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ABSTRACT

Invasive alien plants have widespread ecological sowiceconomic impacts throughout
many parts of the world, including Swaziland where gowernmentdeclaredthem a
national disasteiControl of thesespecies requires knowledge on the invasion ecoldégy o
each speciescluding how thg interact with the invaded environme®ipecies distribution
models are vital foproviding solutions tsuchproblemsincludingthe prediction otheir
niche anddistribution. Various modelling approachase used for spdes distribution
modelling albeit with limitations resulting from statistical assumptions, implementation and

interpretation of outputs.

This study explorethe usefulness of Bayesian networks (BNsg their ability to model
stochastic, nonlinear int&ausd relationships and uncertaintatadriven BNs were used
to explore patternand processes influencing the spatial distributioh6opriority invasive
alien plants in Swaziland/ariousBN structure learning algorithmegereappliedwithin the
Weka softwareto build models from a set of 170 variables arporating climatic,
anthropogenictopaedaphic andiotic factors.While all the BN models producedtcurate
predictionsof alien plant invasionthe globally scored networks, pagtilarly the hill
climbing algorithms, performed relatively wellHowever, when considering the
probabilistic outputsthe constrainbasedinferred Causation algorithmvhich attempts to

generate a causal BN structure, perfed relatively better

The leaned BNs revealhat e mainpathwaysof alien plants into nevareasare ruderal
areas such as road verges amdrbankswhilst humans and humaatctivity arekey driving
factors and themaindispersaimechanismHowever, he distribution of most of the species
is constrained bglimate particularlytolerance to very low temperaturasd precipitation
seasonalityBiotic interactions and/or associati@mongthe species are also prevalent. The
findings suggesthat most othe species will proliferate by extending their range resulting

in the whole country being at risk of further invasion.

The ability of BNs to express uncertain, rather complex conditional and probabilistic
dependencies and to combine multisource data snH#iem an attractive technique for
species distribution modellingespeciallyas joint invasive species distribution models
(JISDM). Suggestions for further research are provided including the need for rigorous

invasive species monitoringata stewarshignd testing more BN learning algorithms.
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CHAPTER 1 : INTRODUCTION
1.1BACKGROUND

The spread of invasive species, driven mainly by human activities, is increasing worldwide
(Butchartet al, 2010) and poses potential pratie not only to native biodiversity but also to
economic development andrhan weltbeing (Chytryet al, 2009; Pejchar and Mooney, 2009;

Py getdt, 2010; Vilaet al, 2011 Skandranet al, 2014).The impacts of invasive species on
biodiversity, ecosystem function and and human welfare makes them key drivers of ecosystem
change Crowl et al, 2008).The accelerating spread of invasive plant species threatens to
displace native vegetation over la@®as in South Africa, with significant impacts on water
resources, caltenents and the wildfire risksdm Wilgenet al, 2012). A recent survey of alien
plants in Swaziland revealed that 80% of the total land area is invaded @aké2010a)
including large tracts of productive rangelands, natural ecosystems and existing and potential
croplands. Kotzét al (2010a) estimatithat it would cost approximdteSZL665 million (US$

90 million) to be clearedtonce This figure representegpproximately2 2 % of t he coul
GDP in 2010, money that could otherwise be used for giherity national development
initiatives. However, his figure excludes the direct and indirect costs resulting from other
associated impactsf these plantsuch asthe loss of biodiversity and ecosystem services
including reduced water availability, loss of pasture, among many others. The identified and
possible impacts of these invasive alien plants point to the pressing need for the control and/or

halting their spread.

The control of these invasive organisms is, however, one of the most complex tasks which
requires a good understanding of the invasion processes and the key factors that determine or
influence the observed invasion patter@sl({ien et al, 2010; Strayer, 2012 This requires
inventories or databasesatc an r ev e al the invasive alien p
provide <critical informati on ab cudl, 26E3).c h pl e
Subsequently, there are several initiatives for coligcsipecies distribution data from local to

global scales in an effort to understand their distribution patterns and invasion dynamics

(Danielseret al, 2005;Lavoie et al, 2013). In the past few decades various institutions and
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individuals have dedicateslibstantial resources into digitizing and collation of these data into
digital species distribution atlase@esulting in large amounts of dataat represent a largely
untapped source of information for use in conservation biogeography (Elith and lakathwi
2009; Richardson and Whittaker, 20Hlith et al, 2011; Marceret al, 2012). Such species
occurrences have been recorded through a variety of approaches, ranging from systematic
surveys tad hoaecords in the form of museum specimens, inventagelnical andcientific
literature citationdChapman, 200534iggins et al, 2012; Marceret al, 2012; Lavoieet al,

2013), including citizen science (Danielseinal, 2005; Dickinsoret al, 201Q Crall et al,

2015. Coupled with this is theeverincreasingamount of dataresulting fromincreased
networking, continuous improvement in computational and data storage ltaphno
sophisticated dabmses and the enormous expansion of automated data collection via diverse

sensors anglatforms (Laush et al, 2015).

Potentially useful information that is seldom made explicit or taken advantegeftan hdden

in all these datasets. One such important piece of information is the current and historical
distribution of invasive alieapecies, whicks often used to develop species distribution models
(SDMs) for risk analysis and effectie®ntrol (Richardson and Whittaker, 2018tohlgrenet

al., 2010; Jiméne¥alverdeet al, 2011). This information is also essential for maximizing the
efficient useof limited financial resources {Blsenet al, 2008; Marceeet al, 2012). Coupled

with the increasing availability of species distribution data is a corresponding increase in the
generation and availability of other ancillary geospatial information anth ecience data
obtained from remote sensing, global positioning and geographic information systems (GIS),
amongst other related sources (Mennis and Guo, 200@se mltiple data sources should
enable the identification and characterization of impartemeractions, processes and
coincident spatial patterns at different scales of analyses. The duty of the scientisiailyse

the large volumes of data and derive sensible information by discovering the patterns that
govern how the physical worfdnctions, condensingnd interpreting these in theories that can

be used for prediain purposes (Witteat al, 2011).

However, since these datasets typically come from disparate sources they predominantly
indicate only the (often spatially biased) presewicgpecies, or may show spatial aggregation

derived from the sampling biases (Mareg¢ral, 2012).Suchdata sets are often collected at
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coarse scales and may be difficult and costly to geocode (Pressey, 2004). Nonetheless, given
the observed trends iworldwide biodiversity loss and the need to address conservation
problems, it becomes imperative to find tools and techniques that can make the best use of this
existing information (Newbold, 2010; Vene#eal, 2010).

Species distribution and ecologice¢he modelling have become important tools for describing,
understanding, and predicting the spatial and environmental distributions of species. Usage of
these tools has increased drastically in recent years driven by rapid advances in computational
powerand technology including geospatial technologies and improvements in data collection

and analysis techniques (Lobbal, 2010; Petersoat al, 2011). SDMs are increasingly being

used to predict species habitats including the establishment and spaad mivasive species,

also termed invasive species distribution models (iISDMs) (Elith and Leathwick,\2888yik

and Meentemeyer, 200&Gallienet al, 2010; Venettet al, 2010; Zimmermanet al, 2010,

Hegelet al, 2010; Gallienet al, 2012).Termssuch as fispecies distribi
Elith andLeathwick 2009; Franklin 2010 e c ol ogi c a l ni che ,i94 el so (
Petersoret al, 1999)andfibi ocl i mat i ¢ EmyocdndPptersonidld)eates o

widely used to refertocore |l ati ve summaries of speciesod0 en
relationships of those associations to their spatial distributions. Themeaangnconclusive

arguments regarding these terms and their interpretation in environmental and geographic space
especially as they relate to the niatencept (Peterson, 2006; Elith ahdathwick, 2009;

Franklin, 2010; Sillero, 2011; Araujo aRketerson, 2012; Peterson and Soberén, 2012; Warren,

2012).

In this studythe term SDM refexto a model of known spe@eccurrences or distribution to
generate hypotheses about species distributions, rather than modelling their ecological niche in
its strictest sensdlodellingthe processes that produce and shape species distribution patterns,
transferring the causal factors in space, or interpreting the obtained patterns, requires some
propositions about the ecology of the species, which is the domain of ecological nichewnodel
(Peterson and Soberdn, 2012). Nevertheless, underlying all the modelling approaches is the
need to uncover, describe, understand and predict the biogeographic and ecological

relationships between species and the environments in which they areyordikelfound.
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Similarto many biological systemspeciesenvironment relationships are inherently complex,
stochastic and nelinear which complicates the task ofintangling of the underlying
interactions and relationships. This complexity is furtheacexbated by the fact that
environmental data are typically polymorph (variable), incomplete (missing), noisy (difficult to
observe) and, therefore, can be the source of ef@beitet al, 2008). Furthermore, species
interact through various mechanssuchascompetition, predation, facilitation and mutualism,
amongst others (Bascompte, 2009; Miktsal, 2010; Wiszet al, 2013). Therelationships
amongstbiotic and abiotic factorthat influence a spege6 di s t rtheimselves @mely ar e
determinstic andareoften fuzzy in nature. Hence, tharavellingof the complex interactions
and relationships is one of the fundamental challenges in ecology (ktilred, 2010;
Boulangeatt al, 2012; Wsz et al,, 2013).

Understanding the networks thatm the systems is of growing importance for predicting and
managing the potential spread of invasive alien organiBaisdlet al, 2010). Lawton (1999),

as cited by (McMahon, 2005, p.833), claims that one of the rediserfgeld of community
ecology fas struggled to derive general laws that govern its components is that community
components are highly interrelated and infer
conditions in that community. McMahon (20Gf)ggestshat researchers must bettgrantify

these inteidependencies of the community into whickpeciesnvadesso as tajuantitatively
describe the way componendf a community interact with thapecies. Identifying these
underlying patterns and processes requires novel approachese#imods that are capable of
efficiently recovering and inferring the structure of these complex networks and acquiring,
integrating ananodellingmassive quantities of diverse field data (Fagtadl, 2010; Milnset

al., 2010; Hochachkat al, 2012).

In the last decade, the species distribution modetloxgmunityhaswitnessed the appearance
of new tools and methodologies from the fields of statisticavaahine learninghathave the
potential to address the problems inherent in species distribution dataseerous methods
are now available and routinely applied for species distributrmdelling albeit with
considerable variations in both performance and spatial prediidith and Leathwick, 2009;
Grenouilletet al, 2011). This variability in model performance and predictiarfienattributed

to the statistical foundations and the mathematical functions of those mblisisicludesthe
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assumptions used to describeghe distribution of species in relation to
geographical/environmental parameters and the data characteristics, among other causes
(Guisan and Thuiller, 2005; Araujo and New, 2007; Elith and Leathwick, 2009; Grenetiillet

al., 2011; Dormanet al, 2012).The differences in the theoretical foundations and outputs of

SDMs may affect their usefulness for a variety of ecological applications.

Conventional statistical approaches provide widely accepted assessments of- species
environment relationshipand typically require large amounts of data collected with an
appropriate experimental design (Millspaugh and Thompson, 20€8)lting in failureto
explicitly consider the underlying processes and uncertainty. Therefore, on the one hand,
development of advanceéechniques for obtaining field data is required to better understand the
heterogeneous speciesvironment relationshige enhance the accuracy of SDMs and to deal
with the underlying uncertainty (Beale and Lennon, 2012). On the other bpadies
distribution datais collected at different spatial and temporal scales with various degrees of
accuracy and quality, more so as geferenced data collection tools proliferate together with
citizen science and volunteered geographic information (K€, 2010; Yuet al, 2010;
Hochachkeet al, 2012 Crall et al, 2015.

The volume, complexity and inherent uncertainty of the data from various sources is quickly
transcending the limits of conventional analysis tools in terms of capacity and effitierby
limiting the usefulness aonventionatechniques for extracting and describing spatial patterns.
The significant growth in data collection and widespread use of multisource and
multidimensional data have heightened the need for methods for deatingiagses and
(semi)automated discovery of ecological knowledge. Most current predistodelling
methodsuse one source of knowledge, such as domain expert knowledge or field samples, to
establish the relationship. Limited by the expertise of expertgaodrepresentativeness of
field samples, the extracted knowledgem these methods usually not reliable. Multiple
knowledgesources that are complementary to each atfagrenhance the quality of knowledge
and thus improve geospatial prediction. @e pther hand, the new wdlased data sharing
paradigmand volunteer@d geographic information (VGlinake diverse knowledge sources
increasingly available and usable for geospatial predicsm result, a number of data mining

and machine learningasedSDMs have emerged (Stockwell, 2006; Elith and Leathwick, 2009;
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Vaclavik and Meentemeyer, 2009; Zimmermatml, 2010;Lorenaet al, 2011; Rangel and
Loyola, 2012; Bhattacharya, 2013).

1.2MOTIVATION

There remains a critical gap in thaderstanding of processes that indabserved invasion
spatial patterns over a range of scalee tomany studiefocusingmainly on smallscak
mechanisms of plant invasionshilst a few have examad largescale spatial patterns
(Pauchard and Shed@). Thiscan bepartially attributedto the predominant use of correlative
and regressichbased SDMs and the lack of appropriate and reliable techniques that can
explicitly model and decipher such processes from the observed patterns (Gadlie@010;
Dormannet al, 2012). Conventional SDMs are correlative in nature and may be accurate
without capturing the essential causal speemaronment relationships and ecological
knowledge thus losing the niche theory in the statistics (Hirzel and Le Q@§; Blortalet al,
2012).Datamining andmachine learningechniques have emergedtashnologesto extract
useful knowledge out of large and heterogeneous datakkbugh they cabe implemented

for much smaller datasets (Hochaclekal, 2007).

Data miningis defined as the nontrivigdrocess thaihnovatively attempts to obtain accurate,
potentially valuable and easily understandable information or patteayyadet al, 1996;
Witten et al, 2011).This includes multivariate gegsualizationin the case of mining of
geographic data (Mennis and Guo, 20@3ta minings generallypredictive in naturandcan
be categorized into description, clustering, classification sagtession taskéHaste et al,
2009; Wittenet al, 2011).Data drivenprediction attempts to find a correlated target function
(y = f(x)) between predictor attributes) @nd the target attributg)(by studying given sample
data in order to accurately predict unknown or previously unobserved classification of samples.
By relying on several parameters, the task is to divide the data into admatnsional space
to reveal general properties of concentrated data for building a predictive model that will obtain
a consistent solution to a practical problem. In the case ofaetké target variable, the
predictive model is a classification or clustering model, otherwise it is a regression model.
Therefore, SDMs are considereldssification and regression models, pointing to the potential
application of data mining techniquespeciallyin casesvherelittle prior knowledge exists of
an ecosysterspecieand/or when accurate predictions are the desired product (Hochetchka
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al., 2007). Data mining can help in uncoveringemesting and previously unknowout
potentially usefulpatterns from whiclecological processes mdpe inferred. Howeverhe

choice of the data model is a very crucial and complex task in data mining because the chosen
modeloughtto represent the data precisely and shdikélvisebe appropriate for the technique

used (Mennis and Guo, 2009; Wittehal, 2011).

The past two decadésive seen great deal of interest in probabilistic graphical models as data
mining and modéing tools. These models, in particular Bayesian netw@ky (Pearl, 1988)

are able to represent the probabilities and logical structures of real world complex and non
linear systems in a compact wdNs are directed acyclic graphical models that are used for
modellinguncertain relationships amongst varggln a complex system and reasoning under
uncertainty, where nodes represent random variables (discrete and/or continuous) and arcs (or
links) represent direct causal and informative connections between them (Pearl, 1988; Korb and
Nicholson, 2011). As sin¢ BN techniques are increasingly being used in complex scientific
application such as intrusion detection, system reliability analysis, medical diagnosis, clinical
decision support, crime analysis, sensor validation, information retrieval,-agdd, risk
management, epidemiology, forensic science, robotics and establishing genome pathways,
amang other applications (Pourretal, 2008; Koski and Noble, 2012). Fexamplethe major
challengefor which BNs are useih genome analysis is to uncover gérotein interactions

and the key biological features of cellular systems given DNA hybridization arrays, which
simultaneously measure the expression levels for thousands of genes (Fré¢dcta2000;
Markowetz and Spang, 2007; Smith, 2010;e8wal, 2013). The usefulness of BNs in such
complex areas of systems biology points to the potential usefulness of BNs to study the higher
levels of biological organization such #sogeography ancdecology wherecomplexity,

parameter estimation and stability aysé are commoproblems (Larjcet al., 2013).

BN models arenostlyuseful foranalysingand communicating causal assumptithed arenot

easily expressed using mathematical notation andrfatysingthe multivariate and complex
relationships among variables (Pollino and Hart, 2008; Koski and Noble, 2012). Unlike many
other ecological modelling approaches, BNs can utilize prior knowledge and can extract
knowledge from large and heterogeneous datasetsepresent this knowledge in the form of

a probabilistic graphical model, providing a compact description of the given data and allowing
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predictions for new data (Heckerman, 198éyb and Nicholson, 2011 his intuitive visual
representation is usefiu clarifying previously opague assumptions or reasoning, which is
characteristic of most other machine learning approaches that are difficult to interpret (Rangel
and Loyola, 2012; Bhattacharya, 2018Bhis emphasizes the potential application of BNs in
situations where the graph is constructed along causal principlegere parent variables are
consideredlirectcauses of a target or response variable. In additiergriaphical nature of BN
models perm# inference to be done relatively easier thgb the computation of posteriori
probabilities for values of variables that were not seremeasuredh the given field data. In

addition, the posterior probabilities could be future values in a dynamical model.

Since BN tools are able to deal with theabytical challenge presented bytricate species
environment relationships, complex interaction networks can be inferred from species
distribution data while simultaneously estimating the influence of covariates and uncertainty
(Milns et al, 2010; Bealand Lennon, 2012). A comprehensive understanding of any ecological
system requires the connection of interacting variables through concerted research involving
both empirical and modelling approaches. McMahon (2005) observes that BNs can determine
and quatify the relationships and influences betweendtsponents of a natural systemd

can further provide dynamic inferential analysis of the learned paramétensefore, BNs
should allow for better understanding and managing ecosystems despite theieninh
complexity (Smith, 2010). Through abductive inferencewsed f Bayes 6 t heor em,
bias and provide a framework for assessing causality and examining attributable risk or
probability of causes from combining data sources (Pearl, 2000; dahith Hart, 2008). This

is critical for alien invasive species where such knowledge is needed to prioritize locations for
early detection and control of invasion. BNs can also incorporate future monitoring data to
update predictions based on new knowle@ggberget al, 2006; Aguileraet al, 2011), which

is relevant for species distribution monitoring especially invasive species that are not at

equilibrium with their environment.

The real strength of BNs in the application of Bayesian probability rules to consistently
propagate the impact of evidence on the probabilities of uncertain outcomes. This, therefore,
enables BNs to model uncertain events and arguments about them, hence the increasing interest

in their application in the environmental and ecological sciences where high uncertainties exist
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(Uusitalo, 2007; Hamiltoet al, 2009; Aguileraet al,, 2011, Maldonadcet al, in pres$. Many
SDMs, including those focusing on invasive species, stilrlpatharacterize and represent
uncertainties associated with the predictive outputs which is problematic in the identification
and prioritization of possible interventions or management actions (Elith and Leathwick, 2009;
Beale and Lennon, 2012).

BNs havealso been found valuable in spatial knowledge discovery and data mining (@uang
al., 2006; Huang and Yuan, 2007; Johnebal, 2012) where they have been found useful for
spatial knowledge representation, spatial classification, spatial clusternihgpaitial prediction
(Huang and Yuan, 2007). Theagainmakes BNsauseful for spatiamodelling(Uusitalo, 2007;
Johnsonet al, 2012) although their application for species distribution modeligmgstill
limited. In recent reviewof software and techniques used for species distribution modelling by
Joppaet al (2013) andAhmedet al (2015) BNs do not feature prominentlilevertheless,
there have been attempts to apply BNs in species distribrgiated problems and these iradu
studies by McMahon (2005), Pullar and Phan (2007), Sebih (2007),Aguileraet al (2010),
Atzmanstorfeet al (2007), Wilsoret al (2008),Murrayet al (2012, Grech and Coles (2010),
Milns et al (2010),Smithet al (2011), Chen and Pollin@012),Murrayet al (2012), Wilhere
(2012), Dauglas and Newton (2014), Giedaral (2014) Murrayet al (2014) amongst others
Most of these studies, however, hawvainly been developinghabitat suitability indices
(Tantipisanuhet al, 2014) rather than SDMs and, except for a limited few studies such as Milns
et al. (2010) Alameddineet al (2011)and Boetst al (2015) they reliedon expert knowledge

and parametric approaches for manually constructing and parameterizing the sietwork

Eliciting a BN model for a given application by domain experts, whilst very important, can be
a time consuming and highly complex task that may result in bias especially where there are
large datasets and disparate opinions (Alamedetiaé¢, 2011). he use of expert opinidmas

the potential to limit possible discovery of new ecological knowledge on species distributions.
To this endStrayer (2012) provides caution on the use of expert opinion in invasion ecology
and recommends the replacement ohsexpert opinion with actual data or at least testing that
opinion for reliability where firm, redible or accurate answers aredett On the same note,

BN learning from data is maturing in many other disciplines but there are few such in ecological

scierces. Hence, techniques that automatically learn BNs from data are indispensable especially
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in cases where the invasion patterns and processes are least known and potentially complex.
Boets et al (2015) andHamilton et al (2015) have recentlyfound that datalriven and
combined expertand datedriven models performed better thamodels based only ogxpert
knowledge thereby pointing to the need to explore data miningachine learningechniques.

The approaches for automating the procedsarhing the BN structure from data have been
developed based on two main techniques, namely constraint based ardshsedrapproaches

both of which have shown to be effective (Jensen and Nielsen, 2007; Korb and Nicholson,
2011), altmugh hybrid approdes areemerging (Dalyet al, 2011;Koski and Noble, 2012)

1.3RESEARCH OBJECTIVES AND SCOPE

The main objective of thistudyis to investigate the spatial distribution patterns and invasion
processes of selected alien plant species in Swaziland using B&lsmidtk studytess the
datadriven application of BN models using sceaadsearch and constraibsed algorithms

for extracting landscape level patterns and ecological knowledge on the spatial distribution of
16 priaity invasive alien plants. &ious BN algorithms are implementagsing a machine
learning or datalriven approacho model the causal factors and underlying processes that
produce and shape the distributiointhe observed spatial patterns. This approach allows for
handling the species digiution data from desperate sources to derive spatially explicit
probabilistic models that will contribute to a better understanding of alien plant invasion
patterns and processes at the local and landscapetsdafesm policy and design appropriate

control strategies
Specifically, the study aims to:

1. Collate existing information on the distribution of selected (priority) invasive alien plants in

Swaziland.

2. Develop and test B¥ased methodologies for probabilistic species distribution modelling

usingselected invasive alien plants in Swaziland.

3. Identify the key predictors or causal factors influencing alien invasive plant distribution
patterns using BNbased data mining.
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4. Use the resultant BN model structures to infer and explanprocesses drivinthe

observedilien plant species invasion patterns for better planning and control.

Using a knowledge discoverny data miningapproach and in the pursuit of these study aims,

thestudy aims t@answer thdollowing scientific questions:

1. What is the curnat spatial distribution of the selected invasive alien plant species in

Swaziland?

2. Which BN structure learning approaches can best model and describe the spatial patterns
in the distribution of the selected invasive alien plants in Swaziland?

3. What are thenain factors driving the alien plant species invasion patterns in Swaziland?

4. What are the processes likely influencing the observed distribution of each alien plant

speciesb6 relationships with the causal f a

The contributions of this study are baththe methodologies and their applications to species
distribution modelling and analysiSpecifically,t hi s st udyés contributio

areas:

i.  The novel development and application of BN structure learning techniques for species

distribution modelling within a data mining framework.

i.  The development of approaches for handling the problem of spatial data integration and
uncertainty in species distribution modelling usigtadriven BN approaches and
algorithms.

iii.  The modellingand better understandingf the interactions between the species and
biotic and abiotic variables (both discretelaontinuous) using thgraphical models

orderto infer the invasion processes and relationships amongst causal factors.
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1.40RGANIZATION OF THE THESIS

The thesigs organized into a logical sequencecbiaptersChapter 1 is an introduction to the
thesis wherein the problem of alien plant invasiodthe motivation for this studg presented
A brief a synthesis of current ppaches and challenges in species distribution modeliihg

be providedconcluding with the objectives and contribution of this study.

Chapter 2 introduces the theoretical background to BNs focusing on structure and parameter
learning, causal analysend inference. A concise review, including a critique, of past and
current applications of BN techniques to species distribution modelling problems is also

presented

Chapter 3 presents in detail the methodology used in the study focusing on datéwrpllect
integration, preprocessing and the entire data mining process flow up to model validation and
knowledge presentation and visualization. BN structure and parameter |e@agetioger with

the algorithms and approaches used in this thesgraveledand explainedh detail based on

the theoreticaldundation provided in Chapter 2

Chapter 4 is dedicated to tetailedpresentation of theesultswith emphasis on the efficacy

and validity of the various algorithms used for the problem under investigavhich is alien
invasive plant species distribution modelling. The performanceoutput®f the different BN
learning methods are presented in detail including the modelled distribution patterns and learned
graphical models. The discoverepaphical relationships and learnedausal models are

provided

An in-depthdiscussion of findingaind the observed spatial pattermprovided in Chapter 5
focusing onthe resulting BN structures to infer and explain the discovepedies invasion
knowledge In addition, his chapter simultaneously consolidates, discusses and explains the
observed patterns in relation to the learned BN strugtuhes findings presented in the
preceding chapter and general species distribution modéllnggimplications of théindings

for species distribution modelling and alien invasive plant control and management are

articulated in this chapter.
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Chapter 6 is the final chapter where general conclusamak limitationsof the study are

presentedThe key contributions of thithesis are summarized ars$ues for further research
in the area of BN applications to species distribution modekisigecially with respect to alien
invasive plantsare proposed.The chapter concluddsy providing key invasive alien plant

policy andmanagement recommendatiarsl suggestions for future research
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CHAPTER 2 : BAYESIAN NETWORKS 1 A REVIEW OF LITERATU RE

2.1INTRODUCTION

There is abundant literature on BN learning and inference and these include, but not limited to,
Pearl (1988), Neaflitan (2004), Cowelkt al, (2007), Jensen and Nielsen (2007), Powtrat

(2008), Koski and Noble (2009), Darwiche (2009), Korb and Nicholson (2011) and Kjaerulff
and Madsen (2013[Raly et al. (2011) Floreset al. (2012) Koski and Noble (20123ndBielza

and Larrafiaga (2014yrovide detailed reviews of contemporary approad¢besd issues on
learning BNs from data, the former focusing on the widely used discrete BN clasgifers.
briefly highlighted in the preceding chapter, Bidsovide an efficient representation for
expressing joint probability distributioridPDs)and for inferenceOver the last three decades,

BNs havegainedpopularty representation for encoding uncertain knowledgaeamy domains
Subsequentlyseveraltechniquesfor learningBNs from datahave been developgdost of

which have been shown to be remarkably effective for na@atganalysis problemdn this
chapter a general theoretical background BNs is briefly provided with a focus on the
techniques fo extracting and encoding knowledge from dathe process of structure and
parameter learninffom datais briefly explained including the underlying assumptiorse
chapter is not meant to be an exhaustive review of BN theory but rather introduces the
theoreticabasisfor the approaches used in this stugyamples of BN reasoning asome of
thegenerakules that govern the way direct and induced independencies are expressed in a BN
model are provided The chapter ends with @mprehensiveeview of BN applications in
species distribution modellingith a focus on identifying gaps in tiséructure and parameter

learning methodsurrently used
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22BAYES6O THEOREM

There have been two general contending views on probalifigyclassicalinterpretation,
which views probability as a physical property of the world (e.g., the probability that a dice will
land in one of its 6 facesAndthe views expressed by Thomas Bayes (Bayes, 1764) and Pierre
Simon de Laplace (de Laplace, 182The latterviews expressprobabilities as subjective
degrees of belieivhere thegrobability of an event igiterpreteda s a  pdegres af bebe$

in that event (Heckerman, 19%orb and Nicholson, 20)1Bayesian probabilitytherefore, is

a property of thendividual who assigns the probability, whilthe classical probability of an

eventis referred to athe true or physical probability

The Bayesiamphilosophyto probability and statisticss important for understanding BN
techniquesThe general assertion Bayesiarphilosophyis that in order to understand human
opinion, constrained by ignorance and uncertainty, probability calculus is the most important
tool for representing appropriate strengths of belibé origin of Bayesiathinkingliesin the
interpretatiorn f B ahgoeesod lawt given two eventd andesuchthaP(e) | ®h)ard d

0, then

P(gh
P(hle) :—(qp()e;( ) (2.1)
The theorenasserts that the probability of &vent (othypothesiy h conditionedupon some
other event (oevidencg e is equal to its likelihoodP(e)h) times its probability prior to any
evidenceP(h), normalized by dividing byP(e) so that the conditional probabilities of all
hypotheses sum ta The termP(h|e) is often known as theonditional probabilityor posterior
(or a posterior) probability ofh givene while P(eh) is the likelihood o givenh. The term
P(h) is the prior or marginal probability %i Ba y e s 6 (éqoatiomul) issftundamental to
many contemporary machine learning techniquesGiven the conditional probability
formulation, it is now possible to define what it means for events tadmelitionally
independent. The everftsande are independent P(hle) = P(h) andP(ejh) = P(e). It follows
then that if bothP(h) andP(e) are positive, then botR(hle) andP(elh) imply the otherThis

notion of conditional (in)dependence is fundamental to BNs and the interpretation of
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probabilistic relationshipdn the following subsequent subsectipB§Ns are definecdndthe

basic tenet of row BNs arelearred from datareexplained

2.3BAYESIAN NETWORK DEF INITION

Judea Pearl (Pearl, 1982; Pearl, 1988), formally introdBtéglincluding the term itself, in the
1980salthough probabilistic graphical modefsgenerahave been in use fdine last 50 years

BNs are also known as recursive graphical models (Lauritzen, 1995), Bayesian belief networks
(Chenget al, 1997), belief networks (Darwiche, 2002), causal probabilistic networks (Jensen
et al, 1990), causal networks (Heckerman, 20Biflyence diagrams (Shachter, 1986)name

some of theusedterminologiesHo we v er |, the term fABayesian

predominant description of thigpe of graphical modeindit is thetermusedin this thesis.

A BN is essentiallya graphical representation of a probability distribution over a set of variables
X = {X1,X2, éX}, n O . Eormally, a BN consists of two paj§ 609 where "Ois a
directed network structuiia the form of a directed acyclic graph (DAG), ai@is a set of the
local probability distribution$or each node/variable, conditional on each value combination of
the parent noded he graphical componentOmakesBNs aclassof probabilistic graphical
models for reasoning under uncertainty, where the nodes represent vardhtds qan be
discreteandbr continuous) and the arcs represent direct Gamdetimescausal) connections
and dependencies betwettie linked variablesThose variables that are not linked directly in
the graph are conditionally independent of each other. The second part of the néwork,
represents the conditional probabilitigtributionswhich model the quantitative strength of the
connectionsor dependenciedetween variablesThese are representdttough conditional
probability tables (CPTs)allowing probabilistic beliefs to be updated automatically as new
information becomes availabléelhe local probability distributionscontain a parameter

U :PB(Xi‘PxI) for each possible valug of X;, given each combination of the direct parent

variables ofiX;, x@f x,d wh g deaote®the set of direct parents<pin "O The network
“Othen represents the followirdgPD

x)= O PL(X, (2.2)

n
Px)= 04
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This is the chaimule, whichstates that for given set of variableX, the BN specifies a unique
JPDPg(X) given by the product of all tHéPTsspecifiedin theBN. Thisis one ofa number of
important features dBNs. For this class ofraphical modelshe graph'Ois restricted to be
acyclicbecaus¢heBN represents a minimal set of dependencies coded in a particular factoring
(equatior2.2) of aJPD The JPDmight have multiple mathematically equivalent factorings that
represent theame dependence and conditional independence relatianBhipsuggestthat

one probability distribution can be represented with equal validignbgquivalence class, the

collection of BNs representing the sadgiDwith differencesonly in the directon of (some of)

their arcs.The fact that eachnarameterqx‘P :PG(x\PX‘) in a discrete BN can be specified

independentlymplies thatthe statistical relationship between a child and its paredenisted

by arbitrarycombinatorics, whiclsimplifies themodellingof nontlinear, stochastiand non
additive relationships. This ability to model statistical relationships without the need to specify
the form of the dependency is one of the reasons that discrete BNs havedsegnsasmany

different domains such as the applicasionthis thesis.

The dual nature of a BN, therefore, makes the learning processstag@activity consisting

of structure learning and parameter learning, the main purpose of which is to graphically
summarize contional independence relationhe most challenging task is the fornaard
research in this direction growingbecause of its enormous usefulness as much foeused
applications as for the learning of causal networks in many donfgipically, datasest contain
variables that came eitherdiscrete or continuousand while BNs can handle them, the
limitations are too restrictiveThe mostwidely usedsolution is todiscretizethe continuous
variables into preletermined bins or using some thresholding critétf@vever, dscretization
implies capturing coarser view of the original distribution resultingomeoss of information
(Landuytet al, 2013;Aguileraet al, 201Q. Hence,method to simultaneously handle both
continuous and discrete data have been proposed and these include the Conditional Gaussian
networks(Lauritzen, 1992; Lauritzen and Jensen, 2001), the Mixilifeuncated Exponentials
(Moral et al,, 2001), the Mixtures dPolynomials (Shenoy and West, 2011) and the Mixtures

of Truncated Basis Functions moslélangsethet al, 2012).However, the development of
empirical discretization methods for predictor variables that are ecologically relevant and

statisticaly rigorousis ongoing (LucenaMoya et al, 2015) making discrete BNs even more
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robust An overview of the prevalent approaches and techniques used for ledisureieBN
structuress presentedn the followingsection In the subsequent subsectipapproaches to

learning the parameters given the structueebriefly highlighted
2.4STRUCTURE LEARNING

The field of BNs covers a range of problems and techniques of data analysis and probabilistic
reasoning, where data is collected on a large numberiables and the aim is to factorize the
distribution, represent it graphically and exploit the graphical representation (Koski and Noble,
2012; Kjeerulff and Madsen, 2013 reating the BN structures an attempto develop an
accurategraphicalmodel for tle data or problem being solve@ihere are generally two
approaches to constructing BNs, although some applications integrate the two (Darwiche 2009;
Korb and Nichéson, 2011). The firsapproach which is largely subjective, ialso called
knowledge repremtationwherebythe modder usesdomain or expettnowledge about cause

and effect within the system to structure the graphical modetalcdlatethe probabilities.
Alternatively, this informatiormay be derivedfrom other formal knowledgeourcessuch as

blueprints, flow charts, or diagramEhis approach isseful in cases where data is limiting.

The second approach to constructBiys is called machine learning or learning from data,
which is the domain of this thesik data miningproblems,the interest isn the search for
relationships among a large number of variabBNs aresuited to this task because the
graphical model efficiently encodes the JPD for a large set of varidtiezdly, theresulting

BN structure should be able to effeely handle new instances of the data, sampled from the
same underlying distributioWhen building BNs from prior knowledge alone, ttesulting
probabilities are Bayesian whereas when learning BNs from data, the probabilities will be true
or physical ad their values may be uncertain (Heckerman, 1999arning BNs from data is
computationally intensive and without restricti@esumptionsthe task is nowleterminstic
polynomiattime (NP}hard (Chickering, 1996) The primary difficulty with learning the
structure that best represents thieD that most closely encodes the dependencies and
probability parameters matching those in the tattaat the number of possible structuyesws
superexponentidly with the number of variables. The number of possible combinatiQas

of DAGs ofn variabless estimaedusingthe recursive formula (Robinson, 1977):
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gor3 p R e : 23)

Therefore, t would take exponential time to learn the true BN structure if more variables are
included in the data (i.e. ifin equatior2.3 is increased)-or instancef(n = 3) = 25,f(n=5) =
29281 f(n=10) é 4.2 x 10® and there are currently no methaaisilable thawvould allow
learring of the BN structure from data in polynomial time. Henepproximate search
techniques are required to identify good models (Chickering, 1996; Hecketna&n1995;
Jensen and Nielson, 2007; Korb and Nicholson, 200)en using thsee techniquesthe
problem of learning a network from dassan optimization problemwhere the goal is to find a
probabilisticmodel thatmaximizes the posterior probability of the network gieedataset of
instances drawn from a multivaria®®D. Basedonly on data, the BN structure learning
techniques discover a suitable equivalence class, either by finding a DAG within the
equivalence class or by finding the essential gr&uisKi and Noble, 2012

The structure learning taslonsists of finding an apppriate BN given a data sBtovera set
of variablesX. In the data miningapproach, both the structure of a network andaR&sare
learned from data using omwe moreof several available algorithmb generallearningthe
structure or topology of the network through machine learning or data mining uses two
approachesscoringbased and constraibbsedapproaches (Korb and Nicholson, 20Kbski
and Noble, 201 In addition, dynamic programinggenetic algorithmsnodd averagingand
evolutionaryappoaches and hybrid approacheseemergedis alternative approachasdare
gaining popularity (Dalyet al, 2011; Koski and Noble, 2012)ybrid algorithms combine
constrairtbased scores with searahdscore approacheshis may bedone through various
approaches such as the MMHC algorithRegularisation, Gibbs samplinghescorebased
and constrainbasedapproachegsvhich areused in this studygrebriefly definedand discussed

in the following subsections

2.4.1 Searchand-scoreapproaches

The scoringbased larning algorithmsedk a structure that maximizessaoring function, e.g.

the Bayesian Information Criterior Minimum Description Length (MDL) (Coopeand
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Herskovits, 1992; Heckermaat al, 1995). Scoringhased learning approaches consider the
search as an optimization problem where the exploration of the network structures space is
guided by a statistical metric that quantifies how each network models the data (Cooper and
Herskovits, 1992)This approaclaimsto find the structure of the network by searching through

a set of potential models and finding the netwsirkicture thahas the highest scordsing a

score functiona score is assigned to each potential network that has been calculated using the
provided dataAs noted before, the search space for BNs consists of a super exponential number
of structures (equatio@.3). However, there is no efficient solution to finditige optimal
structure using a scotmsed approach. Hence, heuristic search techniques are employed to
find the best network in a given timeSeveral orithms are used to search through the
candidatenetwork structures, returning the network with thghest scoreTheseinclude
Greedy Equivalence Seardilarkov Chain Monte CarldMCMC), Optimal Reinsertion, and
Sparse Candidateamongstseveralothers(Koski and Noble, 2012)It is important that an
appropriate score functicenda good search algohnitn are used in order teturn a network
structure that is reasonably close to dneed network.Since the score function is applied on

the entire network structureeachandscore approaches areot severely affected by
individual failures likeconstraintbasedapproaches. This makdgemmore flexible in the way

variables are dependent on the data.

Two approaches toetworkscoring arenormallyimplemented, namely local and global score
metrics. When using local score metrics learning a netwstiuctureis considered an
optimization problem where a quality measuretltd givennetwork structureneeds to be
maximized given the traiing data. The quality measure nisybased on a Bayesian approach,
minimum description length, farmation or othe metrics. Thee metrics have the practical
property that th@etworkscore can be decomposed as the sum (or product) of the score of the
individual nodes. Thipropertyallows for local scoringhence they are referred to asdl
search methods. On the¢her hand, global score metrics use a natural way to metsire
performance cABN on a given data set by predicting its future performance through estimating

expected utilities, such as classification acculd¢ijtenet al, 2011)
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2.4.2 Constraint-basedsearch

Constraintbased learning approaches use statistical tests to find dependency relations among
thevariables, whickare then mapped to tlBN structure (Spirtest al, 2000).These methods
carry out tests on the smalled triples X, Y, S whereX andY are variables an8is a subset of
variable$, to decidewvhetherX is conditionally independent of givenanother variabl&. The
results of these tests become the constraints BrdGathat satisfies as many of the constraints
as possible is theselected The DAG structure encodesthe conditional independence
relaionships among the nodeascording to the -@eparatiorconcept(Pear| 1988). This then
suggestgossiblelearningof the BN structure by identifying theonditional independence
relationships among the nodes. Usimgedeterminedstatistical tests (such as mutual
information)or score metricgstheconditional independenaelationships among the attributes
can be established and used as constraints to construct ldeBise, heseare aptly called
conditional independendgased algorithms (Spirtes al, 200Q Chenget al, 1997).

The conditional independencapproach views the BNs a set of independenciedere
conditional dependence and independence is tested in the data to égdiwalence class of
networks. The network ithenslowly built up from the dependency tests between variables
the set of data. Constraibhsed methods are however, subjecth®s performance of the
individual independencéests thatcan determine the resultamtverall BN structureand its
accuracy For instance, &et of variableghat may seemndependent of each other due to
randomnessnay actualy be related. The result fromthe dependency testinfluencesthe
structure learning procesind ultimatelyhelearred network structure for the data.

The conditional independenamethods mainly stem from the goal of uncoverihg causal
structure based on the assumptiainat there is a network structumepresentingthe
indepemlencies in thelistributiongiventhedata.Subsequentlif a (conditional) independency

is identified in the data between two variablesrtithere would bao ac between those two
variablesor nodes and vice vers@nce locations of edges are identified, the direction of the
edges is assigned such that conditional independencies in the data are properly represented.
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2.5PARAMETER LEARNING

After learning the BNstructure, whiclktonsists of a DAG and specifications bétconditional
probabilities corresponding to tliactorization the network may be used for computation of
conditional probabilitiesAlthough learning the parameters in a BN is an important task in itself,
it is significant in the context of learning tlBN structure. This is because many structure
learning algorithms, particularly the seaadscore approaches, estimate parameters as part
of the structure learning process. Thiees not implythat in learning a structure, parameters
need to be explidy represented and learnddowever, it meanthatwhenscoring a network,

an implicit parameterization is given.

The parameters that are learned BNidepend on the assumptions that are made about how

the learning is to proceed. For example, in the adsmaximum likelihood learning, the
parameters could be the actual probabilities irGR& attached to each node.the case of BN

classifiers, these can be generative, discriminative or hybrid (gened&oreminative) in

nature (Bielza and Larrafiag2014). Generative parameter learning involves learning a model
oftheJPDusi ng Bayesds rule to c¢ompu(taegetlvaniablepost er
On the other hand, discriminative BNs directly learn the posterior probability of the class
variable, which is the distribution used for classification. Hence, generative parameter learning
maximizes the logdikelihood or a related function, whereas discriminative parameter learning

maximizes the conditional lelikelihood (Bielza and Larrafiaga014).

Other parameter learning algorithms include the popular and efficient Lauritzen and
Spiegel halterdés (1988) Aal borg algorithm whi
discrete variables, where each clique on the junction tree is relativally(8mwoski and Noble,

2012). Other algorithms include Bayesian Model AveragBeyesian bootstrappingnd the

simple Bayesian estimatotn a Bayesian setting, the parametars used to specify a
conditionaldensity, which in turn models th@obabilities in a CPT. Fitting parameters to a

model, has beerirequentlyattemptedrom the point of view of statistical machine learning.

Good background material on this subject is given by Spiegelhalter and Lauritzen (1990),
Neapolitan (2004)Buntine (1996) and Heckermanet al (1995)and Bielza and Larrafiaga

(2014)
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2.6 BAYESIAN NETWORK INTERPRETATION AND REASONING

To illustrate the process of interpreting a Bayesian netwamk, can considean abstract
situation in the field, a domain abstracted teefixariablesA (representing the event that the
land surface cover is naturaly (representing the event that the area is sandy <oil),
(representing the event that another invasive plant species is prBsgapresenting the event

that livestock denty is high or low), ancE (representing whether an invasive plant species of
interest is present in a specified localit¥) family metaphor is often used to describe a BN
structure: a node is a parent of a child if there is an arc from the formenatt¢ineln the same

way, if there is a directed chain of nodes, one node is an ancestor of anibtygpefars earlier

in the chainptherwiset is a descendant of another node if it comes later in the chadiigure

2.1, the native plant species node has two parents, sandy soil and land cover, while sandy soill
is an ancestor of both livestock density and invasive plant species. Similarly, invasive plant

spedes is a child of livestock density and descendant of sandy soil and land cover.

A B
Natural 45.0 True 50.0
Non natural  55.0 False  50.0
\ / C
A B
S
Present 32.5 | Present Absent
Ausen G5 Nainral TRUE 0.9 0.1
Naiural FALSE 03 07
5 Non natural TRUE 0.2 0.8
High 50.5 Non natnral FALSE 0 1
Low 49.5

E

Present 55.3
Absent  44.7

Figure2.1: An example of a Bayesian network with a sample conditional probability table.

The BN topology captures qualitee relationships between variables whereby two nodes are
connected directly if ondepends onaffects or causes the other, whilst the arc indicates the
direction of thedependence affect. Intuitively, the BN structure iRigure2.1 means tha€C
depends o\ andB but A andB are independent. Another implied statement is Ahahd D
become independent once the valu€a$ known or fixed. In general, the interpretation of a

BN is based on a set of statistical conditional independence statements that are implied by its
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structure. Under certain assumptions, it includes statements of dependence among variables.
From a set baxioms described in Pearl (1997), the entire set of independence relations that are

implied by a particular BN model can be produced.

However, determining the independence relations that are entailed by the DAG from these
statements can be cumbersomeainge it requires that thégused repeatedly until the desired

relation is proved or otherwise. An equivalent approach that is frequently used is to learn those
independencies from the structure of a BN model using the rullepehdence separati¢ok

separation) (Pearl, 1995seesection 2.» which is significantly easier than using the set of
axioms. In the domain dfigure 2.1 where all variables are binary, eagw of eachCPT
records the probabilities of t hat vari abl e
combination of values (fAtrueo or thérdismdtusak 0) of

|l and cover and sandy soil, the probability t

In addition to the familyandogy, othercommonlyused term& o me fr om t he At r e
(even thougBNsin general are graphs rather than trees):raote without parents is called a

root node, while any node without children is called a leaf node. Any other nodie&i@nd

nortroot) is called an intermediate node. Given a causal understanding of the BN structure, the
root nodes represent originauses, while leaf nodes represent the final effects. However, that

is only true under certain assumptions, the most important being:

1. whether there are any common unobserff@ent or hiddengauses (variables) of two
or more observed variables in the domadf there are no such variables, the property of
causal sufficiency is said to hold true.
2. whether it is possiblayiven causal sufficiencypr more than on8N structure to fit the
constraints that have been observed in the domain. These constraints are statistical
i ndependencies that are observed in the da
underlying generative model that embodies the real egftest relationships that govern

the datagenerating mechanisms of the domain.

In this example, the causes sandy soil and land cover are root nodes, while the effect invasive

alien plant is a leaf node. By convention, for easier visual examination of BXLs&, networks
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are usually laid out so that the arcs generally point from top to bottom. This means that the BN

Atreeo Iis usually depi ct edleavgsatithd leottocho wn, wi t h

Furthermore, BNs cdpe used as causal modesingthe usual causeffect interpretation when

the above assumptiod®ld. A causal network is attained when tBAG along which the
probability distribution factorizes is considered to have a causal interpretation, i.e. the parents
of a variable are those thadve a direct causal effect on a varigleski and Noble, 2012)n

this case, the conditional probabilities are the basic building blocks to constructing probability
distributions even for larger systems. In a BN, there are three ways in which taldeswwvith

no direct connection between them can be connected via a third; the divéogk)gserial
(chain)and convergindcolliding) connections, respectively. Thelsave clear interpretations
when the BN has been derived from causal princiglealy et al, 2011, Kjeerulff and Madsen,

2013 and Koski and Noble, 2012)

The divergingor fork connection is illustrated iRigure2.2 where he variableC is a conmon
cause. A probability distribution over the variabkes, C that factorizes according to the BN
in Figure2.2 is expressed as

O 6 060 0H0 6P (2.3)

It should be noted thoughat A andB are onditionally independent give@, butA andB are
not, or at least not necessarily. If a causal interpretation is valid, theariableC is a common
cause.There is an association betwe&randB, i.e. they are not independent of each other.

However this association may be explained fully through skegte of the hidden variab®

Figure2.2: A diverging or fork connectiofadapted from Kjeerulff and Madse2)13)
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The diverging connection can be summarized as follows: with no eviderCeemidence on
A will affect thebelief about the state & and vice versa. However, with hard evidenceCon
evidence orA will not affectthebelief about the state & and vice versa. This is the basis for

the concept ofonditional independence.

The serialbr chainconnection is illustrated iRigure2.3. This describes a situation whehe
association betweehandB is only throughC; A has a causal influence @) which in urn has
a causal influence dB. A probability distribution ove(A, B, C) thatfactorizes along the graph

in Figure2.3 may be written as:

O 6 060 6H 0 6H (2.9)

(A)

Figure2.3: A serial or causal chain connecti@dapted from Kjeerulff and Madse2()13)

In the same way abe divergingconnection A andB are conditionally independent givéh

but A andB are not, or at least not necessailitythe case of aesial (causal chainfonnection
with no hard evidence 0@, evidence orA will affect thebelief about the state & and vice
versa. However, with hard evidence®©nevidence orA will have no effect othebelief about

the state oB and vice versa.

The convergingconnection is illustrated ifrigure 2.4. Here A and B both havea causal

influence onC. This corresponds to a factorization

0 ORI VOV G6 0 6D (2.5)
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Figure2.4: A converging or colliding connectigadapted from Kjeerulff and Madse213)

For variables that factorize according to a collider, the properties are the opp@sitdB are

not conditionally independent give@, but A and B are at least they are not necessarily
conditionally independent. If there is information on the state, dfien there will be #ow of

information betweem\ andB. This canbe interpreed using theclassic examplethat of A =

Obur gB=aroyeba,rt h Ct=r dmadra®d@ mdnd An earth tremor anc
off the burglar alarm. If the burglar alammgs the information that there has been an earth
tremor in the area wil!/l reduce onedsncef ear t
informaton passes betweef and B only if there is information orC. For a converging
connection with no evidence @or any of its descendants, information ab&utill not affect

the belief about the state & and vice versa. However, with (possibly soft)dance orC or

any of its descendants, information abAuwtill affect the belief about the state & and vice

versa.

The propety of converging connection8,Y BY C, that information abouhe state of (C)

provides an explatian for an observed effect @) and hence confirms or dismisse¢A) as

the cause of the effect, is often referred t
i nf e r(koskicarddNoble, 2012 The ability to perform such intercausal inferefme unique

for graphical models, and is one of the key differences between automatic reasoning systems
based on probabilistic networks and systems based on, for example, production rules where
therewould be aneedfor dedicated rules for taking care atercausal reasoninghe principle

of the common cause states that if two variables are probabilistically dependent, then either one
causes the other (directly or indirectly) or they have a common an@é€stbrand Nicholson,

2011)
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Two nodesA andB aresaid to bal-separatethy a seSif all pathsbetweerm andB, have either

a diverging or serial connection B or a converging connection not 8 with none if its
descendantsi8The BN i s s ai Hendseparhtien stateraents for fD&G add w
independence statements for the prolitgbdistribution are equivalentAn ordering of the
variables gives a factorization and a corresponding BN. An efficient factorization is one where
the d-separationstatements of the BN represeag much of e independence structure as
possible. If there is a causal structaueh as one detd using the constrauitased approach

then this provides a natural ordering of the variables, a factorization and an efficient BN with a

causal interpretation.

Anothe important feature foa node in a BNs its Markov blanke{Pearl, 1988)The Markov
blanket of a nod&X in aBN consists othe set of parents and children and parents of children
of the variableAn importantcharacteristiof the Markov blanket is the& is d-separated from
the remaining variables in the network by its Markov blartketce, the Markov blanket of the
target variableY is the set of variableS that makeY conditionally independent of the other

variables in the network, given tket of variables, i.e.

p(yIX) = p(y[xs),

wherexs denotes the projection @fonto the variable s& Consequentlythe Markov blanket
of Y is the only informatiomeeded to predict iteehaviour A probability distributionp is
faithful to a DAG repesenting a BN if, for all tripls of variablegX, Y, S), they are conditionally
independent with respect poandif they ared-separated in the DAG
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2.7APPLICATIONS IN THE SPECIES DISTRIBUTION MODELLING DOMAIN

The ability of BNs to model complex and uncertain systems has triggered an upsurge
applications inthe biological sciences mainip areas of bioinformatics such asferring
cellular networks,classification, data integration, genetic data analysiggelling protein
signallingpathwaysandsystems biologyNeapolitan, 2009)This hasmade thenattractivefor
applications in ecologpver the past two decadasevidenced byhe number of studies in
literature(Varis and Kuikka, 1999ylcCannet al, 2006; Uusitalo, 2007; Henriksen and Balebo,
2008; Aguileraet al, 2011;Bartonet al, 2012 Landuytet al, 2013. However, BN modkiing
hashad limited application ispecies distributiomodellingwhere the goal is to relate observed
species occurree (target variable}o environmentalattribute variablesin order to predict

distributions over the entire area of interest

Earier appl i cat i o rnheordmaocembinesradationdBipsybetvgeédn observed data
and individual predictive factors with prior probabilities of presence to produce probability
surfaces for species (Aspinall, 1992; Aspinall and Veitch, 1993; Ray&, 2002).Wikle
(2002, 2003)Wikle and Royle 2004 and Clarket al (2004) recentlypresented examples of

full Bayesian hierarchicahodellingapplied to individual plant or bird speci¢towever, snce
these approaches use a contingency table approacmigrwérry over point estiates from the

data stage to the generation of predictions, they are not directly compar&@Nenodels.
Severalassessments of wildlife habitdtaveused BNs(e.g., Raphaeét al, 2001, Lee and
Irwin, 2005, McNayet al, 2006, Smithet al, 2007).Roperoet al (2014) present BNs as a tool

to solve different problems in species distribution models such as classification, characterization
and regressiorAs discussed in&tion 1.2, most BN applications have focused on developing

habitat suitabilityindicesmainly based on expert opinion and elicitation.

The Web of Science databasaed other websites such as Googleh8larand Scopus were
searchedor BN applicationsboyusi ng t he keywords fABayesian ne
net wor ko andtfrd peugiiieoso | nmagd eclad o rn i ftthaeb inmoadte | DU i |
Only papers publishebetweenJanuary 1990 and Decemli15 were considered and these

were screened to determine whether they sufficiently dealt with species distribution or habitat

modelling within the scope of thistudy The analysisspecifically focused on several
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characteristics of the model development process: the approach used to develop the DAGs and
learn the parameters or popeldhe CPTsthe species or taxa studidle aproach used to

select predictor variablesyhether aspatial output/map was producadd the BN software
packageused Table 2.1 providesa summary of the38 studiesthat usedBNs for habitat
modelling or species distribution modellimgth a view to highlightgaps on the use afata

drivenor machine learningpproacks.

The findings inTable2.1 indicatethat althoughBNs evolved in the late 1980thar usefor
species distribution modellinggarted in the lat&990sandonly gained momentum in the past
decade(Figure 2.5). Hence, it can be seen that BN use in this domain is relatively new and
growing. The full potential of BN applicains to species distribution modelling problems
remains largely untapped (Roperbal, 2014).However, t is alsoencouragindgo note that a

wide variety of organisms have been studied using BNs covering both fauna anddlacang
microorganisms The widespread use of the software Netica (Norsys Software Corporation,
20143, which is widely used for BN applications in the environmental sciercakso evident

with 61% of the studies utilizing.ifThis is widely attributed to the usktendly graphical user
interface and the ease wianuallyconstructing and parameterizing BNs. However, the major
limitation of this software is the lack of structure learning algorithms. This is evidenced by the
fact that in all the applicationssing this softwarepnly 8% of the DAGs were learnezblely

from data, the rest were constructed manually using expert knowledge, literature or a
combination of tk twa It is evidentthereforethat the software used dat@ned the approach
used to develop the BN structurds overview of the studieimdicatesthat a majority(90%)

used the converging or colliding arc topolagiyerebythe linkages between variables (depicted

as parent nodes) and the prediction (child)enagre predetermined typically following the
guidelinesprescribed by Marcatt al. (2006).
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Table2.1: List of scientific applications of BN models species distribution modelihg

Author Species/Taxa Struc_ture Parameter Varlat_)le Map Software
learning learning selection | output

Adriaenssens :

et al (2004) Macroinvertebrates E D E No Matlab

Alamedline :

et al (2011) Phytoplankton/Algae D D D Yes Hugin

Allan et al. , ,

(2012) Macroinvertebrates E D E No Netica

Altartouri and .

Jolma (2013) Common reedRhragmites australjs D D D Yes Not stated

Aps et al| .

(2009) Birds and seals E E/M E No Not stated

Avre et al Colorado river cutthroat tout (Oncorhynchus clarki

(2%1 4) " | pleuriticug, Rio Grandecutthroat trout ©ncorhynchug E E/D/L E No Netica
clarkii virginalis)

Ban et al :

(2015) Corals D/E D/E E Yes | Netica

Bashari ang

Hemami Wild sheep Qvis orientali$ E/L E E/L No Netica

(2013)

(Bz%eltg) et al Macroinvertebrate@gammarids) D/E D E Yes Netica/R

Borsuk et al .

(2004) Algae E/L E/M E/L No Analytica

(Bz%rcs)g)k et al Brown trout Salmo trutta E D/L/E E No Analytica

Burkhardt

Holm (2008) Brown trout Galmo trutta E/L D/M E/L No Not stated

L(ET1 expert/domain knowledge (including stakeholder knowledge)itérature, M- model simulations, D empirical data)

© University of South Africa 2016 31



Author Species/Taxa Struc_t ure Parameter Vanat_)le Map Software
learning learning selection | output
Chan et al | Barramundi Kates calcarifefy and sooty grunte ,
(2012 (Hephaestus fuliginosys E E/D E No Netica
Chen and ~. ) . . ,
Pollino (2012) Giant freshwater crayfistAGtacopsis gouldli E D/E E/L Yes Netica
Copps et al | .
(2007) Fish E/L E/M E/L Yes Not stated
Douglas ang . .
Newton ][:uonuruzlznte(s:ir:aesues, 2 butterfly species, 1 Orthopter E/L E E Yes Hugin
(2014) gus sp
'(:2%52) et al Bull trout (Salvelinus confluentyis E/L D/L E/L No Netica
I(:2u015)e t a 16 vegetatiorspecies, 13 waterbird speciddish groups| E/L D/M E/L No ICMS
Gawne et al Flsh.Retropln_na semo.nHypseIeotrlsspp, Macquaria E E/D E No Netica
(2012) ambigua Cyprinus carpid
Gibbs (2007) | Birds E/L D/L/IM E/L No Not stated
g‘gff)r et al Piping plover Charadrius melodys E/L D E Yes Netica
go?gglré') et Persian fallow deefama mesopotamiga E/L E/L E/L No Netica
Grech and
Coles (2010) Coastal seagrass E D E/L Yes Samlam
Haas (1991) | Aspen Populusspp.) L L L No Not stated
Hamilton et : :
al. (2007) Lyngbya majuscula E D/E/IM E No Netica
;aggfg) et Giant freshwater crayfistAétacopsis gouljli E/D E/D E/L No Netica
Grey seal HHalichoerus grypus common eider
Helle et al (Somateria mollissimablue musselNlytilus trossulug
(2019 " | Baltic herring Clupea harengus membrds prickly | E/L E/L/D E/L No Hugin
saltwort (Salsola kali kal, scarab beetlgAegialia
arenaria)
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Author Species/Taxa Struc_t ure Parameter Vanat_)le Map Software
learning learning selection | output
?Z%Vilgi et al Noisy Miner Manorina melanocepha)a E D E No Netica
I(—|21(J)a1r13g;et al Pinewood nematod®(rsaphelenchus xylophilus D D E Yes Matlab
Jayet al Pacif | dob i / .
(2011) acific walrus Qdobenus rosmarutivergeny E E/L E No Netica
Jellinek et al | Reptile (Class Reptilia) and beetle species (O E E/D E/D No Netica
(2014) Coleoptera)
Johnsoret al . Hugin/IBN
(20103 Cheetah Acynonyx jubatys E E E No DC (UML)
Johnsonret al . Netica/Hug
(20108 Lyngbya majuscula E D/E/IM E No in
E‘ggg et al Baltic cod Gadus morhup E D/E/M E No Hugin
Laws and| Guam Micronesian kingfishers T¢diramphus .
Kesler (2012) | cinnamominus cinnamominus ElL DL L No Netica
Lee (2000) Bull trout (Salvelinus confluentyis E E/M E No Netica
Lecklin et al | Terrestrial plants, fish, birds, mammaldlittoral E/L E E/L No Hugin
(2011) macrofaunamacrophytes
Lehmkuhl et | ElIk (Cervus elaphys muledeer Odocoileus hemions .
al. (2001) | whitetailed deer @docoileus virginianus ElL D/E/L ElL Yes | Netica
BarramundiLates calcarife), Black Bream llephaestug
Liedloff et al | jenkins), catfish @Arius sp), Freshwater Mussels ,
(2013) (Velesuniosp.), Longnecked Turtle Chelodina sp.) | = D/E E No | Netica
Sawfish Pristissp.),
Liu et al . . .
(2013) Cyprinus carpio E/L M L No Hugin
Liu et al — ,
(2015) Pheasantailed jacana E/L E/M E/L No Netica
MacCracken g : .
et al (2013) Pacific walrugOdobenusosmarus divergens E/L E/M E/L No Netica
Mantyka
Pringle et al | Macroinvertebrates and fish E/L D/E/M E No Netica
(2014)
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Structure

Parameter

Variable

Map

Author Species/Taxa : . : Software
learning learning selection | output

Marcot (2006)| Fungus(Bridgeoporus nobillissimus E E/D E No Netica
(I\ggg:lo)t et al Fish and vertebrates E/L E/D E/L No Netica
Marcot et al | Chinook salmon (Oncorhynchus Tshawytschg coho E E E No Netica
(2012) salmon(O. kisutch, winter steelheafD. mykis}
(I\ggrltlsn) et al Buffel grasqCenchru<iliaris) E/L E E Yes Netica
('\ggglg et al Mountain caribouRangifer tarandus caribgu E E/D E Yes Netica

Grizzly (Ursus arcto¥, caribou (Rangifer taranduys

wolverine Gulo gulg, fisher (Martes pennan}i Spruce
McNay et al | Grouse Falcipennis canadengis marten (Martes ,
(2011) americand , L e wi s 6 s MalMoeopdsgeavis riede E ol S Yes Netica

squirrel (Tamiasciurus hudsonicls badger (Taxidea

taxug, ermine(Mustela erminep
Meineri et al | Vascular plants (Actaea spicata, Convallari
(2015) majalis,Hepatica nobilimndCarex digitate D/E ol L No R (bnlearn)
Mello et al R
(2013) Soybean D D E/L Yes )(BayNeRD
Milns et al | . .
(2010) Birds D D E No Banjo
(I\gtérlrgy etal Lippia (Phylacanescer)s E D/E E Yes Netica
(I\ggrlrgy etal European rabbit@ryctolagus cuniculys E/L E E/L Yes Netica
Murty et al Mosquitoes Culex tritaniorhynchus  Culex

y ) psuedovishnyi Culex vishnui Culex gelidus Culex| D/E D E No JEBNET

(2009) ) )

guinquefasciatus
O6Bri el f d iUl /
(2006) Cofee and Cowped/(gna ungiculata D D E/L Yes CaNaSTA
Pellika et al Forestg_rouse, small predators, large predators, ungul E E E No EC BeNe
(2005) mountain hare
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Author Species/Taxa Struc_ture Parameter Varlat_)le Map Software
learning learning selection | output

Petersoret al | Westslope cutthroat trouDficorhynchus clarkii lewisi :
(2008) and brook trout$alvelinus fontinalis E E/D EL No Netica
I(thztigoret | Byl trout (Salvelinus confluentyis E M E Yes Netica
I(:)z%”(')r;;’ et al Swamp GumEucalyptus camphoja E/L D E/L No Netica
Eﬁg?]r(zooc’:?l;ld Koala E D E Yes Netica
Qian and
Miltner _IE_phﬁmeropteLa& g:nayﬂy), Plecoptergstonefly), and ., DIM EIL NG WiInBUGS
(2015) richopera(caddisfly)
Raphaekt al Thirty one vertebrates (primarily pygmy nuthatSlita

b " | pygmaeasage grous€entrocercusspp., and wolvering E D E Yes Netica
(2001) Gulo gulg
é%qrf)t al EelgrasgZostera marini E E/M E No Netica
Renken ang
Mumby Common Caribbean macroalgdgidtyotaspp.) E/L D E/L No Netica
(2009)
(Rzlggnla)ln et al Six salmonid fish species E/L E/D E/L Yes Netica
'(?Z%V(‘)’g”det 3| \wolverine Gulo gulg E/L E/D E/L No | Netica
?z%goesr) et al Euphratica poplarRopulus euphraticasyn. ariana) E/L E/D E/L Yes Not stated
(Szr(‘)elnlt)"”et 3| Fish (Australian grayling and River blackfish) E DIE/M E No | Netica
(Szgelrllt)o”et al | Fish (Australian grayling) E D/E/M E No | Netica
(I\glcj)rlrgy etal European rabbit@ryctolagus cuniculys E/L E E/L Yes Netica
(Sznagg) et al Julia Creek dunnarSminthopsis douglgsi E/L D/E E/L Yes Netica
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Structure

Parameter

Variable

Map

Author Species/Taxa : . : Software
learning learning selection | output
(Szrggtg)e tal ParkinsoniaRarkinsonia aculeafa E E E Yes Netica
Staffordet al Nucella lapillus, Osilinus lineatus, Patella vulgat
" | Littorina littorea, Ulva spp., Coarallina officinalis, Fucy E/L E/M E/L No MS Excel
(2015) : :
vesiculosus, Cthamalus, Semibalanus
Steventon ang I .
Daust(2009 Mountain pine beetle E D/E/M E No Netica
Suring et al Birds, mammals, amphibans, reptiles (primarily
g " | wolverine Gulo gulg and northerrgoshawk Accipiter | E E/M E/L No Netica
(2011) .
gentiley)
Tantipisanuh | _. .
et al.(2014) Fifty vertebrates E E/L E/L Yes Netica
Tattari et al . . .
(2003) Plant, insect antird species E E E No FC BeNe
Ticehurst et| _.
al. (2007) Fish, threatened fauna and flora E D/E/IM E No ICMS
;’Irlf(ozrg)olVSa; et Fish, birds, mammals, zooplankton, phytoplankton D D E/L Yes Matlab
Uusitaloet al , : .
(2011) Eleven fish species E/L D E No Hugin
van Klinken
and Murray| PartheniumParthenium hysterophors E M E Yes Netica
(2011)
Van Klinken . . .
et al. (2015) Chilean needle grashléssela neesiafa E/L E/M E Yes Netica
Varis and
Kuikka Fish E/L E/M E/L No Not stated
(1999)
Vilizzi et al Fish (golden perchMacquaria ambiguacarp gudgeor
(2013) ' Hypseleotrisspp., Australian smelRetropinna semohi E E E/L No Netica
and common car@yprinus carpio carpip
Voie (2003) Large blue bu_tterfly Naculinea arionn and other E/L E/M E No Netica
threatened species
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Author Species/Taxa Struc_t ure Parameter Vanat_)le Map Software
learning learning selection | output
\(/;/gg;;e Florida scrubay (Aphelocoma coerulescéns L M/D L No Netica
Pacific giant salamanderDicamptodon tenebrosys
Wilson et al | tailed frogs Ascaphus trugj southern torrent salamand .
(2008) (Rhyacotriton variegatys and Columbia torren E M/D E No WinBUGS
salamande(Rhyacotriton kezeyi
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Figure2.5: The number oBayesian networbased species distribution modellimgplications
produced betweethe yearsd 990 and 2015

Nevertheless, the tree augmented naive (TAN) structure learning algorithm (Friedaian
1997) was addeid recent update® the Netica software. Furthermore, Fienen and Plant (2015)
recently extende dhrobdgh tin opesdéusce Rythgn gpéckafei GVNetica
which enables the software package to perform erabdation and to read, rebuild, and learn
BNs from data. This presents an ogpaity to experiment witlobjective datalriven learning

of BN structuresHugin (Hugin, 2014) is another software that is used in the doatidiaugh
less frequentlyAdditional to the functions available in Netica, Hugin also offers structure
learning from datalhe choice of variables is predominantly (>90%) determapdori from
expert knowledge and/dterature review of each speatescology.Only 2% of the studies
selected variables through feature selection or automated merhals, however, a common
practice in the entire species distribution modelling domain wiherg@redictor variables are

oftenchoserbased on existing knowledge atpecies.

Recent reviews (Varis and Kuikka, 1999; McCatral, 2006; Uusitalo, 2007; Henriksen and

Balebo, 2008Newton, 2009Aguileraet al, 2011; Bartoret al, 2012; Landuytt al., 2013)

indicatethat most of the applications of BNs were applied within the context of expert and/or

stakeholdedriveninference tools for decision supportrisk analysisAs sut, most of those

applications havesed deductive methods that rely on qualitative data or knowledge elicitation
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from experts or stakeholders for structooastructiorand parameterization. These applications
arelargely influenced by the methodologigalidance provided bilarcotet al (2006) This

is oftenattributed to the fact that, for most of the studies, there are small quantities of replicated
data needed for data mining (Newteinal., 2007; Hamiltoret al, 2015; Matrtinet al, 2015).

As a result, the deductive process genernadlies more on subjective information that may
potentially limit the model by only utilizing factors that are comprehensible to the individual at
that point in timeSmithet al (2012) suggest thakpert knowledgenay be necessaty define

both the keyariables of habitaguitability and thespeciesenvironmentelationshipsn order

to increase model reliability andpplicability in new situations and for new or recently

introducedspecies.

The current habitat suitability modellimgpproachegend tolimit the number of variables used

and the number of discretized states thereby oversimplifying the complexity of ecological
systems and limiting their robustness. Limiting variables to those historically known to experts
or those traditionallyisel limits the ability of the field to take advantage of opportunities for
new ecological knowledge that could be derived from the wide variety of environmental and
other datasets which so characterizes the high volume (big) data €he expert and
stakeholdedriven approach is difficult and time consuming, among other limitations
highlighted earlier, especially when considering the increasigme and heterogeneitgf

data. Complex models that explore larger sets of nonlinear featwmed interactionsre
appropriate for generating hypotheses about underlying ecological processes that would not
often be identified with simpler models (Merew al, 2014). Hence, there is growing interest

in automated or datdriven methods for learninBNs from the vast amounts of data now

available.

However, Ahmedet al (2015) observed that most traditional SDM scientists lack the skills on

the use programing languages such as Visuadt, MATLAB, Fortan, C, C++, Java, C#, f#

and Python. The two #isvare packages (Netica and Hugin) continue to dominate despite the

fact that there is an increasing availability of powerful epeurce software such as (R
Development Core Team, 2008r species distribution modellirags observed bixhmedet al

(2015) and Joppeet al (2013) Other BN learning packages such as Weka, Bayeserver,
Analytics, Agenarisk, amongattewo t her s | i sted on Kevin Murphy¢
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were not used in the studies under review. In all the papers reviewedatbéss than a
handful of notable publicationtaking advantage of the power of open source software
platformssuch as R and Python even though several packages on these platforraffer a
number of robust BN learning algorithms. The R package BayNER&I¢Mt al, 2013), has

a built-in capability to undertake species distribution modelling and automates the process of
model development although the BN structure is still ledmanually from expert/domain
knowledge.However, thispackage is evolving tanclude parallel processingautomated
structure learning andspatial features ngighbourhoodinformation) in the probability
computation (de O. Silvet al., 2014).

Estimation of the probability of occurrence of a species, conditional on environmental or
explanatory variables, is one of the fundamental tasks of any SDM (Phillips and Elith, 2013).
Concerningparameter learninghere is a similatrend from the reviewed BN applications
wherethe usual model development protocohpliedwhereinexperts and stakeholders are
first consulted talevelop a basic DAG structure (Landeytal, 2013). This is then followed

by the use oexperts to populatihe CPTs.Only in situations where data is sufficient are the
CPTs populateddirectly from empirical data alongpredominantlyusing the expectation
maximization (EM) technique and structural equation modelling based on observed-species
environment relationshipgrom thestudies only 2246 learned paragters solely from data
whilst almosttwo thirds used acombination of datagxpert knowledge andimulations.
Insufficiency of data is ofteaitedas the main reason for using expert knowledge in estimating
CPTs(Aguileraet al, 2011;Landuytet al, 2013)

The use of expert knowledgeakes the conventional Bbased models vulnerable to criticism
assubjectve r 6 uns ci e netal,201®)amdsiich an apbroact is seerpasducing

unreliable estimates of the probability of a presence of a spédesgeneraluse of fever

variables, which ismainly necessitated by the need to minimize the CPT in the absence of data,

may further bring questions on thalidity of thedevelopedexpertdriven BN modelsvhich

could be a serious limitation to their use as SDMs/ery recentpracticalexample is the

I nternational Union f or tchtieism@®bAmssteupevab(BOD8 n o f |
2010) BNbased polar beanodel s as o6utterly wunsuitable fo
popul dRolar@easSpecialist Group)14).
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The use of preor expert selected variableslikely to limit ecological knowledge discovery

and the advancement of species distribution knowledgeciallyfor alien species that are
encountering newand changingnvironmental conditions. Howek; this Imitation is valid for

most correlative species distribution modelling approaelesh still useprevious knowledge

in the selection of variables for model formulation. Memval. (2014) note that scientists do

not always have this prior und¢inding of ecological systems. Domistlal (2013) observed

that the choice of variables, whilst it might not necessarily influence model performance, affects
the spatial projections of habitat suitability. Since model performance and spatial outmit are

necessarily always similar, habitat suitability projections require careful consideration.

Spatial output is key in species distribution madglor habitat suitability mapping asfiirms

the basis for understanding the geographic outcome of sggrigsnment interactions.
Moreover, spatially explicit models facilitate the application of BN models at the desired scale
or level of analysis such as the grid celblinsonet al, 201d; Morgan et al, 2012)
Applications with no spatial outputs used BNs as decision support tools (systems) which may
limit the visualization of geographical areas of interventi@mly 34% of the reviewed literature
producedexplicit mapping outputs for sualization of the BN modelsThis observation
confirms the findings from the reviews biewton (2009)Aguileraet al (2011), Bartoret al

(2012) and Landuydt al (2013) who found thatery few of the BN applications were spatially
explicit. Thisrelatively lowrateof spatially explicit BN outputsnay beattributed tawo main
reasons: the traditional predominant use of BiNaply as qualitative graphical decision
supports tools anthe limited integration or couplingf BNs to GIS softwareThe lack of

programing skilldimits the ability to couple or embed BN packages (uithGISs.

Nevertheless, éew software packages have recently emenrgbith directlyapply or embed
BNs on spatial datarhese include

a) BayNERD (Melloet al,, 2013)which is based on R

b) GeoNetica (NorsysSoftware Corporatigr2014) which integrates the Netigemckage
and ArcGIS(Environmental Systems Research Institute, 2011)

c) theProbabilistic Map Algebra Tool (PMAT) (Landugt al, 2015)which is a plugin
thatinterfaces Netica andu@ntumGIS (QGIS Development Team 201 2nd
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d) QuickScan (Verweigt al, 2014)which links Netica to ArcGIS

However with the exception of PMAT, none of thenasan interface to cartographically
represent the uncertainties associated with the BN outBuen these packages were not
specifically developed for species distribution modelling, they haveibustpabilities to do
so albeit with the appropriate dgteeparation and prprocessing required by each software
package.Further integration of BNs and GIS$s required toenable theincorporation of
neighbourhoodlependencieandspatialinteractionsn the DAG,an area thatas yet to be fully
explored(Ames and Anselmo, 2008; Gireét al, 2012;Johnsoret al, 2012, Morganet al,
2012; Landuyt et al, 2013 Landuytet al, 2015. This highlightsthe need for stronger
collaboration between the disciplines of software developnmeathine learningnd ecology

as is the case in other fields such as bioinformatics.

This thesisaims todemonstratean inductive approach which relies on empiricalgrived

spatial relationships between the observed occurrence locations of invasive alien plants and
factars that make up the physical environment (anthropogenic, topographic, climatic, etc.). The
guantitative relationships between the invasive alien plant occuraencthose environmental
factors aredefinedusing BNsand each occurrence probabilistically ppad in geographic
space.This is critical when the study domain consists of numerous interacting varighées.
advantage of this methodological approach is that, through harnessing the processing speed of
modern computers, algorithms can be implememeednpirically discover both known and

unknown relationships between factors and invasion easndescribed in the next chapter.
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CHAPTER 3 : METHODS
3.1INTRODUCTION

This chapteputlines the methodologysed in theexecution of thestudy Firstly, a description

of t he bomopghysitdl enyirGnment is provided elucidate the key climatic, topographic

and geological features of Swazilarithe scientific method is followedvithin a data mining
frameworkandthis isrepresented through-depth descriptions @he steps followed from data
collection, through data analysis to final model outputs and evalu@tiendentification of the
possible predictor variablesheir collection from various sourcesd theirintegration is
explained Data preprocessing is also undertaken to clean, transform (corarattjormat the

data for analyses in the data mining and GIS software. Tipisrfermedtogether with data
balancingto deal with species prevalenaadfeatureselection which seeks noonly to select
variables that have maximum relevance emdimum redundanciput alsoto select the most
predictive interacting variables whilstduéng the data dimensionalityThe selected features

are then used to learn the structure and paranwtgisBN which best represents each invasive

pl antodés distri but i osearchamdscore antli enswauitasedstructiueet a . Tr
and parameter learning techniques described in the previous chapter are employed to model and
predict the distributionf the species under investigation. Té@nednodels are thespatially

and graphically visualized am¥aluated using a suite of metrics to assess their performance

3.2STUDY AREA

TheKingdomof Swazilandlocatedin the southern African regiors landlockedand coversin

area of approximately 17,364 knThe countryis bounded by South Africa in the north, west

and south andy Mozambigue on the easFigure 3.1). It is characterized by divergent
geomorphologyand altitude that ranges fronp@oximately40m to 1860n above sea level.
According to Wilson (1982),he western half of the country is typically composed of the
igneous and metamorphic rocks of the Archean basement complex, whereas the Lowveld and
Lebombo plateau anenderlainby sedimentary Karoo formations. The dominant rock type in

the wesern upland eeasis granitewith subordinatenetamorphosed sedimentary rocks of the
Onverwacht group and other metamorphic rocks (gneiss and quartzite). The most commonly

occurring lithological formations of the central part of the country is the Ngwane gneiss,
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followed by granites and granodiorites, with shale subordiBatelstonesclaystones, coal and

other sedimentamocks of the Karoo Ecca series, togetivéh subordinate dolerite intrusions
dominate he eastern lowland&aroo basalts (basic volcanic roctohich may be up to 5km

thick also occur in the area. The Lebombo plateau consists of the youngest Karoo rock type of
volcanic These underlying geological formations largely determine the topography and
ultimately the soil, climate and vegetatiopatternsin the country.The topographic and
altitudinal variations result in diverse climatic conditions, ranging from-hgubid and
temperate in the west to seand and warm in the eaddlamini (2011) observed that the
vegetation units and habitats found ie ttountry are closely associated with the geolagy

well asclimate

Climatically, the country is subtropical with summer rains (concentrathithwhe period from
October toMarch) and distinct seasons. Mean annual rainfall, which varies considerably from
year to year, ranges from an average of about 1,500 mm in the western part decreasing with
altitude down to 500mm in treutheastvhere drought is an inherent feature. Gengely, mean

annual temperature varies from 17°C in the northwest rising up to 22°C isothkeast
although there are variations caused by localized topographic features, partitaantain
rangeshills and valleys.
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- Low : 46 0 125 25 50 Kilometers

Figure3.1: Location of the study area, highlighting the topografgource: own)

The climatic and physiographicomplexitysupports éigh diversity of vegetation typesnd
ecosystemsHence, the country forms part dfetDrakensbergh\fromontane Regional System

and the MaputalandondolandAlbany Region, both of which support high concentrations of
endemic taxa and very high biodiversityl t hough t he ¢ ou nbiodiverditg k no wl
is still at a developmental stagbese cemes andother@ unt r y 6 s harboarsigng t e ms
species that include a variety of mamm@l27), birds (500 species), reptiles (111 species),
amphibians (44 species), and fishes (57 species), among many oth@videvealjemet al,

2003) Current recordendicate that there are over 3,400 species of higher plants in Swaziland,
representing 771 genera in 135 families. This includes over 700 species of trees and shrubs, and
about 3,000 shrubs, herbs and grasBeis. complexity inthe biotic and abiotic feates of the

country results inntricate topo-climatic, ecological and socieconomicinteractions at the

landscape leveBuch aheterogeneous landscape with steep environmental grapienides
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a good opportunity to test the effectiveness of BMs studying species distributiorfas

encapsulated in Sectidn3).

The geology, coupled witthe climate, invariably influences the various land capabilities and
agroecological zones with differentiated suitability for varying land uses such as human
settlement, grazing, wildlife, irrigation agriculture, livestock ranching, and subsistence
agriculture, amongst othefRemmelzwaal and Dlaminl,994 pers.obs). These land uses are
foundundercommunalSwazi National Landabout 526 of total land areheld in trust by the

King) and Title Deed.and, whichconstitutesabout 4%6 of total land areéRemmelzwaal and

Vilakati, 1994) Crown(government)and andconcession land are two other mimategories,
whichcover | ess than a percent of systeranfluercesnt r y 6 s
the spatial patterns antypes of land uses, settlemeiaind subsequently the land cowerd

ecological patters and process&sthe country.

3.3RESEARCH PROCESS

This study generally followed thscientific methodwithin the context ofthe knowledge
discovery in databases (KDD) process (Faygtdl, 1996), for which data mining provides

the methods and tools fextracting the knowledge from data. It is important to choose an
appropriate knowledge representation for the knowledge discovery tabks hesearchthis

task wasdone using Bayesian networks (BNs) (Pearl, 1988) because they are able to intuitively
and graphicallyrepresent the probabilistic structures of complex andinear systems and are

able to represent uncertain relationships amongst variables (Pearl, 1988; Korb andNljchols
2011). Ultimately, the aim vgato integrate the spatial data oltgewith knowninvasive alien
plantspecies presence or abseand use thos® develop and find a model that best represents
the probabilistic relationships between the variabfesthermore, the developed model was
usedt o predi ct t h e everpir ardaeghére ibix ather unkeowao or not yet
observed. The challenge is to capture patterns present in the geographic space thereby producing

specific knowledge to understand the alien plant species invasion processes in Swaziland.

The spatial psitions of species presences or absences captured during the species mapping
process implicitly indicate the relationships between different species and the environmental

and geographical space in which they occur. Hence, when species distributionspzae, rinep
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multiple data layers are implicitly integrated. The basic idea of extracting ecological knowledge
from these distribution maps is to reverse this mapping process. Therefore, the relationships
between species and the environment can be reveatedjtha knowledge discovery approach

by analysingdistribution maps together with the environmental data captured using GIS.

Figure 3.2 depicts thewvorkflow followed in the study in ordeto collect, collate andonvert
the multisource, multidimensional spatial data into useful ecological knowledge of each
speciedinvasionpatterns and processd$e interconnected steps could be iteratively looped
between any two steps to refine the relation between datherspecies distributiopatterns.
These steps are defined as follows:
1 Data acquisition: all the spatial and rgpatal datasets, including the species
distribution data and predictor variables, are acquired.
Data cleaning: a process of removing noisy and inconsistent data,
Data integration: a process of combining the multiple data sources,
Preprocessing and featurelsetion: a process of transforming or consolidating the data
into forms appropriate for the mining task and selecting the data which is relevant to the
analysis task,
91 Data mining: this is the essential process where the BN techniques lg#irbed from
data andapplied in order to extract species distribution patterns,
1 Spatial prediction and pattern evaluation: this is the process that identifies and explains
the common geographic and environmental patterns representing knowledge on each
S peci e serapseresbasedon the BN models,
1 Spatial knowledge presentation: here spatial and graphical visualization and knowledge
representation technigues are used to present the mined ecological knowledge on each

species.

One of the contributions of this studgs indicated in Sectioh.3, is to explore knowledge
integration for geospatial predictivemodelling specifically focusing on the integration of
different knowlelge sources, existing thematic maps together with field data collected with
different sampling strategies, for the prediction of invasive alien plant species. Existing thematic
maps, which constitute the environmental variables, serve as documentedeariarand

geographical knowledge. The integration of knowledge from these datasets is of great
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importance for both practical and theoretical ecological applicatitarsous approaches have
been used to integrate BNs and GIS (Watieal, 2004; Amesand Anselmo, 2008; Johnson
et al, 201d; Morganet al, 2012).

The approach used in this studysazased on a GIBN interaction wherein BNs are used to
combine GIS raster layes® as taccount for uncertaintgs illustrated by Stassopouletial

(1998). Building on the objective BN modelling approach of Aitkenhead and Aalders (2009),
this study usethe framework proposed by Morganal (2012) to derive both the BN structure

and parameters from the spatial datasets and to propagate the Bts batghuinto the GIS for
spatially explicit analysis and visualization. Furthermdhe evidence and uncertainty nere
propagated through the BN to generate and update the probability of occurrence maps of each
species. Hence, the BMgere used to combinlayers of GIS data for each grid cell to create an
environmental and geographical feature space@adcount for the inherent uncertainty. The
extracted species distribution patterns, together with the learned BN strugtaresthen

examined and interpted to derive ecological knowledge on the underlying invasion processes.
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3.4DATA ACQUISITION AND INTEGRATION

3.4.1 Species distribution(target variable) data

To discover knowledge rospeciesenvironmentrelationships, the first task wao collate

existing species occurrence datdatural historians, museums, herbariums, individual
scientists, amongst others, have recorded species occurrence information for many years in the
country and around the world through various means such as addhegstematicollections

As the interst in biodiversity conservation increases, both governmental angavamnmental
institutions are investing considerable resources into digitizing of data on species (including
alien and invasive) into digital species distribution atlases and makingptiigraly available,

where necessary and possible. Such databases present a wealth of information on species
distribution and an indispensable asset for science and conservation. Such data is available in

Swaziland albeit in different formats and from vassources.

In recognition of the problem of invasive alien plant spearestheir subsequent declaration as

a national disastan 2005 the government of Swaziland commissioned a stratified national
aerial survey othese plantsThe aerial survey wasonducted throughout the country during

the period between 17 May and 18 September 2009 and coordinates were collected using global
positioning system (GPS) receivers at an average 50m altitude supplemented by road surveys
(Kotzé et al, 2010a; Kotzé et al, 2010b). The period was selected to ensure maximum
detectability of each of the species of interest and hence it coincided with the time of year during
which the target species could effectively be identified through contrast differencesun colo

and flbwering from aerial observatioK¢tzéet al, 2010a).

A complementary road survey was also carriedlodhg the same periaghereby 2 000 points
randomly selected along the road network were surveyegrve as an independent quality
control ofthe aeial surveydataandfor evaluaing a methodology for future monitorir(¢§lotze

et al, 2010a) The resuling database which was acquired for this studyyas very
comprehensiveand is suitable for further exploration through modelling techniquiis
presence and absence pointsAcacia mearnsiDe Wild., Chromolaena odoratél.) R.M.

King & H. Rob, Caesalpinia decapetalg§Roth) Alston Cereus jamacaruDe Candolle
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Eucalyptusspp.,Jacaranda mimosifolidd. Don, Lantana camarda.., Melia azedarachL.,
Opuntiaspp. L., Populusx canescengAiton) Sm, Psidium guajava.., Rubusspp, Senna
didymobotrya(Fresen.) Irwin and Barnebypesbania puniceéCav.) Benth. and Solanum
mauritianumScop.were extracted and collated from the databdbes dataset is especially

suitable for this study as the rate of false absences should be negligible due to the high sampling
effort combined with extensive expert effoFhese speciesriefly described inTable3.1, are

on Hendersonds (2007) Ilist of prominent i nv,

savanna biomes.

The final database consisted of 18,066 detailed points of all the species studied. Hence, there
was no need to create simulated background, virtual or pssas#mces, which may be biased

even though they are often required especially for techniques oritiaigs that require
presencebsence data. This is important to consider becausalisence data are a critical
ingredient for accurate calibrati@mdecologically meaningful assessment of SDMs that focus

on predictions of actual distributions of iniasspecies (Vaclavik and Meentemeyer, 2009).

An independent database from the Swaziland Tree Atlas (Loffler and Loffler, 2005) was
similarly acquired and integrated. This database was derived from fieldwork conducted in 585
plots spread throughout thewtdry between 1999 and 2004 thereby consisting of another set
of presence/absence data albeit with lower spatial sampling but with more certainty of
identification. Handheld GPS coordinates were obtained from each plot wherein the tree
species found withi 2 km transects and radius were recorddxd field work was conducted
sporadically throughout thsix-year period so as to cover as many flowering, fruiting and
growing seasons as possible (Loffler and Loffler, 2005), thus increasing confidence in the
identification of species. The data has been updated with few recent observations albeit
collected at lower ad hoc survey intensities and oadahocbasis (Loffler, 2013: Personal
Communication). The Tree Atlas data contained more than 26,000 presenuales®rds

from the 585 plot locations for all the invasive plant species studieaever, since the Tree

Atlas data used a different sampling approach, not all the grids from the aerial survey were
covered. Hence, thoggids that had no records databasere represented as missing data or

unknown labelsSince the two datasets were collected using different sampling approaches, it
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is of interest in this study to do a preliminary analysis of the differences in depicting the spatial

distribution of eachfothe species under investigation.

Table 3.1: List of alien plant speciestudied and their characteristicécharacteristics
information derived fronHenderson2007).

Species Common name Growth form Origin
Southern Tempers
Acacia mearnsii Black wattle tree (Australia)

Caesalpinia decapetala
Cereus jamacaru
Chromolaena odorata
Eucalyptusspp.
Jacaranda mimosifolia
Lantana camara

Melia azedarach
Opuntiaspp.

Pinusspp.

Populusx canescens
Psidium guajava
Rubusspp.

Senna didymobotrya
Sesbania punicea

Solanum mauritianum

Mauritius thorn
Queen of the night
Triffid weed
Eucalyptus
Jacaranda
Lantana

Syringa

Sweet prickle pear
Pine

Poplar

Guava

Bramble
Peanutassia
Brazilian glory pea

Bugweed

shrub/climber
tree/shrub
shrub

tree

tree

shrub

tree
tree/shrub
tree

tree
tree/shrub
shrub
tree/shrub
tree/shrub

tree/shrub

Tropical (Asia)
Tropical (Americas)
Tropical (Americas)
Tropical (Australia)
Tropical (Americas)
Tropical (Americas)
Tropical (Australia)
Tropical (Americas)
Tropical (Americas)
Northern Temperate
Tropical (Americas)
Northern Temperate
Tropical (Americas)
Tropical (Americas)

Tropical (Americas)

The Tree Atlas data wasipplementedvith data from the atlas of alien invasive plant species

(Braunand Dlaminj 2005). This database consisted of all known alien invasive species-of non

domestic/agricultural plants occurring in Swaziland. This dataset is a collection and collation

of alien and invasive species data that was existent at that time primarily sourced from literature,
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protected area institutionstlé deed farmers, Water Resourcesrigh, the then Ministry of
Agriculture and Cooperatives and private consultants who were afgeearrying out
countrywide fieldwork research to fill in data gaps (Brand Dlaminj 2005). This resulted in

the preparation of distribution maps at 8th degree grid level together with accompanying
photographs and a report on notable alien invasiveiepeThe database includesnfirmed

records (herbarium specimens), visual records and suspected occuareismaerecords that

were simply classified by a verbal location. For quality control purposes, only records with
actual observation and conf i r nmmemconseerediheds as
distribution maps of all the invasive alien plant species under investigatoshown in

Appendix 2:0bserved distribution maps of all the species from the aerial survey amdaee

datasets

3.4.2 Predictor (attribute) variables

The questions of what makes an invader successful is central in the study of invasion (Elton,
1958). The idstification of the key and relevant factors that constrain the range of species is
one of the most important goals in ecology, biogeography and species distribution modelling
(GonzélezSalazaret al, 2013). Discovery of ecologically meaningful speaesironment
relationships embedded within existing distribution data requires the choice of relevant factors
or variables that effectively describe each
variables is very important because the chosen varial@edasely related to the hypotheses

on the mechanisms regulating species distributions and will influence invariably model
performance and final interpretation (Syphard and Franklin, 2009; Mgt 2010; Syphard

and Franklin, 2010; Hortat al, 2012). Merowet al. (2014) suggest that, if data are available,
increasing the number of predictors ensures a more accurate understanding of the drivers of
distributions. Such variables are also useful for testing some of the most important hypotheses
in invasion biology (Jeschke, 2014).

Invasive alien plant species distribution is influenced by a variety of factors such as
environmental gradients, climate, land use, land cover, species interactions, and a range of
anthropogenic and contingent factors. Whilst traditional SDMs, espedialg implemented

at the regional level, have typically included only climatic variables there is now an increasing
recognition of the importance of other factors at the appropriate scale. Ge8Saiearet al
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(2013) observe that model predictabilityhggher when integrating both biotic and abiotic
variables. This |l eads to a fuller and more
within the landscape. Studies have recognized that the effects of various explanatory factors on
species distribuwn may vary with spatial (and temporary) scale (Gelfenal., 2003).

The final dataset primarily comprised of proximal (and to a lesser extent distal) climatic,
topographic, edaphic, disturbance, biotic and secmnomic and anthropogenic variableatth

are potentially useful for modelling the distribution of invasive plants. The basic climatic data
used included the 19 bioclimatic data layers from the Worldclim current conditionsZ095)
dataset (Hijmanst al, 2005) obtained in 30 asecond (~80m) resolution grids. The
Worldclim dataset was selected because of its wide use in SDMs and it provides comparable
data across different eaimatic regions of the world. Edaphic parameters are also important
on plant growth and survival although theg sarely incorporated as predictors in plant species
distribution models (Thuiller, 2013; Beauregard and de Blois, 2014). Socioeconomic and
anthropogenic variables are important in explaining the landscape level patterns of invasive
alien plant distributins (Allenet al, 2013). Variables such as housing (GaWerarroet al,

2010), infrastructure and physical factors, socioeconomic factors, primarily population (Allen
et al, 2013), help to explain plant invasion. Humraadiated dispersal through vedsuch as
livestock and transportation mechanisms and their relationships with the physical environment
are also useful for understanding and managing pathways of dispersal including invasion
(Auffret et al, 2014).

Hence, these were included in thisdsttio capture the human influence. Other datasets such as
the poverty and livestock data were obtained in tabular form and subsequently geocoded and
linked to corresponding polygon or point localities from gazetteers for mapping and further
spatial processg. The spatial and nespatial data used were obtained from various institutions
and government agencies in various data formats that were not only stapeaifc (e.g.,

raster vs. vector based spatial data, objeiented vs. relational models, f@ifent spatial
storage and indexing structures), but also vesgecific formats (e.g., Environmental Systems
Research Institute (ESRI), Stata, Excel spreadsheet, etc.) and at different resolutions.
Ultimately, a large set of 170 key predictor variablessisting of biotic and abiotic variables,

including socieeconomic and propagule pressure variables were identified and collected from
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various sources (Appendix 2). The preseabsence data of all the other invasive alien plant
species were included a&Min order to capture possible biotic interactions andamurrences,

whether direct or indirect.

While most of the chosen predictors have been used in modified form in other studies, their
choice is intentionally objective and diverse in order toneaore about their influence on the
species distribution. A contribution of this study (SectioB) is to present and evaluate a
framework in which all the facterassociated with different data types can be integrated into
BN-based data mining models that provide precise predictions of the distributions and a fuller
understanding of the underlying invasion patterns and processes of the given alien plant species.
Since the ESRI shapefile and grid are the de facto and widely used vector and raster GIS data
formats, respectively, all the datasets were imported, converted and stored in these formats thus

facilitating their integration

3.5DATA PRE-PROCESSING

3.5.1 Data cleaning

Data cleaning is an important step in date-processingandit involvesremoving noise or
outliers and eliminating invariant or redundant represemtatof the data. It iknown that
mapping processes, whether manual or automated, are not ongotisweming,but may be
inconsistent andrrorprone. However, few species distribution modelling studies explicitly pay
detailed attention to data cleanirigach of the environmental data skssed in Appendix 1:

List of variables (datasets) used in the stwdg explored in detail and all records within each
data set were checked and all noisy and inconsistent data points were rehmwéutcluded
removal of double allocation cases where theess repeated in the same observation point,
verification of misspelling and inconsistent species nhomenclature in cases where elements of

both common and scientific names were simultaneously used for the same. species

Improving the quality of georeferemgj is anothervery important and crucial step in increasing

the utility of SDMs. Whilst there is notable progress with regards to automated gewelg
through various technologies, determining coordinates by consulting detailed maps, field notes
in museum archives, and the original collectors and experts allows for improved coordiates.

few georeferencing errokgere foundin the aerial survey datnd these were in the form of
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inconsistencies in the Loffler and Loffler (2005) ahd Braunand Dlamim (2005) data where
some records had no coordinates #mesewere removed. This uncertainty in position is
common with museum, herbaria, survey and opportunistically observed dataaaredudt of
inaccuraesin location and georeferencing (Naietial, 2014). This was easier to deal with in

cases where nearby locations had similar attribute values to the original location.

Proper georeferencing of all species occurrence records allows researchers to circumvent the
serious problems posed by the effeat sampling bias across geographical and environmental
space (Anderson, 2012). Nevertheless, there were very close geographical matches between all
the datasetslThe aerial surveydata wasalsoexplored in detail and formatted into presence
absence forntdollowed by arigorous cleaning process to remove noisy and inconsistent data.
Similarly, values that were anomalously high or low were removed and replaced as missing and
those grid cells or features that had missing values such as NODATA valuesetagred
because the Bdare able to handle.

3.5.2 Transformation and conversion

Most spatial modelling and simulation to@ee designed around the representation of space
either as continuous spatial information in the form of grids of regular cells, seasfavector
geometries representing the shape of well delimited objects (Cestdts2014). This spatial

data duality on the representation of space and timdaagestandingissue n GIS studies
(Goodchildet al,, 2007). However, the choice of@inat depends primarily on the spatial scale.

In many environmental modelling situations though, the ability to simultaneously use both
forms in a seamlessly integrated modelling design is desirable. The ultimate focus of this study
was on the spatial donmaof species distribution using raster or grid @tiebra, whichs
generally efficient for spatial analysis and modelling (Bolstad, 2012; Matgaln 2012). The
raster data model has become the primary spatial data source for anagtefiingwith GIS

and is well suited to the quantitative analysis of numerous data laye&spHtialdata format
enables the integration of data from different sources within a consisbeleilingframework,

wherein each grid cell contains a set of the predistareables and the target variable.

Whilst vector data use is relatively fast and efficient, particularly for mapping single species,

rasterization or gridding is often necessary for the analyses of data across different species.
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Hence,as part of the datpreprocessingall vector point and polygoh datasets containing
continuousand dscrete variableswere converted to raster formats throughrious spatial
analysis techniquesh at conf orm t o Tobl é&(Tdbler, 1070,rpL36) of |
For those point and polygon datas@tgy. census data, livestock/dipping tank locality) data)

that required conversion to continuous surface datagrimrical Bayesan Kriging (EBK)
interpolation methodPilz and Spock, 200%yas employedThismethod atomates théask of

building a valid kriging modeby automaticallycalculatingparameters through a process of
subsetting and simulationanlike aher kriging methodshat require manualadjustment of
parameters to receive accurate resuMsreover, he EBK methodaccouns for the error
introduced by estimating the underlying semivariograinerebytaking the uncertainty of

semivaiogram estimation into accou(Rilz and Spoéck, 2007)

Density estimates frorapplicablepointand linedatasuch as roadsivers and settlementgere
done using thaeonparametridernel density estimatiofiKDE) method Silverman, 1986)The
KDE approachuses a kernel function to fit a surface to each point or polyiliggcating the
intensity of individual observationsver a geographical areldence, pints (e.g.settlements
or lines (e.g. roads or streams) near/andithin the centreof a search radius or bandwidth
were weighted more than those further awaybandwidthof 5km was used for thignalysis,
which provided a balance between parsimony and surface smoothhiéssffering relevance
to the empirical and domain knowledge of the variables in quegtiben using KDEhe kernel
weighing variesaccording to thelistance from the point or line as the intensity estimateti
the stipulated bandwidth or search radiug\dditionally, proximity data was derived by
calculating Euclidean distances, which are the strdigétdistances from each cekéntreto
the closet object of interest, such as urban area, roads, or a Alleother vector data
containing discrete variables, e.g. soil types or vegetation tgpdghe presence absence data

of speciesvere simply converted to rasteata

To obtain a uniform griddataset from the heterogeneous sourcestaater datsets were
convertedto a standardizednesacale 30 arcsecond (~88m x 880m) grid cell or raster

resolutionusing the GIS software ArcGlSversion 10.2(Environmental Systems Research

AiEverything is related to everything else, but near things
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Institute, 2011)In the end, e entire study aseconsisted of an array 22,6837 grid cels each
containing a total of 20 predictorvariablesand he class variabléelhis array ofsemantically
and geographicallgonsistengrid cells or rasterformedan n-dimensionalspatialdata cube
This beamethe basis of the species distribution (hypothesis) node whirestateof each

grid cellrepreserdgda speciesenvironment relationshigsypothesis

The ability to make thegeographical ihkage, via theraster datg back to the GISfor
visualizationand interpretationwas the final process in the knowledge discovery process
Furthermore,ntegrating the collected spatial data with BNs at the resolution of theejisd
provided an opportunity to perform probabilistic analysis (Anaesl Anselmo,2008),which
couldthen be created by transferring the resultthefBN-derivedprobabilistic map algebra
back into GISThe rasterdataset was then exported into commaasated valug*.csy) files

for further processing and BN modellingingthe opensourcedata mining softwaraNVaikato
Environment for Knowledge Analysis (WEKAersion 3.7.2 (Hall et al, 2009; Witteret al,
2011).

3.5.3 Data integration

Analysis ofintegrated data makes it necessary to resolve several issues to ensure geographical
comparability and uniformity. Within a G)She different data sets will constitute several
separate layers whose overlay is possible dtieir geographic componentsykuse the same
projection system. The datasets collected were from diverse national and thematic origins and
were produced in diverse projection systems, most often conforming to the geographical
specificities of the country. Given this frequent hetenagfy and the usual broad geographic
scale used in the context of multidisciplinary research aftenrecommended to work with a

universal projection system.

Some of the data sets lacked projection information and most of them had no metadata and as
such required irdepth and visual expert examination of the dimensions of each map to infer on
the possible projection system and units used. Although modern GIS packages can interpret and
transform projections othefly, all the datasets were-projectedand stored irthe Transverse
Mercatorbased L81 reference system which is the standard coordinate reference system used
by the SurveyoGe ner al 6 s Of f This projaction sgstem,2vhitisestide South
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African Survey Grid Zone 31 (Transverse MercatBouth orientated) as its projectj@aiowed
for the easier and efficient calculation of some of the variables, e.g. distamoeetric units

and ensured thatll components areonsistetly presented and processed.

The second issue that needed to be addressed in order to achieve correct data integration was
scale. Scale is a central concept to describe any phenomenageilgraphical dimension on
theEart hé sur f ac dingafreironnrental gateernsramdi peocesses (Jetost,

2010). In this context, scale means spatial resolution or the fineness of distinctions recorded in
the data, i.e. the size of the cell in a grid or the size of a pixel. Geographic objects, and even
spdial processes in the context of plant species invasion, are continuous in scale, but the
interpretation of theibehaviourhas to rely on discrete steps or levels defining the scale of
interest. Between these levels, a continuum of entities, featurgg@rebsses is observed and
joined (Marceau, 1999). The chosen thresholds are specific to organization levels in the scale
hierarchy of natural features and processes studied, and are defined by the elements to be
described andnalysed The data integratioprocesswasinevitably confronted with several

kinds of geographical objects corresponding to several organization levels, and it was difficult
to determine a common scale of interest, the best possible scale of analysis given the
heterogeneity of sdesthat hal to bedeat with. This problem directly addressthe sensitivity

of analytical results to the definition of the chosen spatial scale and units.

Integrating different data sets in a GIS inevitably presents a-sualke problem, although the
complexity will vary. The consequences are that, once the scale of analysis is selected,
generalization and data aggregation problems will occur in the pimogessd the analysis of

data and cause unavoidable uncertainties. These uncertainties may be propagated through the
process flow chain to the final prediction of species distribution. For instance;esmtiomic
data(human population, poverty indicesg gtvere collected at enumeration area level at a scale

of 1:5000 while the climatic data were collected with a gegbtution of approximately 1 km.
Theland cover informationvas obtained a 10 m resolution (derived from SPOT 4 imagery)

and Shuttle Rdar Topography Missio(SRTM) topographic datat a 3arcsecond~90 m)
resolution (Rabust al 2003). This heterogeneity illustrates very well the challenge of
integratingmultisourcedata sets, the potential problems related to the overlay operation, and all

issuesarising when comparing arahalysingrelationships between integrated thematic layers.
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All the layers or variables influence the distribution of invasive plant specieffeaedi scales.
Furthermore, while some data sets may be most appropriate at thesddm they are less
relevant atlha scale. The complexity of carrying out comparisons in this interdisciplinary and
multiscale context, and especially inferring preassfrom patterns, means that this process

requires extreme care.

Error propagation, resulting from the combination of several heterogeneous data layers within
a GIS or from rasterizing vector data, can produce significant noise that affects the atierpret

of results. These uncertainties in the data may stem from measurement and sampling errors,
environmental variability or incomplete knowledge of system behaviour, as well as positional
error, feature classification error, resolution, attribute edata completeness, currency, and
logical consistency (Kraak and Ormeling, 2011). However, techniques such as the BNs are
better suited for such cases as they deal with data integbatitmandare able taharacterize

such uncertainty in the form of lacprobability distributions (Laskest al, 2010).

The entire study area, therefore, consisted of an array of 22,687 tgidasz containing a total

of 170 predictor variables and the class (response) variable. This array of semantically and
geographially consisent grid cells or rasters formed n-dimensional spatial data cutaich

was exported to comma separated value (csv) files for uskata analysis and data mining
software. The integrated data enhances usefulness for final input into modiédscaviedge
discovery including user experience with the species occurrence data and the ability to further
explore such data through advanced data visualization tools. This ranges in complexity from
having visualization of statistics about the data thhomore complex and custom visualizations

to integrating with a number of interactive predictive distribution modéis large sample also
increases the high signal to noise ratios, thereby making it relatively easier to evaluate the
strength of the speed environment pattern in the presence of complex processes (Mgrow

al., 2014).

The integrated data becomes the basis for the species distribution (hypothesis) node wherein
each state in each grid cell will represent a different hypothesis specifie tep#ties
environment relationships defined in the models. The approach to be used in the eventual
species distribution modelling is based on a-BNsinteraction wherein BNs will be used to

combine the GIS raster layers in order to account for uncert@tagsopouloet al, 1998).
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This maintains the ability to make the geographical linkage, via the raster data, back to the GIS
for visualization andnterpretation, whichis the final process in the knowledge discovery
process. Integrating the collected spatial data with BNs at the resolution of the grid cells also
provides an opportunity to perfarprobabilistic analysis (Ames adhselmo, 2008), which

can then be creatdyy transferring the results of the Biérived probabilistic map algebra back

into GIS.

3.5.4 Discretization

Discretization of data is one of the mapye-processingtepswhich has been studied for the
past two decadem discrete BN modelling. The purpose othe discretizationprocessis
primarily to transformcontinuous variables into a finite number of discrete valuesterval
valued features orderto improve classification performanaghilst facilitatingthe induction
process of @lassifier and/oenhaning theinterpretability of thdearnedmodels(Kayaet al,

2011; Garciaet al, 2013; Velikova et al, 2013) Moreover, it is importantthe selected
discretization technique should be appropriate for the underlying marginal and conditional
distribuions of the variables (Alameddiret al, 2011).Additionally, optimal discretization
providesfiner partitioning for the regions where the variable distribution changes rapidly while

allocating widelintervalsfor areas that are relatively flat (Kozlov and Koller, 1997).

Discretization of data valuas primarily used to compromise between the averaging out of

noise, accuracy of the model and complexity/accuracy of the model/parameter Idarttieg.

contextof BNs, discretizationis used as method to-examine the probabilistic parameters
usingboth supervised and unsupervised approacAsneddinect al (2011) observed that the

binning process has profound influence on the geneBitiestructure and perfmance which
invariably affects the model 6s useful ness ar
(Myllymaki et al., 2002)

The widely used unsupervised methods for discretization which do not use class information
are equal frequency binning and equal width binnumgch determine the bin boundaries by
first sorting the data on ascending valuesansequently dividinthe sorted datento equally

sized or ranged bins, respectivélfarioussupervised methadwhich take into account class

or target variable informatiomave been develope@®ne of thewidely and successfullysed
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method, which was selected for this studis the minimal description length (MDL) criteria
(Fayyad and Irani1993) This dgorithm searches for ctaff points thatminimize the class
variable entropy given each predichyrselectingbin boundaesbased on the minimization of
the class informatiorentropy (Fayyad and Irani, 199Fernandest al, 2010) The class

entropy of a (sub)s&is definal as:
0t dY B NORYI T @6°Y (3.1)

wherep(Ci, S) represents the proportion of instances$imith classC; andk is the number of
classes. For each candidate cut p®iof afeatureA, a weighted average is calculated of the
entropy of the two subse® andS created by the cut point:

0 6AYY Z—S‘O‘e oY i—;‘Oé oY (3.2)

where | . | is theazdinality of a given sdt.e. the number of the configurations that the members
of a given seScan take)andS, andS are the subsets of the split samples for the left and right
part ofS, respectivelyThe candidate cwdff point for which thisunction is minimal is selected
and the process is repeated on the subclasses to create multiptedhisgnghe MDL criterion

as a stopping criterion &void too manyins.Partitioning or the cubff pint is accepted if and

only if:
y (] y 6AYY
"06 "CQRITYTY © ¢ Al
V) 0)
OO QEAY]Y 0& dY 'O8HRYY (3.3)
YORNY 11T @ ¢ ®OO&¥ OO&Ed OO& dY

whereN is the number of the samplesSnZ is the number of the classes in the datasd;
andZ are the numbers of the classes preseft &andS, respectively.

This method has been shown toddéective compared to a number dicretizationrmethods
becausé tends to obtain a godtadeoff between the number of intervals and accu(&arcia
et al.,, 2013).These random discrete or discretized continuous varidddesmeuncertain
guantities that can take a discrete number of mutually exclusive and exhaustive values. The
discretized continuous variables could then be used along with discreseninalvariables to
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strengthen a model 6s abi | i Thg Kohamenkorcregedanwith e a c h
efficient split encoding (Kononenko, 1995), which includes an adjustment to the MDL when
multiple attributes are discretized, was appl®correct for potential bias the entropy measure

has towards an attribute with many values

3.6 DATA BALANCING

An exploratory analysisf the species occurrences from the sletahowed that most of the

instances, except fdar. camara, Codorataand to alesser extentA. mearnsii consisted of a

large number of absence instances and very small percentages of species presences resulting in
class imbalanceThis imbalancecan greatly influence moshodelling approaches (Santika,

2011; Beanet al, 2012; Hanberryet al, 2012; Johnsoret al, 2012). Referred to as
Opreval enced i n speci es mibalaace problem isiamportambo d e | | i
issueto address because it often limits the capability of conventional algorithms toyctassif
predictthe cases of interest such as species presence (JataspA012). Models developed

from imbalanced data tend to ignore the minority (presence) class of interest albeit with high
predictive accuracy. This could potentially lower the tpasitive (presence) rates thus

undermining the main objective of detecting and predicting species occurrences or presences.

To solve this problem, data balancing technigues used in machine learning are a promising tool
albeit their limited application in species distributrandelling Johnsoret al. (2012) provided
the first rigorous evaluation of the class imbalance proldéspecies distributiomodelling
performance using various metrics. It has been observed that the SDM performance depends on
prevalence, the complexity of the concept represented by the data, the training dataset size, and
the classifier used (JapkowicadaStephen, 2002; Johnsenal., 2012). Upon testing various
data balancing approaches using selected species and the review of relevant literature, the best
performing and appropriate techniquasthe spread subsample technidtill et al, 2009)
and costsensitive learning (Domingos, 1999 this study, a hybrid approach was used
whereby both approaches were implementeicstly, the spread subsample techniquas
implementedbefore feature selection and discretization and thereaftesensitivestructure
learning of the BN and their parameters. This was done to ensure thalatiedeatures and
discretization points are not biased by there frequentspecies absence instances whilst
ensuring that thenisclassified instancegceivefurther penalization.This was also necessary
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considering that the species under investigation are invasive (i.e. have increasing presences) and

not in equilibrium with their environment.

Data balancing in SDB]althoughseldonty applied has been observed to hapesitive results.

For example, Drummond and Holte (2003) found that deampling outperformed up
samplingwhen usinga decision tree learner. Evans and Cushman (2009) foundskwpling

to perform well when mapping the presence of four conifer spadieSarthyet al (2005)

found costsendive learning to have a sliglatdvantage over dowsampling and wsampling

in very large datasets (greater than 10,000 instances) when using random forests. The spread
subsample technique is a dosampling techniquéhat produces a random subsample of the
majority class for each fold during the training stage, thereby minimizing the effect of species
prevalence or class imbalance. A maximum 1:1 ratio of the minority (presence) to the often
prevalent (absence) claseduencies was specified, resulting in a uniform spread and the
corresponding recommended prevalence of 0.5 (McPhatsah, 2004). McPhersoet al

(2004) demonstrated that a 1:1 ratio of presence to absence observations optimally balances

between omisen and commission errors in model predictions.

Cost sensitive learning, on the other hand, applies antasix which indicates the cost or

penalty for misclassifying any particular data sample (Domingos, 1999; Liu and Zhou, 2006).
Various configuratiowere testedndeventuallyopted for a g S{ matrix which tended to

optimize both commission and omission errors. This matrix essentially stiptlatése cost

or penalty of false species absence predici®ivgice that of false species presence jmtdns

for any model. Incrementing the correct classification percentage of species presences implied
slightly decreasing the classification accuracy of absences. This is, howewvenuch of a
concernfor invasive organism [3Ms because such absences couldubeertaindue tothe
processes shaping species distributionsmethodologicalissuese.g. low detectability or
sampling biagLoboet al., 2010).This approach was applied to all the BN learning algorithms
within the WEKA erwvironment. Despite recent observations to the contrary (Freemal

2012), the downsampling and costensitive learning approaclised improved the

performances of all models.
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3.7FEATURE (VARIABLE) SELECTION

Important tasks in ecological studiesludeknowledgediscoveryfrom predictor variablethat
determinespecies distributiomnddeveloping species distributigoredictionsbased orthose
variables(Johnsonet al, 2012). The appropriate selection of the most relevatitibute
(predicto) variables is vital to identifying ecologically meaningful relationships that provide

the most accurate predictions under biological invasions (BMbssin and Jetz, 2014).
Furthermore, Merovet al (2014) argue that building models with an appropriate amount of
complexity is critical for robust ecological inference and that researchers must constrain model
complexity based on attributes of the data, study objectives and an understanding of @ow thes
interact with the underlying biological process&saujo and Guisan (2006) suggest that greater
focus be given to the relative explanatory power and causality or ecological basis for choosing
each predictor used in SDMs. Mer@wal (2014) also suggethhat more proximal variables

are preferred as these represent the resources and direct gradients that influence species
distributions However, few species distribution modelling studies pay attention to the selection

of variables for inclusion into modetave for using expert knowledge.

The taskhere wato selectfrom the 170predictor variables, those variables that influence each
speciesb6b occurrence. Il n or deult-dinensiona tatiucee t h e
space and to remove redundamglevant or noisy variables, feature selectioas performed

as part of the process before the actual classificafieature selection waused to select a

reduced set of features from a large initial set Wit aim of producing set that best
contiibutes to distinguishing areas where a species may occur or notdoedgature selection

process alstelps to improve both classification efficiency and scalabilitydpeeding up the
computation time, whilst improving data quality and increasing the accuracy of the resulting

model (Krishnapuraret al,, 2004)

For this process, a method that could efficiently achieve a high degree of dimensionality
reduction through fiding the optimal set aécologically meaningfuleatures or variablethat
have more predictive informatiomas requiredFor this processa hybrid approackvas used
which iteratively alternatedbetween filter ranking construction and wrapper feature etubs
selectionThis approachtakes advantage of the strengths of lethniquesvhilst minimizing
the disadvantages of eithérhe filter ranking techniquea re-rankingbased feature subset
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selectiormethod is based on the algorithm developed by Berraegl (2012)(seeFigure3.3).
This methodwvorks incrementallyat both theattribute levelbndblock or set of attributes level,
taking into account the selected @ §) in previous blockr subsetsA univariatefilter
measureis usedto rank the attributesand then an incremental filtevrapperalgorithm is
applied but only over the firgtaturesubseti.e. over thefirst ranked attributes. An initiaubset
of attributesis selectedfollowed by the computation ofiew rankingover the remaining
attributesbut taking into account the already selecdetdset Thefilter-wrapperalgorithm is
run again over the first bloof features withthe new ranking.This process is iterated until
there is no change in tselected subseBermejoet al. (2012) show thahe number ofe-ranks
is very smalttherebygreaty reducingwrapper evaluationdénce reducingomputation timg

without decreasing the accuradytioe output obtained.

From Figure 3.3, it is apparent that this algorithm requires, top ofthe training dataset, the
specification of (1) a selection algorithm (2) a stop criterion, (3) a block size and (4} the re
ranking algoithm. Thefeature evaluatioralgorithm used was the correlatidrased feature
selection (CFS) filter method (Hall, 1998). The CFS technique evaluates the worth of a subset
of attributes by considering the individual predictive ability of each featureg aloth the
degree of redundancy between them. The CFS method, which can be applied to continuous and
discrete variable problems,assan evaluation heuristic thatefers subsets of featuredich

are highly correlated with or highly predictive of the slaariable while having low correlation
amongst themselves. The CFS approach can handle missingaslweBwhereby the counts

for missing values are distributed across other values in proportion to their frequency (Hall,
1998). This method, which assamconditional independence amongst the features given the
class, has been found effective in selecting-memundant predictors that are likely to be
independent of each other without reducing overall classification accuracy (Fereamdes
2010).
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In T training setM filter measure( classifier,B block size
Out S// The selected subset

1 list R={} // The ranking, best attributes first

2 for each predictive attribut& in T

3 ScoreMr(Al, class)

4 insertA in Raccording tdScore

5 sol.S=1 // selected variables
6
7
8
9

sol.eval= null // data about the wrapper evaluatiorsof.S
B = first block of sizeBin R// Bis ordered

remove firstB variables fronR

sol= IncrementalSelectiom(B,C,3

10 continue= true

11 while continuedo

12 RNj = {}

13 for each predictive attributd in R

14 ScoreeMr (A, class)

15 insertA in R Bgcording tdScore

16 R=RNj

17 B = first block of sizeB in R// B is ordered
18 remove firstB variables fromR

19 s o4 IngrementalSelectiom(B,C,3

20 if(sol.S==s o [) /Mjo rew feature selected
21 thencontinue= false

22 elsesol=s o | Nj

23 return §ol.9

Figure3.3: The reranking canonicahlgorithm @daptedrom Bermejoet al, 2012 p.39

The stoppingeriterion is determined dynamically and stops wieeralysinga new block or
feature subset does not produce any change in the selected subsegbyoxadésthe same
variable subsetreceived as seefBermejoet al, 2012) Hence, the number of attributes to
consider is decided dynamically and is dependent opritgressiorof the selection process.
Thevariable subset stzor block sizeshould provide an optimum balance between foeedf
choice forthe wrapper algorithrand usefulness in ordey take advantage afsing reranking.
Although Bermejecet al (2012) suggest value between 30 andabblock size ofl5 features
waschoserafter doing some sensitivity analysisthe BN learning algorithms on all the species
(Figure3.4). Figure3.4 illustratesthat both prediction performance increases with block size
up to a value of 15 after which the number of variables selected increases éthenelyy
increasing computational cosind potential variable redundafcwhile the prediction
performance increases slightiue to modebverfit. Once the subsets of candieléeatures are
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selected, they we then scored using a metric function which mezssar f eat ur eds ab
discriminate the classdpresence/absenc@) data.For this purpose,Penget ald6 $2005)

maximum relevance minimum redundancy (mRmRjlgorithmwas used because it has the

dual optimization goal of maximizing relevanead minimizing redundancyThe mRmR

algorithm often gives more accurate and stable performanceef¥ln 2007).

Although the mRmR algorithm typically uses mutual information as a measure of the mutual
dependencketweenwo variables, this study utilizesymmetric uncertainty for evaluating both
redundancy and relevancy of each varialblee symmetric ucertainty between two variables

X, Yis defined as (Prest al, 1988):

VYA C h 1

wherelG (X,Y) is the information gain betweetandY (expressed ad(X) 1 H(X|Y)), H(X) and

H(Y) are the entropies oX and Y, respectively.The symmetric uncertainty metric is the
appropriate metric of correlations between features for this study because it compensates for the
information gainbs bias toward features with
[0, 1]. A value of lindicates that knowledge of the value of either one completely predicts the

value of the other and the value 0 indicating ¥ahdY are independent (Yu and Liu, 2003).
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Figure3.4: Prediction performance and variable selecasra function of blocksibset) size
(source: own)

The variables we then ranked, according to their symmetric uncertaintgiecreasing order
and split into blocks o015 variables after which a searchrin. The block size ofl5 variables
also ensured thatainimal subsetss obtainedvhilst avoidng either underor overfitting. The
mMmRmMR algorithm then seledisosevariables that have the highest relevafomgrelation)with

the targetvariable and are minimally redundant, i.e., selects variables that are maximally
predictive and dissimilar to each othkftaximal Relevanc® is to search a set of featur8s
satisfying:

I A ™Yw O -B . "Y™Yoho , (3.4)
whereSU (x;i ;yi) means theymmetric uncertaintypetween featurg and clasyi. The mRnRR

uses thesymmetric uncertaintpetween feature variablesa measure of theedundancy of

eachfeature. Thdollowing condition finds the mmimal Redundancy feature st

-

| EY"YHO gB Foe Y Yook (3.5)
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whereSU(x;,X) means the symmetric uncertainty between featir@sdx. The criterionthat
combires theabove two conditions ifience called minimalRedundancy and maximal

RelevancdmRmR) and has the following form to optimiZeandR simultaneously:
G ¢ & ORY R 0 Y (3.6)

The mRmRapproximationmrepeatedly adds the featurevariable thahas the best ratio between
relevance and redundancy to the already selected fealtwsretically, the optimal subset of
features can be found through an exhaustive search of all possible subsets. However, an
exhaustive search of the feature space needs to search "apjasfsible subsets of features,
whichis almost impractical in the case of large number of fea{r¢8658x 10°* for this study

with 170 feature¥. Hence, a search procedure that is easier to implemeguiredo find the

optimal subset of feature$he geometricparticle swarm optimation (PSO) algorithmvith

bit-flip mutation(Eberhart and Kennedy, 1998praglioet al, 2007 was used for this purpose
Through PSO, the potential solutioegaluate and compare themselves to others, and imitate

thebehaviournf those thaaire regarded as more successful in the search for an optimal solution.

3.8BAYESIAN NETWORK LEARNING

3.8.1 Structure learning

The nature of BN makesthe learningprocess astructure learning and parameter learning
process the purpose of which is tesummarize coditional independence relations
probabilistically andyraphically(see Section2.4and2.5). The structures of the BN is first

learned followed by the estimation of the parame€rsThe task for this studyas to find BN
structures and the corresponding parameters puralydeda. In effect, the attempt svio learn

a DAG structure that encodes the key features of the dependence structure between the variables
of the given data set, when presented with a given number of complete or incomplete
instantiationsThe direct influence relationships between variabdpsesented by arege the

hypotheses about each spedgssribution

In this thesis, the mnation for building the BNs wa to probe the geographical and
environmental space within which the different species exist, with the primary aim of finding
the dependency and possible causal structure among the different variables that influence each
S p e c i tebsitidn add irsvasion patterns. Thereafter, a parameterization of the resulting BN
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structures is undertaken to make them usable for makaigabilisticpredictions, inference and
graphical visualization of the resultBue to the complexities associatedth finding and
applying a robust test to detect dependencies, both sdmaseyl and constrainddsed
approaches were tested in this studyusing the cortsaint-based approach, the aim svio
apply the concept of conditional independence and diredtgeparation (geparation) to build

the BN. As definedin section2.4, the scoring baseapproaches aim to search for network
structures using an adequate heiarignd to assign a score that penalizes model complexity to
each structure. Both the local and global scoring metrics were implemented.

In addition to thenaive BayegNB) (Duda and Hart, 1973), the scdrased BN structures
learnedfor all the 16 species were the T#&agmented Naive Bayes (TAN) (Friedmanal,

1997), General BN (GBN) and Bayesian Augmerit@ilve (BAN) networks. The BANs were
learned with different search strategies namely GrégliiClimber (HC) (Buntine, 1995 K2

(Cooper and Herskovits, 1992), Look ahead in good directions (LAGD) Hill Climber (Holland

et al, 2008), Repeated Hill Climber (RHC) (Buntine, 689Simulated Annealing (SA)
(Kirkpatrick et al, 1983) and Tabu Search (TS) (Glover, 1989). The searateges were
implemented in both the ¢al and global seardmased BN&xcept for the LAGD hilclimber,

which was only available for the local search implementation. These network topologies and
search strategies differ in the traoiés made between nebrk structure,computational
complexity and structural richness as briefly described below. In the NB case, the class node is
a parent to all the parent nodes and there are no arcs between the attribute nodes, i.e. it assumes
that all the variables are wditionally independent. The TAN relaxes the conditional
independence assumption of the NB by adding-ltkeedependencies among the variables
where the tree is formed by calculating the maximerghtspanningree usinghe Chow and

Liu (1968) algorithm

Greedy Hill Climber(HC) (Buntine, 198): In this algorithm, all of the possible solutions to a
given problem are represented as r@dldlimensional landscape. Th¢C follows the graph

from node to node, always increasing the value of the solution, aihbital maximum is
reached. This BN learning algorithm uses a hill climbing algorithm to add, delete and reverse
arcs without fixed ordering of variablesd thesearch is not restricted by an order on the

variables.
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K2 (Cooper and Herskovits, 1992heK2 is a scorébased greedy search algorithm for learning
BNs from data. It maximizes the probability of an optimal graph topology, given a dataset, by
using a Bayesian score to rank different graphs. The algorithm adds atesdeics and is

restrictedoy an order on the variables.

Look ahead in good directiofisAGD) hill climbing (Hollandet al., 2008): This algorithm uses
ageneralizatiorapproach thatalculates in advandestepsaboutthe chosen scoring function.
The LAGD offers a new class of pareterized algorithms including the configurable number
of look ahead stegsand the number of calculated good operations per each look ahead step.

Repeated Hill Climbe(RHC) (Buntine, 196): This algorithmsearches foBN structures by
repeatedly generiag a random network and applying to it the hill climbing aildpon
mentioned above. This is done until thest network is returned. The advantage of this
algorithm is that whethe HC algorithmgets stuck at a node, a new node is chosen at random
andthe HC processis restarted. This is repeat&dimes and the algorithm returns the best

maximum found.

Simulated Annealin¢gSA) (Kirkpatrick et al, 1983):This is ageneralpurposecombinational
optimization algorithm. The algorithia inspired by the pross of annealing metal order to
harden it. The basic idea tife algorithmis to assign to the problem a temperature (a control
parameter) andonsidetthe cost of a solution as an energy level. The solution then cangsspo
with the state of the metads the temperature is lowered, the solution becomes more defined,

with less moves or states available to it to change to.

Tabu Searcl{TS) (Bouckaert, 1995)fhis is another hill climbing algorithm which continues
the search after reaching the local optimby choosing a move that makes the least reduction
in the score of the networklowever, the TS keepsliat of recently performed operations in
memory analoesnot considered to prevent a cycle of repetitive operations. The TS algorithm
then returnshe best networlwvhilst traversng the search space.

Additional to the search procedurtbe Bayes score metric (Heckermanal, 1995) was used
as thescoring function This metricprovides am posterioriprobability that the learned BN

structure is thérue modelof the underlying datandgenerallyavoids the problem ahodel
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overfitting. A structure prioD "O is the prior probability on different graph structures and
0 [ SO is the parameter prior that puts a probability on different choipa@meters once
the graph is given. Thus by Bayes rule:
v 00
L' ——m (3.7
whered O is the normalizing factor that is the same for all networks. The Bayesian score is

hence defined as:
[ WEI'ADO & £€0Q0sO 1 10CO (3.9

The termd ‘OSO takes into account uncertainty over the parameters which ultimately helps

avoid the overfit problem and is calculated as follows:
00sO _ 0 $g HOO [ sOQ , (3.9

whered $9 RO is the likelihood of the data given the BRG] OGand0 [ SO is the prior
distribution over different parameter values for the netwarsince the unknown parameters
are marginalized out, this is called the marginal likelihood of the data, given the BN structure.
Unlike the maximumlikelihood, whichprovides optimistic scoring, the marginal likelihood
(also known as the marginal likelihood of the mygwbvides a more realistic value of the
score. This is achieved by measuring theectedlikelihood through the integriain of

0 $9 RO over different parameter valuesfof (Heckermaret al, 1995) and it is not affected
by a specific BN structure (Bouckaert, 1995pr the global scorbased structure learning the
leave one out crosslidation (LOGCYV), which selects training sets simply by taking the data
set D and removing thdth record forthe training setD (Bouckaertet al, 2014) was
implemented The validation or test set consist of iHesingle recordThe accuracy of the

classifier waghen assessusing the estimatguresencerobabilityof each species

Thereafter, Markov blanket (Pearl, 1988) was applied overt#ingetnode to ensure that every
node in the network is a parent or childacibling of the prediction nodés explainedn the
previous chapterhe Markw blanket of the prediction nodmnsists of its direct parents, its
direct successor s, and all of its direct part
1988 Bouckaertet al, 2014. This implies that variabk wthin the Markov blanket have the
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greatest influencen the distribution of each speciés.order toguarantee the impartiality of

the analyses, the number of parents for any node was set to a value of 100,000 which imposes
no restrictions on the nurab of parents a node could haVéis allowed for the learning of
Bayesian Augmented Naive (BAN) networks,igftextendthe TANby allowingthe attributes

to form an arbitrary grapimstead ofust a tree (Friedmagt al,, 1997).

For the constraiAbased pproach, the conditional independence (Cl) algorithm afedrkd
Causation (ICS) algahms (Verma and Pearl, 1992) weapplied The CI algorithm tests
whether variableg andy are conditionally independent given a set of variables. This is done
by comparing a DAG structure with arrowszz  Yis cpmpared with one with arrowg { Y

y}* L wzz  Y(Bouckaertet al, 2014).The ICS algorithm takes into account latent variables
and produces a network with undirected, unidirected and bidirected arcsgCally2011).A

variant of the Spirtes, Glymour, Scheines (SGS) algorithm (Smttas 1993) andoropcsed

by Pearl and Verma (12pand Verma and Pearl (1®Qit differs from previous approaches in

that it first generates an undirected graph that models dependencies between variables, as
opposed to using the complete undirected graph. The ICS algorithm first finds a skeleton (the
undirected graph with arcs if theisean arrow in network structure) followed by directing all

the arcs in the skeleton to get a DAG. Starting with a complete undirected graph, the ICS
attempts to find conditional independenci@irugOin the data(Bouckaertet al, 2014) For

each pairof nodesX, Y, setsS starting with cardinality Gire consideredhen 1up to a pre
determined maximum. Furthermore, theSet a subset of nodes that aighboursof bothx

andy and f an independency is identified, taechetweenX andY is removel from the skeleton.

The first step in directing arrows is to check for every configurafiorsi 1Y whereX andY

not connected in the skeleton whetkés in the setS of variables that justified removing the
arcbetweenX andY. If sis not inS, thedirectionX Y sY Y can be assignedhereafter, a set

of graphical rules given in Verma and Pearl (1992) is applied to direct the remaining arrows.
Hence,one of the key characteristics of #@&S algorithm ighat it isoptimized for recovering

the caushstructure as opposed to finding the optimal classifitmuckaertet al, 2014)
Additionally, the maximum cardinality which determines the largest subs&t twf be
considered in conditional independenests@aOvassetto 15 to match the blockize set

during the featurselection process. The bigger numbereass flexibility in the number of
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potentialinteractingvariables. The Bayesian score metric and tarkov blanket correction

were similarlyapplied to both the Cl and ICS algorithms.

3.7.2 Parameter learning

After learning the structures, the CPTs for each nadee computed using the simple
probability estimator Bouckaertet al, 2019 which estimates the conditional probabilities by
directly computinghe relative frequencies of the assbed combinations of the attribute values
in the training data.

P(x. =k| pa(x.) = n:w (3.10)

ijo

whereN is the number of records or instances in the dafash ( 1 i G», 1 Oqgdis the
number of records in the datagefor whichthe parent set of (pa(x)) takes itgth value,Nix
(1i0D, 10gO kOrdisthe number of records in the dataBeior which pa(x) takes

its jth value and for whiclx takes itskth valug NS represerstthe choice of priors on counts

and Ni'jk is the alpha parametér0 Ni'jg)(‘) ). This parameter can be interpreted as the initial

count on each valud value of O reduces the estimataatmaximum likelihood estimatd&.he
parametersi ( 1 i GD) is the cardinality ok;, i.e. the number of different values to whigh

can be instantiateahdq; is the cardinality opa(x) in the BN structur&. The value ofj is the

A

product of cardinalities adhe nodes inpa(xi), g = Oy | pa(x)" | - Hence, ifpa(x) =, then
J |

g-=1.

During the training stage all nodes are observable i.e. in addition to thetpredriables, the

BN is populated withthe observedpeciesoccurrencenformation The alpha parameteﬂfi'jk

wasspecifiedin the estimation of the CPT for each of the BN models. WMaisset to 0.5 to

avoid biasas verified througlsome preliminaranalysisvhich wasundertaken to ascertatine
performance of different value$ U across all the algorithm¥he BNparametersverelearned

on the selected set of feature vectors, resulting in the induction of conditional probabilities of

the attributes given the class variable (presesr absence of a species). Heitogas possible
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to efficiently compute occurrengeobabilities of each dhe 16 specieis a structure given the

attributes from the selected explanatory variables.

Since BNs require estimation of prior (unconditional) probabilities, these were estimated from
the data by estimating the proportion oftamces in each category or class. &ample,if

mean annual rainfall véaa node discretized into <200mm, 20800mm, 400" 800mm and
>=800mm, then the prior probabilitieeresimply the total number of grid cells/data instances

in each range dividedytthe total number of grid cells in the study area. The BN models were
trained on the selected set of feature vectors, resulting in the induction of conditional
probabilities of the attributes given the class variable (presence or absence of a s$feaes).
posterior occurrence probabilities of each of the 16 spaemesefficiently compute in a BN
structure given the attributes from the selected explanatory variables. The leartienh B

exact inference (Pearl, 1988) from which causal and-c#asal reasoning could then be
performed.

An ensemle distribution map oéll theBN algorithmswasdevelopedy calculating the median
values The ensemble modalms tominimize the variability in the predictions of potentially
under andoverfitted models and betweenodel varianc€Aradjo and New, 2007Mlarmion

et al, 2009 Stohlgreret al, 2010.

3.7.3 Variable importance (sensitivity) analysis

The relative importance @hch of the selected variables each BN model waseasured by
calculatingts influencewithin the BN model of each specidsis was done through computing

and ranking the mutual information or entropy reduction (Pearl, 1988) between the target
(specis occurrence) node and the environmental vari®#daethis purpose, the DAGsarned
through the best performing algorithms were used for each speGren a probability
distribution, p defined over two sets of variablXsandY, the mutual informatiometweenX

andY, which is measured in bits, is given as:

& POY) (3.10)

I(X,Y)=a p(x.y)lo 0 p(y)§’
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wherep(x) andp(y) are the probability densities ¥fandY, andp(x, y) isthe joint probability

density. This an also be expressed in terms of entropy as:
1(X;Y) = HX) + H(Y) - H(X,Y), (3.12

where HK) and H(Y), are the entropies ¥fandY, respectively, and BX,Y) is the joint entropy
of Xandy.

Given a joint distribution Q(,X) of two variables< andY, the symmetric mutual information
attempts to extract the relevant information tfiabntains abouX and is a very good measure
of the average number of bits needed to convey the inform¥tmmntains abou¥ and vice
versa. As such, the mutual infortima is able to detect additional néinear dependencies and
correlations among variablésat are undetectable usikgnventional measures (Guyon and
Elisseeff, 2003). It ranges from zero when the variables are independent, and attains its
maximum when pe variable is a deterministic function of the othdence, the mutual
information wasused to reveal theslativeinfluence of each variable on the spatial distribution
of each of the species. This information is useful when providing the ecologicpl@tédion

of the observed graphical models andps The sensitivity analysis also helps in validating the
obtained relative variable influences on species distribwtitmthe observed spatial patterns
anddomain knowledge.

3.8 MODEL EVALUATION

Model evaluéion is a very importanpart of the data mining procesgt hageceived attention

in species distribution modelling in the recent past with various metrics or criteria being
proposedNotwithstanding the use of different metrics and their differences in interpretability
and gven the complexity of the modelled speees/ironment relations, the most robust
modelling approachesre likely those that attemfui match theealizedmodel wth ecological
knowledge(Elith and Leathwick, 20091outonet al., 2010) The interestn this studywas to
assess the ability oflaarned BNmodelto predict orcorrectlyreproduce the observed spatial
patterns in the distributiorparticularly the presece of the invasive alien plants under
investigation Discrimination capacity and reliabiliigre preferred criteria for assessing model

performance antencemetrics that focuse on bothwerepreferred In this casethe aimwas
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notnecessarilyo test if the model isiccurate in terms of both omission and commission errors
(sincethere is now information on thteue potential distribution of the invasiadien plants),

but rat her t e ecblogical relevancehandsefalnessFod the purposeof this
study, theusefulnessriteriawasthat the model successfully predicts species presence in a high
proportion of test localities (i.e. known occurrences) whilst not predicting an excessively larg

proportion of the study area auitable.

Ten runs of 106fold crossvalidation were performed on each BN classifierotatain its
prediction accuracthereby ensuring that the final calibration of every model used all of the

data available in making prediction&-fold testing is more reliable witlatge data sets and is

one of the recommended approaches for evaluating BN model prediction performance (Marcot,
2012).ABN structureéseval at ed by e st i spataineiegs franhthe traineng seto r k 6
and the resulting BN's performance determinediresy the validation set. The average
performance of the BN over the validation sets in turn provides a metric for the quality of the
network.Moreover, 16fold crossvalidation has been found to be the right number to get the

best estimate of error in aitidn to supporting theoretical evidence (Wititral, 2011).

Thelogarithmic losfMorgan and Henrion, 1990; Marcot, 20123s selectetb evaluate model
discrimination performance becauseitsfsuitability and reliability for tasks where posterior
probability values are an important consideration (Morgan and Henrion, 1990; Marcot, 2012).
The logarithmic loss is an evaluation metric whose value is only determined by the probability
of the outcome that actually occurs (Cowell al, 1993). This was calculated using the

following equations (Morgan and Henrion, 1990; Pek388):

Logarithmic loss: £ Ay &n pijg (3.13)
wheren is the number o€ases or instancas the test setn is the number of class labeds
statesIn is the naturaldgarithm,y; is 1 if observation is in clasg and 0 otherwise, angj is

the predicted probability that observatidmelongs to class

The logarithmic losswhich has scores betwe8rand infinity, is a crosgntropyestimate that
measures the additional penalty for using an approximation instebd true model. A value

of zeroindicates théowestpenaltyandthe best performanseherdoyt h e n sprolabilityk 6
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distribution totaly matches the true distributiomhe modelswere also testedising other
metrics such as the area under the precisoall curve (AUPRC) (Davis and Goadrich, 2Q06)
Matthewds correlation coefficient (MCCjBaldi et al, 2000) the area under the receiver
operating characteristic (ROC) curve (AUE)aNnd 1997and the True Skill Statisti@llouche

et al, 2006) Whilst the AUPRC and AUC range fro@to 1, the MCC values randgem 1 for

a perfect prediction tdl for the worst performance while values close to 0 indicate a model that
performs randoiy (Baldi et al, 2000). The use of multiple metrics is recommended due to the
varying response®f metrics to data characterigtian particular prevalence (Jarmgvet al,
2015).

Correctedwo-tailedresampled-tests (Nadeau and Bengio, 200&re conductedt the 1%(p

= 001) significance level to compare each individwdgjorithm performance against the
conditional independence (Cihodel The BN modelwas set as the baseline modsl its
performance tended to be close to the median ofdbelts The 1% significance levekas
preferredin orderto increase confidence the conclusiors on algorithm performanc®ased

on theperformance metri¢gghis stage involwé scoring the number of statistically significant
model differences in performance (wins, ties or losses) between each model and the baseline

model.

BN model predictionsare by their interpretation, probabilistic assessmezdch species
occurring at eachyrid cell and thecomputed probabilitiesepresenthe likelihoods that a
particular species will occur taking into account model, parameter and structural uncertainties
associated with the predictions. In order to evaluate, interpret and communicdegtbe of
certainty in the model outputs, the information theloaged posterior probability certainty
index (PPCI) proposed by Marcot (20M2scalculated Ranging from 0 to 1, the PPCI is an
entropybased metri¢or which higher values denote greatertaety in outcome predictions
(Marcot, 2012)The PPCI is an adaptation of the classic evenness (#tilgx1973) which has
l ong been used to measure the relativibe di str
concept ofposterior probability ditributions,which consist of probability values amonm
number ofclass labelss extended wherng ranges [0,1] and

B n p (3.14)
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The PPCl is then calculated @s J'), where

Uee ——, (3.15)
and

= B no, (3.16)
where

,‘ (‘Xl‘av n T

0 i g (3.17)

and H'max = In (m). J', which is a measure of entropy or uncertainty in information theory,
normalizes the metric proportionaltg so thathe degree of certainty gibsterior pobability
distributiors can be compared among outcoméh different numbers of states (Marcot,
2012) In thisstudy,only two states are consideréde presence and absence ¢dhegetspecies
within a grid cell. The PPCI valuesvere visualizedfor each of the species in each grallc

throughout the study area.

The four measures identified by Han and Kamber (200@Haracterizinghe resultant models
werenotedfor each modelin addition tathe forementioned metric¥hesewere:
1 Speedthe computational costs involved in generating and using the givdeland a
setof predictorvariablesHence, the time taken to compute each maael considered
1 Robustnesghe ability of themodelto make correct predictions given noisy data ¢ada
with missing values.
Scalability. the ability to construct theodelefficiently given large amounts of data.
Interpretability. although subjective and difficult to assess, this refertheolevel of

understanding and insight that is provided byrtioelel.
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3.9 VISUALIZATION

The essence of this study was to implement data minimggdducepredicion maps fromthe
BNs thatindicate variablginter-)dependenciesiith a viewto discover alien plant invasion
patterns an@&nowledgeThis visualization ofindingsor knowledge obtaineaddm data mining
could then be produced insual formssuch aghe graphical BN modeland mapsThe BNs
were stored in Extensible Markup Language (XMbased BayesNet Interchange Format (BIF)
for viewing and exploration usg other BN softwarelhe \isual displag help give users a clear
impression and overview of tltata relationships and processggbsequently, thBN model
outputsfor each species at each grid cell within the study area mées to theopen source
QuantumGIS (QGIS Development Tean2012 for geovisualization.The spatial outputs in
the form of mapscan then besimultaneously visualizetbgetherwith the BNs for easier
conceptualization andtermretation of the graphical and geographrelationsips between the

selectedrariables and the mapped distributions of each species.

This chapter outlined in detalhé process used in the study from data collection throug data
analyses to model evaluation. The results from the analysaessaedized and presentd in

detail in the nextlapter
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CHAPTER 4 : RESULTS

4.1INTRODUCTION

This chapter presents the findings of the study specifically the collated invasive alien plant data,
the learned BN structures and corresponding nsapsving themodel parametes. The BN
modelling process produced two main components: a qualitative component and a quantitative
component. The qualitative components of the BN models are the DAGs with nodes
representing the variables selected during the feature selection Stagequalitative
components of the BN modealsshownas DAGs with nodes representing thiguential and/or

causal factors selected for each species and links representing the causal influences between the
linked variables.As stated before, the influence relationships between variables constitute
hypot heses about e dlkehquastifatere aspesiod thedBN smibdels &rer t i o n .
represented by the CPTs in each node.prbdictive performansf each model and for el
speciesrepresented by the posterior probabilities of the target variatdepomparedusing
variousmetricsdescribed in the precedinbapter.The BNs learned using the best performing
algorithm and accompanying predictj@ansembland uncertaintynaps are presented for each
speciesThe data from the aerial survey and tree atlas are also ovenltié prediction maps

for a visual comparison.

4.2BAYESIAN NETWORK LEARNING ALGORITHM PERFORMANCE

Both the constraiAbased and scofigased approaches autated the process of struce
learning very well and shopromise in retrieving the BN structure from the species distribution
and environmental data. Despite the differences in BN structures, all the learned BNs seem to
model the data almost equally wellhich can be gathered from their predictive accuratmes.

all the runs and for all the specibsththe locally and globally scoregknetic search algorithsn

were computationally intensive and in all the runs #oids, the calculationscould notbe
complete even after 2our runsThese were stuck in local maxima during slearching and
learning procesd.earning the BN structures using the genetic search algorithm was, therefore,
computationally intractable even though their performance were®xp® be comparabte
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equivalent tahe other algorithmddence these were excluded from further analySamilarly,
the repeatedill-climbing algorithms and simulated annealing algorithms with global scoring
could not be run to completion for highepalence species such as@edorata Pinusspecies

andL. camara

Generdly, there wergredominantlymore ties and fewtatistically significant diffegnceqp <
0.01) in the performance of tr@N learning algorithmsHence, the best performimadgorithms

for each speciesvere solely based on numerical magnitudiee performance oéll the
algorithns is given indetailin Appendix3. Figure4.1 shows the logrithmic loss (log loss)
values for allthe algorithmsand specieslThe high dimensionality and, for some species, high
imbalance of the data was very well handled by the BN learning algorithms to plogless
valuesranging froma mean ofL.166to a mnimum of 0.25 ané mean of 0.679 heconstraint
basedlCS algorithm wasmore robustvith relatively lowerlog loss values for most species
This indicates that the causal structure with converging or colliding arc topadsgits in

parameters thatrea betterrepresentation of thebserved (field) data.

The TAN and the hiliclimbing algorithns learned with local scorintpgether with the K2 and
simulated annealing algorithms learned with glatwadring alsgerformedrelatively well A

few algorithms produced log loss valueslightly exceedingunity whilst the conditional
independencéCl) algorithmand the naive Bayd®B) were the worst performers, implying
that the conditional independence assumption result&a mismatch betweerposterior
probability distribution and the daté/hilst performance varied between species, the findings
point to the fact that interaction amongst the variables results in probability distribtit@ins

had bettematchwith the field data. This is demonstratedactions 4.3 and 4.4.

The AUC values were also high for all the BN algorithms across all species ranging from 0.807
for ICSmodels ofL. camarato 0.994 for globallyscored simulated annealing and-elimbing
models of]. mimosifoligdmean = 0.930). Theesults inFigure4.2 show that, when considering

the AUC values for all the species, there were few statistically significant differences in the
performance of althe BN learning algorithms compared to the NB model and the CI which
were generally outperformddr all species buP. x canescen@~igure4.2). Hence, here was

no straightforwarguperior algorithnwhen considering the AUC.
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Considering the true skill statistic (TSS), values ranged from 0.480 for the ICS mddel of
camarato 0.945 for an ICS model &. x canescensaveraging at 0.767{gure4.3). These
figures aregenerallyindicative of the strong predictive power of the BN models. Besides the
slight inferiority of the ICS algorithm, no algorithm shows outrightfpenance dominance.
Overall, the MCC valueaveraged at 0.42 with valuemngng from a low of 0.094 for the IGS
based model dP. x canescent a maximum of 0.699 for the global seab@sed simulated
annealing and repeated kalimbing models oM. azdarach(Figure4.4). However, in all the

runsboth locally andglobally scoredBNs achieved better accuracies.
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ConsideringFigure 4.5, it is evident that the AUCAUPRC andTSS are significantly and
negativéy correlated to species prevalefigé= 0519 R?= 0.09and R = 0.474 respectively)
suggesting the sensitivity of tbemetricsto imbalanced datal'hese relationshgindicate that
the ranges of rare olimited distribution species ammore predictable than those of more
common or widely distributed species. Similarhgre was a significant and positive correlation
between the root mean square error (RMSE) and species prevalérd®3B5)which implies
that model reliabilityis sensitive to prevalenc&he oy insignificant relationships we
between the MCC (R= 0.046) and log loss @&= 0.160)which shoved very weak positive
correlationsThese two metrics are, therefore, relatively less sensitive to species preaal@nce

may beconsidered unbiased asditable foomeasuringnodel performance.

The results indida that on average, globally score@BNs, specifically the hill-climbing
searchesvere more robughanlocally scored BNs and constrainbdsed algorithmahen the
same parameter estimation proceduaeeused. However, when considering ttheeshold
independent angrobability-based logarithmic logwetric, the ©®nstraintbased ICS algorithm
performedrelatively better. The causal structaierivedfrom the ICS algorithm, which has the
collider or convergindN topology, is also easier totarpret in terms of the direction of the
arcs and their relationship with the target variable.

As expected, learning the naive Bayes mwdlly-scoredTAN models was done relatively
faster than the résf the other algorithmd={gure4.6). These scores we based on a computer
with 16GB RAM and 2GHz processing speed (with overclocking capability up to 3Ghiz).
computation times ranged from 0.297 seconds for a josatired TANbasedP. x canescens
model to a maximum of 1349.141 seconds fgtabally scoredepeated hitclimbing model

of S. mauritianumThe mean computation time was BBL seconds or just over a minute.
Generally, the globalkgcored algorithmsnainly those using the hill climbing sear@nd
simulated annealinggere computationally intensive compared to the locally scored algorithms
whilst the naive Bayebased and the constraipdsed algorithms were the most
computationally efficient.
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When examining the effect of prevaleragginst computation time, it is apparent thate is a
significant relationshifdFigure 4.7). This implies thait takes relatively longer teearn BN
structures andcompute parametersfor species with a broader nichélowever model
complexity as measured by the number of variables included in the nebdelpt influence
the computation timeéAs such, theaumber of nodesr variableswithin the BN modeHid not

affect the learningime.
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Figure 4.7: Plot of CPU time against species prevalefleft) and the number of selected
variablegright)(source: own)

Figure 4.7indicates that the there was no significant correlation between the feature selection
process, hence the number of variabldected, and species prevalence. Tinilcaiesthat the

feature selection algorithrhencehe choice of variablassedwas notinfluencedboy a speci e
geographic spread or rarity but its ecologynilarly, thenumber of variableused in the models

had no effecton theperformance of the BN learning algorithifisgure4.8). This implies that

model complexity, as determined by the numbemaofdel variables, did noaffect the BN

model s6 ability to produce posterior probabi
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4. 3LEARNED BAYESIAN NETWORK S AND PREDICTED DISTRIBUTIONS

4.3.1 Acacia mearnsii

Five variables were selected as key determinants for the spatial distributonmafarnsij all
of which had direcarcsto the target nodas learned throughegloballyscoredT AN algorithm
(Figure 4.9). The TAN algorithm, therefore, wasiore scalable antieter maximized the

Bayesian scoring function given the mearnsidistribution data.

Theselected variablesere the mean temperature of coldest quarter, human population density
and the presence df mimosifolig Rubusspecies andP. x canescensThese variables were

within theA. meansii Markovblanket and had compléxterdependencieamongst themselves

and the targetpeciesThe species is restricted to areas with mean temperature of coldest quarter

l ess than 15. 2eC. TAh mearBaNoccors id pdpudated ageae(laumant h a t
population density > 5 people/En
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wattle

0 33.3mm
1 66.7
0.667 + 0.47
bioll
< 146.5 62.4
146.5t0 1525 9.26 m jacaranda
152.5t0 154.5 2.18 0 s8ls
154.5t0 162.5 5.67 > 1 182o/m
162.5t0 166.5 3.80 y
166.5t0 1755 11.8m 0.182+0.39
>=175.5 4.91
151 + 12
v / . \
bramble popdens poplar
T o4 < 0.58051 13.2m 0 993
' P 0.58051 to 4.87658  54.6 1 068
1  20.6pm = 487658 32,1 e
oY >= 4.8765 A 0.00678 * 0.082
D 3.54+3

Figure4.9: A learned Bayesian network fAcacia mearnsidistribution

The mutal information valuesTable4.1) indicate thathe mean temperature of coldest quarter
is the strongest predictor & mearnsidistribution.This perhapsndicates that the distribution
pattern of this species is limitdxy its tolerancdo relatively low temperature conditios its
norttoleranceo higher temperature¥his was followed byts association witiRubusspecies,

J. mimosifoliaand humanpopulation densitythe latter factobeing apossibleindicator of
humanactivitiesas dispersabr propagatioragens. The commensalism of this species with
humans potentially drives its spread to climatically suitable habithtspresence d?opulus

x canescenslthough important, hatlativelylesser influence on the spedeésstribution.

Table4.1: Mutual information for selectedicacia mearnsipredictor variables

Variable Mutual Information

bioll 0.29489
bramble 0.10581
jacaranda 0.0929

popdens  0.04509
poplar 0.00276
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The selected variableseprobabilistically interdependent resulting in the predicted distribution
shown inFigure4.10. The dominant constraint of mean temperature ofctiidestquarter is
evidenced by the confinement Af meansii to the western (coldest) part of the countrige
ensemble model shows similar patterisg@re 4.11) whilst the PPCI mapndicate the

confidence in the predictions based on the field data.
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Figure4.10: Posterior probability of occurrence fAr mearnsiin Swaziland (deriveétom the
BN in Figure 4.9.
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Figure4.11: Posterior probabilitglistribution maps derived from the ensemble of all the algoritheft} &énd the PPCI (rightpr A.
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4.3.2 Caesalpinia decapetala

ThelCS algorithmprovidedthebest match betwedd. decapetalgrobability distributionand

field data resulting in thiww logarithmic lossHenceas showrFigure4.12, thedistribution of

C. decapetalawas found to be determined lBgveninterdependenvariablesthatwere within

the Markov blankethamely theaminimumtemperature of the coldest monftuman population

density,land surfacecurvature,soil bulk densityat 100200cm depthand the presence &f

camara S. puniceandS.didymobotya. All the variables had direct arcs to the target variable

whilst theminimumtemperature of the coldest month was the root node

popdens

< 0.443294 8.15
0.443294 t0 3.20257  32.2 [

3.20257 to 7.11765 38.4 pu—m

bio6
< 50.5 5.26 1
50.5t065.5 12.2 mm
65.5t0 78.5 42.4
78.5t085.5 19.7 pumm
85.5t086.5 3.60
>= 86.5 16.7 pu—m

73.8+12

>= 7.11765 21.2m
4.42+32
curvature
<-0.782951 3.2 jmmm
>=-0.782951 60.8

bld_sd5
<095 0.22
>=0.95 99.8
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\o

1
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13.6m
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X
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46,3 i

0.463 + 0.5

Figure4.12: A learned Bayesian network fGaesalpinia decapetaldistribution
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Thediscretization ndi cates optimum mini mum temperat ur e

land surface curvature values indicate thatlecapetalaccurs on hillsides and along drainage
lines.Ultimately, theminimumtemperature of the caédt month was the most importéattor
limiting the distributionof C. decapetalaoccurrencein Swaziland(Table 4.2). This was
followed by human population densityd the presence bf camara indicating possible biotic
interactions betweete o speciesHuman use of this species is the key drivangésion in
the country aided by biotic (possibly facilitative) interactions with other species such as
camaraand resource availabilitf.he presence &. punicedad the least influence relative to

other factors.

Table4.2: Mutual information for selecteGaesalpinia decapetalaredictor variables

Variable Mutual information
bio6 0.13669

popdens  0.05607
lantana 0.04903
curvature  0.02259
senna 0.00335
bld_sd5 0.0002

sesbania  0.00011

Figure 4.13 provides evidence of the influence of the minimum temperature of the coldest
guarteron C. decapetalalistributionas ndicated by the BN ifrigure4.12. The influence of
human population density manifests itself in the central part of the couteye thee is high
populationdensity The ensemble map iigure4.14 shows similar pattegwhilst the PPCI
map highlights areas of uncertainty particularlyimnvadedareaghat are closer tavhere the

species occurs.
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n Boundary

* Tree atlas
+  Aerial survey
Posterior probability
Bl 000-0.10
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Figure4.13: Posterior probability of occurrence fGr decapetaldn Swaziland (derivedrom
the BN inFigure4.12).
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Legend

* Tree atlas
+  Aerial survey

Posterior probability
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Figure4.14: Posterior probability distribution maps derived from the ensemble of all the algorlgfthar{d the PPCI (ght) for C.
decapetalan Swaziland
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4.3.3 Cereus jamacaru

Proximity to tourism siteendhumandisturbedareasprecipitation seasonalitprecipitation of
driest quarteandthe occurrences @&. mauritianum J. mimosifolia Opuntiaspeciesand M.
azedarachwere theeightvariables selected asportantin determning the distribution ofC.
jamacaru The best performingBN structurewas obtained through the simulated annealing
algorithm learned through global scoriffgigure4.15). All the variableswere directly linked

to the target variablie addition to intdinkagesamongst themselves.

The models indicate thatems with low precipitation seasorglicoefficient of vaiation <

6.75) arepreferred by the species as well as those areas with drier summer conditions
(precipitation < 70mm)Areasneartourism areas (<50km) and humdisturbed areas (< 25km)
arefound to bevulnerable to invasion.

jacaranda
0 61.4
1 38.6 =
0.386 + 0.49
— bIOJéZ - queen bugweed
<
. . 0 33.4 0 55.0
67.5t068.5 8.02 < >
>= 68.5 22.9 1 666 1 45.0
+ +
67.54 + 0.89 0.666 £ 0.47 0.45+£0.5
\ - [~ syringa
anthrodist 0 45.] j——
< 2574.28 94.1 1 54.9
>= 2574.28 5.89 0.549 £ 0.5

\ ‘

\

biol7 opuntia tourdist
< 70.5 98.2 0 649 < 49321.4 97.1
>=705 1.84 11 351 e | >=49321.4 2.93
0.351 + 0.48

Figure4.15: A learned Bayesian network fGereus jamacardistribution
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When onsidering the mutual informatidnom the BNin Figure4.15, the occurrence of the

three speciem particularM. azedarachwere the more influential predictors 6f jamacaru
distribution in SwazilandTable4.3). The proximity tohumandisturbedsites hadelatively

lesser influenca\evertheless, it suffices to say that based on the derived model, the occurrence

of C. jamacarus driven by human diwity and constrained by precipitation regimes.

Table4.3: Mutual information for selecte@ereus jamacarpredictor variables

Variable Mutual information
syringa  0.41454

jacaranda 0.26531
opuntia  0.22754
bugweed 0.20979
biol5 0.04312
tourdist  0.02594
biol7 0.01174
anthrodist 0.01017

The predicted distribution &. jamacaruoccurrence is shown iFigure4.16 and the ensemble
shown in Figure4.17. This distribution concurs with the BN Ifigure4.15 and the relative
influence of the variables ihable4.3. Although the PPCI values are generally high, prediction
uncertainties exist in localities closer to where the species is currently obSdresd represent

areas where the species was predicted to occur but was not observed.
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n Boundary

* Tree atlas

+ Aerial survey
Posterior probability
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Figure4.16: Posterior probability of occurrence f@r jamacaruin Swaziland (derivedrom
the BN in Figure 4.16
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Legend

% Tree atlas
+  Aerial survey
Posterior probability
Il 0-01
B 0.1-02
02-03
03-04
04-05
05-06
0.6-0.7
07-08
I 08-09
B 09-1

Figure4.17: Posterior probability distribution maps derived from the ensemble of all the algoriéithar{d the PPCI (rightpr C.
jamacaruin Swaziland
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4.3.4 Chromolaena odorata

The hill-climbing algorithm learned with global scoring marginally outperformed all other
algorithms forC. odorata resulting ina GBN structurevith six interactingvarables having
direct arcs tdhe target variabléFigure4.18). The distribution ofC. odoratain Swazilandis
primarily determined bthe minimum temperature of the coldest molahd surface curvature,
land surface formpercentage of population wititcess to electity andpossible interactions

with C. decapetalandL. camara

bio6
<SJS5i5 5.86
55.5to 61.5 2.61
61.5 to 68.5 3.90
68.5to 72.5 4.60
72.5t0 76.5 8.17
76.5 to 84.5 23.6
84.5t093.5  25.0
93.5t0105.5 15.8

>= 105.5 10.5
85.1+ 15
e surfform
5.80208 10 613755 6.85 % égé-
6.77782 to 7.2163 5.29 5 @i
8.20171 to 8.93542 4.84 - A agm
76.4878 to 95.016 4.26 - 5 100
>= 96.1368 4.99 6 321
other- . . 73.8 7 0.47
+
LB 2 3.86+2
mauritius
0 934 —— 0 I
1 665) i i i 1
0.0665 + 0.25
/ A 4
lantana curvature
0  63.7 p——— .| <-0.122943 536
1 363 jmmm | >=-0.122943  46.4
0.363 + 0.48

Figure4.18: A learned Bayesian network f@hromolaena odoratdistribution.

A minimumtemperature of the coldestmohf 7. 2e C i s f ou@.odorata b e
distribution.Areas with a higlpercentage of people with access to electriaity also highly
invaded by the specie#though the reltonship isnortlinear. Hills or low mountains and breaks
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(drainage lines) argmilarly prone to invasion asquallyelucidated bythe peci es &6 occur

relationship withsurface form and land surface curvature.

The percentage of people with access to electricity anahitiimmum temperature of theoldest
mont arethe strongesipredictors ofC. odorataoccurrence whilstand surface formhasthe
least influence of thsix variablegTable4.4). Hence, he socioeconomic conditions of an area,
which likely determinethe extent and nature bfiman use of environmental resources, is the
key facilitator of C. odoratainvasion. This is constrained by low temperataomditions,
resource availabilityand biotc (probablyfacilitative/mutualistig interactions with_. camara
andC. decapetala

Table4.4: Mutual information for selecte@hromolaena odorataredictor variables

Variable Mutual information
ielec 0.15692

bio6 0.09207
lantana 0.01074
curvature  0.00532
mauritius  0.00545
surfform  0.00194

The strong influence of the interacting and dominant factaaisin Table4.4 andFigure4.18
result in the predicted spatial distributionkigure4.19. The ensernle model inFigure4.20
confirmsthis spatial patternrhe hgh predictionuncertainty areas iRigure4.20 arefoundin

highly suitable areasear currently invaded areas.
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Legend

a Boundary
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» Aerial survey
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Figure4.19: Posterior probability of occurrence fGr odoratain Swaziland (deriveérom the
BN in Figure4.18).
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Legend
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Posterior probability
0-0.1

0.1
0.2
0.3

0.5

-0.2
-03
-04
04-
-0.6
0.6 -
0.7 -
0.8 -
0.9 -

0.5

0.7
0.8
0.9
1

Figure4.20: Posterior probability distribution maps derived from the ensemble of all the algorlgftharfd the PPCI (rightpr C.

odoratain Swaziland
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