."“ e
IMMs and ABC into ABM in order to § . . incividual, Froportion of fime spen Computational power and lack of
[iof] . . . Great Barrier Island. Location, speed, wind speed. in state 1, Proportion of time . o . v - - v
improve calibration, parameterization : ] : some environmental information data.
and evaluation of ABM. spent in state 2, Distance displaced,
- Mean displacement, SEM displacement.
; M Tparasite: i
Geo-spatial agent-based model .4 aphy, fortlity status, | ca @ ": " number "‘]?Tzﬂj l‘_ f";:l_"?
[i02] | to explore strategies to control EAB Oakville, Canada. » 486, BEOBTaphy, [Brtiity status, | capacity, maximum Hght AStance/(ays | ¢omputational efficiency. - - - - v
) s health status, predation status. change of fertility, sex ratio, survival ¥
infestation in forests i
rate of eggs, survival rate of larvae.

haviours that are well understood; meanwhile, others are not even observable [101]. The
cognitive process fundamental to movement is an example of non-observable behaviours
[104]. The agents’ spatial distribution also significantly impacts the agent’s behaviour def-
inition. The spatial distribution of EGVs is highly variable; therefore, agent behaviours for
one set of EGVs could not be suitable for another. Parameterising agents’ behaviours to
adapt to environmental (spatial) predictors would involve many variables. In the same
way that the species’ behaviours depend on defined environmental conditions, cognition
of agents and consequently its behaviours are quite influenced by the changes observed
in the environment [105].

2.4.2 Calibration, analysis, evaluation and validation

Inaccurate data is another crucial aspect to take into account [56] (e.g., false positive or
false negative data), causing bias in inference and prediction of species distribution. Anal-
ysis, evaluation, and validation depend on the quality of the data used. One of the most
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effective ways to analyze, validate, and evaluate a model is by comparing its results with
real data collected throughout the study area. Performance can change a lot depending
on the quality of available data. However, real data collected from a survey could not be
enough to make assumptions about models’ performance, resulting in unrealistic conclu-
sions. Besides, missing data is another critical aspect, leading to unrealistic assumptions.
Model results could fail to match real observations because of a lack of data to establish a
suitable comparison [59].

2.4.3 Temporality implementations

The representation of time in ABMs is a significant challenge. Modellers face issues re-
lated to the representation and measurement of time when updating the model due to
the changes observed in the environment [106]. Computational time is considered as the
amount of time a particular simulation lasts. Such time ¢ is usually set before starting
a simulation by defining the number of iterations i that the simulation should run; e.g.
if the number of iterations is set to i = 50 that simulation should run fifty times, each
time (except for the first one) taking as the initial state the output of the previous one.
Usually, in ABMs, time is represented by mapping each model iteration to a particular
interval of time change. For instance, each iteration in a model can stand for an hour, a
day, a month, year (or years) [107]. However, finding a suitable unit of time to be repre-
sented in a model is complex. This aspect is still a significant challenge in constructing
ABMs applied to ecological studies when it involves computational approaches: mapping
geological or biological times on a computational one. This mapping could be performed
by analysing any iteration 7 in the simulation where results are closer to observable data.
Therefore, finding an effective way to perform this mapping is necessary.

2.4.4 Spatial representation

An optimal way to develop an ABM for species distribution is by capturing spatial hetero-
geneity of inputs and outputs across multiple spatial scales [56]. More realistic results can
be provided when multiple spatial scales are considered in the ABM definition. Regret-
fully, the way that space is represented in a model can be quite different from the notion
of space, in reality, [59].

2.4.5 Computational cost

Computational cost is another challenge in studies that use ABMs [102, 101, 100]. Some
studies represent only some agents’ behaviours in their models because the computational
capacity to perform a simulation is sometimes unreachable. Generally, ABMs studies in-
volve a set of agents interacting with each other and with the virtual environment. This
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situation has a high computational cost. Consequently, many studies choose to represent
an agent as a group of agents in a specific location rather than an individual [100]. These
representations of agents can hide some essential behaviours, resulting in a less realistic
representation of them.

2.5 Future Trends

Despite the many studies showing the potential of ABMs, their development, testing, and
analysis remain challenging. Different ways to approach ABMs to obtain better results
should be studied and implemented. The performed analysis suggests that future research
directions for ABMs may include significant efforts to address aspects such as the spatial
and temporal granularity of the resulting model, the coupling and hybridisation of differ-
ent models, the optimisation of the computational costs and the necessary development
of fundamental theory that unites all these endeavours.

2.5.1 Spatial and temporal granularity

The ability to analyse a model according to its data, in different spatial and temporal per-
spectives, could result in fine/large scale species’ behaviours not yet observed [19, 99].
It might be interesting to analyse and observe how species evolve by following these ap-
proaches. One way to address this challenge could be by implementing ABMs applications
capable of receiving and manipulating spatial data according to the granularity the study
wants to achieve. Without a doubt, spatial and temporal granularity tuning is an approach
to consider, which incorporation will increase the accuracy of simulation results to actual
observations.

2.5.2 Coupling models

Coupling models can obtain more realistic simulation results. Integrated ABMs can de-
scribe hidden behaviours by developing specific models for their later combined into a
single, integrated model. The performance of ABMs could also be improved, and several
additional and relevant factors can be brought into the simulation [103]. However, cou-
pling models could be complex, depending on the number of models to be coupled and the
specificity of each model. There are some fundamental aspects and variables to take into
account when developing this type of model, such as the spatial representation of each
model and the computational cost resulting from communication between ABMs.
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2.5.3 Theory development

Theory patterns of ABMs have been a centre of attention that has brought essential re-
flections [108]. Theory patterns would help modellers build simple ABMs, following the
guidance of best practices or patterns of development. However, it is necessary to start
thinking outside of a specific system to accomplish that and focus on general concepts re-
lated to the development of ABMs. There are several general approaches verified across
ABMs studies. The development of AB modelling focusing on general patterns and theory
patterns would advance the theory development of ABMs in general. Further challenges
should address how to derive theory from specific or multiple case studies [108].

2.6 Remarks and Discussion

This chapter discusses the current concerns regarding implementing ABMs in the spatio-
temporal distribution of species. Most of these issues are not new and still being reported
by current studies, demonstrating that they are still a challenge for ecological modellers;
e.g., the absence of mechanisms to observe simulations in different spatial and temporal
perspectives, models unable to fit a variety of real ecological problems, and lack of sound
contributions to the theory development. ABMs have been revealed as an excellent ap-
proach for studying complex ecological systems, mainly due to their ability to simulate
agents’ behaviours closely to species’ behaviour in ecosystems. Furthermore, modellers
have the opportunity to observe virtual system behaviour as well as emerging behaviours
during a simulation. However, ABM&S approaches are hard to implement due to the level
of detail agents can carry. Several concerns have been raised during this chapter. There-
fore, new approaches focused on addressing these issues, partially or as a whole, could
provide ABMs with the ability to produce better results, particularly in highly complex
systems.
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Chapter 3

Parameterization Effects on Model
Performance and Quality of Results

3.1 Introduction

In this chapter, an ABM to model and simulate species distribution was developed. This
ABM is presented in its essential, focusing on the species’ life cycle to facilitate the anal-
ysis of the effects of the parameters on the model’s quality. These parameters concern
what is considered the species’ life cycle. Results will depend highly on the species’ life cy-
cle parameters and the type of suitability function adopted to describe the environment.
These fundamental parameters would contribute to the modellers calibrating the model
according to their needs and also analysing the species’ behaviour depending on param-
eter changes. This model provides the first steps in the attempt to address the issues
described in chapter .

3.2 A Lean Model for Parameter Assessment

The AB-SDSim Model is an agent-based species distribution model developed to study
species’ spatial and temporal distribution in real and simulated environmental scenarios.
It brings a new perspective to species distribution models concerning the analysis of the
species’ behaviour considering their life cycle.

The model description follows the ODD (Overview, Design concepts, Detail) protocol [109,
28, 110].

3.2.1 Entities, state variables and scales

The model contains two entities: the grid cell and the environment. Grid cells are used
to represent the agents. They are characterized by their (x, y) coordinates or latitude and
longitude, the suitability value resulting from the aggregation of a set of EGVs, and the
percentage of species’ occupation in that location. The environment is characterized by
its spatial dimensions. The attributes of the entities are numerical. Grid cell attributes
are integer (coordinates) and floating point (percentage of species’ occupation, suitability
value). The percentage of species’ occupation varies from 0 to 100%, and the suitability
value ranges between (0,1). The attributes of the environment are integers. Table 3.1
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shows the description of entities and state variables. For grid cells, the coordinates and
suitability value remain constant, whereas the percentage of species’ occupation changes
over time.

Regarding spatial scale, grid cells can be represented according to the available data.
These data generally range from 30 seconds (=~ 1 km?) to 10 minutes (~ 340 km?) [111].

Table 3.1: Entities, State variables and Scales

Entity State Variable Attribute Type
(z,y) location integer

Grid cells percentage of species’ occupation | floating point
suitability value floating point

Environment | m X n dimension integer

3.2.2 Process overview and schedule

Initially, the model read a set of EGVs and a known distribution of the species (presence-
only data or presence-absence data); alternatively, this known distribution of the species
can be replaced by the knowledge of specialists regarding the optimal values for the species
concerning each EGV. These EGVs are standardized in a normal distribution. Then the
model generates the habitat suitability (or suitability map). Thus the environment is ini-
tialized, followed by the initialization of the population (random grid cells) with random
percentages of species’ occupation. Species’ life cycle defines the behaviour of the agent,
considering three independent parameters: birth rate, spread rate and death rate. Figure
B.1 shows the steps of the species’ life cycle incorporation in the behaviour of the agent.
The model saves the state of the simulation at each time step or at a time step previously
defined. The simulation goes on until a specified stopping criterion is observed. Algo-
rithm b describes the process overview of the model.

| Expansion |
spread rate

Colonization Mortality
Species Life Cycle dasth rate

Reproduction J

birth rate
Figure 3.1: The Species Life Cycle.
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Algorithm 2: AB-SDSim General Algorithm

1: procedure Simulation

Initialization of the general parameters, see Table 1

EGV _data = readEcoGeographicalVariables( filepath)
converted_EGV = convertEGVs(EGV _data, i, o)

suitability_map =

generateSuitabilityMap(converted_EGYV, probability Density Function)
normalized_suitability_map = normalizeValues(suitability_map, model_type)
patches = createPatches(normalized_suitability_map)

Copy patches into previous_patches
generatelnitialPopulation(previous_patches, agents_quantity)

10: repeat

11:  for patch P of patches do

12: Find the neighbours of P

13:

e ®3

LIFE_CYCLE(P, previous_ P, birth_rate, death_rate, spread_rate, P_neighbours)
14:  if mod(t, output_interval) == 0 then
15: Create the species distribution file at time t
16:  Calculate cell-by-cell differences between patches and previous_patches
17:  Copy patches into previous_patches
18: until stopping criterion

3.2.3 Design concepts
Basic principles

The basic principles of species distribution models are the starting point of this model
[112]. This model can be seen as an extension of the species distribution models approach,
in which, in addition to the projection of the suitability map, it analyses how the species
can behave by spreading into this map.

Emergence

From individual behaviours emerges a general pattern consisting of transferring speci-
mens (species’ occupation percentage) between grid cells and spreading across the entire
map, colonising the more suitable places and reducing these specimens in locations less
suitable for the species.

Interaction

There are no direct interactions between agents. However, during the species’ life cy-
cle, the species’ occupation percentage in each cell is also affected by its neighbours. The
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amount transferred to a grid cell is more or less according to the values of its neighbouring
cells.

Stochasticity

The initialisation of grid cells and the initial percentage of species’ occupation in those
cells are random. However, an initialisation dataset can also specify the initialisation of
grid cells.

Observation

The following output is produced to analyse and evaluate the model: (1) the species distri-
bution maps in each time step, containing the (x,y) locations and the percentage of species’
occupation; (2) the suitability map.

3.2.4 Initialization

Models’ initialization depends on the modeller’s needs. It consists of initializing the en-
vironment by randomly choosing some grid cells in the environment and adding to each
grid cell a random percentage of species’ occupation.

3.2.5 Main Functions

As shown in the Algorithm P the simulation process involves four main functions as fol-
lows:

GenerateSuitabilityMap()

The suitability map for a species is obtained by following a statistical or machine-learning
approach. (1) The probability density function is applied in the statistical approach. Based
on a species’ occurrence dataset, the mean and standard deviation considered suitable for
each EGV are calculated, or these values (mean and standard deviation) can be provided
by specialists who know the species’ behaviour; (2) Alternatively, a logistic regression al-
gorithm is applied.

GeneratelnitialPopulation()

An amount of grid cells are randomly chosen and then filled by a random percentage of
species’ occupation. This percentage varies in the interval of [0, 100].
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FindNeighbours()

Based on its location, each grid cell saves its neighbours, following the Moore neighbour-
hood [113]. However, the quantity of neighbours depends on the location of the grid cell
(a minimum of three neighbouring cells).

RunLifeCycle()

Each grid cell increases the percentage of species’ occupation according to the current
species’ occupation percentage, suitability value, and the defined life cycle parameters.
Therefore, the grid cell’s suitability value constrains the species’ occupation percentage
growth. In addition, there is no growth if the current occupation is zero. After this repro-
duction phase, each grid cell reduces the species’ occupation percentage according to the
current percentage, the suitability value, and defined life cycle parameters. Grid cells with
low suitability values (closer to zero) are more penalized. In the next phase, an amount
of species’ occupation is distributed to the cells’ neighbours. There are two spreading ap-
proaches: (1) the spreading to the neighbour cells is distributed equally; (2) the neighbour
cells receive the amounts according to their suitability value. Algorithm B describes this
procedure.

Algorithm 3: Species life cycle
1: procedure Run_Life_Cycle(self, birth_rate, death_rate, spread_rate, neighbours)

# reproduction phase
sel f.quantity + = sel f.quantity = birth_rate x sel f.suitability
# death phase
sel f.quantity — = sel f.quantity x death_rate * (2 — sel f.suitability)
# expansion phase
spread = sel f.quantity * spread_rate
sel f.quantity — = spread
for neighbour in neighbours do
neighbour.quantity + = spreadx suitability(neighbour) / suitability(neighbours)

e PN 2ok ®N

1

Q

3.2.6 Input data

The model uses as input data the set of EGVs that compose the environment (study area)
and also a dataset containing the occurrence of the species in the study when provided.
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3.3 Life Cycle Sensitivity Analysis

In the experiments, only one grid cell in the environment is initialised with a random
quantity of the species’ occupation percentage. The location of the origin is randomly
chosen between the grid cells with suitability values closer to one (suitable places).

Three different experiments are reported. The first experiment presented in [114] shows
the effects of the main parameters of the model in a setup where only one environmental
variable is considered as the determinant for the species’ suitability. The environment is
assumed to be smoothly changing from an area of high suitability (a level next to one)
towards a hostile area (a suitability value next to o). From a small population in a suitable
area, propagation in the environment is compared to the suitability map after an equilib-
rium state is reached.

The following experiment introduces a second environmental variable to mimic the pres-
ence of migratory routes or otherwise corridors propitious to developing a given species.

The third setup shows the combined effect of two environmental variables, each changing
from suitability to non-suitability in different directions. It is worth mentioning that these
environmental variables are artificial and were created only for experimental purposes;
however, their distribution, at least at a local level, is not far away from some situations
that occur in real environments. Due to the high number of simulated scenarios, only a
selected set of results is presented.

One fundamental aspect of these experiments was the exact time to stop each simulation
(stop criteria). Several simulations were performed to find where the system reached the
stabilisation - no noticeable change between two consecutive states of the system. The
differences between two sequential states of the system (time ¢ and time ¢ — 1) were anal-
ysed. In the model, the difference between one and another state of the system lies in the
species’ occupation percentage presented in each grid cell. Thus, the sum of the cell-by-
cell differences in these sequential states of the system was calculated. The simulation
was interrupted when this difference was maintained below a small threshold for several
ticks.

3.3.1 Smooth environmental gradation

Figure B.2 depicts an environment that is gradually changing from an area of high suit-
ability (a level next to 1 at the bottom) towards a non-suitable area (suitability level next
to 0 over the top).

After randomly placing the origin of the species in a suitable environment, the simulation
starts, and the model evolves according to its life cycle. In the following, the results of the
simulations scenarios varying the spread rate for values equal to (A) 0.03, (B) 0.05, (C)
0.07, (D) 0.09 and keeping fixed the birth rate (0.7) and the death rate (0.1) are presented.
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Figure 3.2: Environment map. The colour scale represents the suitability of the environ-
ment.
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Figure 3.3: Distribution of the species in a smooth gradation environment. The scale of

colour represents the species’ occupation percentage in each grid cell. Gradation visibility
is more evident as the spread rate is higher (Fig C and D), whereas as the spread is lower,

gradation tends to disappear (Fig A and B).

As observed in Fig. 3.3, species tend to establish themselves in locations where the envi-
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ronmental conditions suit them to survive and reproduce. The model outputs often follow
the same pattern, excluding the scenarios where the species cannot survive or reproduce.
However, the capacity of the species to spread varies according to the three parameters
(birth rate, death rate and spread rate). In the first approach, making a visual compar-
ison between these results (Fig. B.9), it is possible to verify similarities between them.
The model output follows the transition (gradation) presented in the environment map.
However, a visual comparison is insufficient to conclude the model’s behaviour. Often,
species do not survive when the value of the birth rate is less than the death rate. To anal-
yse the output of the model in these different parameters’ combinations, Fig. B.4 depicts
the comparison of the model’s output in all scenarios with the suitability map (see the
environmental map in Fig. B.2). The model output was converted to the same scale (0,1)
of the environmental map to facilitate comparison. The overall comparison technique
adapted from [115] was performed for each model output.
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Figure 3.4: Cell-by-Cell comparison between model output resulting from the smooth
gradation environment and the environment map. For each spreading rate scenario, the
vertical bars depict the result for a particular tuple (Death rate, Birth rate) of parameters.
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Figure 3.5: Stabilisation of the model for the four simulation scenarios in a smooth en-
vironmental gradation. (A) Spread rate equal to 0.03, (B) spread rate equal to 0.05, (C)
spread rate equal to 0.07 and (D) spread rate equal to 0.09.

In Figure .4, it is possible to identify the scenarios presenting the relative lowest differ-
ences towards the suitability map levels. The combination (birth rate = 0.5, death rate =
0.1, spread rate = 0.09) presented the lowest difference, followed by the combination (0.9,
0.3, 0.09), and the combination (0.5, 0.1, 0.07) in the same order of rates. According to
Fig. B.4 when the death rate is greater than or equal to 50%, even with a high birth rate
of 90%, the chances of the species surviving are minimal. This indicates that extremely
high mortality rates significantly hinder the species’ prevalence, making it difficult for the
population to sustain itself despite high reproductive efforts. Conversely, when the birth
rate is less than 20%, the chances of the species surviving and spreading are also very low.
This suggests that very low reproduction rates critically limit the population growth and
expansion potential of the species. In summary, both high mortality rates and low repro-
duction rates severely impact the species’ ability to survive and thrive. . In this regard,
the model can achieve a more consentaneous filling of the environment for higher spread
rates, subsumed to the hypothesis on the suitability of the species.

Figure 3.5 shows the number of iterations necessary to reach a stable state for four differ-
ent spread rates (everything else being equal).

Observing Fig. B.J, it is possible to notice that at the beginning of the simulation, the
difference between two sequential states increases very quickly. The increase in the dif-
ference until a certain number of iterations is verified, and then these differences start to
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decrease to the point that it stabilizes. Another interesting finding is that a higher spread
rate promotes quicker stability.

3.3.2 Conceptualization of a suitability corridor

For this experiment, the synthetic environmental variable presented in the previous sec-
tion is considered, see Fig. B.6-A, and a second environmental map is introduced, Fig.
B.6-B, representing a suitability corridor (we can think of it as a migratory route, for in-
stance). The combined suitability cell values were obtained by summing up the values of
the two environmental variables and sequent normalization to the unit interval, see Fig.

B.6-C.
A B °

25

75
100
125

150

175 175

0 25 50 75 100 125 150 175 25 50 100 125 150 175

0 25 50 75 100 125 150 175

Figure 3.6: Environmental variables (A and B) and the suitability map (C). The obtained
suitability map (map C) shows the most propitious places for the given species.
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Figure 3.7 shows the final distribution of the species in the environment for the previously
chosen four simulation scenarios having the same birth rate (0.7) and death (0.1) rates,
varying the spread rate for the values 0.03, 0.05, 0.07 and 0.09.
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Figure 3.7: Distribution of the species in an environment with a suitability corridor. The
scale of colour represents the species’ occupation percentage in each grid cell.

According to Fig. .7, species tend to colonize all the environment. Unlike the previous
maps (Fig. B.9), where there were no conditions for the species to spread on the top, in this
particular case, there is a set of suitable grid cells that allows species to spread. Another
factor that influences the spread of the species to the top of the map is the suitability
corridor (the vertical line). This corridor allows species to reach less suitable locations.
The difference between birth rate and death rate (0.7 and 0.1) also has a significant impact
on the colonization effect, and it is possible to observe a larger filling of the map when the
spread rate is lower, see Fig. .7-A. Comparing Figure B.7 with the suitability map (Fig.
R.6-C) it is possible to observe the same pattern between them. The model results also
observe the transition (gradation) and the vertical line presented in the suitability map.

Figure B.8 shows the cell-by-cell comparison between the model output (smooth grada-
tion + suitability corridor) and the environmental map (Fig 3.6-C).
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Figure 3.8: Cell-by-Cell comparison between model output (smooth gradation + suitabil-
ity corridor) and the environment map.
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These model results were converted in the scale (0, 1) to facilitate the comparison with
the suitability map (Fig. B.6). Doing the comparison between each simulation results
(output) and the suitability map (Fig. §.8), it is verified that the combination (death rate
= 0.1, birth rate = 0.5, spread rate = 0.09), presented the lowest difference, followed by
the combination (0.1, 0.3, 0.03), and the combination (0.1, 0.5, 0.07) in the same order of
rates. Observing Fig. .8, at a death rate greater or equal to 70%, species do not survive,
even with a birth rate greater or equal than 90% at the birth rate less than 20% the chances
for the species to survive are scarce. Contrary to the first experiments, the three best
results were obtained with different spread rates: 0.09, 0.03 and 0.07.

Unlike the first experiment, the best results were obtained in different spread rates (0.09,
0.03, 0.07). Figure B.9 shows the number of iterations necessary to reach a stable state
for four different spread rates.
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Figure 3.9: Stabilisation of the model for the four simulation scenarios in an environment
with a suitability corridor. (A) Spread rate equal to 0.03, (B) spread rate equal to 0.05,
(C) spread rate equal to 0.07 and (D) spread rate equal to 0.09.
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Like the first experiment, it is observed in Fig. 3.9 that the differences between two se-
quential states start to grow until they reach their peak. These differences start to decrease
until the point of stabilisation. Compared with the previous experiment, this experiment
takes longer to converge due to more significant heterogeneity of the environment re-
sulting from the combination of two environment variables. These results show that the
simulation with a spread rate equal to 0.03 (A) takes much longer to converge; It allows
a more extensive filling of the map when the combination of birth rate and the death rate
is suitable for the species (for example birth rate equal to 0.7 and death rate equal to 0.1).

3.3.3 Compound effect of two environmental variables

In this experiment, the environmental variable presented in the first experiment is consid-

ered, see Fig. B.10-A and a second variable is considered by rotating 90° this map, result-

ing in a similar gradation but with a different orientation, see Fig. 3.10-B. The suitability
map was obtained by combining these two environmental variables; see Fig. §.10-C.
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Figure 3.10: Environmental variables (A and B) and the suitability map (C) resulting from
a compound effect of A and B. The obtained suitability map (map C) shows where the
species will be located in greater abundance.
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Figure 3.11: Distribution of the species in the environment composed of two environmen-
tal variables.
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In Fig. .11, species occupy the most suitable places to stabilize and reproduce. Species
tend to disappear in locations where the suitability values are low. We can observe the
gradation pattern presented in the suitability map in each figure (A, B, C and D). The
impact of the spread rate is highly noticeable. In the resulting suitability map (Fig. B.10-
C), the least suitable places for the species to survive are located at the top left. Therefore,
species do not reach these places. As seen in previous experiments, species colonize in
more abundance for the scenarios where the spread rate is lower.

Figure shows the cell-by-cell comparison between the model output (compound effect
of two environmental variables) and the environmental map (Fig. B.10-C).
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Figure 3.12: Normalized Cell-by-Cell comparison between model output and compound
environment map. For each spreading rate scenario, the vertical bars depict the result for
a particular tuple (Death rate, Birth rate) of parameters.
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The simulation results allow verifying that for this experiment, the combinations (death
rate = 0.1, birth rate = 0.5, spread rate = 0.09) presented the lowest difference concerning
the suitability map, followed by the combination (0.1, 0.5, 0.7), and the combination (0.3,
0.9, 0.3) in the same order of rates. In Fig. B.12, it is verified that there are no chances
for the species to survive or reproduce at a birth rate equal to the death rate. The lowest
differences can be observed for the four spread rates: 0.03, 0.05, 0.07 and 0.09.

Figure shows the number of iterations necessary to reach a stable state for four dif-
ferent spread rates.
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Figure 3.13: Stabilisation of the model for the four simulation scenarios with a compound
effect of two environmental variables. (A) Spread rate equal to 0.03, (B) spread rate equal
to 0.05, (C) spread rate equal to 0.07 and (D) spread rate equal to 0.09.

As the simulation proceeds, the differences between two sequential states gradually in-
crease until they reach their pick. Then, the differences start to decrease until they reach
a point in the simulation where they remain in a very low range corresponding to the sta-
bilisation point; see Fig. §.13. As observed in the previous experiments, the lower the
spread rate, the longer the simulation will take to converge.

3.4 Environmental Suitability in Action

Species distribution models are widely implemented in ecological and biological studies
to predict the potential geographical distribution of species. Several methods have been
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used in the implementation of species distribution models, e.g. [116][13][117] [9]. Two
types of species occurrence data can be used in the parameterization of these methods: (i)
presence-only data that contains the locations where the species in the study was observed
and (ii) presence-absence data containing the locations where species were not. In the pa-
rameterization of the methods that require presence-absence data, whenever the presence
data is the only available, background (pseudo-absence) data are generated [118]. Two
main approaches can be used to create pseudo-absence data: (i) select pseudo-absence
at random in the study area; (ii) use a preliminary approach to restrict the selection of
absence data in locations considered less suitable for the species [119].

No method always performs better than the others. Therefore, it is essential to use differ-
ent methods to evaluate its performance.

The performance of the logistic regression algorithm (LR) and probability density function
(DP) regarding the capacity to project the species’ environmental suitability are compared.
In addition to generating the suitability landscape, the simulation of species distribution
in the projected environment is also performed. Departing from the suitability map pro-
duced by each approach, the species evolution on different environmental landscapes is
simulated and discussed for two case studies of species with an economic interest.

3.4.1 Projecting the environmental suitability

The projection of the environmental suitability (suitability map) for each species was ob-
tained in two ways: LR and DP implementations. Both methods use occurrence data to
describe the relationship between the species and a set of EGVs.

Each EGV is a predictor variable in LR, and the occurrence data is the response. Since LR
is a classification method, in addition to locations where the species were observed (pres-
ence data), it requires absence data. Since there is only presence data available, pseudo-
absence data were generated. Pseudo-absence data were chosen randomly from the study
area, excluding the locations where the species was observed [8]. To evaluate the effect of
pseudo-absence data, five different samples were chosen. These samples include all the
available presence-only data and the pseudo-absence data. Pseudo-absence data varies
from 200 to 1000 points (the first sample contains 200 pseudo-absence data and the last
1000 points). Each sample is composed of the values of each EGV in each point and the
corresponding response variable (0, 1). Based on the predictor variables and the values of
the response variables, LR produces a model that predicts the species’ probability occur-
rence, given the set of EGVs values at each point of the study area. For LR implementation,
sci-kit-learn (a Python machine learning library) was used [120]. Parameters were defined
as follows: solver="liblinear’, random__state=0, tol=0.00001, max_iter=1500, C=0.050,
penalty="l1". The choice of parameters for logistic regression was based on specific con-
siderations for a small dataset, the need to avoid overfitting, and the ability to reproduce
results.
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For DP, presence-only data is sufficient to project the suitability map for the species.
Presence-only data are used to calculate the mean and standard deviation of each EGV
(EGVs’ optimal suitability values). These EGVs values are then standardized in the form:
zy = (z; — p)/o, where z; is the value of an EGV in that location, y is the mean and o the
standard deviation for that EGV. The probability density function is applied for each EGV,
and the values are normalized in the interval from o0 to 1 (optimal). Then, the aggregation
of each EGV value in each point produces the species’ suitability map (predicted map).

3.4.2 The case of Apis mellifera honeybee

Apis melliferais an Iberian honeybee, also presented in other locations. They can be found
in both natural and artificial hives. The interest in studying the distribution of this species
is related to the production and storage of honey and the construction of colonial nests
from wax, widely used in the honey derivatives and cosmetics industries, respectively.

Four EGVs that influence the behaviour of Apis mellifera at 10 x 10 km were used: BIO1
(annual mean temperature), BIO5 (max temperature of warmest month), B/O6 (min
temperature of coldest month), and BIO15 (precipitation seasonality). These EGVs were
obtained from WorldClim, version 1.4 [121]. Presence-only data were collected in terrain.

3.4.2.1 Experimental results

Figure presents the suitability map obtained from the LR and DP. Visually, the dif-
ference between the suitability maps from LR and DP becomes more pronounced as the

sample size increases.

Figure shows the AUC for both methods. On average, the value of AUC for the LR is
0.67, whereas, for the DP, the average value is 0.61.

Figure shows the distribution map of the species and the corresponding ROC curve
for the two methods. The initial population was set to 100 randomly chosen grid cells
in the study area. The life cycle parameters were defined as follows: birth rate : 0.5,
death rate : 0.2 and spread rate : 0.3. These parameters ensure that the species can
both reproduce and expand, as the birth rate exceeds the death rate, and the spread rate
facilitates the dispersal of the species across the study area. Additionally, the simulation
runs 200 times, which is sufficient to observe the stabilization of the population dynamics
and the distribution pattern. The value of AUC for the distribution map of the species
using DP (AUC = 0.60) is less than the average AUC of the suitability map. In contrast,
the AUC for the species distribution using LR (AUC' = 0.72) is greater than the average
AUC of the suitability map with LR.
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Figure 3.14: Suitability Map obtained by Probability density function (Fig. a) and
Logistic Regression (Fig. b, ¢, d, e, and f) with different quantity of samples of Apis
Mallifera Honeybee. All the figures with the 135 occurrence data, varying the quantity of
pseudo-absence data from 200 to 1000.

3.4.3 The case of Arbutus unedo L.

Arbutus unedo L. is a Mediterranean species found in large quantities in Portugal and the
Mediterranean. The study of the distribution of this species has a significant interest in
Portugal for economic reasons. Its fruit is used to produce spirit drinks, considered the
primary source of revenue for forest owners [122].

In agreement with the study presented in [122] nine EGVs have the greater influence on
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ability density function for Apis mellifera Honeybee.

the behaviour of A. unedo were selected (1 x 1 km): seven climatic variables (BIO1: an-
nual mean temperature, B/O2: mean diurnal range (mean of monthly (max temp - min
temp)), BIO5: max temperature of warmest month, B/09: mean temperature of driest
quarter, BIO15: precipitation seasonality, ¢,,,,: maximum temperature, ¢,,;,: minimum
temperature) from the WorldClim database 1.4 and two topographic variables (slope and
altitude); altitude was obtained from the Global Multi-resolution Terrain Elevation Data
2010 [123]. The slope was generated from the altitude using the GDAL/OGR library [124].

In this case study, 318 locations where the species was observed were used (presence-only
data), with different pseudo-absence data randomly chosen in the study area.
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Figure 3.16: Distribution Maps obtained from both logistic regression method and prob-
ability density function from SDSim for Apis mellifera.

3.4.3.1 Experimental results

Figure shows the suitability maps obtained from DP and the suitability maps obtained
from each sample from LR. Visually, the difference between the suitability map from DP
and the suitability maps from LR increases as the pseudo-absence increases.

The AUC is calculated with the Receiver Operating Characteristic (ROC) to analyse how
these two methods predict the species suitability map.

Figure presents the AUC and ROC to compare the classification performance of LR
and DP. For LR, the value of AUC is on average 0.70, whereas the value of AUC for DP is
on average 0.62.

Figure shows the distribution map of the species and the corresponding ROC curves
for the two methods. The sampling strategy consists of choosing an equal quantity of
both presence-only and pseudo-absence data, and these pseudo-absence data are chosen
randomly from the study area. In addition, the distribution of the species in the predicted
environment was simulated according to the AB-SDSim model. The initial population was
set to 100 random grid cells in the study area; the life cycle parameters were defined as
follows: birthrate : 0.5, deathrate : 0.2 and spreadrate : 0.3, and the simulation runs 200
times. The value of AUC for the distribution map of the species using DP (AUC=0.62) is
equal to the average AUC of the suitability map. In contrast, the AUC for the distribution
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Figure 3.17: Suitability Map obtained by probability density function (Fig. a) and Logistic
Regression (Fig. b, c, d, e, and f) with different quantity of samples of A. unedo. All the

figures with the 318 occurrence data, varying the quantity of pseudo-absence data from
200 to 1000.

of the species using LR (AUC=0.68) is less than the average AUC of the suitability map
with LR.

It is possible to notice a high concentration of optimal locations for each species on the
maps obtained by DP. Despite both methods ensuring similar patterns on maps, maps
obtained by DP produce more suitable regions, allowing the species to reproduce and col-
onize more quickly. Per the performance measures, DP produced poor results for both
case studies. However, from a biological point of view, the DP approach seems to be the
one that closely agrees with the real data collected in the field.
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Figure 3.18: ROC Curve - Comparison between Logistic Regression algorithm and Prob-
ability density function for A. unedo.

On the other hand, the suitability maps obtained by LR have many more places where
the species has difficulty surviving. Values of the suitability maps are lower, causing the
species to take longer to spread in the environment. This effect results from the approach
used to select pseudo-absence data (randomly selected). When selecting pseudo-absence
data, several suitable locations for the species are potentially classified as absences. LR,
and any regression approach, fit the model with these data. Therefore, the selected ap-
proach used to generate pseudo-absence data greatly influences LR performance. De-
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Figure 3.19: Distribution Maps obtained from both logistic regression method and prob-
ability density function from SDSim for A. unedo.

spite its wide use, one can say that from the biological standpoint, the random selection
of pseudo-absence data is not the best approach.

Another factor to consider that impacts LR performance is the sample size (quantity of
pseudo-absence data). According to the results, the number of pseudo-absences closer or
equal to the number of presence-only data turned out to be a good approach.

Overall, both methods (LR and DP) performed better than the random classifiers (AUC=0.5).
However, in these case studies, LR performed better than DP.

3.5 Remarks and Discussion

The effects of an agent-based model’s parameters in the spatial distribution of species
were analysed by implementing a model to deal with a heterogeneous environment rep-
resented by a combination of (environmental) variables of interest. A parametric study
was performed to obtain the parameters combination that fits the purpose of the model.
The results showed that in addition to the environmental conditions, the combination of
the model parameters significantly impacts its results. The study is limited in the sense
that the environment of the model was not natural; however, the initial conditions of the
presented experiments are well aligned with some real local environmental constraints
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that it is intended to explore in future studies for the prediction of the geographical dis-
tribution of biological species (both flora and fauna) with an economic interest in a setup
of environmental uncertainty.

Model behaviour and outputs are deeply coupled with the chosen parameters and envi-
ronment. The parameters of the reported model are entirely independent of each other
in the sense that any adjustment made to any parameter does not affect the value of the
remaining parameters. However, any slight change in a subset of parameters can result
in drastic changes in the overall behaviour of the model; The same happens if the envi-
ronmental conditions change.

It is necessary to perform a specific parameters analysis and verify the environmental
variables that compose the environment and its values. It is a well-known fact that com-
prehensive analysis of the output-to-input variability is an essential step during the de-
velopment of an agent-based model [125]. Parameters analysed in this study have each
an effect on the model. However, it is necessary to consider the effect of the different pa-
rameters on the model’s output instead of only these parameters individually. Discarding
the effect of either one of the parameters will jeopardise the ability to explain the model’s
output.

One aspect to consider is the distinction between the birth rate and the death rate. To
observe reproduction, it is essential to have a significant distinction between these two
rates, fixing the values of the birth rate always more significant than the death rate. This
is the only case that the species can survive and reproduce. Therefore, without the spread
rate, there is no way for the species to spread (and colonise) to other grid cells in the
environment. Once the birth and death rates are chosen, the spread rate determines if
the species have a propensity to consolidate the occupied places or if they have a greater
predisposition to colonise new territories.

The choice of parameters will always constrain the desired results. When using a model
like the one described in this study, it is necessary to analyse several scenarios to find the
parameters’ combinations that answer the purpose of the reference model.

In addition, the performance of LR and DP in projecting species’ environmental suitabil-
ity was compared. Two species were used to perform two case studies: 1) The distribution
of A. unedo and the distribution of Apis mellifera. The performance of both methods
was compared. Only presence data were available for both case studies; consequently,
pseudo-absence data were generated and used to assess the methods. The cardinality of
pseudo-absence data has impacted LR’s performance significantly. Considering the usage
of presence-only data to project environmental suitability, unlike LR, which uses, in ad-
dition to presence-only data, pseudo absence data (when absence data is missing), it was
expected that DP would perform better than LR. However, strictly numerically speaking,
in both case studies, LR performed better than DP in describing the relationship between
occurrence data and environmental conditions. Overall, the results obtained by the two
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methods presented similar patterns, as the significant abundance of the species was ob-
served in the same locations.
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Chapter 4

Performance Considerations

4.1 Introduction

There are some aspects to consider when using ABM to model and simulate species dis-
tribution, such as the environmental conditions that influence the species’ life cycle, the
available resources (i.e. food, water), and the dimension of the environment where species
exist (study area). The area under the study can be small or large, and the coarseness of
the simulation stage can be widely heterogeneous from simulation to simulation. When
the dimension of the environment is substantial, and the required level of detail for the
simulation is high, the simulation can be quite time-consuming and requires considerable
computation power, becoming necessary to implement strategies to narrow down the time
requirements.

Computational cost is another issue identified (chapterp) in ABM&S in the spatio-temporal
distribution of species that significantly impacts the models’ performance. To address this
issue, a strategy to parallelize the AB-SDSim model described in the previous chapter is
presented. This strategy involves running the model in a multi-stage synchronous mode,
reducing processing time while ensuring no significant information loss. The size of the
overlapping section sent with each stage subset and the number of iterations between
each global synchronization is parameterized. The findings indicate that it is possible to
achieve a good trade-off between the size of the internal computation and the data transfer
time while maintaining the algorithm’s correctness.

4.2 Parallelization Approaches

One parallelization approach concerns dividing the computation at the agent level, where
each processing element (PE) is responsible for a set of agents. Another approach consists
of dividing the computation at the spatial environment level where each PE is responsible
for a set of grid cells [98]. In both cases, handling the interaction between agents and their
movements requires communication and synchronization, which constitutes the limiting
factor for obtaining a scalable parallel model [98].

Existing proposals for parallel implementations of spatial ABMs range from multi-threaded
implementations in shared memory architectures [126][127] to implementations in Graph-
ing Processing Units (GPUs) [128][129][130]. However, most proposals are based on dis-
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tributed memory programming models, which can be scaled to thousands of cores. These
works include frameworks such as FLAME [131][132] and Repast HPC [133][134] that use
MPI for inter-process communication. The work presented in [135] implements an ABM
in the Apache Spark framework trying to take advantage of its in-memory computation
model. In all these works, the main performance bottleneck remains the communication
cost.

4.3 The Parallel Model

The model explores different hypotheses on the space-time distribution of species. It com-
prises an environment disposed of in a regular rectangular grid, where each grid cell stores
its suitability and the number of specimens presented in the grid cell. Figure 4.1 shows in
more detail the characterization of the environment.

suitability of the cell 7
0.8 0.9 0.6 amount of species
LA v ¥ 29> ineachcell

grid cell
(x,y) coordinates

Figure 4.1: Characterization of the environment.

4.3.1 Process overview and schedule

Figure 4.2 presents the main steps of the simulation process. It starts by initializing the
environment stage (hereafter referred to as patches) after setting the model’s parameters.
In each iteration, a birth and death rate affecting the percentage of species’ occupation is
applied to each cell. These rates are constrained by the suitability value of the grid cell.
The spread of the species occupancy percentage occurs through the neighbourhood of the
cells. The model implements Moore neighbourhood [113]. Therefore at each iteration,
each cell transfers an amount of material to its neighbours, according to a spread rate.
Algorithm |4 describes the updating mechanism that simulates the spatial dynamics of the
spreading of a natural organism guided towards spatial self-organization.
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Figure 4.2: General steps of the simulation process

Algorithm 4: Species update algorithm. The reproduction method contains the
exchange policy of the cell with its neighbours depending on its birth, death and
spread rates.

procedure Distribution_updatepatches, previous_patches, steps
for % in steps do
for i, row in patches do
for j, patch in row do
neighbours = patch. find_neighbours(previous_patches, i, j)
patch.reproduce(previous_patches[i|[j], birth_rate,
death_rate, spread_rate, neighbours)
end for
end for
end for
return patches
end procedure

The sequence of patches (different states) obtained during the iterative operation of the
algorithm E is called the evolution. As defined in [136], evolution is the result of the simu-
lation task, representing the process under simulation. If the process converges to a stable
global state, then the algorithm evolution has a termination. If that is not the case, then
the evolution is infinite, exhibiting oscillatory or chaotic behaviour. Algorithm F repre-
sents the evolution snapshot for a fixed amount ¢ of epochs.

Algorithm 5: Evolution of the simulation task.

Initialize patches, previous_patches, set epochs, output_interval and let steps + 1
for ¢ in epochs do
patches = Distribution_update(patches, previous_patches, steps)
if mod(t, output_interval) == 0 then
A = sum/(abs(previous_patches—patches))
Copy patches into previous_patches

Alternatively, the evolution can be terminated once a convergence condition is observed.
In that case, the evolution stops, i.e. for all that matters, it has converged, whenever the
cell-by-cell difference, A drops below a threshold 7 given by

T=ex N, (4.1)
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where N, is the number of cells in the environment, and ¢ is the amount of admissible error
between any given pair of corresponding cells (or minimum distinguishability level). This
threshold value can also be used as a reference value to analyse if two different evolutions
exhibit, or not, a similar convergent behaviour.

4.3.2 Parallelization strategies

The adopted parallelization strategy assigns each PE a set of grid cells. The species dis-
tribution map was divided into stage subsets (hereafter referred to as strips, since in our
implementation, any subset encompasses all the columns of the main stage), each with
a dimension given by the number of rows in the map divided by the number of available
processes.

While pursuing high efficiency, breaking the equality between the initial sequential evo-
lution and that of a decomposed parallel algorithm is possible. Therefore, to guarantee
the sequential evolution’s equality to its parallelized version, a set of correctness condi-
tions, see [136], must be assured during the interaction between processes. Stated, “the
problem is to organize the parallel operation in such way that each domain interacts with
the adjacent ones by exchanging data that is needed to be used in one of them for com-
puting the next-states in the other”. Moreover, any given cell must be updated only once
per iteration. Algorithm b presents the synchronous parallelization used in reported ex-
periments.

Algorithm 6: Synchronous parallel algorithm.

Initialize patches, previous_patches
Set number_processes, overlap, steps, epochs, output_interval
for ¢ in epochs do
strips = Build_strips(patches, number_processes, overlap)
previous_strips = Build_strips(previous_patches, number_processes, overlap)
for each strip_s do
Run process Ps(Distribution_update(strips, previous_strips, steps))
for each process P; do
Receive and fuse the P; results into patches
if mod(t, output_interval) == 0 then
A = sum(abs(previous_patches—patches))
Copy patches into previous_patches

The equality between sequential and parallel versions is only assured if all the cells whose
values are necessary for updating any given cell of the strips are available. In this case, us-
ing a Moore neighbourhood means that each strip must be extended to perform a parallel
iteration by adding a border region (overlap) of at least one row. When dealing with par-
allel processes, one must also be aware of the inter-process communication costs, which
may be reduced by preventing frequent synchronisation between processes. It can be
archived if, instead of joining the strips after each iteration, the different stages are al-
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lowed to evolve independently in their parallel processes for a given number of evolutive
steps. Once again, the equality between versions is only achieved if the overlap between
strips (or partial stages) is composed of a number of rows equal to or greater than the
number of steps.

The strips are extended with adjacent rows from each neighbouring strip to deal with the
border region, t. In what follows, those common regions are referred to as overlap, as
shown in figure [4.3 where domain decomposition is emphasised.
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Figure 4.3: Parallelization of the spatial environment. Decomposition of the study area
into a set of overlapping strips for parallel processing.

The data is divided into stage subsets in the body of the simulation cycle. Each chunk
of data (including a strip of the current distribution map, patches;, and its overlapping
sections) is sent to a process running in parallel with the ones responsible for the other
data chunks. Each process will perform over its data the number of iterations given by
a step parameter. At the end of the parallel phase, the arising strips are sent back to the
main process, producing the next map instance (patchesystep). It means that, at this
phase, the overlapping sections are discarded since their main purpose is to act as a buffer,
updating the frontier cells in the starting iterations of each process. The core strips of the
distribution map are fused, and the main process continues as described.
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4.4 Experimental Results

The reported experiments simulations using both sequential and parallel implementa-
tions of the model were performed. Initially, the simulation with the sequential imple-
mentation was performed, followed by the simulation with the parallel implementation.
Execution times were computed in a machine with the following hardware and software
configurations: a) Operating System: Linux Ubuntu Desktop version: 18.04.5 LTS 64bits,
b) RAM: 64GB, c) Processor: Intel® Core™ i9-9900X CPU @ 3.50GHz x 20, d) Python
version: 3.7.2.

For these experiments, the spatial distribution of the african honeybee Apis mellifera in
the Iberian Peninsula was simulated. The set of variables of interest for the environment
was composed of four EGVs, which are the input values determining the suitability of each
cell.

In order to facilitate the comparison between the two implementations (sequential and
parallel), the number of species in each grid cell was initialised using the same seed for
each simulation. Table l4.1 shows all the parameters of the model and the values used for
both sequential and parallel implementations. For the parallel implementation, 12 pa-
rameter combinations were chosen: a step of 10 varying the frontier with the values (4, 6,
8, 10); a step of 50 varying the frontier with the values (20, 30, 40, 50); and step of 100
varying the frontier with values (40, 60, 80, 100). Therefore, for the parallel implementa-
tion, 12 different simulations were performed. For the sequential implementation, results
at each timestamp were saved; for the parallel implementation, results were saved accord-
ing to the chosen step. The number of processes was fixed to 12 to analyse the algorithm’s
behaviour when the processes were subjected to a varying workload directly related to the
dimensions of the data used in the experiment.

Table 4.1: Models’ parameters.

Parameters Value

Initial population 200 000

Number of epochs 200

Cells capacity 1000

Output generation interval according to the step
birth rate 0.9

death rate 0.2

spread rate 0.6

Type of neighbourhood Moore
Environment dimension 1210 x 1940
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4.4.1 Quasi-equality behaviour

Aiming at the determination of the rate of degradation resulting from the reduction of
the border region, the differences between the initial sequential evolution and the paral-
lel evolution with different process steps (period, where each strip evolves independently
of the remaining ones, were analysed, see Fig. l4.3). For each fixed number of steps, ex-
periments were conducted for different overlap levels: 100%, 80%, 60% and 40% of the
performed steps.

For a fixed number of sequential epochs (200 in the reported experiments), the number
of steps directly influences the number of synchronizations (with its inherent communi-
cation costs). In contrast, the level of overlap (determining the overall number of cells
treated by each process) significantly influences the processes’ workload.

As previously noted, the equality between versions is only archived if the overlap between
strips (for partial stages) is composed of a number of rows equal to or greater than the
number of steps.

Table 4.2 shows the sum of differences (cell-by-cell comparison) between each parallel
combination (different steps and overlaps) and the sequential implementation in the same
set of iterations.

Table 4.2: Cell-by-Cell differences, A, between the results of the sequential implementa-
tion and the results obtained from the parallel implementation in the iterations: 50, 100,
150 and 200.

Steps Overlap 50 100 150 200

10 10 0.00067 0.00067 0.00067 0.00065
10 0.14313 0.11767 0.10852 0.10361
10 5.20148 3.82719 3.41619 3.24228
10 4 58.60432 42.44981 38.00387 36.54078
50 50 0.0 ~0 ~0 ~0

50 40 ~0 ~0 ~0 ~0

50 30 ~0 ~0 ~0 ~0

50 20 0.00372 0.00170 0.00099 0.000706
100 100 - 0.0 - 0.0

100 80 - ~0 - ~0

100 60 - ~0 - ~0

100 40 - ~0 - ~0

For 7 < 1E-5, see (4.1), the error values were denoted as “~ 0”.

As expected, table 6.1 shows that the differences between the sequential and parallel evo-
lution increase with the reduction of the level of overlap between stage subsets. Those
differences are more apparent at the simulation’s earliest stages due to the simulation’s
convergence to a stable state. Interestingly enough, a somewhat counter-intuitive obser-
vation should be noted. In this model, many parallel steps tend to reduce the overall
inequity between the parallel and the sequential evolution. Even when there is a signif-
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icant relative gap in the number of rows necessary to guarantee an equal evolution, the
local convergence of the algorithm can circumvent this lack of data as long as enough pro-
cessing steps are allowed. The following section reports some performance indicators for
these and other selected experiments.

4.4.2 Performance comparison

As a way to analyse the performance of the proposed parallel strategy, the improvements
in the speed of execution for several parallel implementations with different parameter
combinations were measured. In the reported experiments, the speedup of each parallel
configuration P against the corresponding sequential version S is given by

SP = TS / TP ; (4*2)

where T is the execution time of the sequential evolution and T is the execution time of
the assessed parallel configuration.

The impact of varying the step and the overlap parameters for a fixed number of processes
and several environment dimensions was studied. The speedups of a chosen configura-
tion, when the number of processes varies from 2 to 20, were also calculated. Figure 4.4
shows the speedups obtained when simulating each parameter combination, considering
three environment maps dimensions (1210 x 3880), (1210 x 1940) and (1210 x 970), i.e.,
the initial map (1210 x 1940) was extended and shrunken along its second dimension. The
12 processes ran simulations over 200 epochs. That number of iterations has shown to be
enough to reach convergence.

Grid size (1210*3880, 1210*1940, 1210*970)

5 | === 1210*3880
mm 1210%1940
. 1210%970

0
5:100, 0:100 s:100,0:80 s:100,0:60 s:100,0:40 s:50,0:50 s:50,0:40  s:50,0:30  s:50,0:20  s:10, 0:10 s:10, 0:8 5:10, 0:6 5:10, 0:4

Figure 4.4: Speedups obtained with maps of a different number of columns, varying the
number of steps s (10, 50 and 100) and for each step, the overlapping (o) size varies from
100% to 40% of the number of steps.

In figure 4.4, it is possible to observe that the speedups are approximately the same for the
three maps. The small map speedups have insignificantly higher values for the smallest
step values. Increasing the number of columns has no impact on the speedup. When

56



observing the figures with the same step values, as can be expected, the speedup increases
when the overlap reduces. Less data redundancy implies less communication and less
processing. As seen in the previous section, the overlapping value must be high enough
to avoid information loss, but the higher it is, the worse the performance will be. In the
studied cases, the best speedups are obtained for the pair steps = 50 and overlap = 20
(i.e., 40% of the step value). The variation of both dimensions of the map was also studied,
considering this pair of values. Figure 4.5 shows the speedups obtained when running
simulations along 200 epochs in 12 processes for three maps with dimensions (605 x 970),
(1210 x 1940) and (2420 x 3880). Overall parameters stayed the same as before, and the
values of step and overlap were fixed at 50 and 20, respectively.

Speedup (step= 50, overlap = 20)

B speedup

605*970 1210*1940 2420%3880

Figure 4.5: Speedups obtained when increased data in both dimensions using step = 50,
overlap = 20, 200 iterations and 12 processes.

As can be seen, the speedup increases when the dimension of the map increases. When
the first dimension of the map is increased, and the same number of processes is kept, the
number of rows in each data strip increases. Keeping the same overlap value means less
data redundancy when the size of each strip grows.

Finally, figure shows the speedups obtained when the number of processes, p, varies
from 2 to 20. The initial map with dimension (1210 x 1940) was used for step 50 and
overlap 20. The values of the remaining parameters were kept.

The speedups increased steadily with the number of the available parallel processes to a
value nearly five times faster than the sequential implementation, see Fig. [4.6.

The described parallel decomposition can preserve absolute equality with the sequential
evolution, provided that a widely enough border region is shared between contiguous
stage subsets. If the border dimension is less than the number of parallel inner-process
steps, equality is potentially broken.

Figure l4.7 shows the evolution of the sequential implementation side-by-side with the
most different parallel evolution (step = 10, overlap = 4).

It is worth noting that in Fig. [4.7 some snapshots of the evolution are depicted only in
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Figure 4.6: Speedups obtained for the map dimension (1210 x 1940) when the number of
processes, p, varies from 2 to 20, using step = 50, overlap = 20 and 200 iterations.

the initial steps. During this period, the major differences are accounted for. As a side
note, notice that it is difficult to spot any differences in plain sight, even at these earliest
stages. However the simulation runs until the convergence criteria (viz. the differences
between consecutive states drop below r = 1E~5 x N, see (4.1), for a number of epochs)
is satisfied.

On the other hand, for the same relative level of overlap, given the local convergence char-
acteristics of this particular model, any loss of equality is less noticeable when more inner-
process steps are allowed. Thus if one is ready to relax the equality constraint for the par-
allel version, it is possible to obtain a model presenting indistinguishable results from the
sequential version while achieving at least a good speedup.

According to the performance results, the parallel implementation gained a speedup of
approximately 5. Different parameters’ combinations of the parallel implementation con-
straint both the model’s accuracy and performance.

4.5 Remarks and Discussion

In this chapter, a parallelization strategy of an agent-based model of the spatial distri-
bution of species was proposed aiming at a good trade-off between the synchronization
requirements and the amount of data redundancy necessary to achieve the equality be-
tween the parallel and the sequential evolution.

The adopted strategy unveils the effects that the number of parallel evolutive steps and
the size of the overlap between stage subsets have on the algorithms’ performance. The
relation between these two parameters is explored to find the best parameter combination
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Figure 4.7: Sequential evolution (on the left) and a non-equal parallel evolution (on the
right) with 10 inner-process steps and only 4 overlapping rows.

that ensures increased speedups.

According to the empirical results, there is a scale opportunity to model more significant
problems with almost negligible errors. Due to the local convergence of the model (result-
ing from the Moore neighbouring in the composed stages), it is possible to attain almost
indistinguishable results from the ones of the sequential version. It is verified even when
the synchronizations are scarce, and the overlap is kept at a parsimonious level, hence

accomplishing significant performance gains.
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Thus, a clear line of future developments is related to the scale-up of the implementa-
tion to a distributed setup to tackle more significant cardinality problems. However, for a
sounder statistical evaluation and deeper inspection of the proposal, aiming at the gener-
alization to other kinds of models (with different, non-regular types of iterations between
stage-subsets), the performance of the algorithm must be assumed over averaged metrics
for multiple runs in a set of carefully chosen descriptive parameters.
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Chapter 5

A First Approach on the Temporality Issue

5.1 Introduction

Several methods and techniques have been used to implement SDMs [13][117][137][138],
showing more and less suitable regions for the species’ survival in a map. However, study-
ing such a distribution over time becomes much more difficult.

A changing climate reshapes bio-geographic patterns, and as a consequence, conservation
planners require reliable methods to project future distributions of species that allow for
prioritising conservation efforts [139]. Spreading a particular species from the projection
of an SDM over future environmental conditions could lack important information. For
example, a disequilibrium can arise if species’ ranges are shaped by biotic interactions that
are independent of climate [140][141]. More critical is that time scaling is an issue rarely
considered in ecology and conservation biology [142], although it becomes crucial in sev-
eral contexts in ecology. For example, recently, scientists have investigated the ecological
consequences of climatic changes over different temporal and spatial scales. These studies
have highlighted confounding methodological issues when the generalisation of biological
patterns could be impeded due to inappropriate time scales during analyses [143].

In ecology, time is assumed to scale in years or generations, although the World Con-
servation Union (IUCN) uses a mixture in its categorisation system for threatened and
vulnerable species [144]. Time has been considered a niche dimension along which or-
ganisms may segregate to minimise overlap in the use of a resource for competing species
[142]. Time can also be another parameter, occasionally included as an exponent or a
subscript, in equations describing conceptualisations of patterns. However, timely treat-
ment is inconsistent in ecology (e.g., discrete vs continuous). Sometimes, ecologists and
conservation biologists are reluctant to give time such importance as other disciplines, for
example, physics, where it is a central focus. A possible explanation would rely on the fact
that approaches to treat time as a variable to include in an SDM is a challenging task re-
served for modelled ecological processes, such as physical processing (e.g., larval or seed
dispersion).

This chapter presents a novel approach to mapping computational and ecological time
using the agent-based distribution model approach to address this issue. Reported past
environmental conditions are used as the simulation’s initialisation point, allowing the
system to evolve into current environmental conditions by interpolation. Species distri-
bution responses to climatic changes are registered and evaluated to analyse the number
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of iterations needed to reach a dynamic equilibrium of occupancy in such a given climatic

scenario.

5.2 Rationale

The model described in chapter B was applied to simulate the distribution of Apis mellif-
era honeybee African lineage and the A. unedo in the Iberian Peninsula in two different
geological times, namely, the glacial period (approximately 10000 BP) and the current
period. The selected EGVs for both Apis mellifera and A. unedo were the same as the
EGVs used in the experiments of the chapter i, section B.4.

Three simulation scenarios were performed for each species by fixing the birth and death
rates and varying the spread rate. Life cycle parameters were set up as follows: (birth
rate = 0.6, death rate = 0.2, spread rate = [0.2,0.3,0.4]). The chosen values allow the
species to reproduce and spread to suitable locations.

The approach for establishing a reasonable approximation between each epoch of the
agent-based model and the corresponding geological time consists of three main phases:
1) initialisation, 2) estimation and 3) prediction. Itis assumed that we have access to EGVs
measured in two different, sufficiently far apart and distinct, moments in time i,

In the initialisation phase, the species distribution is simulated in the past environmen-

tal conditions until a stable distribution is observed. This stable distribution in the past

is then used to initialise the species simulation in the current environmental conditions.

Usually, an abrupt change in the environmental conditions occurs, and the species distri-

bution is simulated until the system stabilises. The number of iterations needed to sta-

bilise the distribution of the species in the current environmental conditions, stabilisation_present,
is registered. Stabilisation is determined by the cell-by-cell comparison index [115].

An indistinguishability level between them gives the directly matched cells. Therefore,
two cells are considered indistinguishable if the following condition holds:

|current;; — previous;| < eqdm, (5.1)

where current,;; is one cell in the current state of the simulation, and previous;; is the same
cell in the previous state of the simulation. e, 4, stands for the maximum admissible error.
The adopted e4,, was given by maxOcupation x 1le — 3, where maxOcupation is the cell
occupancy maximum value (in this case ¢4, = 0.1).

In the estimation phase, the species distribution is simulated, departing from the past
to the current environmental conditions by linear interpolation of the EGVs. The initial

This notion of distance between the environmental conditions is inherently dependent on the species’
life-cycle. It suffices to think, for instance, that the notion of time has a very different meaning for trees and
bacteria.
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number of bins for the interpolation, itp_ steps, is fixed as the number of iterations neces-
sary to stabilisation after the abrupt change of the previous phase, i.e., stabilisation_present.
At each time step, the environmental conditions change gradually, approaching the cur-
rent environmental conditions. From there, the EGVs are kept fixed, and the simulation
continues until stabilisation. The number of iterations until stabilisation after interpola-
tion is denoted sT'i. This is an induction process, and in the next simulation, itp_ steps is
given by the sum of previous itp_ steps with the previous s7'i. This procedure is repeated
until s7% is less or equal to n (in the reported experiments n = stabilisation_present x
0.05).

Having completed this inductive interpolation process, we can finally hypothesise the
quantification of each iteration into the corresponding geological time. The geological
time gy;me of each iteration of the agent-based computational model is approximated by
the ratio between the geological time range and the total number of iterations until the
final stabilisation of the system:

Gtime = AT/itP_StGP& (52)

where A7 is the change over time, in the current case expressed in years, and itp_steps
is the number of interpolation steps necessary to satisfy the defined condition. Note that
this hypothesis depends on the assumption that environmental conditions vary uniformly
and are also subject to the agent-based model’s constraints on the species’ life cycle.

Finally, in the prediction phase, the information regarding the geological time is used to
define the itp_steps needed to simulate the species distribution departing from the cur-
rent to the future environmental conditions in a changing climatic scenario. Figure f.1
and algorithm [7 describe the proposed approach from the initialisation until the predic-
tion phase.

Algorithm 7: Predict species colonisation time via an agent-based distribution
model.
1 stabilisation_present=initialise_simulation(past_environmental_conditions,

current_environmental_conditions)
set n = stabilisation_present x 0.05
set itpsieps = stabilisation_present, sTi = stabilisation_present
while s7'i > n do

interpolate(current, past)

sTi = reachStabilization(current)

itpsteps = itsteps + 8T
predict_distribution(gime, current_environmental__conditions,
future_environmental_conditions, stabilisation,resent)

This approach is evaluated by simulating the distribution of the species under two dif-
ferent environmental scenarios, although, in this case, knowing the quantification of each
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(2070), both from WorldClim (version 1.4), are used.

It is important to note that version 1.4 climate data for current environmental conditions
were collected from 1960 to 1990. In this study, two intervals to count geological time are

Figure 5.1: Interpolation Method
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considered. One from 1960 to 2070 and the other from 1990 to 2070. So the distribution
of the species after 80 years and after 110 years.

Apis mellifera case

For the African lineage, the number of iterations for the simulation with the past environ-
mental conditions (10000 BP) until the stabilisation was 15 iterations; departing from the
stabilisation of the species in the past environmental conditions and making the sudden
transition to the current environmental conditions it took 165 iterations until the stabili-
sation was reached.

Figure k.2(a,b) shows the suitability map of the African lineage of both past and current
environmental conditions. As expected, the values of the suitability map are higher in the
map with the current environmental conditions (fig. .2(b)), with values in the south re-
gion above 0.8 on a scale of (0, 1), whereas the values of the suitability map in the past
environmental conditions (fig. f.2(a)) are bellow 0.5 in almost the entire map. It occurs
due to the variation of the differences between the past and current environmental vari-
ables. These conditions are less suitable for the survival of the African lineage since the
more suitable temperatures for this species vary between 15°C and 19°C.

Figure .2(c,d) shows the stable distribution map of the African lineage in both 10000 BP
and current environmental conditions. With 10000 BP environmental conditions (fig.
E.2(c)), the species cannot spread on the map, whereas with the current environmental
conditions (fig. §.2(d)), the species can spread and occupies a large portion of the map.

Fig. b.2(e) plots the differences between two sequential maps until the stabilisation un-
der 10000 BP environmental conditions and in current environmental conditions for the
African lineage. In 10000 BP environmental conditions, it is possible to verify a higher
difference between maps, about one at the beginning of the simulation. Then the values
decreased until they reached the stop criterion value. In current environmental condi-
tions, the higher difference between maps was about 0.36 at 1/4 of the simulation, and
then the values started to drop.

As for the deductive interpolation procedure, for the first interpolation between 10000
BP environmental conditions and the current conditions, stabilisation_present was used
to determine the first number of itp_steps. In this first simulation using the linear inter-
polation method, 147 more iterations were needed to stabilise the system (s77 = 147).
After this first simulation, 46 more simulations were run until the stopping criterion was
met. From simulation 31, the number of iterations until stabilisation has practically sta-
bilised. The first three steps required until stabilisation s7" were relatively large. Then
the values of these differences decreased in the order of 1 and were even continuous in
some cases. Fig. .2(f) shows the decrease in the values of s7', indicating that the process
is converging. For the African lineage, it took 1283 itps.p, for the stopping criterion to be
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satisfied.

A. unedo case

For the A. unedo, it took 17 iterations to stabilise under the environmental conditions
of 10000 BP. In comparison, it took 270 iterations (stabilisation_present) to stabilise
under the current environmental conditions using the stable distribution of the A. unedo
in 10000 BP.

Fig. 5.3(a,b) shows the suitability map of A. unedo under both 10000 BP and the current
environmental conditions. Under the current environmental conditions (Fig. .3(b)) has
a higher probability of reproducing and spreading (Fig. .9(d)), as there are sites (in the
west of the peninsula) where suitability values are higher (greater than 0.8). In contrast,
at 10000 BP the suitability map values (Fig. 5.3(a)) are lower (less than 0.5), limiting the
reproduction and spread of the species (Fig. 5.3(c)).

Fig. .3(e) shows the differences between two successive maps until the simulation sta-
bilises. Like the previously analysed species in 10000 BP, where the initialisation of the
species was random, the differences between the maps are higher at the beginning of the
simulation. Then these differences decrease until the stop criterion is reached. Under the
current environmental conditions, where the stable distribution of species in the 10000
BP was used to initialise the species, these differences have lower values.

For the linear interpolation between 10000 BP and the current environmental conditions,
96 simulations were required until the stop criterion was met. Fig. f.3(f) shows the num-
ber of iterations needed to achieve stabilisation after each interpolation phase. It took
3030 itpsteps until the stop criterion was satisfied.

5.3 Materials and Methods

In this section, a validation approach for the interpolation method is presented. For this
validation, it is assumed that the result of the mapping between computational and ge-
ological time is known. It is an attempt to predict the distribution of the species in the
future, considering a changing environmental scenario.

The validation approach consists in:

« Simulate the distribution of species departing from a stable distribution with current
and future environmental conditions.

« For the interpolation steps (itp_steps), the result of the mapping between compu-
tational and geological time is considered; i.e., knowing the unit of geological time
corresponding to the unit of computational time (1 itpstcps = X years). In order to
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Figure 5.3: Suitability and distribution maps of A. unedo, for both 10000 BP and current
environmental conditions, interpolation process, and differences between two consecu-
tive maps.

calculate the itpg.ps needed to simulate the distribution of species from the current
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to the future environmental conditions, the formula below is applied:

itp_steps = (futureyeqr — currentyeq,)/z  (5.3)

where futureyc,, is the years considered for the future environmental conditions,
currentyeq, is the year that represents the present environmental conditions, and «
is the geological time corresponding to 1 itp_steps.

« After reaching the species distribution with the future environmental conditions,
the simulation proceeds until it reaches stabilisation.

« The number of iterations from the future environmental conditions until the stabili-
sation represents the expected time for the species to adapt to the new environmen-
tal conditions.

The same species are used in the method validation. Future climate data were obtained
from Worldclim version 1.4, 2070 data, rcp26 (gas concentration) [111].

It is important to note that three different results were collected for each species by fixing
the birth and death rates and varying the spread rate to (0.2, 0.3 and 0.4). The suitability
map of the two species was also projected when using future climate data.

Current environmental conditions were collected from 1960 to 1990; two different simu-
lations are presented: one from 1960 to 2070 and another from 1990 to 2070. To obtain
the itp_steps, formula f.3 is applied.

5.3.1 Apis mellifera

According to the results, the simulation times of the three scenarios (spreads: 0.2, 0.3
and 0.4) were close to each other; see Fig. [.4. The results show that as the spread rate
increases, the simulation time decreases.

Figure .5 shows the suitability map of Apis mellifera according to three environmental
scenarios (past, current and future). If compared with the current, future environmental
conditions are less suitable for the species survival, and with the past environmental con-
ditions, the species does not survive, see Fig. .5(c) and Fig. [.5(a). However, there are
places in Fig. §.5(c) where the species can survive or spread to neighbouring locations.

Figure f.6 shows the distribution maps resulting from the simulation in present and fu-
ture environmental conditions, and the distribution maps resulting from the interpola-
tion between present and future environmental conditions in both scenarios (from 1960
to 2070 - Fig. @(b) and from 1990 to 2070 - Fig. @(e)). All the distribution maps were
obtained with a spread rate of 0.4). Considering that for Apis mellifera, one iteration
corresponds to 7.79 years in the first scenarios (1960-2070) to simulate species distribu-
tion from present to future (2070), 14 iterations are needed. In total, 188 iterations are
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Figure 5.5: Suitability maps of Apis mellifera - 10000 BP, Current, Future.

needed until they reach stabilisation. For the second scenario (1990-2070), 10 iterations
are needed in order to obtain the distribution of the species in 2070 (Fig. F.6(c)); after
that in total 185 iterations are needed to reach the stabilisation (Fig. 5.6(f)). It is possible
to notice that for both scenarios, after reaching the environmental conditions of the future
(2070), more iterations are needed until the stabilisation.

Figure f.7 shows the species distribution maps for the present and future environmen-
tal conditions and the distribution map resulting from the interpolation between present
and future environmental conditions for the same two scenarios but with a spread rate
of 0.3. After the simulation reaches future environmental conditions in both scenarios,
more iterations are needed to stabilise the distribution.

Figure .8 shows the distribution maps in the present and future environmental condi-
tions with a spread rate of 0.2 and the distribution map resulting from the interpolation
between present and future environmental conditions. Because of the spread rate, there
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Figure 5.6: Distribution maps of Apis mellifera - Current, Interpolation and Future. birth
rate: 0.6; death rate: 0.2; spread rate: 0.4; 1itpsteps = 7.79years; its=1283. years until stabilisation (from 1960 to 2070:
1441; from 1990 to 2070: 1464 years)

is a high species concentration in suitable locations. The species occupancy percentage is
close to one in almost all suitable locations because species reproduce much more than
spread. Figure §.8(b) and Fig. F.8(e) show that more iterations are needed after reaching
the future environmental conditions, to stabilise the distribution of the species.

5.3.2 A.unedo

The results of the simulations in the three scenarios (spread rates of 0.2, 0.3 and 0.4)
have more considerable differences than the results of Apis mellifera. The simulation of
A. unedo with a spread rate equal to 0.2 lasted much longer than the simulation with a
spread rate of 0.4; see Fig. 5.9.

Figure k.10 shows the suitability maps for A. unedo in the past, present and future envi-
ronmental scenarios. According to Fig. f.10(c), if compared with the suitability map of
the present (Fig. 5.10(b) the suitable locations for the species will change, but the species
will not disappear. Species will be more predominant in the northeast region.

In Fig. k.11, the distribution map of the species in the present and future environmental
conditions is presented, as well as the distribution map resulting from the interpolation
between present and future environmental conditions. For the first case (1960-2070, Fig.
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(a) Distribution Map (Current). (b) Distribution Map (c) Distribution Map (Future until
(Future-Interpolation: from 1960 to stabilisation from 1960 to 2070).
2070 rcp26).
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(d) Distribution Map (Current). (e) Distribution Map (f) Distribution Map (Future until
(Future-Interpolation: from 1990 to stabilisation from 1990 to 2070).
2070 rcp26).

Figure 5.7: Distribution maps of Apis mellifera - Current, Interpolation and Future. birth
rate: 0.6; death rate: 0.2; spread rate: 0.3; 1itpsteps = T7.5years; its=1324. Years until stabilisation (from 1960 to
2070:1425; from 1990 to 2070: 1410 years)

E.11(b)), considering that one iteration corresponds to 3.3 years, to simulate the distri-
bution of the species from the present environmental conditions until the future envi-
ronmental conditions (from 1960 to 2070), 33 iterations are needed; however, species
need 109 iterations until it stabilises. For the second case departing the simulation from
the present (1990) to the future (2070), 24 iterations are needed; but more iterations are
needed until stabilising the simulation.

Figure presents the simulation results of A. unedo for a spread rate of 0.3. With that
spread rate, one iteration corresponds to 2.85 years. For the first case (Fig. 5.12/(b)), doing
the simulation, departing from the present environmental conditions (1960) to the future
environmental conditions (2070), 39 iterations are needed; In total, 114 iterations are
needed in order to stabilise the simulation. In the second case (Fig. 5.12(e)), departing
from the present environmental conditions (1990) to the future (2070), 29 iterations are
needed; Eighty more iterations are needed in order to stabilise the simulation.

In figure k.13, the distribution maps in the present and future environmental conditions
are presented, as well as the distribution map resulting from the interpolation between
present and future environmental conditions. For a spread rate of 0.2, one iteration cor-
responds to 2.59 years. Therefore, 42 iterations are needed to simulate the distribution of
the species from 1960 to 2070 and 31 from 1990 to 2070. In both cases, more iterations
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(d) Distribution Map (Current). (e) Distribution Map (f) Distribution Map (Future until
(Future-Interpolation: from 1990 to stabilisation from 1990 to 2070).
2070 rcp26).

Figure 5.8: Distribution maps of Apis mellifera - Current, Interpolation and Future. birth
rate: 0.6; death rate: 0.2; spread rate: 0.2; 1itpsteps = 7.lyears; its=1395. Years until stabilisation (from 1960 to
2070:1207; from 1990 to 2070: 1235 years)
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Figure 5.9: A. unedo (birth rate: 0.6; death rate: 0.2)

are needed until they reach stabilisation.
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(a) Suitability Map (10000 BP).

(b) Suitability Map (Current).  (c) Distribution Map (Future - 2070
rcp26 ).

Figure 5.10: Suitability maps of A. unedo - 10000 BP, Current, Future.
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Figure 5.11: Distribution maps of A. unedo - 10000 BP, Current, Future. birth rate: 0.6; death
rate: 0.2; spread rate: 0.4; 1itpsteps = 3.3years; its=3030. Years until stabilisation (from 1960 to 2070: 363; from 1990

t0 2070: 340 years)

5.4 Remarks and Discussion

According to the results, the chances of survival of Apis mellifera and A. unedo at 10000
BP are scarce. It is important to note that in addition to the species’ suitability map, the
values of the species’ life cycle parameters (birth rate, death rate, and spread rate) signifi-
cantly impact the species’ behaviour. With the chosen values for the life cycle parameters
in 10000 BP, these species cannot disperse and thus stabilise with few iterations.
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iteration: 276 iteration: 39 iteration: 114

(a) Distribution Map (Current). (b) Distribution Map (c) Distribution Map (Future until
(Future-Interpolation: from 1960 to stabilisation from 1960 to 2070).
2070 rcp26).

iteration: 276 iteration: 29 iteration: 109

(d) Distribution Map (Current). (e) Distribution Map (f) Distribution Map (Future Until
(Future-Interpolation: from 1990 to stabilisation from 1990 to 2070).
2070 rcp26).

Figure 5.12: Distribution maps of A. unedo - 10000 BP, Current, Future. birth rate: 0.6; death
rate: 0.2; spread rate: 0.3; 1itpsteps = 2.85years; its=3506. years until stabilisation (from 1960 to 2070: 328; from 1990
to 2070: 314 years)

On the other hand, the current environmental conditions are more suitable for the species’
survival. Apis mellifera occupies the entire southern region, the east and west coasts of
the Iberian Peninsula. A. unedo inhabits the east and west coasts, the southeast and part
of the northeastern region.

Starting from a random initialisation with many filled cells, the differences between two
successive maps are generally significant initially, as several unsuitable cells could be filled
with values. In the next phase of the simulation, the values in these unsuitable cells de-
crease considerably. Departing from a different initialisation than the random one (with
many filled cells), the graph of the differences between the maps could show a different
pattern; see Fig. 5.9 (e).

The number of iterations to stabilise the simulation under the current environmental con-
ditions (sHard) is insufficient to stabilise the simulation with the linear interpolation ap-
proach. sHard is significantly less than the interpolation steps (itpscps) required to sta-
bilise the system with the interpolation method. As itpy.,s increases, (s7') decreases,
even becoming constant for some successive simulations (Fig. 5.2(f)) and then reaches
the defined stopping criterion, see algorithm [7.

Table f.1 presents the time per iteration for the two species analyzed.
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iteration: 281 iteration: 42 iteration: 113

(a) Distribution Map (Current). (b) Distribution Map (c) Distribution Map (Future until
(Future-Interpolation: from 1960 to stabilisation from 1960 to 2070).
2070 rcp26).
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(d) Distribution Map (Current). (e) Distribution Map (f) Distribution Map (Future until
(Future-Interpolation: from 1990 to stabilisation from 1990 to 2070).
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Figure 5.13: Distribution maps of A. unedo - 10000 BP, Current, Future. birth rate: 0.6; death
rate: 0.2; spread rate: 0.2; 1itpsteps = 2.59years; its=3851. Years until stabilisation (from 1960 to 2070: 285; from 1990
to 2070: 293 )

Table 5.1: Geological time corresponding to a single iteration of the agent-based model.

Species Time frame (Ar) Iterations until stabilisation (itpsteps) Time per iteration (gtime)
Apis mellifera 10.000,00 years 1283 7.79 years
A. unedo 10.000,00 years 3030 3.3 years

It is important to note that any results obtained are constrained by the life cycle parame-
ters chosen and the model used to project the suitability maps of these species. Further-
more, this study assumes that environmental conditions change linearly from the 10000
BP to the present. Another critical aspect of this study concerns the variation in the values
of the environmental variables between the two-time points (10000 BP and present). If
there is no significant variation between the values of the environmental variables in both
time points, the interpolation phase is omitted.

Therefore, based on this approach, it is possible to predict species distribution due to cli-
matic changes. For example, suppose one assumes a temperature change of 4°C expected
over the next 80 years. Predicting how species will spread over this period is possible if
one knows the mapping between computational and geological time. Thus, if one wants to
predict the spread of species over a period within these 80 years (e.g. 40 years), knowledge
of temporal mapping could be sufficient to simulate the number of iterations correspond-
ing to the geological time.
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According to the prediction phase, it is essential to notice that in real scenarios, the aver-
age climatic data from one point in time to another, with a significant distance between
them, does not change abruptly. Instead, these data change gradually during the time
interval between these two points. It is essential to consider a stable initial distribution
of the species when simulating the distribution of species from one environmental con-
dition (e.g. present environmental conditions) to another (future). Assuming an initial
stable distribution of the species allows us to analyse better the time that the species lasts
until it adapts to the new environmental scenarios. Applying the interpolation method
by knowing the mapping between the computational and geological time, it is possible
to predict the distribution of the species in each period until 2070. The suitability maps
of the two species used as a case study, when using the environmental variables of the
future, show that both species will decrease their range in 2070 by reducing occupation
across the habitat.

The species’ initial (stable) distribution and the gradual climatic changes allow the species
to survive much longer than expected in unsuitable locations. Thus, the number of iter-
ations corresponding to the future environmental conditions is insufficient for species to
stabilise. Therefore, the stabilisation of models could probably take more time.
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Chapter 6

An Integrated Tool for Spatio-temporal
Prediction

6.1 Introduction

Based on the AB-SDSim model, we propose a generalized user-friendly web ABM system
called Species Distribution Simulator (SDSim). SDSim allows any modeller without pro-
gramming skills to model and simulate the distribution of species and populations in real
or potential environmental scenarios. SDSim was designed to study species distribution
in a landscape based on a set of parameters entered by the researcher.

In a nutshell, SDSim starts by enabling users to produce an SDM based on the species
response functions to each EGV that influence particular species distribution. A Gaussian
distribution function was chosen as the response function to each EGV. Therefore, the
user provides as input data each EGV as a raster map. For each EGV, a mean and stan-
dard deviation defining a normal distribution are hypothesized as optimal for the distribu-
tion of that species. Response functions are combined to create an SDM representing the
species’ environmental suitability. This virtualization of the species distribution proceeds
constrained by the environmental suitability but in close agreement with the species’ life
cycle algorithm, see Algorithm B. After a defined quantity of virtual species is placed in
random or selected prior locations of a loaded landscape, a simulation can start. At each
iteration, the virtual species will promote colonization of those locations deemed as suit-
able. Moreover, using a visual component, SDSim can monitor and analyse the evolution
of the species spatio-temporal distribution in a landscape.

6.2 Modelling Software

There are different software packages used to model the distribution of species. To the
best of our knowledge, most of them are based on R package [137, 138, 145, 146, 147], but
there are also some offering specially tailored graphical user interfaces (GUI), e.g. [148].
Usually, these packages project the past, current and future scenarios of species distribu-
tion. The methods applied to predict the distribution of species can be divided into two
categories: machine learning and statistical methods. These methods are calibrated by a
set of predictor variables and a sample of the known distribution of the species (presence-
only or presence-absence data). In order to evaluate the prediction performance, these
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software implement some widely used performance measures such as the area under the
ROC curve (AUC), True Skill Statistics (TSS), among others. Predicted results are heavily
influenced by the data quality (bias, poor data quality). For this reason, several studies
adopt virtual species to completely control the relationship between the virtual species
and the environment (EGVs) [149].

Several software packages were developed to generate virtual species, e.g. [10, 11, 12, 13].
Generally, these software packages receive as input data the environmental variables re-
lated to the species under study and the response function that describes this relationship
and produces the environment suitability (suitability map) for the species. This suitabil-
ity map is converted into a potential presence/absence map of the species in that location
[149]. Different techniques are implemented to generate a presence/absence map; see
[10]. Usually, a sampling of the presence/absence points is saved from being used in an
SDM as presence-only or presence-absence data.

Generally speaking, these software are bound to predict the areas where a species may
or may not occur. A biologically guided simulation process is usually absent in which it is
possible to observe how the species spreads spatially in the environment over time, follow-
ing a life cycle. Therefore, obtaining information regarding where a species may or may
not occur could be insufficient, particularly for management, species conservation, and
resource optimisation. For example, based on the information regarding how species of
plants can occupy some locations swiftly, better transplanting strategies could be adopted
to optimise the allocated resources.

Our web-based software solution, SDSim, while sharing the common concerns of available
software packages for modelling species distribution, provides components that empower
the user to visualise and analyse how species spread spatially in the environment at each
time interval.

6.3 Simulator Highlights

SDSim is a software tool that allows users to monitor interactively the movement of a
species across any real or putative environmental scenarios a researcher introduces. Mod-
ellers can easily analyse how an ecological system can spread spatially and behave from
the beginning of the simulation. In the SDSim, the environment is defined by a set of
EGVs encoded in raster maps made up of a matrix of pixels, also called cells. Simula-
tion outputs depend on a set of parameters that provides a flexible virtual framework to
define a colonisation pattern for virtually any species [22]: (1) an initial distribution of
patches (grid cells) from which simulation can start, (2) three life cycle parameters (birth
rate, death rate and spread rate), (3) any of the multiplicative or additive approaches to
model habitat suitability; (4) type of landscape, and (5) a stopping criterion. Table .1
summarizes SDSims input data and parameters.
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Table 6.1: Description of all input data / parameters of SDSim.

Input data / Parame-
ters

Description

Species name

Initial population

Number of iterations
(ticks)
Refresh Frequency

Life cycle parame-
ters

Type of model

Type of neighbour-
hood
Eco-geographical
variables (EGVs)
Mean (u) and stan-

Name of a species.

Initial distribution of patches (set of cells) generated randomly
across a landscape.

Number of the simulated epochs.

Frequency of generated output (e.g. every ten iterations).

Birth rate or survival percentage.

Death rate or extinction percentage.
Spreading capacity rate or colonization percentage.

Types of aggregation operators (multiplicative or additive) to
model habitat suitability.

Kind of approach to simulate expansion pattern (Moore or
Weighted Moore).

Set of independent EGVs to fit habitat suitability.

Standard parameters that define a normal distribution for each

dard deviation (o)
Stopping criterion

EGV. Mean values represent optimal conditions for that species.

Maximum number of iterations or stability criterion.

6.3.1 Habitat suitability function

The habitat suitability function becomes crucial to provide a realistic simulation scenario.
In general terms, species show habitat preferences. For example, the probability of coloni-
sation and spreading should be lower in a location where environmental conditions are
not suitable for a certain species. SDSim landscape can be characterised by a set 0o EGVs,
relying on the researchers’ knowledge about a species ecology, which one could limit, or
otherwise promote a species distribution. From a species’ perspective, the overall suit-
ability of the region is determined by the species’ probability of occurrence, given the en-
vironmental conditions in that location, [112]. It is the result of the aggregation of local
EGV values that influence its life cycle. In SDSim, each EGV is characterised by a normal
distribution around a hypothesised optimal value for that species. Mean, and standard
deviation are provided for each variable according to the species preferences studied in
the simulation. Alternatively, these values can be automatically calculated by providing
the species occurrence (dataset) observed directly on the terrain.

As a result, habitat suitability would be internally calculated on a map, and values would
be normalised in a close interval from 0 (unsuitable) to 1 (optimal). These values are ob-
tained through probability density functions [150] that incorporate EGV in each map loca-
tion as arguments. SDSim standardizes each EGV map [151]: z;; = (z; — u) /o, where z; is
the value of an EGV in that location, 1 is the mean (i.e., EGVs’ optimal suitability value for
a species) and o represents the standard deviation for that EGV map. SDSim implements
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two different model aggregation operators that the researcher can select to compute an
overall suitability map for a given species: additive and multiplicative. The additive option
is a straightforward implementation of the generalised additive model (GAM). Therefore,
a habitat suitability map is obtained by adding EGV values in each raster cell after apply-
ing a probability density function. Under the multiplicative option, the habitat suitability
map is obtained by a strict Archimedean triangular norm. In this case, habitat suitability
is more restrictive because the product t-norm produces a stronger conjunction of proba-
bilistic values. The multiplicative model might become useful in particular circumstances
(e.g. invasive species, colonisation of clonal organisms).

6.3.2 General workflow

In order to perform a simulation, users should set all required simulation input data and
parameters shown in Table 6.1. SDSim allows users to create real and simulated scenarios
by uploading different EGVs as raster maps and species occurrence data (or providing the
mean and standard deviation for each EGV).

Users can select a type of neighbourhood from any of Moore [113] or weighted Moore [152]
options. Assuming a regular grid of raster maps, by using Moore’s neighbourhood, species
will spread homogeneously to their eight neighbours. When using weighted Moore, each
of the eight neighbouring cells will receive some transferred percentage of the species’
occupation directly proportional to its suitability value. SDSim generates a suitability map
based on EGV maps and every specific probability density function. The more suitable
an adjacent cell for a species, the more likely it will be chosen for its range spreading.
Each cell would contain two values representing the percentage of species’ occupation and
habitat suitability value. Initially, population patches (grid cells) are randomly placed in
a landscape before starting the simulation. During a simulation, SDSim calculates the
difference between previous and current states at each iteration by the sum of the cell-by-
cell differences between successive states of the system, see Algorithm B. The simulation
can be stopped when the system reaches a stable state or when a maximum number of
iterations is completed. In this regard, the system is said to be stable when the difference

between two consecutive states of the simulation converges to zero.

SDSim saves the output of a simulation according to an interval previously defined by
the user at each iteration or after a given number of epochs. At the end of a simulation,
SDSim produces as output the species distribution map in three file formats: (i) text file,
(ii) ASCII Grid file, (iii) image file; and (iv) video file, see Fig. [6.1. For future reference,
the text file containing the values of all parameters used in the simulation is also available.
Table [6.2 summarizes the main functions implemented in SDSim ABM.

82



Input

Upload

L PRIBITEG R Environmental Maps

Simulation Process ]

Re-Simulate
Change Input Data

Output

Distribution of the Species in the Environment

Vs

~
. ) ) Image Format ( Simulation's

Gis Format FlleJ Eext Format f:\g?] [ File L Video }

N\ E E #) =

Figure 6.1: SDSim General workflow, showing a standard procedure that should be fol-
lowed by a user to perform a simulation in SDSim.

Table 6.2: Description of the main functions implemented in the SDSim.

readEcoGeographicalVariables
convertEGVs
generateSuitabilityMap

normalizeValues

generatelnitialPopulation

createDistributionFile

Function Description
findNeighbours Identifies neighboring cells.
lifeCycle Quantifies species capacity in each cell according to a birth rate, death

rate and spread rate.
Loads EGVs.
Standardization of EGVs.

Fits a normal distribution as a response function for each EGV and then
combines such response functions by adding or multiplying.

Normalizes habitat suitability map into a [0,1] interval.
Generates a defined capacity for a species distributed in random patches.

Outputs species distribution every user-defined interval.

6.3.3 Directional constraints

Directional EGV (dEVG) can be used to promote or otherwise limit the movement of a

species in certain spatial directions. Typically a dEGV is characterized by two components

representing a vector field - magnitude (intensity) and direction. A raster map should rep-

resent each component. For intensity preferences of the species, the treatment is similar

to the one previously described, i.e. given the intensity optimal parameters (mean and

standard deviation) for a given species, the corresponding density value is an input to the

model aggregation, which determines the overall suitability map for the species. The di-

rection component will be likewise integrated into the model once suitability is computed.

It should include values expressed in degrees clockwise from the geographic North. Thus
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each grid cell has a direction value d, 0 < d < 360, representing the flow or directional
movement. Species can move from the core cell to any of its eight neighbouring cells.
Each neighbour has a relative direction towards the core cell, as depicted in Fig. b.2.

N ]

315 0 45

X )

225 180

N\
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Figure 6.2: Example of a dEGV where arrows represent the direction in degrees clockwise
from the geographic North. The highlighted cell has a direction d, see (6.1), and 8 neigh-
bours. Each neighbour has a relative direction towards the cell ranging from 0° to 315°.
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In order to compute the direction of each neighbour, SDSim computes the difference be-
tween the relative direction of the neighbour and the direction of movement for that grid
cell:

Ay =min (|d — dil, |d + 360 — di|), (6.1)

where k € {1, ..., 8} stands for the neighbour cell, and dy, is the relative direction of such
neighbour. In Figure .2, those directions are represented as values in each of the neigh-
bours of their core cell. Hence Vk € {1, ...,8} : 0 < Aj < 180. Values are then normalized
to the unit interval and incorporated into the model aggregation. Species expansion will
be favoured by the overall direction information codified in every dEGV, i.e., most of the
transferred individuals will migrate from a core cell to neighbouring ones that are well
aligned with the direction of movement.

Let us return to the intensity component of an EGV. Besides being treated as a mere EGV
representing the preference of a species for a given value (e.g. some species might pre-
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fer waters with less current intensity), it is worthwhile to notice that, most times, there
is a physical facet attached to it, which should also have implications to the species fix-
ation in a locus or to the speed of range spreading (e.g. some species travel easily if the
current speed is higher). In such cases, it is proposed the introduction of a momentum
(species-dependent) constant, mg € [0, 1], constraining the number of individuals that
are transferred to neighbouring cells, Nyp,cqq, in the following way:

Nspread =N x (SpR + 1 X mS) ) (6.2)

where N is the cell occupation percentage, spR denotes the species spread ratio as intro-
duced before, and I € [0, 1] is the normalized intensity value observed at the cell level.

Thus the intensity of a directional EGV constrains the spread of the species not only in
what regards "preferences” of the species but also by applying the modelled traction forces.
Notice that some species heavily depend on such variables to perform their spreading
while others can expand their range even if they are positioned in a zero-intensity region,
hence the need to introduce a momentum constant.

6.3.4 Web interface

SDSim provides a user-friendly Web interface that allows users to perform their simula-
tions, avoiding local installation. It is available online at https://sdsim.it.ubi.pt. To
get access to the application, users request an account by filling out a form that will be
sent to the SDSim administrator. Based on the information sent, the administrator will
create the account. After an account is created, the user receives a notification with the
credentials to log in and access available services of the SDSim application presented on
the main screen, see Fig. 6.3.

SDSim HOME HELP LoGouT

@ Welcome joaobioco X

SDSim Services

O > i

My Simulations Upload Section New Simulation Settings

Examples & previous simulations. Upload your eco-geographical files. Create new live simulation. Change account password.

Figure 6.3: SDSim available services through main screen.
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In the section "My Simulations”, users can access details from previous simulations, in-
cluding visualising the results, simulation parameters and output data (simulation re-
sults). Users could download the simulation results, including a set of raster maps con-
taining the state of the simulation at different time steps, figures of each step of the simula-
tion, the video showing the spatial distribution evolution, and performance metric graphs
(receiver operating characteristic curve - ROC curve) if a species occurrences file were
provided. The user can also perform new simulations based on previous ones, or remove
them, see Fig. b.4. In this section, users can find an initial set of simulation examples to
explore and get acquainted with the system.

stIm HOME HELP LogouT

My Simulations

D Simulation Name Species Name

4 FirstSimulation apis | £ 3 [: ]
5 SecondSimulation apis > o X ]
6 ThirdSimulation apis > s [:
7 FourthSimulation apis > @ £ 3 (i}
8 FifthSimulation apis | @ X [ ]
Showing 1-50f 5 Previous - Next

Figure 6.4: Options included in the section "My simulations”.

In the "Upload Section”, users can upload all the necessary EGVs and dEGVs in the form
of raster maps in order to describe the landscape that is intended to simulate. SDSim does
not use any specific datum or projection, relying on user needs to make such decisions.
Currently, the Web application accepts only ASCII Grid raster format (please see GDAL
library for raster and vector geospatial data formats at https://gdal.org/).

In addition, the user can also upload a comma-separated values (.csv) file containing the
coordinates of the occurrences (and/or absences) of any sampled species. This file fa-
cilitates the user’s work so that he/she does not need to provide the mean and standard
deviation for each EGV to estimate each probability density function. SDSim performs
all the necessary calculations to provide the mean and standard deviation for each EGV
depending on the occurrences data that the user has uploaded.

Presence/absence data can be uploaded to SDSim, allowing a numerical comparison be-
tween the results of different simulations based on the correct classification of presence/ab-
sence locations showing a ROC curve and the AUC at the end of the simulation.

In the section ”Simulation”, users can start a new simulation by filling a form with all the
required parameters, as described in table j.1.

86


https://gdal.org/

SDSim

Upload Section

Select files:

Escolher Ficheiros  Nenhum ficheiro selecionado

Upload Files

HOME HELP LOGOUT

SDSim

BIOCO

Simulation Name

Figure 6.5: SDSim “Upload” section.
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Figure 6.6: Example form to introduce SDSim parameters.
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Users should follow all these steps after authentication in order to perform the simulation:

1. Access the section "Upload” and add EGVs, see Fig b.5.

2. Return to the main screen and access the Simulation section where users should
complete all the required parameters, including the selection of the corresponding
EGVs and their parameters to estimate each probability density function (see Figure

6.6).

3. Results (species distribution maps, suitability map and ROC curves) can be managed
in a gallery of images after the completion of the simulation (see Figure [6.7). Users
can also see the video that shows how the species’ temporal distribution evolved (see

Figure [6.8).

4. Asimulation can be saved to reformulate any experiment and refine new ones based
on previously stored simulations.

SDSim HOME  HELP Locou
Simulation Results

Sutability Map Species Distribution Map

iteration: 99

o 25 so 75 100 125 150 175

ROC Curve - Suitability Map ROC Curve - Distribution Map

True Positive Rate (Positive label: 1)
True Positive Rate (Positive label: 1)

e — ROC (AUC = 0.77) e — ROC (AUC = 0.78)
00l b7 -~ Random 0ol £ —= Random

00 02

06 10 00 02 o8 10
False Positive Rate (Positive label: 1)

06
False Positive Rate (Positive label: 1)

Figure 6.7: Simulation results are shown in the form of images that later can be exported
as raster maps.
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iteration: 15

Figure 6.8: Videos enable the visualization of the evolution of a simulation.

6.4 Remarks and Discussion

In this chapter, an ABM system was designed to model and simulate the spatial distribu-
tion of biological species by using a set of EGVs. SDSim computes a habitat suitability
index, producing an internal species’ suitability map. SDSim assumes a standard nor-
mal distribution as a probabilistic response function for each EGV. Those are later ag-
gregated using an additive or a multiplicative model, chosen at the users’ will. Together
with EGVs, SDSim receives a set of input parameters which fit ABM behaviour and can be
easily tuned. Therefore, any species could be modelled by using this ABM in different en-
vironmental scenarios. A simulation will always start by generating an initial occupation
of the available habitat in random or chosen locations. At each iteration of the simulation,
species will find more suitable locations to survive, following a defined species life cycle
with corresponding parameters. SDSim allows users to study and understand the species-
environment relationship by changing the environmental variables’ values to verify any
simulation scenario’s behaviour. If in possession of real experimental data collected on
the field, the Web interface provides supporting tools for assessing and comparing a set of
distinct hypotheses subsumed by the different experimental setups. Moreover, the flex-
ibility and user-friendliness of the deployed Web ABM system enable the visual analysis
of the evolution of species in any hypothetical landscape without requiring any program-
ming skills from the user.
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Chapter 7

Conclusion and Further Work

7.1  Main Conclusions

This dissertation presents work and progress relevant to a new insight on the in silico
characterization of the species-environment relationship. Next, a summary of this disser-
tation’s main results and deliverables is offered.

7.1.1 Agent-based Species Distribution Model

As arule, the suitability map obtained through SD modelling does not consider the species’
behaviour in the environment, making it challenging to analyse how the individuals act
and interact as a whole with their ecological environment. On the other hand, the be-
haviour of autonomous agents reflects better the reality if the environmental constraints
for each location are well known. Therefore the following working hypothesis was placed:

- Can the combination of traditional SDM with ABM provide a better understanding of
the collective behaviour of a species?

In this regard, the developed algorithms, adding to the traditional SDM the agent-based
simulation approach, allow ecologists to analyse how the species spread and colonise the
locations considered suitable for the species’ survival. Additional information regarding
the representation of dynamic variables, such as wind directions and oceanographic cur-
rents, and information concerning the species’ life cycle approximate the simulation of
species distribution to reality.

7.1.2 The Effects Occurrence Data on the Quality of the Model

The prediction of species distribution highly depends on the available species occurrence
data. When biased, species occurrence data can be unrealistic in predicting species dis-
tribution. It is necessary to consider the following questions:

- How to minimize biased results due to the poor quality or absence of occurrence data?

It is more common to have occurrence data in the form of presence-only data than presence-
absence data because absence data should be collected carefully. Usually, it is difficult to
know if the species is missing because the location is not suitable or they are just absent
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when we collect the data. Because of that, presence-only data are considered more reli-
able. The problem is that absence data is also needed. Pseudo-absence data take place
when there is no available absence data. It is necessary to choose the right approach to
select pseudo-absence data to avoid selecting locations with similar environmental condi-
tions to the ones where the species was found. One approach might be to select randomly
locations far from locations where the species was observed.

In addition to the available species occurrence data, the expertise of professionals (ecolo-
gists, biologists) regarding the characteristics of the environment where a species should
be found can be used as an alternative to species occurrence data.

7.1.3 Computational Cost of ABM

Usually, the agent-based species distribution simulation is timing-consuming. Simula-
tions can last seconds or even days, depending on the spatial dimension of the environ-
ment (study area) and available hardware. Simulating species distribution in a high-scale
environment at a reasonable execution time is challenging and poses the following ques-
tion:

- How to minimise the species distribution simulation time while ensuring that no infor-

mation is lost?

Parallelising the tasks by dividing the environment (study area) into stage subsets, and
reducing the synchronisation frequency might increase the speedup, solving one part of
the issue. However, it is important to notice that there is a lot of data transferred from
one location to another during the species life cycle that affects the data integrity. To
avoid information loss each stage subset will contain an overlapping section from each
neighbouring stage subset.

7.1.4 Representing Time

Time representation is a significant issue in modelling species distribution. At the com-
putation level, it is not difficult to measure the simulation time (the number of epochs/it-
erations), regardless of the chosen simulation stopping criteria. On the other hand, there
is not a consolidated approach that easily adequates the computational time to the geo-
logical time. In addition, the environment used to predict species distribution is static,
for instance, no climate change is presented during the simulation of species distribution.
Thus the following research question emerges:

- How to represent geological time in the agent-based species distribution model, allow-
ing the simulation of the distribution of species in a changing environmental scenario?

The time representation is obtained by implementing an algorithm (iterative interpola-
tion algorithm) that allows the mapping between computational and geological time. A
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geological time approximation is obtained, and from there, it is possible to simulate the
distribution of species in changing environmental scenarios more accurately predicting
what could occur in a real scenario.

7.1.5 Simulation of Species Distribution Made Easy

Existing agent-based species distribution software approaches can be challenging for users
without programming skills. These software require the user to implement its model us-
ing a programming language. On the other hand, traditional SDM approaches are lim-
ited concerning showing the species’ dynamics in spreading and colonising suitable loca-
tions, an essential aspect when the analysis of the species’ behaviour for management and
species conservation purposes is needed. Considering the following questions:

- How do we ensure users an easy way to model and simulate species distribution? More-
over, how do we improve the capability of analysing the species distribution for manage-
ment and preservation purposes?

The web-based species distribution simulator (SDSim) allows users without programming
skills to model and simulate species distribution. Users only need to upload the EGVs,
the species occurrence data (if it exists), and set the simulation’s parameters. On the
other hand, in addition to projecting the species-environment relationship, SDSim simu-
lates species distribution, observing species occupancy dynamics in the predicted environ-
ment. This species occupancy dynamics can give essential information regarding species’
behaviour, such as how fast the species adapt to the environment, considering that they
adapt when stabilising, which locations in the study area colonise first and which places
the species could reach (helpful information for management purposes).

7.2 Future Research

Some aspects reported in this dissertation can be used as a starting point for further re-
search. Some of these opportunities are presented as follows:

« The presented results obtained by the agent-based species distribution model re-
garding this combination between traditional SDM and ABM are promising in al-
lowing a better understanding of the species’ behaviour. However, regarding this
aspect, we would like to have the opportunity to answer the following question:

- How to couple different species distribution models with our approach to ensure
even more realistic results?

« Using the expertise of ecologists and biologists to give information concerning the
species’ behaviours is a solid alternative, presenting promising results. Concerning
this aspect, we would like to have the opportunity to answer the question below:
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- How do we implement more reliable methods for validating and evaluating the
model?

Implementing a strategy capable of simulating species distribution in parallel and
reducing the need for synchronisation insured gains in the computation cost. De-
spite the presented parallelization approach, a question remains to be answered:

- How do we implement more efficient parallelization strategies to improve the
time-consuming species distribution simulations?

Simulating the distribution of the species in changing climatic scenarios by using
linear interpolation produced relevant information, with one piece of it being the
amount of time the species lasted to spread and colonise the region in the study.
Regarding this aspect, we would like to have the opportunity to answer the follow-
ing question:

- Can new approaches of climatic change scenarios rather than linear interpola-
tion be more efficient in studying species distribution?

Implementing ABMs applications capable of receiving and manipulating spatial data
according to the granularity the study wants to achieve. Concerning this aspect we
would like to have the opportunity to answer the following question:

- How do we implement different spatial and temporal perspectives in order to
analyse behaviours not yet observed?
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