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Abstract

There is great interest in the distribution of invasive species that threaten

indigenous wildlife. All effective conservation management decisions need to

be based on sound inference and predictions so that these species can be con-

trolled and the risk posed to the local ecosystem minimized. Thus, there is

significant benefit in the study of invasive species as a means of aiding those

charged with protecting indigenous wildlife. The occupancy and population

range dynamics of the Myna and Mallard species are individually investigated

in the South African region by fitting static and dynamic occupancy models

to a set of citizen science data for a 10-year study period between 2010-2019.

The occupancy and detectability of the respective species is analysed using

static occupancy models for the 2010 study season. The covariates included

in the best fitting static models are used to estimate the initial occupancy and

detection parameters for the dynamic models which now include estimates for

colonization and local extinction. A sensitivity analysis pertaining to the dy-

namic models is implemented by altering the data structures in terms of the

number of analysed sites and length of the detection histories. The results find

the Myna’s proximity to urban environments to play a significant role on its

occupancy in 2010, and yearly changes in climatic and anthropogenic factors

influence its 10-year range dynamics. The models fitted to the Mallard are in-

conclusive possibly due to the violation of the closure assumption potentially

caused by migratory behaviour. The results are limited by the presence of a

potentially migratory species when using a poorly designed study and high-

lights the difficulties of conducting an occupancy analysis on a highly mobile

avian species as opposed to their sedentary counterpart. The workings of this

dissertation support previous claims that an increase in the quantity of sites,

and thus the degree of overlapping sites over the different seasons, will improve

the precision of the model estimates. However, caution must be exercised when

increasing the length of the seasonal detection histories and should generally

be set to no more than 10 repeated visits to a site.

Keywords — Invasive species, static occupancy, dynamic occupancy, sensitiv-

ity analysis, non-random movement patterns
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Chapter 1

Introduction
1.1 Background

An invasive species is best described as a non-native species being introduced to a foreign

environment at some point in time. Whilst the introduction of some non-native species

does not necessarily cause direct harm to the natural environment, there are negative

consequences when the competing interests of a non-native species causes an imbalance

in the ecosystem. This imbalance can result in substantial environmental, social and

economic costs (Gormley et al., 2011). Hence, there is considerable interest in managing

these invasive populations.

Increased understanding and knowledge of these species’ movement patterns and general

behaviour has the potential to mitigate any detrimental impact that could arise. An

accurate assessment of the risk posed by these species to an area, through predicting and

quantifying the current and potential distributions of established invasive species, allows

for informed management decisions that can be made to either stem the expansion of these

species or eradicate them from the environment entirely (Davis et al., 2018). Thus, effective

conservation strategies are reliant on robust and accurate information pertaining to the

distribution of the target species, which will in turn greatly influence the management

decision-making process.

Statistical ecology is a relatively new field of research that develops statistical methods

designed to draw inference and predictions to better understand ecological patterns and

processes (Ludwig et al., 1988). There are various methods within statistical ecology with

objectives ranging from estimating the abundance or density of a population in an area,

investigating the movement patterns of tagged individuals, or performing species distribu-

tion modelling (SDMs) based on presence-only data. While these approaches each have

their respective merits and disadvantages, the occupancy modelling framework initially de-

veloped by MacKenzie et al. (2002) is the one of the more effective methods of investigating

the current and potential distributions of invasive species in a geographical area.

Occupancy models are the only approach to modelling the distribution of a species that

explicitly accounts for one of the hallmarks of ecological data, namely imperfect detection

(Kéry et al., 2013). This is the situation whereby a species of interest is recorded as absent

when it was actually present and is referred to in statistics as a false negative.
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1.2 Focus and Scope Introduction

The sampling situation used in the occupancy modelling framework ideally involves defin-

ing the area of interest and then studying a sample of sites within that area. These sampled

sites are then visited multiple times in a given period to record the presence or absence

of a target species. Data collected this way are commonly referred to as detection/non-

detection data and the repeated visits to these sites, within a set period of time, allows

one to estimate the detection probability and explicitly account for imperfect detection

(MacKenzie et al., 2006).

This detection/non-detection data are then used to draw inferences on the likelihood that

a certain site is occupied by the target species. This is accomplished by the simulta-

neous consideration of both the occupancy (state) and detection (observation) processes

(MacKenzie et al., 2006). By using the occupancy modelling framework, the focus of this

dissertation is not to quantify the abundance or density of a specific species, but rather

evaluate its current and potential distribution, in addition to what factors may affect the

occupancy and detection probability.

1.2 Focus and Scope

The focus of this study is to analyse the distributions of two invasive bird species in

South Africa, namely, the Common Myna (Acridotheres tristis) and the Mallard (Anas

platyrhynchos). The original study region included the entirety of South Africa using data

collected through a citizen science project, namely the African Bird Atlas Project (ABAP),

from which the actual study regions that were analysed were then constrained to where

the different species occur. This project collects survey records of 16, 689 sites set-up as

a spatial grid superimposed over the country, whereby a site (pentad) is defined as a five

minute by five minute latitude by longitude grid cell.

The distribution of these species are evaluated independently, and are initially assessed

using static (single-season) occupancy models (MacKenzie et al., 2002) in 2010 as a means

of inferring a snapshot of the occupancy status of the species and to inform the more

complex dynamic occupancy models. Subsequently, the population range dynamics of

these species, and the potential factors that influence changes in the occupancy of a site, are

evaluated between 2010-2019 using dynamic (multi-season) occupancy models (MacKenzie

et al., 2003).

1.3 Motivation

Invasive species are problematic for a variety of reasons, and the study of both the Common

Myna and the Mallard allows for an investigation into two species that bring unique threats

to indigenous wildlife.

2
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1.4 Objectives Introduction

The Common Myna is a world-renowned pest and is characterised as being highly aggres-

sive, territorial in nature and negatively impacts the local avifauna through nest cavity

displacement and providing competition for breeding resources. It is a commonly observed

species in most major cities and has many recorded sightings in South Africa (Peacock

et al., 2007).

In contrast, the Mallard is neither aggressive nor competitive, but the genetic pollution

created through its interbreeding with indigenous waterfowl has the potential to entirely

eradicate the identity of species native to a particular area (de Souza et al., 2019). It is

a more rarely observed species which tends to be spotted around bodies of water and has

significantly fewer sightings in South Africa than the Myna (Stephens et al., 2020).

There is great interest in the distribution of these respective species for these unique rea-

sons. All effective conservation management decisions need to be based on sound inference

and predictions, so that these species can be controlled, and the risk posed to the local

ecosystem minimized. Thus, there is significant benefit in the study of these species as a

means of aiding those charged with protecting indigenous wildlife (Davis et al., 2018).

1.4 Objectives

The aims and objectives of this dissertation are both practical and theoretical.

1. The practical objectives include:

• Drawing inference from static models on the most important factors affecting

occupancy and the most important factors affecting the detection probability

of a species.

• Using the results from the static models, fitting dynamic models to determine

what factors play a role on the colonization and extinction probabilities of any

given site.

• Investigating whether there has been an apparent expansion or contraction in

occupancy of these species over a ten-year period.

2. The structure of the data used in the dynamic occupancy modelling process is im-

balanced since both the number of sites visited as well as the number of surveys

conducted at each site vary during each survey period. Thus, the theoretical objec-

tives include:

• Evaluating how alterations to the number of sites visited in each primary sam-

pling period (varying degrees of temporal overlap) impacts the results of the

3



1.5 Chapter Layout Introduction

dynamic models.

• Evaluating how changes to the maximum number of surveys conducted at a site

within each primary sampling period (varying degrees of survey effort) impacts

the results of the dynamic models.

• If these differences are significant, determining what causes these dissimilarities

and discuss potential avenues of recourse.

1.5 Chapter Layout

The structure of this dissertation is as follows: Chapter 1 provides a general introduction,

scope and focus, motivation and objectives for the research conducted in this dissertation.

Chapter 2 provides a brief overview of the invasive species under investigation in this

dissertation and provides a review of the literature concerning occupancy models and all

significant developments from their first introduction to their modern-day implementation

while Chapter 3 then provides a detailed description of the data and how the chosen

statistical methods were applied to the data. In Chapter 4, the results of the modelling

process are provided and analysed, with a specific focus on how the results are impacted

when the structure of the imbalanced data is altered. Finally, Chapter 5 is devoted to:

an assessment of whether the objectives of this dissertation are achieved; a presentation

of the concluding results uncovered in the study; an acknowledgement of any pitfalls and

potential limitations of the chosen method of analysis; and final remarks on how future

work can use these results to aid and better their respective workings.

4



Chapter 2

Literature Review
This chapter begins with a brief overview of the invasive species under investigation in this

dissertation and then provides a review of the relevant literature pertaining to occupancy

models. There has been extensive research into occupancy models over recent years for

which a large amount of literature can be cited. The formulation of this family of models

began with the single-species, single-season approach and developed over time to account

for more complex models such as those that include multiple species, and spatially and

temporally complex range dynamics (MacKenzie et al., 2006).

However, for the purposes of this review, only methods applied in this minor dissertation

will be discussed. This includes the literature of single-season (static) occupancy models

and the approaches to multi-season (dynamic) occupancy models.

2.1 Invasive Species

2.1.1 Common (Indian) Myna

The CommonMyna (Acridotheres tristis), henceforth referred to as the Myna, is a medium-

sized, omnivorous woodland bird in the Sturnidae family native to most regions in Asia

(Measey et al., 2020). It is a strongly territorial species which evolved in open wood-

land habitats in India which are characterised by widely spaced tall trees with little to

no vegetation cover. It is believed that evolution in this type of habitat allowed for the

pre-adaption of the species to similar environments encountered in urban areas (Pell and

Tidemann, 1997).

The successful adaption to urban environments coupled with its aggressive and territorial

nature has seen the Myna declared, by the International Union for Conservation of Nature

(IUCN) in 2000, as only one of three birds among the ’World’s 100 worst’ invasive species

(Peacock et al., 2007). Its distribution sees it occur on all continents, except Antarctica

and South America, in addition to several islands in the Pacific, Indian and Atlantic oceans

(Peacock et al., 2007).

Historically, the Myna has been deliberately introduced to foreign countries as a biological

pest control agent to aid agricultural sectors, particularly for the management of locusts

and grasshoppers. However, the introduction of this species to South Africa occurred

through the accidental escape of captive birds in Durban, KwaZulu-Natal in 1902 (Peacock

et al., 2007).

5



2.1 Invasive Species Literature Review

Over a century later the Myna has become a widespread species in the country where its

distribution is more concentrated around larger human disturbances or a higher human

population density. The sheer quantity of these birds inhabiting the country, coupled with

its territorial nature, has resulted in the Myna being considered a major pest and disruptor

of the natural ecosystem, posing a serious threat to indigenous biodiversity. Thus, it has

been declared an invasive species and requires human management and control (Peacock

et al., 2007; Pell and Tidemann, 1997).

The Myna is considered an invasive pest for a variety of reasons. Although deliberately

introduced to aid farmers by eradicating grasshoppers and locusts, their diet includes agri-

culturally valuable insects in some regions, and thus they have become agricultural pests.

Additionally, they are known to be carriers of invasive plants, diseases (avian malaria) and

parasites (the mite) which are similarly detrimental to the natural environment, especially

in regions where they congregate in close proximity to one another (Bomford and Sinclair,

2002).

Arguably, the greatest risk the Myna poses to the regions it has invaded is the effect they

have had on indigenous species. A study conducted by Bomford and Sinclair (2002) found

the Myna to pose a serious threat to several endangered native birds due to their aggressive

nature and monopolisation of scarce nesting holes that would otherwise be occupied by

these native birds. Another study, conducted by Pell and Tidemann (1997), investigated

the specific impact of the Myna on hole-nesting native parrots in woodland and savannah

areas of eastern Australia. Their results indicated that the Myna was the dominant users

of these nesting holes and consequently had the potential to reduce the successful breeding

of these native parrots.

The territorial dominance of the Myna has further ramifications for indigenous species

beyond competition for nesting space. They are known to prey on indigenous eggs and

chicks, in addition to committing direct attacks on other birds, particularly in island

ecosystems where it has been noted that a strong relationship exists between the number

of alien invasions and the number of local extinctions (Bomford and Sinclair, 2002; Peacock

et al., 2007).

The impact of the Myna on human welfare is also a slight concern since their nests are

known to block gutters and cause water damage to the exterior of buildings. Additionally,

they are a risk to human safety at airports, and their communal roosts create a social

nuisance through poor hygiene and noise pollution (Bomford and Sinclair, 2002).

6



2.1 Invasive Species Literature Review

2.1.2 Mallard Duck

The Mallard or wild duck (Anas platyrhynchos), henceforth referred to as the Mallard,

is an omnivorous, sexually dimorphic dabbling duck in the Anatinae subfamily of the

waterfowl family, Anatidae (de Souza et al., 2019). This species evolved predominantly in

wetlands and grasslands, although it is also commonly sighted in sheltered estuaries and

marine habitats, and is a native of North America, Eurasia and parts of Northern Africa.

The introduction of the Mallard to foreign environments is a result of hunting practices in

the 20th century, but the species is also considered to have been deliberately introduced

outside of its native region for purely aesthetic purposes. Currently, the species has a

near global distribution and was initially introduced to South Africa in the 1940s. They

have subsequently established their habitats within wetland, grassland, urban and peri-

urban areas in the Western Cape and Gauteng provinces, but have also been identified

and recorded in all provinces of the country (Stephens et al., 2020).

While the Mallard poses many of the same threats as the Myna in South Africa – specif-

ically through competition with local waterfowl for food, roosting and nesting sites, as

well as carrying harmful diseases such as avian cholera – this invasive species poses an

additional and more acute threat to the country’s indigenous biodiversity which is not

experienced with the Myna. This is the problem of hybridisation, caused by the Mallard’s

ability to breed with closely related indigenous waterfowl, thus threatening the genetic

integrity of native ducks. The Mallard is known to breed with approximately 60 Anati-

dae species, causing genetic pollution, population decline and sometimes the extinction

of indigenous ducks (with which the Mallard breeds) as a whole (de Souza et al., 2019;

Shivambu et al., 2020).

Mallards are more aggressive, larger, and more dominant than other duck species. It

has further been suggested that the plumage of the Mallard drakes provides an additional

stimulus to indigenous hens (Stephens et al., 2020). All of which consequently allows them

to sexually outcompete indigenous species. The result of such interbreeding has seen the

population of the American black duck substantially decline and has caused the extinction

of the Mexican duck as a whole (de Souza et al., 2019). Similarly, interbreeding with

the Mallard has seen the once widespread Hawaiian and New Zealand grey duck listed as

endangered species (Shivambu et al., 2020).

In the context of South Africa, the indigenous waterfowl at risk of hybridisation include

the Yellow-billed, Cape Teal and African Black ducks. While the offspring are likely to be

fertile, the genetic diversity of these indigenous species are currently threatened. While

7



2.2 Static Occupancy Models Literature Review

a study conducted by de Souza et al. (2019) has found minimal evidence in South Africa

of such genetic pollution, the risk is still present and the interbreeding of the Mallard

with these species needs to be monitored to minimise any potential loss of indigenous

biodiversity.

2.2 Static Occupancy Models

The methods for single-species, static occupancy models range from the more naive and

historic ad hoc approaches to occupancy estimation, to the more modern and flexible

model-based approach. Moreover, the model-based approach makes an important consid-

eration regarding the problem of imperfect detection by explicitly accounting for it as part

of the model structure (MacKenzie et al., 2002).

2.2.1 Sampling situation

The general sampling situation pertaining to the static occupancy modelling framework

aims to obtain suitable data, to achieve the method’s objective of estimating the propor-

tion of an area that is inhabited by a target species, whereby in this area a researcher

samples a sub-selection of s sampling units (sites) from the collection of S sites about

which inference is to be made. These sites represent either naturally occurring landmarks

such as lakes or reserves, or arbitrarily defined spatial units such as grid cells of a specified

size (MacKenzie et al., 2006). To aid in the understanding and following of the terminol-

ogy used throughout the paper, Table 2.1 provides a point of reference and summarises

the relevant abbreviations and indices.

Abbreviation Description

K Number of repeated surveys

s Number of sites

i Individual site

j Individual survey

t Single season/primary sampling period

T Multiple seasons/secondary sampling period

h Detection history

p Detection probability

ψ Occupancy probability

ϵ Extinction probability

γ Colonisation probability

Table 2.1: Table of abbreviations and indices used throughout the paper

8
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Within the occupancy modelling framework, a standard sampling scheme involves per-

forming repeated surveys (K) at a number of sites (s) within a sampling period (t) to

establish where, whether and/or to what degree the target species inhabits the area of

interest. These surveys are performed under the assumption that the sites are closed to

changes in the state of occupancy within the survey sampling period (season).

This recorded sequence of detections (1) and non-detections (0) of the species during the

K surveys of site i creates what is known as a detection history (hi
1). As an example,

assuming there are four surveys conducted within a season at a site where the target species

was identified on the first and last visit, the detection history is expressed as hi = 1001.

There are two stochastic processes which generate the data, commonly known as the

state and observation processes, respectively. The state process pertains to occupancy

(ψ), the prime quantity of interest, which relates to the occupancy probability of the

target species at the surveyed sites during the sampling period. Similarly, the observation

process concerns detectability (p), which is generally regarded as a nuisance parameter

and concerns how easily the species is detected (MacKenzie et al., 2006).

2.2.2 Detection Probability is 1 or known without error

While it is unlikely that a species of interest is so conspicuous that it will always be

detected when present at a site, MacKenzie et al. (2006) suggest that it is still informative

to determine how well an estimator performs in the case of perfect detection when the

occupancy is known without error.

Assuming that all sites have a common probability of being occupied by the species, Ψ,

MacKenzie et al. (2006) provide an estimate for the proportion of occupied sites under the

assumption of perfect detection, when using the standard results for a binomial proportion,

as:

Ψ̂B =
x

s

where x is the number of sites occupied by the target species and s is the total number of

sites that are surveyed. The associated variance is formulated as:

Var
Ä
Ψ̂B

ä
=

Ψ(1−Ψ)

s

which can be approximated by substituting the estimated value for Ψ.

Albeit of minimal practical value, some useful insight can be gleaned from the properties

of the derived estimator and associated variance term. However, in most cases, both

1The subscript t is not required since this is the single-season case.
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occupancy and detection probabilities are unknown and need to be estimated jointly from

the collected data.

2.2.3 Two-step Ad Hoc Approaches

The initial class of methods for the estimation of unknown occupancy and detection is

classed as a two-step ad hoc procedure. This approach estimates the probability of de-

tecting the target species as a first step and subsequently uses this detection parameter to

estimate the probability of occupancy as a second step. This class of ad hoc estimation

procedures includes three different methods.

Geissler-Fuller Method

The earliest literature pertaining to occupancy estimation is the method put forward

by Geissler and Fuller (1987). Their approach made use of a conditional probability of

detection estimated for each site as the proportion of surveys in which the species was

detected following the first sighting of the target species at the site of interest. This

detection probability is formulated as:

p̂GF,i =

∑Ki
j=ti+1 hij

Ki − ti

where Ki denotes the number of surveys at a particular site, ti is the survey at which first

detection at a particular site occurred, and hij is a binary indicator of whether the target

species was detected (1) or not (0) in survey j at site i.

The probability of detecting the species at least once during the Ki surveys can be calcu-

lated as:

p̂∗GF,i = 1−
(
1− p̂GF

)Ki ,

where p̂GF is the simple average (across all sites) of the p̂GF;i’s.

This conditional probability is then used in the calculation of a Horvitz-Thompson-based-

estimate for the occupancy probability as follows (Geissler and Fuller, 1987):

ψ̂GF =

∑s
i=1

wi
p̂∗GF,i

s
,

where wi is a binary indicator variable of a species detection (1) or absence (0) at a

particular site.

The authors proceed to suggest that the estimator should be the mean or median value

obtained from a large number of nonparametric bootstraps from which the standard errors
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could similarly be extracted. The purpose of such a procedure is to achieve a desirably

negligible level of bias in the estimates (Hongyi Li and Maddala, 1996).

The premise of the Geissler-Fuller approach is based on two key assumptions. The first of

which requires the probability of detection to be constant across each site for all surveys

whilst the second requirement states that the probability of occupancy is similarly constant

across each site for all surveys (Geissler and Fuller, 1987).

Azuma-Baldwin-Noon Method

The two-step approach developed by Azuma et al. (1990) took a different approach to

occupancy estimation, whereby a site is not surveyed again after the presence of two

individuals of the target species is confirmed. For this method they assume a constant

detection probability and use a truncated geometric distribution (TGD) to then model the

number of surveys required to detect the species of interest. The distribution is formulated

as:

Pr(Y = t | 0 < Y ≤ K) =
p(1− p)t−1

1− (1− p)t
, t = 1, 2, 3, . . . ,K

= 0, otherwise ,

where Y indicates the number of surveys required to detect the species, p denotes the

constant detection probability and K is the number of repeated surveys. This provides

a time-to-first-detection model for those sites at which detection of the target species

occurred during the K surveys. The occupancy estimate is then calculated by dividing

the number of sites at which the species was detected at least once by the product of the

total number of sites and the estimated p.

Nichols-Karanth Method

A more extensive approach to occupancy estimation is proposed by Nichols and Karanth

(2002). This approach generates an estimate of the number of occupied sites using closed-

population capture-recapture methods. The application of capture-recapture methods to

occupancy estimation is possible since an estimate of the number of occupied sites where

the species was not detected is equivalent to estimating the number of individuals in the

population that were never captured (MacKenzie et al., 2006). Once an estimate for the

number of occupied sites has been determined using an appropriate technique, it is then

possible to obtain an estimate of occupancy as follows:

ψ̂NK =
x̄

s
,
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where x̄ denotes the estimated number of occupied sites and s represents the number of

available sites.

Whilst the two-step ad hoc approaches to occupancy estimation provide valid estimates,

they are unable to provide the flexibility needed for the comparison of competing hy-

potheses about the nature of the system. Furthermore, they are not able to adapt to more

complex sampling situations in which the assumptions of constant occupancy and detec-

tion probabilities do not hold. The more recent class of methods, which involve directly

modelling the sampling process in a way that results in the simultaneous estimation of the

occupancy and detection parameters, is provided by a single model-based framework.

2.2.4 Model-Based Approach

A more flexible approach to occupancy estimation was first introduced by the work of

MacKenzie et al. (2002). Their workings are based on the grounds that a model-based

framework, which directly models the probability of the observed outcomes resulting from

the stochastic sampling process, should be implemented.

This in turn allows for the simultaneous estimation of both the occupancy and detection

parameters in the case where detection probabilities are thought to be less than one,

commonly known as the case of imperfect detection (MacKenzie et al., 2002).

As mentioned prior, the modelling framework includes two stochastic processes that govern

whether the target species is detected at a site. Firstly, whether the site is occupied (with

probability ψ) or unoccupied (1 − ψ) by the target species. The probability of detecting

the target species at each survey (j) will be 0 if the site is unoccupied and equal to some

probability (pj) if the site is occupied.

Using these specified occupancy and detection probabilities, a statement expressing the

probability of observing the aforementioned detection history (hi = 1001) for site i could

be expressed as:

Pr (hi = 1001) = ψp1 (1− p2) (1− p3) p4.

If the species was not observed at all during the survey period, the other two possibilities,

for which the probability statements need to account, are the situations whereby the

species was either not there at all, or it was present but missed during every visit. The

corresponding probability of observing this detection history at site i would be:

Pr (hi = 0000) = ψ (1− p1) (1− p2) (1− p3) (1− p4) + (1− ψ).
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The probability statements expressing the observed detection history for each surveyed

site is then used to construct the model likelihood for the set of observed data, under the

assumption of independent site surveys, as:

L (ψ,p | h1,h2, . . . ,hs) =

s∏
i=1

Pr (hi)

which can be simplified to:

L (ψ,p | h1, . . . ,hs) =

ψsD

K∏
j=1

p
sj
j (1− pj)

sD−sj

ψ( K∏
j=1

(1− pj)) + (1− ψ)

s−sD

(2.1)

where h1 to hs represents the independent detection histories for the s sites, pj denotes

the probability of detection at survey j (given occupancy), sD is the number of sites where

the species was detected at least once, and sj is the number of sites where the species was

detected during the jth survey.

The result of the above model is equivalent to modelling the number of detections at

each site as a zero-inflated binomial random variable when the probability of detection is

assumed to be constant for all occasions. This model for the detections is formulated as:

Pr (Y = yi) = ψ

(
K

yi

)
pyi(1− p)K−yi , yi > 0

= ψ(1− p)K + (1− ψ), yi = 0

(2.2)

where yi is the number of detections at site i.

Additionally, this model-based approach allows for the incorporation of missing obser-

vations and, unlike the two-step ad hoc approaches, allows for unequal survey effort at

distinct sites which subsequently allows for flexibility of the model to suit realistic study

designs (MacKenzie et al., 2006).

The central assumptions of this model are: the state of occupancy for all sites is fixed

during the survey period (closure assumption, which assumes that no migration/emigration

of the species occurs at the sampling site); the occupancy probability is equivalent across

all sites of interest; conditional on its presence the detection probability of the target

species is assumed to be constant across all sites and surveys/occasions; and observations

made in each survey are independent within and across all sites.

Under the assumption of a constant detection probability, the model likelihood presented
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by Equation 2.1 is rewritten as:

L (ψ,p | h1,h2, . . . ,hs) =
[
ψsDp

∑K
j=1 sj (1− p)KsD−

∑K
j=1 sj

] î
ψ(1− p)K + (1− ψ)

ós−sD

with p representing a constant detection probability for all survey occasions.

The maximum likelihood estimates are obtained by taking the first derivatives with respect

to each parameter and equating to zero, giving the following estimating equations:

ψ̂MLE =
sD

sp̂∗MLE

,

where p̂∗MLE = 1 − (1 − p̂MLE)
K is the estimated constant probability of detecting the

species at least once during the survey (given presence); and

p̃MLE =
p̂MLE

p̂∗MLE

=

∑K
j=1 sj

KsD
,

where p̃MLE is the estimated conditional probability of detecting the species during the

survey given the species was detected at least once at a site.

Similarly, the flexibility of the model-based approach allows for the parameter to be treated

as temporally varying across surveys. In the case of survey-specific detection probabili-

ties, the model likelihood presented by Equation 2.1 can be manipulated using the same

techniques as before to obtain the following estimating equations:

ψ̂MLE =
sD

sp̂∗MLE

,

where now

p∗MLE = 1−
K∏
j=1

(1− p̂j,MLE)
2

and

p̃j,MLE =
p̂j,MLE

1−
∏K

j=1 (1− p̂j,MLE)
=

sj
sD
.

In these equations, sD is now equivalent to the number of surveys conducted at time j at

sites where at least one detection took place during the K surveys.

2p̂j,MLE is now treated as a survey specific detection probability.
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The likelihood of site occupancy, given the target species is not detected, can similarly

be determined via Bayes’ Theorem, which uses the parameter estimates to calculate a

conditional occupancy probability. This is presented by MacKenzie et al. (2006) as:

ψcondl =Pr( species present | species not detected )

=
Pr( species present and not detected )

Pr( species not detected )

=
ψ
∏K

j=1 (1− pj)

(1− ψ) + ψ
∏K

j=1 (1− pj)
.

MacKenzie et al. (2002) conducted a simulation study as a means of evaluating the prop-

erties of their proposed method of estimating occupancy. The results of this simulation

study found that the method was able to provide reasonable estimates of the proportion

of occupied sites. The occupancy estimates are reasonably unbiased when the number of

surveys is greater than four and the detection probability is greater than or equal to 0.3.

Further, the occupancy estimates are only reasonable when the detection probability is at

least 0.5 for scenarios in which there are only two conducted surveys.

The concluding remarks of the simulation study are: increasing the number of surveys

improves both accuracy and precision of the estimated occupancy probability, although

there is minimal benefit in conducting up to 10 (in comparison to five) total surveys;

a higher quantity of sites included in the analysis will similarly enhance the estimated

parameter’s estimated accuracy and precision when detection probabilities are low; and

the model is able to provide adequate estimates of the occupancy parameter which are

generally unbiased for moderate detection probabilities (MacKenzie et al., 2002).

As previously mentioned, a main assumption of the model-based approach is that the

likelihood of a site being occupied, as well as the likelihood of detecting the target species

at a site, are constant across all sites of interest. However, most practical cases will find

this assumption unlikely to hold and a study is likely expected to experience heteroge-

neous probabilities across sites. Thus, in many cases the objective of the study will be to

characterize the dissimilarity across sites (MacKenzie et al., 2006).

The ability of the model-based procedure to incorporate environmental and survey co-

variates, which characterize these differences in site occupancy and detection, is thus a

desirable property of the approach. Both the occupancy and detection parameters can be

modelled as functions of measured covariates by fitting appropriate link functions, such as

the logistic, probit, or logit-link.
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As noted by MacKenzie et al. (2002), this consequently allows us to treat the procedure

as a form of generalized logistic regression analysis in which some variability depends on

whether the observed absence corresponds to a true absence of the target species from a

particular site.

Using a logit-link function, the expressions for the probability of occupancy at site i as

well as the probability of detection at site i during survey j are provided as follows:

logit (ψi) = β0 + β1xi1 + . . .+ βUxiU

logit (pij) = α0 + α1xi1 + . . .+ αUxiU + αU+1yij1 + . . .+ αU+V yijV
(2.3)

where β0, . . . , βU and α0, . . . , αU denote the corresponding effect parameters, xi1, . . . , xiU

represent the U season-constant covariates associated with site i and yij1, . . . , yijv represent

the V survey-specific covariates associated with survey j of site i.

When the assumptions of the model-based approach do not hold, it leads to unenviable

results, as the estimators will have high bias and inferences regarding the factors affecting

the parameters will be inaccurate. A study conducted by Kendall (1999) evaluated the

consequences of violating the closure assumption. When the targeted species exhibits

trends in migration, which result in movement patterns that are not random, then the

occupancy estimator will have biased results due to changes in occupancy that the model

cannot accommodate.

The biased estimator will tend to underestimate the occupancy parameter in the case

of emigration and overestimate the parameter in the case of immigration of the target

species. Kendall (1999) notes that the bias is easier to assess when a model with survey-

specific detection probabilities has been fit to the data as opposed to a model with constant

detection probabilities.

Heterogeneity of detection probabilities across sites, that cannot be accounted for through

measured covariates, also results in the underestimation of the true occupancy parameter

(MacKenzie et al., 2006). Alternative ways of modelling this heterogeneity using random

effects is possible, but will not be discussed or applied in this dissertation.

Another problematic violation of the model assumptions occurs when detection is not

independent among sites, due to potential spatial autocorrelation, which results in over-

stated precision of the occupancy estimate. This is a form of overdispersion, since the

number of independent sites will be smaller than the number of sites surveyed, and results

in underestimated standard errors (MacKenzie and Bailey, 2004).
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The assessment of multiple fitted models has some power, to varying degrees, to detect

models with relatively poor fit in breach of model assumptions. Ecological studies fre-

quently apply the Akaike Information Criterion (AIC) model selection technique as a

means of concluding the best fitting model (Akaike, 1973; MacKenzie and Bailey, 2004;

Burnham and Anderson, 2002). Similarly, the use of the AIC statistic is connected to a

hypothesis driven approach whereby a set of hypotheses are mapped on to model struc-

tures and then AIC is used to assess the relative support in the data for the different

hypotheses.

The formulation of the AIC test statistic is as follows:

AIC = 2P − 2 ln(L̂), (2.4)

where P represents the number of estimated parameters in the model and L̂ denotes the

maximum value of the likelihood function for the model.

While the AIC statistic is a useful technique to choose from amongst a set of candidate

models, it does not provide the power to infer if the fit of the chosen model is poor.

However, as noted by MacKenzie and Bailey (2004), many ecological studies will have

sample sizes that are too small to adequately detect poor model fit using conventional tests.

Thus, they present a method of model assessment (that treats all individuals as a single

cohort solely for the purpose of assessing model fit) where a Pearson chi-square statistic

is calculated and a parametric bootstrap procedure subsequently is used to determine

whether the observed statistic is unusually large. The formulation of the Pearson chi-

square test statistic is provided in MacKenzie and Bailey (2004) as follows:

χ2 =
2K∑
h=1

(Oh − Eh)
2

Eh
, (2.5)

where Oh and Eh represent the number of sites observed and expected to have detection

history h out of 2K possible detection histories defined by the fitted model. Using this

result, and assuming the fitted model is correct, the parametric bootstrapping algorithm

is implemented in the following manner:

1. Fit model to the observed data and estimate parameters ψ̂i and p̂ij (which may

be functions of covariates).

2. Calculate the test statistic for the observed data, χ2
Obs, using the model fit in

Step 1.

3. For each site generate a pseudo-random number (r) between 0 and 1.
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If r ≤ ψ̂i, then the site is occupied, hence generate K further pseudo-random

numbers (rj) between 0 and 1.

If rj ≤ p̂ij , then the species was ”detected” and the corresponding bootstrapped

observation is a ”1”, otherwise ”0”.

If r > ψ̂i, then the site is unoccupied and the bootstrapped observations will all

be ”0” for that site.

4. Fit a model with the same structure as in Step 1 to the bootstrapped dataset.

5. Calculate the test statistic for the bootstrapped data, χ2
B, using the model fit in

Step 4, and store the result.

6. Repeat Steps 3-5 many times to approximate the distribution of the

test statistic, given the fitted model is correct.

7. Compare χ2
Obs to the values of χ2

B to determine the probability of observing

a larger value (the p value).

Table 2.2: MacKenzie and Bailey (2004) model assessment algorithm

Additionally, a dispersion parameter can be calculated in the case of a poor model fit,

and the quasi-likelihood version of AIC can be used for model selection. This dispersion

parameter is constructed by MacKenzie and Bailey (2004) as:

ĉ = χ2
Obs /χ̄

2
B, (2.6)

where χ̄2
B is the average of the test statistics obtained from the parametric bootstrap and ĉ

is used as a variance inflation factor to adjust the model selection procedures and standard

errors. Based on this statistic, a model that fits the data adequately should result in a ĉ

of approximately 1, and values greater or less than one indicate more or less variation in

the observed data, respectively.

The AIC selection criteria assumes that at least one of the fitted models provides an

adequate fit to the data, by contrast, the method proposed by MacKenzie and Bailey

(2004) enables both an evaluation of which model fits the data best, as well as whether

this best fitting model is an adequate fit to the observed data. Furthermore, the method

is flexible enough to include potential measured covariates that may vary across sites.

MacKenzie and Bailey (2004) conducted a simulation study to evaluate the power of their

procedure in identifying poor model fit for a variety of hypothetical scenarios. Their re-

sults demonstrate that their procedure had relative (good) power when the number of

surveys conducted was larger than five at a significance level of five percent. Further, their
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method had greater power of identifying poor fit caused by the exclusion of an important

site-specific detection covariate when the average detection parameter was high. However,

when an inadequate model fit was caused by a lack of independence among sites, their

assessment performed better when the average detection probabilities were lower. Regret-

tably, their approach had no power with respect to identifying an inadequate model due

to heterogeneous occupancy probabilities across sites. The concluding remark made from

the study suggests that in most cases model selection for static model-based occupancy

models should be evaluated using QAIC values due to poor fitting global models, which

include all measured covariates (MacKenzie and Bailey, 2004).

2.3 Dynamic Occupancy Models

The static occupancy model is a useful tool when the objective of a study is to infer

some occupancy pattern as a snapshot of the target species’ population for a region at

a single point in time, however, some ecologists are more interested in the changes of an

environmental system over a longer time frame (Bailey et al., 2014; Kéry et al., 2013; Weir

et al., 2009).

The dynamic occupancy model allows for the inference of population (range) dynamics

through the addition of two estimated (vital rate) parameters, namely colonization (γ)

and (local) extinction (ϵ) probabilities, of a target species (MacKenzie et al., 2003). The

inclusion of these parameters allows for a better understanding of how occupancy patterns

change over time due to changes in the underlying population dynamics. The two general

approaches to modelling these population dynamics comprise an implicit dynamics model

and a model which estimates these vital rates explicitly (MacKenzie et al., 2006).

2.3.1 Sampling situation

The standard sampling scheme for the dynamic occupancy framework is similar to the

static counterpart, however, the inference of whether the target species inhabits a site

is now assessed over multiple points in time. The time frame of the study is split into

two scales, namely the multiple seasons (T ) over which the study is conducted and the

season (t) in which the assumption of closure is made (MacKenzie et al., 2006). Thus, the

state of occupancy (and the population dynamics driving the occupancy state) can change

between seasons but not within seasons.

Figure 2.1 provides a useful representation of the sampling situation for a dynamic oc-

cupancy analysis. The recorded detection history for site i conducted within season t is

denoted as ht,i, and the full detection history for site i over the entire study is now denoted

hi (MacKenzie et al., 2006). For example, an observed detection history for site i over a
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three year study with three surveys per season is now represented as hi = 011 010 001.

Figure 2.1: Sampling situation for the dynamic occupancy model with each triangle
representing a season (t) with multiple surveys (Kt) conducted within seasons (MacKenzie
et al., 2006)

2.3.2 Implicit Dynamics Model

The implicit dynamics model, applied to a target species over multiple seasons (T ), is

equivalent to applying multiple and separate static models to the data collected in each

season’s specified window. The occupancy between the current and previous season is

considered an independent and random process and only the resulting occupancy esti-

mates are modelled across the seasons, regardless of the underlying changes in population

dynamics within a system (MacKenzie et al., 2006).

Since interest now lies over multiple seasons, the likelihood for the observed data (Eq. 2.1)

for a given season (t) is modified to:

Lt (ψt,pt | ht,1,ht,2, . . . ,ht,s) =
s∏

i=1

Pr (ht,i) (2.7)

where ψt denotes the occupancy probability and pt denotes the detection probability during

season t, respectively. The full likelihood analysed for the seasons of interest is then defined

as the product of all seasonal likelihoods, expressed as:

L (ψ,p | h1, h2, . . . ,hs) =

T∏
t=1

Lt (ψt,pt | ht,1, ht,2, . . . ,ht,s) . (2.8)

The model does not clearly account for the extinction and colonization vital rates that dic-

tate the changes in the range dynamics and makes a restrictive assumption regarding these

20



2.3 Dynamic Occupancy Models Literature Review

parameters in the sense that the local colonization probability of the species occupying a

previously unoccupied site is equivalent to the local extinction probability of the species

at the previously occupied site. This assumption generally does not hold in practice, thus,

previous research has found it more useful to consider the more general approach which

explicitly models the occupancy dynamics from which this implicit dynamics model can

be derived (Kéry et al., 2013; Weir et al., 2009; MacKenzie et al., 2006).

2.3.3 Explicit Dynamics Model

Ecologists are often directly interested in the processes driving changes in population oc-

cupancy for the purposes of well-informed management decisions pertaining to ecological

systems. Hence, the use of a model which explicitly estimates both colonization and extinc-

tion probabilities is the more desirable approach to dynamic occupancy models (MacKenzie

et al., 2003).

This method considers the dynamic changes in occupancy as a first-order Markov process,

which states that site occupancy in the current season is dependent on the state of site

occupancy in the previous season, therefore accounting for a form of temporal autocorre-

lation. In essence, this Markovian process defines values close in time to be more similar

than those separated by longer periods when these observations are positively correlated.

Furthermore, the changes in occupancy when modelled as a Markovian process can be

regarded as providing a form of occupancy heterogeneity since the probability of a site

being occupied by the target species in the current season will be different for sites that

were either occupied or unoccupied the previous season (MacKenzie et al., 2006). There

are three approaches to modelling dynamic occupancy models that explicitly account for

these vital rate parameters.

Modelling Dynamic Processes when Detection Probability is 1

The historical, and most straightforward, approach to the modelling of dynamic processes

assumes that the detection probability is set to one. The development of ecological studies

pertaining to animal populations assessed over a multi-year time frame began in the late

1960s and was primarily influenced by the methods of Wilson and MacArthur (1967).

Their work suggested that species richness on islands reflected a situation of dynamic

equilibrium between the rates of extinction and colonization. This situation was consid-

ered to have resulted from a stationary Markov process defined by equivalent vital rates

(Simberloff, 1969; Diamond and May, 1977).

The estimation of equivalent vital rates for a stationary Markov process from detection/non-

detection data were examined by Clark and Rosenzweig (1994) for which they provided
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maximum likelihood estimates assuming both detection probabilities of one with constant

rate parameters over time.

This approach was further expanded by Erwin et al. (1998) and allowed for time-specific vi-

tal rates in addition to non-Markovian models with reduced parameters which all assumed

detection probabilities of one.

However, as with the static occupancy models, these historical models are of little practical

value since the estimates are only reasonable when presence and absence of a target species

is attainable with absolute certainty.

The Conditional Approach

The work of Barbraud et al. (2003) considered the same estimation problem as Erwin et al.

(1998) but wanted to account for detection probabilities of less than one. They identified

that site occupancy and capture-recapture studies with temporary emigration (specifically

the robust design of Pollock (1982)) are analogous and considered the Markovian tempo-

rary emigration model, put forth by Kendall et al. (1997), as a useful method of estimating

the occupancy and vital rate parameters.

Essentially, this is considered a conditional approach since the detection history is only

modelled from the first detection (capture) of the species at a site and does not model

the previous non-detections up until the point of capture, thus, it is only possible to

derive estimates of the vital rate parameters and not the seasonal estimates of occupancy

(MacKenzie et al., 2006).

The Unconditional Approach

The unconditional approach of MacKenzie et al. (2003) is the most commonly applied

method of explicitly estimating the extinction and colonization probabilities and is a direct

extension of the static occupancy model put forth by MacKenzie et al. (2002). This

method of occupancy modelling allows for the assumptions of a stationary Markov process

and perfect detection to be relaxed, thus creating a flexible framework which results in

unbiased parameter estimates.

The estimated occupancy probability of a site is determined in the first season and any

changes in site occupancy probability between seasons is derived using the vital rate pa-

rameters. Formally, these vital rate probabilities are defined as:
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γt = the probability that an unoccupied site in season t is occupied by the

species in season t+ 1; and

εt = the probability that a site occupied in season t is unoccupied by the

species in season t+ 1.

The conditional approach using the Markovian temporary emigration model, developed

by Barbraud et al. (2003), is a special case of the model described by MacKenzie et al.

(2003). Additionally, the work of MacKenzie et al. (2003) is considered an unconditional

approach to the modelling of dynamic processes since the non-detections of the target

species from the start of the study up until its first observation (capture histories) are

modelled. Thus, both the vital rate parameters and the seasonal occupancy parameter

can be directly estimated.

Both approaches provide unbiased estimates of the colonization and extinction probabili-

ties, but the unconditional approach is considered to be more efficient due to the ability

to estimate site occupancy for each study season (MacKenzie et al., 2003, 2006).

Using matrix notation, the probability of a site transitioning between occupancy states

from season t to t+ 1 is defined as:

ϕt =

[
1− εt εt

γt 1− γt

]
,

where the rows of ϕt indicate the occupancy state of the site in season t and the columns

represent the occupancy state in season t+ 1. Additionally, ϕ0 is defined as a row vector

that models whether a site was occupied or unoccupied in the first surveyed season:

ϕ0 =
î
ψ1 1− ψ1

ó
,

with ϕ1 representing the probability of site occupancy.

Furthermore, ph,t is defined as a column vector where each entry represents the probability

of observing the detection history ht,i in season t, conditional on the occupancy state. Two

examples of this column vector are:

p101,t =

[
pt,1 (1− pt,2) pt,3

0

]
& p000,t =

[ ∏3
j=1 (1− pt,j)

1

]
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where, whenever the species is detected at least once during season t, the second element

of ph,t will always equate to zero. This is because the chance of observing such a detection

history if the site is in an unoccupied state is impossible. Similarly, if the species is never

detected at a site during season t then the second element will always equate to 1, as this

is the only observable detection history for an unoccupied site.

Using the results of this matrix notation, an observed detection history probability can be

defined (MacKenzie et al., 2006) as:

Pr (hi) = ϕ0

T−1∏
t=1

D (ph,t)ϕtph,T ,

whereD (ph,t) denotes a diagonal matrix with the elements of ph,t along the main diagonal.

Assuming independence of detection histories, the model likelihood can be calculated using

the results of the probability statements for each observed detection history, expressed as:

L (ψ1, γ, ε,p | h1, . . . ,hs) =

s∏
i=1

Pr (hi) (2.9)

In the same manner as the static occupancy modelling of MacKenzie et al. (2002), the

dynamic occupancy model can assume constant parameters across all sites at every in-

stant of time. Failure to meet this assumption introduces heterogeneity and results in

biased parameter estimates. Similarly, this model can allow for the addition of covariate

information to account for potential heterogeneity present due to these measured factors,

albeit inaccurate and biased estimates still present themselves when this heterogeneity is

created by some unknown quantity.

Additionally, the model of MacKenzie et al. (2003) allows for the presence of missing

information and handles these missing observations by simply omitting them from the

detection history which results in unbiased parameter estimates.

A simulation study generated data, under the assumption that all four parameter es-

timates were constant over time, to assess the model’s general performance. MacKenzie

et al. (2003) found through their simulations that their model generally produced unbiased

estimates in all scenarios except for the case when the values of the detection probability

in a survey (0.2) and the number of surveys (2) in a season were low.

This resulted in overestimated occupancy and colonization parameters in the case of a low

to moderate (0.2-0.5) true occupancy value derived at the first season of the study and

underestimated otherwise. Additionally, the extinction parameter tended to be overesti-
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mated when the number of surveys and detection probability were low.

The general findings of MacKenzie et al. (2003) were that the model’s ability to estimate

all relevant parameters precisely and accurately was improved when the number of sites,

seasons, surveys within a season and detection probability within a survey were increased,

respectively.

A study may not be directly interested in the estimates of occupancy, colonization and

extinction, but may be interested in quantities such as the rate of change in the occu-

pancy status of an invasive species in an area, or seasonal occupancy estimates over time

(MacKenzie et al., 2003, 2006; Bailey et al., 2014). The dynamic occupancy model allows

for the reparameterization of the four estimated parameters to estimate these occupancy-

related quantities directly.

2.3.4 Extensions of the Unconditional Model

The dynamic occupancy model makes several fundamental assumptions that need to be

met for unbiased and efficient maximum likelihood estimates. Namely: the closure as-

sumption within seasons must hold, as was the case with the static model of MacKenzie

et al. (2002); the initial occupancy probability and subsequent vital rate parameters are

either constant across sites, or any introduced heterogeneity is accounted for using mea-

surable covariates; there is no heterogeneity in the detection probabilities that hasn’t been

captured by appropriate covariates; survey results are independent of each other; and no

false-positives exist (MacKenzie et al., 2003, 2006; Bailey et al., 2014; Sepulveda, 2018).

The model development of Miller et al. (2011) made special note of the problem of false-

positives and extended the standard static and dynamic models to allow for these false-

positive errors when a subset of the total detections is known with absolute certainty

(Miller et al., 2013; Bailey et al., 2014). Models that account for false-positives are fairly

new and in the stages of improvement. However, given the severe bias caused by ignoring

the problem of false-positive detections, it is recommended to use these false-positives

models when a study suspects such errors to test whether the detection history for any

particular site within a given season is truly equivalent to zero (Bailey et al., 2014).

Random movement patterns of a species that cause differences in occupancy probabil-

ities across all sites within a season will still lead to unbiased results. However, when

non-random movement (migration) patterns are present then the closure assumption is

violated and leads to biased results (Kendall, 1999; MacKenzie et al., 2006). There are

two main approaches to eliminate the bias induced from this violation. The first involves

the recommendations of Kendall (1999) which state that, for the case of immigration or
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emigration-only movement patterns, the survey data can be pooled into two surveys per

season and subsequently modelled with survey-specific detection probabilities. Alterna-

tively, the problem is addressed by restricting the data to include surveys within the time

period when it is known that the availability of the target species is uninterrupted (such

as within a breeding season) (MacKenzie et al., 2006).

In situations when there is an apparent correlation among survey outcomes then the as-

sumption of independent surveys will be violated. This occurs when there are differences

in the observation process from survey to survey within a site, and is caused when there

is evidence of individual animals being detected at different rates due to differences in the

detection ability of observers (Bailey et al., 2014).

Additionally, this model violation can occur when the study area has set the survey sites

close enough that the same individual will be detected at different sites within the same

survey. This particular violation is directly addressed through the development of multi-

scale occupancy models (Hines et al., 2010). These models make use of this observer

dependence by allowing for inference regarding species occurrence to take place at multiple

hierarchical scales.

The standard dynamic model has also been extended to account for heterogeneous detec-

tion probabilities that are still unaccounted for after the inclusion of measured covariates.

This problem is initially addressed by extending the finite mixture approach of Norris

and Pollock (1996). Alternatively, an approach which fits a model with a random effect

assigned to each parameter for each specific site from some defined distribution could be

implemented; albeit this extension is computationally difficult to execute using a maxi-

mum likelihood approach and is generally reserved for use within the Bayesian framework

(MacKenzie et al., 2006).

This problem could alternatively be addressed within the maximum likelihood framework

by extending the abundance distribution modelling of Royle and Nichols (2003), in which

the probability of detecting the target species at a given site is modelled as a function of

the detection probability of individual animals.
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Chapter 3

Data and Methodology
A recap of the research questions are as follows: the practical objectives center around

the apparent and potential distributions of the two invasive species of interest, the factors

affecting both occupancy and detectability, as well as whether these distributions are

expanding or contracting over time; while the theoretical objectives focus on how the

observed results of the fitted models, specifically pertaining to the dynamic framework,

change when the structure of the data was altered in terms of the sites surveyed as well

as the total number of surveys conducted at every site within each sampling period .

This chapter discusses the methodological approach taken in answering these research

questions. It contains a step-by-step explanation of the data collection process including

the extraction of the detection/non-detection data, the observational covariates, and the

environmental covariates. The chapter continues with a brief explanation of the data

exploration process and finishes with a full description of the method of data analysis.

All analysis was conducted using the R programming language (R Core Team, 2021) which

applies a variety of packages needed to conduct statistical analysis, including the un-

marked, ABAP and AICcmodavg libraries (Fiske and Chandler, 2011; BIRDIE Develop-

ment Team, 2022; Mazerolle, 2020). When necessary, computationally intensive code was

implemented with the support offered by the University of Cape Town’s High Performance

Computing (HPC) facility (hpc.uct.ac.za).

3.1 Data

This section discusses the steps that were taken in the data collection process. This

collection process was achieved through the functionality provided by the ABAP package

(BIRDIE Development Team, 2022), which allowed for the extraction of the data needed

to fit both static and dynamic occupancy models.

3.1.1 ABAP

The African Bird Atlas Project (ABAP) is a citizen science database of bird checklists

collected by volunteers (citizen scientists) which aims to enable the mapping of different

bird distributions across multiple Southern African countries. This database contains the

recorded detection and non-detection data taken by these volunteers, who follow a strict

protocol, across a grid of locations superimposed across Southern Africa from 2007 to

present (Bled et al., 2013). This project has been expanded over the last seven years to
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include coverage of West and East African countries such as Nigeria and Uganda; however,

for the purposes of this dissertation only sites located in South Africa were of interest.

These sites are known as pentads and represent 5-minute x 5-minute latitude and longitude

rectangular cells (Greenwood, 2007; Broms et al., 2014). Each submitted checklist repre-

sents one survey at a particular site with the submission protocol requiring at least two

hours of intensive birding over a maximum period of five days (Harebottle et al., 2007).

These checklists include a recorded measure of effort, namely the total active number of

hours spent bird watching. With the help of citizen scientists, the assessment of spatial

distributions for wide ranging elusive species is possible where more intensive sampling

schemes would incur high costs and are considered largely inefficient (Karanth et al., 2011;

Johnson et al., 2013).

A problematic trait of citizen science data is the lack of a rigid design, which was por-

trayed by the varying number of surveys per site and the number of surveyed sites per

year, resulting in an imbalanced set of data. The inconsistent levels of effort, varying

levels of birding expertise, lack of quality control, and possible species misidentification all

negatively impact the reliability of the data (Altwegg and Nichols, 2019). This trait, in

conjunction with the lack of literature guiding the level of temporal overlap necessary for

the models to be reliable, motivated the assessment of model sensitivity through altering

the structure of the data.

3.1.2 Environmental Data

The covariate data were extracted using the functionality provided by the ABAP pack-

age (BIRDIE Development Team, 2022) which extracts the data from the Google Earth

Engine (GEE) catalogue at the same spatial and temporal resolution as the detection/non-

detection data. A full list of the data catalogues, the environmental covariates (extracted

as the recorded mean per pentad per year), and a brief description of these variables is

provided in the Appendices by Table A.1.

The process of extracting and cleaning from the GEE data catalogue was conducted ac-

cording to the following steps:

1. Pentads were mapped and those falling outside the borders of South Africa were

excluded.

2. Extracted covariate data at the pentad spatial resolution for the years 2010-2019.

3. Created yearly environmental dataframes that include fixed and year-specific covari-

ates.
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4. Conducted kNN (k = 5) imputation for missing values where necessary. For every

observation to be imputed, it identified the k closest observations based on the

Euclidean distance and computed the weighted average (weighted based on distance)

of k (Malarvizhi and Thanamani, 2012).

Once both the detection/non-detection and environmental data were collected, a function

to clean and manipulate the data into the structure needed to fit occupancy models was

written. This included, but was not limited to, the removal of erroneous checklists; for-

matting the site-level and observation-level covariates; the removal of sites falling outside

of the study region; and the creation of the Season and Julian date variables to form part

of the structure needed to generate the observation-level covariates. The full algorithm

describing the workings of this function is provided in the Appendices by Table A.2.

3.2 Data Exploration

This section focused on preliminary analysis of the data by performing a naive exploration

of occupancy. The years of interest for this study were 2010 through to 2019. Thus,

the yearly presence and absences of the target species at the surveyed sites for the years

2010, 2013, 2016 and 2019 were mapped as a means of determining which areas were to be

included in the study region of the occupancy models. In addition, tabulation of the yearly

number of sites with at least one detection per province were produced to aid the decision

regarding the restriction of the respective study regions. The full results can similarly be

found in Table 4.2.

(a) Myna (b) Mallard

Figure 3.1: Detection/non-detection data for the invasive species in 2010

Figure 3.1 provides insight into the decision-making process regarding the definition of the

study regions for the respective species. This map represents the detections (green) and

non-detections (red) of the two invasive species for the year 2010, whereby the species was

recorded as detected at a site if it was observed at least once, regardless of the number
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of surveys needed to record it. The same maps for the years 2013, 2016 and 2019 were

produced and can be found in the Appendices by Figure A.1.

Investigation of these spatial maps (Figures 3.1 and A.1) in conjunction with the yearly

detections (Table 4.2) led to the decision that the study region of the Myna excluded

the Western, Eastern and Northern Cape, while the study region of the Mallard ex-

cluded Limpopo, Eastern Cape and the Northern Cape. This was based on the fact that

these species were (relatively) infrequently recorded as present at sites in the respective

provinces, and thus it was considered uninformative to predict occupancy in these areas.

Multicollinearity of the environmental covariates is an issue that requires consideration

prior to the model fitting process (De Marco and Nóbrega, 2018) and was explored using

the usdm package (Naimi et al., 2014). The variance inflation factor (VIF) threshold was

set to six based on previous literature (De Marco and Nóbrega, 2018) and, based on the

results, three covariates (AET, Urban Cover and Seasonal Water) were excluded from any

analysis of occupancy.

3.3 Data Analysis

This section describes how the data were structured and analysed for both the static

and dynamic occupancy models which were fit using the functionality available in the

unmarked package.

3.3.1 Static Occupancy Models

The hierarchical model implemented in the unmarked package for the modelling of static

occupancy expresses the latent occupancy state and detection processes defined by Fiske

and Chandler (2011) as follows:

Zi ∼ Bernoulli(ψ) for i = 1, 2, . . . , S

Yij | Zi ∼ Bernoulli (Zip) for j = 1, 2, . . . ,Ki

(3.1)

where Yij represents species detection(1) or non-detection(0) at a surveyed site and Zi is

a binary indicator representing species occurrence such that Zi = 1 if site i is occupied by

the target species and 0 if it is absent. The marginalization of the latent Z variables yields

the likelihood as provided in Chapter 2 by Equation 2.1 (Fiske and Chandler, 2011).

The predictors that can be fitted to the probability of occupancy or detectability are

either site- or observation-level covariates. The site-level covariates are those that are

site-specific and do not change based on the conducted survey, these included covariates

such as elevation above sea level and are generally used to explain changes in occupancy.
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Observation-level covariates are survey-dependent and generally will vary with every sur-

vey conducted at a given site. Covariates with this structure include factors such as

season, total hours spent bird watching or any covariate that is likely to have an influence

on detectability (Bailey et al., 2014).

The individual static occupancy models were fitted to the Myna and Mallard data corre-

sponding to the year (season) 2010 and the pool of potential covariates that were included

in the model-fitting process is provided by Table 3.1.

Covariate structure Variable Description

Site-level

Latitude Geographic coordinate system (Y)
Longitude Geographic coordinate system (X)
Elevation Height above sea level
TreeCanopy Tree height
SoilPH pH of the surface soil
SurfaceTemp Temperature of the surface
Permanent Water Permanent water covering (%) pentad
Population.Density Population (density)
Avg.Temp Air temperature
Precipitation Rainfall
Soil.Moisture Soil moisture
Wind.Speed Wind speed
Pressure Air pressure
NDVI Normalized difference vegetation index
Population Population (count)

Observation-level
lhours Log of total hours
ltotspp Log of total species
Season Season of survey

Table 3.1: Covariates included in the static occupancy model fitting process

The static occupancy modelling process was conducted in this dissertation using a two-

stage approach. The first stage comprised a purely statistical-based approach to modelling

the detection parameter. The pool of factors, that were considered potentially influential to

the changes in the probability of detection amongst sites, were fitted as a set of univariate

occupancy models with no covariates modelling occupancy. A set of factors that were

individually statistically significant (at a significance level of α = 0.05) were then combined

to investigate the significance of adjusted effects and, after removing those insignificant

parameters, was then applied as the structure that best described the detection process.

Additionally, the potential effect of nonlinear relationships between the covariates and the
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detection probability were accounted for through the inclusion of quadratic effects where

it made sense, namely the lhours and ltotspp covariates.

It is worth noting that most studies tend to only use site-level covariates to model differ-

ences in occupancy among sites and observation-level covariates to model changes in the

detection probability among sites. However, it is possible to use site-level covariates to

model the probability of detection (and vice versa) when the use of such a covariate could

be considered intuitive (MacKenzie et al., 2006).

With this in mind, the Population.Density and NDVI site-covariates were included in the

modelling of the detection process. The NDVI covariate was included since it is considered

logical that areas with greener areas are likely to have thicker shrubbery which will make

it more difficult to observe certain species, while the Population.Density covariate was

included since it is assumed by the author that more people in a region are likely to result

in a larger proportion of birders searching for the species, and thus a higher likelihood of

detection.

The second stage comprised a hypothesis-driven approach to occupancy modelling. A

set of hypotheses was formulated and various site-level covariates were used to reflect

the hypothesis of interest. This approach compared various anthropogenic, climatic and

environmental factors, and explicitly accounted for potential nonlinear effects. These

hypotheses were tabulated and provided for both the Myna (Table 3.2) and the Mallard

(Table 3.3), respectively.

# Name Hypothesis Covariates 1

1 Climate

Mynas prefer

temperate and

subtropical climate regions

Pressure,

SurfaceTemp,

Precipitation,

Wind.Speed

2 Weather

Mynas prefer windless

areas with high rainfall

and high temperatures

SurfaceTemp,

Precipitation,

Wind.Speed

3 Urban Mynas prefer urban areas Population.Density

4 Env

Mynas prefer

environments with high

tree canopies and

vibrant insect life

Elevation,

TreeCanopy,

SoilPH

1The static occupancy model hypotheses for both species include only linear terms for the
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5 Urban.Clim.Env

Mynas prefer areas that

are urban, areas that

have high tree canopies,

and areas with

temperate or

subtropical climates

Pressure,

SurfaceTemp,

Precipitation,

Wind.Speed,

TreeCanopy,

Population.Density

7 Urban.Clim.NoWind

Mynas prefer areas that

are urban, and areas

with temperate or

subtropical climates

regardless of average

wind speeds

Pressure,

SurfaceTemp,

Precipitation,

Population.Density

8 Urban.Clim.Windy

Mynas prefer areas that

are urban, and areas

with temperate or

subtropical climates

Pressure,

SurfaceTemp,

Precipitation,

Wind.Speed,

Population.Density

Table 3.2: Static occupancy model hypotheses for the Myna

# Name Hypothesis Covariates

1 Low.Water

Mallards prefer low-land areas,

areas with large bodies of

water, and areas with slightly

alkaline soil

Elevation, SoilPH,

Permanent Water

2 Coastal Mallards prefer coastal regions
Elevation, Wind.Speed,

Permanent Water

3 Climate
Mallards prefer Mediterranean

and temperate climates

Pressure, SurfaceTemp,

Precipitation, Wind.Speed

4 Urban Mallards prefer urban areas Population.Density

Population.Density and Permanent Water covariates, and both linear and quadratic terms for the
Pressure, SurfaceTemp, Precipitation, Wind.Speed, Elevation, TreeCanopy and SoilPH covariates.
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5

Urban.

Water.

Env.

Clim

Mallards prefer urban areas,

areas near large bodies of

water, areas with rich soil,

high temperature areas,

and areas with high rainfall

SoilPH, SurfaceTemp,

Precipitation,

Permanent Water,

Population.Density

6

Urban.

Env.

Clim

Mallards prefer urban areas,

areas with high annual rainfall,

areas with rich soil, and

areas with high tree canopies

SoilPH,SurfaceTemp,

Precipitation,TreeCanopy,

Population.Density

7
Water.

Climate

Mallards prefer areas with large

bodies of water, and areas with

Mediterranean or temperate

climates.

Pressure, SurfaceTemp,

Precipitation, Wind.Speed,

Permanent Water

8 Env

Mallards prefer a natural

environment with large bodies

of water, tree cover and

plant/insect rich soil

Elevation, SoilPH,

TreeCanopy,

Permanent Water

9
Urban.

Climate

Mallards prefer urban areas,

and areas with Mediterranean

or temperate climates

Pressure, SurfaceTemp,

Precipitation, Wind.Speed,

Population.Density

10 Urban.Env

Mallards prefer urban areas,

and areas with a natural

environment with low elevation,

large bodies of water,

tree cover, and rich soil

Elevation, SoilPH,

TreeCanopy,

Permanent Water,

Population.Density

Table 3.3: Static occupancy model hypotheses for the Mallard

Assessment of model fit

The selection of the best fitting model out of the pool of hypothesized models was de-

termined using the AICcmodavg package (Mazerolle, 2020) by an evaluation of the AIC

statistics in conjunction with the AIC weights. When the difference between the AIC

values of the best models are low, the acceptance of one model and exclusion of the others

can lead to a misplaced sense of confidence and a form of selection bias (Wagenmakers

and Farrell, 2004). The inclusion of the AIC weights, best described as the probability

that the chosen model is the best model given the data and the candidate set of models
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(Burnham and Anderson, 2002), allowed for the consideration that more than one model

out of the candidate set may adequately describe the data.

The goodness-of-fit (GOF) of the selected model was not computed using the chi-square

and parametric bootstrapping technique, as presented by MacKenzie and Bailey (2004),

since this first stage involving the static models was considered exploratory and used pri-

marily to inform the dynamic models. Further, the number of surveys was not constrained

at this stage, and the benefit of determining the goodness-of-fit at this stage of the analysis

did not warrant the major computational burden of this technique.

Although the parametric bootstrapping approach was not implemented in the static mod-

elling analysis, the assessment of model fit was purely visual and performed via the map-

ping of the predicted occupancy superimposed by the observed occupancy state, derived

from the data corresponding to the year 2010.

3.3.2 Dynamic Occupancy Models

The dynamic occupancy models were similarly applied using the functionality provided

by the unmarked package, namely the occu and colext functions. Using the hierarchical

model implemented in this package: the study period of interest for both species from

2010 to 2019; colonization and local extinction probabilities were estimated based on both

the initial occupancy state derived from the first study season and changes in occupancy

between seasons; and the occupancy state of any given site was assumed to develop ac-

cording to a Markovian process. Hence, the data are described using a two-state hidden

Markov model (Fiske and Chandler, 2011). The state transitions were controlled by the

probability of local colonization and extinction and were dependent on the occupancy

status at the previous time step (Kéry et al., 2013). A visual representation of the occu-

pancy dynamics and transitions between states using a two-state hidden Markov model is

provided by Figure 3.2.

Figure 3.2: Hidden Markov model for occupancy dynamics under imperfect detection,
extracted from Kéry et al. (2013).
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The figure depicts both the latent occupancy (state) and detection (observation) processes

divided by a horizontal line. The state process is governed by the occupancy state of a

particular site, represented by the circles, and the solid arrows which denote the state

transitions characterizing the occupancy dynamics. Additionally, the observation pro-

cess is governed by possible observations, denoted by the squares, and the dashed arrows

represent the observation process pertaining to each survey replicate (Kéry et al., 2013).

The latent state and observation processes describing the dynamic occupancy model as

implemented by Fiske and Chandler (2011) are defined as:

Zi1 ∼ Bernoulli(ψ)

Zit ∼

{
Bernoulli (γt−1) if Zi(t−1) = 0

Bernoulli (1− ϵt−1) if Zi(t−1) = 1
,

for t = 2, 3, . . . , T

Yijt | Zit ∼ Bernoulli (Zitp) ,

(3.2)

where Zit denotes a binary indicator of the latent occupancy state of the species at site

i during season t as present (1) or absent (0) and Yijt represents the observed species

occurrence status of site i at survey j during season t. The static occupancy model is

generalised by this Markov model, through the relaxation of the between-season closure

assumption, and the likelihood for this model is provided in Chapter 2 by Equation 2.9.

While there is not much research pertaining to the optimal design of dynamic occupancy

models, it has been noted that important consideration must be made for: the time

interval between two seasons; the number of sites surveyed each season; whether the same

or different sites are surveyed each season; and how many surveys are conducted within

each season (MacKenzie et al., 2006). This dissertation placed an emphasis on analysing

the data using different combinations of surveys and sites studied. A summary of the data

structures (the number of sites and surveys in the study design) is provided by Table 3.4.

Species
(Seasonal)
Surveys

Common
Sites

Intermediate
Sites

All
Sites

Myna
10 775 1918 6911
50 775 1918 6911

Mallard
10 858 2240 7041
50 858 2240 7041

Table 3.4: Summary of the six different data structures per species
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The investigation of the different study designs began by defining a survey season as one

full year, from the start of January to the end of December, with no breaks between

seasons. The number of sites surveyed in a given season was split into three categories

based on the following criteria: ”Common Sites” included those sites surveyed every year

in the 10-year study period; ”Intermediate Sites” included those sites surveyed at least six

times in the 10 year study period; ”All Sites” included those sites surveyed at least once

in the 10-year study period. These three categories were further split into designs that

included seasonal detection histories with a maximum length of 10 or 50 per site.

Table 3.5 depicts the different covariate structures that were available for the dynamic

occupancy model fitting process.

Covariate structure Variable Description

Site-level

Latitude Geographic coordinate system (Y)
Longitude Geographic coordinate system (X)
Elevation Height above sea level
TreeCanopy Tree height
SoilPH pH of the surface soil
SurfaceTemp Temperature of the surface
Permanent Water Permanent water covering (%) pentad
Population.Density Population density
Avg.Temp Air temperature
Precipitation Rainfall
Soil.Moisture Soil moisture
Wind.Speed Wind speeds
Pressure Air pressure
NDVI Normalized difference vegetation index
Population Population count

Observation-level
lhours Log of total hours
ltotspp Log of total species
Season Season of survey

Yearly-site-level

Yearly Temp Yearly air temperature
Yearly Rain Yearly rainfall
Yearly Soil Yearly soil moisture
Yearly Wind Yearly wind speeds
Yearly Pressure Yearly air pressure
Yearly NDVI Yearly NDVI
Yearly Pop Yearly population count

Table 3.5: Covariates included in the dynamic occupancy model fitting process
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While the site-level and observation-level covariates were the same as those shown in Table

3.1, there was a new structure of interest when modelling dynamic processes. This was the

yearly-site-level covariate structure, which represented a set of measured covariates that

were recorded in each primary period for the 10 year study. While initial occupancy was

estimated as a function of the site-level covariates, the yearly-site-covariates were used to

estimate the vital rate parameters as well as the detectability of the target species.

The approach to modelling the dynamic occupancy models was implemented as a single-

stage approach based on the following steps. The covariates that described the occupancy

and detection processes, of the best fitting models produced from the static occupancy

models, were used to estimate the initial occupancy and detection parameters for the

dynamic models. The choice of colonization and extinction parameters were then eval-

uated using a hypothesis-driven modelling approach. These hypotheses were symmetric

in the sense that a potential covariate was considered to influence both colonization and

extinction and was expected to display opposing effects if the covariate was statistically

significant. The set of formulated hypotheses is provided for both the Myna (Tables 3.6)

and the Mallard (Table 3.7), respectively.

# Name Hypothesis Covariates 2

1 Temp.Rain.Urban

Dynamic population rates of

the Myna are primarily

governed by changes in

temperature, rainfall and population

Yearly Temp,

Yearly Rain,

Yearly Pop

2 Wet

Dynamic population rates of

the Myna are primarily

governed by changes in wet areas

Yearly Rain,

Yearly Soil

3 Environment

Dynamic population rates of

the Myna are primarily

governed by changes in

environmental factors

Yearly Soil,

Yearly NDVI

4 Humid.Urban

Dynamic population rates of

the Myna are primarily

governed by changes in

urban areas in humid climates

Yearly Pressure,

Yearly Pop

2The relevant covariates were fitted to estimate both vital rate parameters and did not include
any quadratic effects.
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5 Clim.Urban

Dynamic population rates of

the Myna are primarily

governed by changes in

a combination of climatic and

anthropogenic factors

Yearly Pressure

Yearly Temp,

Yearly Rain,

Yearly Pop

6 Clim.Urban.Wind

Dynamic population rates of

the Myna are primarily

governed by changes in

a combination of

climatic and anthropogenic factors

Yearly Pressure

Yearly Temp,

Yearly Rain,

Yearly Wind,

Yearly Pop

7 Env.Clim.Urban

Dynamic population rates of

the Myna are primarily

governed by changes in

a combination of

environmental,

climatic, and

anthropogenic factors

Yearly Pressure

Yearly Temp,

Yearly Rain,

Yearly Wind,

Yearly Pop,

Yearly Soil,

Yearly NDVI

Table 3.6: Dynamic occupancy model hypotheses for the Myna

# Name Hypothesis Covariates

1 Humid.Env

Dynamic population rates of

the Mallard are primarily

governed by changes in soil moisture,

temperature and rainfall

Yearly Soil,

Yearly Temp,

Yearly Rain

2 Weather

Dynamic population rates of

the Mallard are primarily

governed by changes in

weather patterns

Yearly Temp,

Yearly Rain,

Yearly Wind

3 Anthropogenic

Dynamic population rates of

the Mallard are primarily

governed by changes in

anthropogenic factors

Yearly Pop

39



3.3 Data Analysis Data and Methodology

4 Wetlands

Dynamic population rates of

the Mallard are primarily

governed by changes in

wetland biomes

Yearly Soil,

Yearly Pressure

5 Arid

Dynamic population rates of

the Mallard are primarily

governed by changes in

hot and dry climates

Yearly Temp,

Yearly NDVI

6 Wet.Urban

Dynamic population rates of

the Mallard are primarily

governed by changes in

urban areas with

wet weather conditions

Yearly Pop,

Yearly Soil,

Yearly Rain

7 Clim.Urban

Dynamic population rates of

the Mallard are primarily

governed by changes in climatic

and anthropogenic factors

Yearly Temp,

Yearly Rain,

Yearly Pressure,

Yearly Wind,

Yearly Pop,

Table 3.7: Dynamic occupancy model hypotheses for the Mallard

Model selection and goodness-of-fit

The assessment and validation of the dynamic model fit now utilised the method developed

by MacKenzie and Bailey (2004) in addition to the AIC statistic used for the static model

selection procedure. It is noted by Kéry and Chandler (2012) that the AIC statistic cannot

be used for model selection if missing values for yearly-site-covariates are present due to

the manner in which unmarked removes missing data. However, in this dissertation there

were no missing observations in the yearly-site-covariates, thus the AIC along with the

AIC weights were used to compute model fit.

The goodness-of-fit (GOF) of the selected best model was then computed using the chi-

square and parametric bootstrapping technique, as presented by MacKenzie and Bailey

(2004), using the algorithm described in Chapter 2 by Table 2.2. This approach allowed

for a formal statistical hypothesis test through the chi-square statistic in addition to the

calculation of an overdispersion parameter as a means of assessing the model fit.
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Chapter 4

Results
4.1 Exploratory data analysis

4.1.1 Exploration of the presence/absence data

The exploration of the data began with a simple summation of the applicable pentads in

the study region in terms of how they were distributed between provinces, provided by

Table 4.1.

Province Provincial Code Pentads

Eastern Cape EC 2255

Free State FS 1817

Gauteng GP 258

KwaZulu-Natal KZN 1293

Limpopo LP 1639

Mpumalanga MP 1004

North West NW 1411

Northern Cape NC 5182

Western Cape WC 1830

Total 16689

Table 4.1: Total number of applicable pentads in the study region by province.

This table indicates that there were 16, 689 pentads included in the study region that were

not evenly distributed across the relevant provinces. This was to be expected since the

pentads are of a uniform size, but the provinces differ in geographic size. As mentioned

in Chapter 3, the study regions for the different species were constrained based on an

investigation of a set of detection/non-detection maps provided by Figures 3.1 and A.1 in

conjunction with the yearly detections presented by Table 4.2.

An evaluation of this table suggested that while the Myna’s detections allowed for the

creation of a definitive provincial exclusion threshold, of at least 25 detections per province

per year, the Mallard’s threshold was not as easily defined. It could have been argued

that additional provinces may be excluded, however, the potential loss of information by
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excluding more regions than necessary was a cause for concern. It was thus assumed

that the presence of an area with comparatively infrequent detections was not expected

to create any problems with the observed results.

Detected

Mynas

Province
Total

EC FS G KZN L M NW NC WC

Year

2010 3 170 216 259 127 165 274 8 0 1222

2011 6 152 221 330 146 165 274 22 0 1316

2012 2 129 216 302 141 152 265 15 0 1222

2013 6 109 219 313 148 143 199 23 0 1160

2014 2 145 232 300 194 158 224 17 0 1272

2015 7 135 230 185 156 189 285 14 0 1201

2016 8 114 230 154 170 173 255 15 0 1119

2017 5 119 223 163 204 138 222 19 0 1093

2018 7 111 224 156 255 170 198 15 0 1136

2019 7 97 220 144 237 149 207 11 0 1072

Detected

Mallards

Province
Total

EC FS G KZN L M NW NC WC

Year

2010 3 8 27 9 2 10 10 2 38 109

2011 8 8 33 5 1 7 3 2 41 108

2012 8 6 27 7 1 4 7 0 41 101

2013 6 5 29 3 0 5 9 3 40 100

2014 4 4 33 6 0 6 13 2 36 104

2015 8 5 43 5 1 3 13 0 36 114

2016 6 5 36 4 1 3 14 0 34 103

2017 5 4 34 1 1 6 16 0 30 97

2018 7 4 34 1 0 3 12 0 28 89

2019 7 1 35 3 2 5 11 1 27 92

Table 4.2: Exploration of surveyed pentads and pentads with at least one observation
by province

Once the study regions were finalised, a naive evaluation of the yearly site-occupancy per

species was conducted to give some surface-level insight into the occupancy rates of these

species and is provided by Table 4.3.
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Year
Myna Mallard

Total At least one detection(%) Total At least one detection(%)

2010 3331 1211 (36.36%) 3725 102(2.74%)

2011 3100 1288 (41.55%) 3461 97 (2.80%)

2012 2963 1205 (40.67%) 3293 92 (2.79%)

2013 2663 1131 (42.47%) 2750 91 (3.31%)

2014 2833 1253 (44.23%) 2862 98 (3.42%)

2015 2757 1180 (42.80%) 2953 105(3.56%)

2016 2571 1096 (42.63%) 2966 96 (3.24%)

2017 2539 1069 (42.10%) 2864 91 (3.18%)

2018 2534 1114 (43.96%) 2614 82 (3.14%)

2019 2392 1054 (44.06%) 2594 82 (3.16%)

Table 4.3: Annually surveyed pentads per species

This table provides insight into the structure of the data for each species, in terms of the

total number of sites surveyed annually as well as the yearly proportion of sites with at

least one detection. It is evident that the number of sites surveyed varies by year and

there is no indication as to whether these surveyed sites were the same in each season.

This imbalance in the data, caused by differing levels of sampling effort per site in conjunc-

tion with a lack of a rigid study design by not sampling the same sites every season, will

not have an effect on a study pertaining to just one season. However, these differences (in

terms of both the number of sites sampled each season as well as the sampling effort per

site) will cause problems in the dynamic models if the data structure is not transformed

into a sensible study design (MacKenzie et al., 2017). Thus, the effect on the results caused

by changes to the extent of site overlap and the maximum number of surveys in a season

are explored later in this chapter.

Table 4.3 allows for a simple estimation of the species’ respective occupancy rates, by

dividing the number of sites at which at least one detection occurred by the total number

of sites surveyed in the corresponding year. These estimates suggest increasing and fairly

stable changes in the overall occupancy of the Mallard and also suggest that occupancy

has been increasing for the Myna since 2010, but it is hard to determine if these changes

are just stochastic variability. However, this type of occupancy estimate is naive and

inadequate, since it would provide no inference as to how occupancy varies within the

study region, ignores imperfect detection, nor would it provide any information relating
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to the factors affecting occupancy or the detectability of the species.

4.1.2 Exploration of the environmental covariates

The environmental covariates that were to be included in the model fitting process were

first investigated for potential multicollinearity through both an investigation of correlation

plots as well as a calculation of variance inflation factors (VIF) with a threshold value set

to six. Figure 4.1 provides the correlations for the set of measured covariates.

Figure 4.1: Correlation plot for the 2010 environmental covariates for which the filled
proportion of the pie charts denote the absolute correlation coefficient between 0 and 1.

This graphic depicts a few highly correlated variables. Those covariates displaying an

almost one-to-one correlation include: Pressure and Elevation; Population.Density

and Urban Cover; Population and Population.Density; in addition to Precipitation

and AET. An evaluation of these correlations together with the VIF scores, using a threshold

value of six, for the covariates corresponding to the years 2010, 2013, 2016 and 2019

suggested that the AET and Urban Cover variables were to be excluded from the study

since they had VIF scores exceeding the specified threshold. Seasonal Water was also

excluded from the study since it was more intuitive to use the Permanent Water covariate
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to represent bodies of water when the study was conducted at an annual rather than

seasonal scale.

Elevation displayed VIF scores exceeding six and displayed a high negative correlation to

Pressure, however, it was still included in the set of potential covariates. This is because

Elevation was a factor representing the natural environment of the site, while Pressure

was a factor representing the climate of a site. They were thus used in the formulation of

separate hypotheses for the occupancy models, but were never used in the same model.

Additionally, the Population.Density covariate was fitted to the static occupancy mod-

els, since it was only recorded for the year 2010, while the Population covariate was

used for the dynamic occupancy models. These covariates both acted as proxy variables

representing anthropogenic factors but were implemented in separate analyses to avoid

problems with multicollinearity. The correlations of all measured covariates did not sig-

nificantly differ between seasons, and the correlation plot corresponding to the final year

of the study is provided in the Appendices by Figure B.2 to substantiate this point.

(a) SoilPH (b) TreeCanopy

(c) Precipitation (d) SurfaceTemp

Figure 4.2: Mapped environmental covariates (2010)
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After the collinear predictors were removed, there were 13 potential covariates that were

included at some stage of the static or dynamic occupancy modelling process. Fig-

ure 4.2 provides four of these covariates from the candidate pool (SoilPH, TreeCanopy,

Precipitation and SurfaceTemp) for which the inconsistent measurement scales would

indicate different contributions to the estimated parameters if not transformed to a compa-

rable scale, and highlights the importance of standardising the predictors before conducting

any occupancy analysis. The remaining predictors not shown by this graphic similarly de-

pict contrasts in both spatial intensities and the measurement scales and an additional six

covariates are provided in the Appendices by Figure B.1 to support this statement.

4.2 Static occupancy models

4.2.1 Myna

Estimating detection

The results of the purely data-driven approach to modelling the covariates with the po-

tential to affect the Myna’s detectability, while no measured covariates are used for the

estimation of the occupancy probability, are tabulated and provided by Table 4.4 for which

the coefficients are given on the logit scale. Inference of the estimate of occupancy at this

stage is irrelevant but instructive points regarding the covariates can be made.

Parameter Estimate SE z P(> |z|) p-value

Occupancy (Ψ)

Intercept 0.31 0.06 5.45 5e-08 0.00

Detection (p)

Intercept 0.01 0.07 0.18 8.57e-01 0.86

lhours 0.11 0.04 2.57 1.00e-02 0.01

lhours2 -0.08 0.02 -3.16 1.57e-03 0.00

ltotspp 0.54 0.04 15.38 2.14e-53 0.00

ltotspp2 0.05 0.02 3.64 2.73e-04 0.00

SeasonSpring 0.38 0.08 4.98 6.20e-07 0.00

SeasonSummer 0.11 0.08 1.45 1.47e-01 0.15

SeasonWinter 0.26 0.08 3.24 1.21e-03 0.00

Population.Density 0.40 0.02 23.63 1.91e-123 0.00

NDVI -0.12 0.03 -3.66 2.52e-04 0.00

Table 4.4: Factors driving the Myna’s detectability
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The modelling process found all the potential covariates as significant for the estimation

of the detection probability. The relationships were mostly linear, but included quadratic

effects for both lhours and ltotspp. The inference pertaining to the lhours covariates

suggests that an increase in hours spent actively bird watching increases the likelihood of

observing the Myna but at a decreasing rate, while the estimates corresponding to the

ltotspp covariates suggest that an increase in the number of other species detected at a

given site during a sampling survey will increase the probability of detecting the Myna at

an increasing rate.

The Season factor variable set Autumn as the reference category, and found that surveys

conducted in the Spring and Winter seasons resulted in significantly different detection

probabilities compared to Autumn, while there was little difference between detections

in the Summer and Autumn seasons. In short, the Season variable suggests that the

detectability of the Myna differs based on the season during which a survey took place.

The Population.Density covariate acted as a proxy for urban environments and was

highly influential on the detectability of the Myna. The estimate suggests that an increase

in the population density at a site will increase the likelihood of detecting the Myna. This

finding supports the prior belief that an increase in the population density leads to a larger

proportion of potential birders, and thus a higher likelihood of species detection.

The final result pertaining to the detectability of the Myna relates to the NDVI covariate.

This covariate is an index of greenness where high values (1) represent areas with high

natural obscurity and low values (−1) represents bodies of water. The inference made

from this covariate indicates that the likelihood of detecting the Myna will decrease as

the NDVI value increases. This estimate is reasonable from an intuitive outlook since a

higher greenness index could potentially act as a proxy for thicker shrubbery which leads

to higher obscurity and lower visibility in an area.

Model selection procedure

The hypothesis-driven approach to modelling the occupancy of the Myna included eight

hypothesized models that utilised a combination of anthropogenic, environmental and

climatic factors. The model selection process considered all fitted models, however only

the top five candidate models are illustrated by Table 4.5.

The selection of the best fitting model was based on the AIC statistic, in conjunction

with the AIC weights, and found that the hypothesized model which best described the

occupancy of the Myna was Urban.Clim.Env. The best fitting hypothesized model in-

cluded linear and quadratic terms for: Pressure; SoilPH; SurfaceTemp; Precipitation;
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Wind.Speed and TreeCanopy, in addition to a linear term for the Population.Density

covariate.

Hypothesis K AIC ∆AIC AICWt Log-Likelihood

Urban.Clim.Env 24 10026.20 0.00 1.00 -4989.10

Urban.Clim.Windy 20 10178.31 152.12 0.00 -5069.16

Urban.Clim.NoWind 19 10253.69 227.50 0.00 -5108.85

Urban 12 10477.83 451.63 0.00 -5226.91

Climate 19 10623.72 597.53 0.00 -5292.86

Table 4.5: Static model selection procedure: Myna

Model estimates

The estimates of the model which best describes the occupancy and detection probability

of the Myna is provided by Table 4.6. This hypothesized model included a few insignificant

terms, namely the quadratic term of Pressure, both terms relating to Precipitation,

the linear term of Wind.Speed as well as both terms relating to TreeCanopy. The results

of this table indicate that the estimated occupancy parameter is significantly influenced

by the linear effects of the Pressure and Population.Density covariates, as well as the

nonlinear effects of the SoilPH, SurfaceTemp and Wind.Speed covariates.

Parameter Estimate SE z P(> |z|) p-value

Occupancy (ψ)

Intercept 1.10 0.28 3.97 7.10e-05 0.00

Pressure -0.82 0.18 -4.72 2.35e-06 0.00

Pressure2 0.11 0.08 1.47 1.42e-01 0.14

SoilPH -2.42 0.24 -10.04 1.04e-23 0.00

SoilPH2 -0.96 0.14 -6.75 1.52e-11 0.00

SurfaceTemp 0.90 0.29 3.13 1.72e-03 0.00

SurfaceTemp2 -0.49 0.14 -3.63 2.83e-04 0.00

Precipitation -0.06 0.38 -0.16 8.75e-01 0.88

Precipitation2 -0.18 0.13 -1.39 1.66e-01 0.17

Wind.Speed -0.38 0.27 -1.43 1.52e-01 0.15

Wind.Speed2 -0.76 0.16 -4.68 2.88e-06 0.00

TreeCanopy 0.31 0.20 1.54 1.24e-01 0.12

TreeCanopy2 -0.12 0.08 -1.63 1.03e-01 0.10

Population.Density 9.50 1.05 9.06 1.30e-19 0.00
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Detection (p)

Intercept 0.09 0.07 1.38 1.68e-01 0.17

lhours 0.07 0.04 1.65 9.93e-02 0.10

lhours2 -0.05 0.02 -2.29 2.22e-02 0.02

ltotspp 0.53 0.03 15.23 2.35e-52 0.00

ltotspp2 0.05 0.01 3.20 1.39e-03 0.00

SeasonSpring 0.40 0.08 5.22 1.79e-07 0.00

SeasonSummer 0.14 0.08 1.80 7.23e-02 0.07

SeasonWinter 0.26 0.08 3.31 9.38e-04 0.00

NDVI -0.15 0.03 -4.45 8.67e-06 0.00

Population.Density 0.36 0.02 22.87 8.70e-116 0.00

Table 4.6: Static occupancy model estimates: Myna

The majority of these estimated coefficients are reasonable on the logit scale, however, the

coefficient corresponding to the Population.Density term used to estimate the occupancy

probability is notably large. This coefficient would suggest that the Myna’s occupancy

probability is essentially equal to one at a site if there is a value for this covariate larger than

zero, regardless of the scale. This possibly represents a situation of complete separation,

which occurs commonly in logistic regression, where the continuous predictor variable

separates the dichotomous response completely (Mansournia et al., 2018). This coefficient

depicts a comparatively large standard error and is likely to be inflated due to the selection

of the study region, yet, the result supports the literature which would suggest that Mynas

are highly adaptable to urban environments. Thus, although this coefficient is questionably

high (Szumilas, 2010), it is still a significant result which follows from what was expected

based on the literature. This covariate indicates that, within the study region, any measure

of Population.Density will result in an almost certainty that the Myna occupies the site.

A set of graphics that illustrate the fitted relationships between these covariates and the

probability of occupancy is provided by Figure 4.3. Albeit conservative inference must be

made for those insignificant fitted covariates, these relationships indicate that an increase

in the measured SurfaceTemp and Population.Density covariates lead to increases (of

varying degrees) in the likelihood of Myna occupancy, while an increase in the measured

Precipitation covariate results in a potential decrease in this occupancy probability.

Further, an increase in the measured SoilPH, Wind.Speed and TreeCanopy covariates will

initially increase the probability of occupancy until a point of inflection, which occurs at

the means of both the SoilPH and Wind.Speed covariates and between 1 to 2 standard
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deviations above the mean of the TreeCanopy covariate respectively, beyond which an

increase in the measured covariate leads to a decrease in the Myna’s occupancy probability.

(a) Myna Pressure (b) Myna Soilph

(c) Myna Temp (d) Myna Precipitation

(e) Myna WindSpeed (f) Myna TreeCanopy

(g) Myna PopDens

Figure 4.3: Plot of static occupancy fitted relationships: Myna
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The covariates used to estimate the detection probability portray the same signs and

similar inference as that described using the results of Table 4.4. A key difference is that

the lhours linear term is now statistically insignificant, although its quadratic term is

still significant, which is reflected by the horizontal fitted relationship observed between

the lhours covariate and the estimated probability of detection. Additionally, these fitted

relationships are congruent to the estimated detection probabilities of Table 4.6 and show

that there is no observable difference between detectability and Season.

(a) Myna lhours (b) ltotspp Myna

(c) Myna PopDens (d) Myna NDVI

Figure 4.4: Plot of static detection fitted relationships: Myna

The equations to formally define the static occupancy model in 2010 for the Myna are

expressed in terms of the estimated occupancy and detection parameters as follows:

logit (ψi) = 1.10− 0.82 (Pressurei) + 0.11
(
Pressure2i

)
− 2.42 (SoilPHi)− 0.96

(
SoilPH2i

)
+ 0.90 (SurfaceTempi)− 0.49

(
SurfaceTemp2i

)
− 0.06 (Precipitationi)− 0.18

(
Precipitation2i

)
− 0.38 (Wind.Speedi)− 0.76

(
Wind.Speed2i

)
+ 0.31 (TreeCanopyi)− 0.12

(
TreeCanopy2i

)
+ 9.50 (Population.Densityi)

(4.1)
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logit (pij) = 0.09 + 0.07 (lhoursij)− 0.05
(
lhours2ij

)
+ 0.53

Ä
ltotsppij

ä
+ 0.05

Ä
ltotspp2ij

ä
+ 0.40

Ä
SeasonSpringij

ä
+ 0.14 (SeasonSummerij)

+ 0.26 (SeasonWinterij)− 0.15 (NDVIi)

+ 0.36 (Population.Densityi)

for i = 1, 2, . . . , 3331

j = 1, 2, . . . , 146.

(4.2)

Assessment of model fit

The evaluation of the static occupancy model’s goodness-of-fit was assessed via the plotting

of the observed and predicted occupancy maps. These graphics are provided by Figure 4.5

for which the top image illustrates the observed occupancy, which was extracted using the

results of the presence/absence data based on the 2010 surveys, where the orange crosses

denote no detections and the red crosses denote at least one detection of the Myna at a

particular site. The predicted occupancy for the Myna is provided by the lower image,

derived from the estimates of the best fitting model (Table 4.6), where navy blue denotes

low predicted occupancy while light blue denotes high predicted occupancy.

Figure 4.5: Predicted and observed occupancy maps: Myna
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This graphic illustrates that the chosen model provides an adequate fit to the data since

detections of the Myna are superimposed on areas with high predicted occupancies. Sim-

ilarly, areas with no detections are generally superimposed on low predicted occupancies.

An important aspect of this map that is worth discussion is the effect on the predicted

occupancies due to the large Population.Density coefficient. The isolated areas with

high predictions of occupancy, that are surrounded by low occupancy predictions, are the

result of this large coefficient. These light blue points represent areas that are unlikely to

provide natural habitats suitable for the Myna but the presence of people in these areas,

and by proxy urban environments with houses and buildings in which the Myna may create

dwellings, result in a high predicted occupancy of the Myna.

However, it is also possible that these sites do provide a suitable habitat for the Myna

to occupy, and these isolated areas with high predictions of occupancy may simply not

be visited in the sampling period or depict instances of false negatives in the cases where

they are surveyed at least once during the year. Despite this somewhat undesirable trait,

it is reasonable to conclude that the model fitted to represent the occupancy of the Myna

provides a decent description of the data at this stage of the analysis.

4.2.2 Mallard

Estimating detection

The same data-driven approach, that was applied to determine the significant covariates

affecting the Myna’s detection probability, was applied to ascertain the factors affecting

the Mallard. This approach was identical in the sense that no covariates were fitted to

model the occupancy parameter and the same set of candidate variables were included to

model the detection probability on the logit scale, however, the findings were not the same

and are presented by Table 4.7.

The modelling process found the linear term of lhours to be insignificant in driving the

detection probability of the Mallard. However, since the quadratic term is significant,

the linear lhours term is not removed from the model. The significant and positive

ltotspp linear term indicates that the probability of detecting the Mallard increases if

there is an increased number of other species observed at the surveyed site. The quadratic

term is insignificant and was removed before conducting the hypothesis-driven approach

to modelling occupancy. Therefore, it can be concluded that the relationship between

ltotspp and the Mallard is a linear one.
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Parameter Estimate SE z P(> |z|) p-value

Occupancy process

Intercept -1.97 0.13 -14.8 9.28e-50 0.00

Detection process

Intercept -2.18 0.16 -13.46 2.67e-41 0.00

lhours 0.11 0.09 1.26 2.08e-01 0.21

lhours2 0.14 0.05 3.11 1.90e-03 0.00

ltotspp 0.44 0.08 5.32 1.02e-07 0.00

totspp2 -0.01 0.05 -0.12 9.07e-01 0.91

SeasonSpring -0.15 0.16 -0.99 3.59e-01 0.36

SeasonSummer -0.42 0.17 -2.44 1.46e-02 0.02

SeasonWinter 0.26 0.16 1.63 1.03e-01 0.10

Population.Density 0.05 0.05 1.14 1.27e-01 0.13

NDVI -0.19 0.08 -2.40 1.66e-02 0.02

Table 4.7: Factors driving the Mallard’s detectability

The Season factor variable would suggest that there is a significant difference in the

detectability of the Mallard between the Autumn and Summer seasons, albeit there is

no difference in the Mallard’s detectability between Autumn and Winter or Autumn and

Spring. Since there is still some significance between the levels of this factor variable, it

was not removed from the model prior to the modelling of the occupancy parameter.

Although the Population.Density covariate would indicate that an increase in the popu-

lation density at a site potentially increases the likelihood of detecting the Mallard, it was

removed from the model due to its statistical insignificance. However the NDVI estimate

was found to be significant and suggests that an increase in the greenness of an area leads

to a decrease in the detectability of the Mallard.

Model selection procedure

The hypothesis-driven approach to modelling the occupancy of the Mallard included a set

of 10 hypothesized models each representing a combination of anthropogenic, climatic and

environmental factors. The top five candidate models selected using the AIC statistic,

together with the AIC weights, are provided by Table 4.8.
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Hypothesis K AIC ∆AIC AICWt Log-Likelihood

Urban.Water.Env.Clim 17 2604.96 0.00 0.77 -1285.48

Urban.Climate 18 2608.38 3.41 0.14 -1286.19

Urban.Env.Clim 18 2609.29 4.33 0.09 -1286.64

Urban.Env 17 2647.21 42.25 0.00 -1306.60

Urban 10 2669.69 64.73 0.00 -1324.85

Table 4.8: Static model selection procedure: Mallard

This table indicates that the difference between the AIC scores were smaller and the

AIC weights were more widely dispersed between the top five hypothesized models in

comparison to the best models selected for the Myna. However, the model reflecting the

Urban.Water.Env.Clim hypothesis was selected as the best fitting since it has the lowest

AIC statistic, highest AIC weighting, and the fewest parameters. This hypothesis included

linear and quadratic terms for SoilPH, SurfaceTemp and Precipitation, and linear terms

for the Permanent Water and Population.Density covariates.

Model estimates

The estimates for the model that best describes the occupancy and detection probabilities

of the Mallard is provided by Table 4.9. The fitted covariates are all statistically signif-

icant barring the linear term corresponding to the lhours covariate and the quadratic

term relating to Precipitation. The results of this table suggest that the Mallard’s esti-

mated occupancy is influenced by the nonlinear effects of SoilPH and SurfaceTemp as well

as the linear effects of the Precipitation, Permanent Water and Population.Density

covariates.

Parameter Estimate SE z P(> |z|) p-value

Occupancy (ψ)

Intercept -4.20 0.46 -9.23 2.59e-20 0.00

SoilPH -2.97 0.88 -3.38 7.28e-04 0.00

SoilPH2 -1.36 0.46 -2.96 3.05e-03 0.00

SurfaceTemp -1.92 0.42 -4.59 4.35e-06 0.00

SurfaceTemp2 -0.91 0.28 -3.32 9.02e-04 0.00

Precipitation -0.71 0.24 -2.91 3.63e-03 0.00

Precipitation2 0.15 0.13 1.16 2.46e-01 0.25

Permanent Water 0.14 0.06 2.40 1.63e-02 0.02

Population.Density 0.45 0.06 7.68 1.60e-14 0.00
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Detection (p)

Intercept -1.82 0.13 -14.19 1.00e-45 0.00

lhours 0.04 0.09 0.48 6.30e-01 0.63

lhours2 0.17 0.05 3.64 2.68e-04 0.00

ltotspp 0.45 0.08 5.67 1.44e-08 0.00

SeasonSpring -0.18 0.16 -1.14 2.54e-01 0.25

SeasonSummer -0.45 0.17 -2.65 8.08e-03 0.00

SeasonWinter 0.22 0.16 1.40 1.61e-01 0.16

NDVI -0.20 0.08 -2.63 8.58e-03 0.00

Table 4.9: Static occupancy model estimates: Mallard

(a) Mallard SoilPH (b) Mallard SurfaceTemp

(c) Mallard Precipitation (d) Mallard Water

(e) Mallard PopDens

Figure 4.6: Plot of static occupancy fitted relationships: Mallard
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These estimates (in conjunction with the fitted relationships provided by Figure 4.6) are

indicative that an increase in either Permanent Water or Population.Density will result

in increases of varying degrees to the occupancy probability of the Mallard while an in-

crease in Precipitation will lead to a decrease in the probability of Mallard occupancy.

Further, considering the significant quadratic terms, it is apparent that an increase in

either SurfaceTemp or SoilPH will initially result in increases in the occupancy probabil-

ity, until a point beyond which an increase in either of these covariates will decrease the

Mallard’s occupancy probability.

An important aspect of this model worth discussion is that the observed coefficient for the

Population.Density covariate is not as extreme as that observed in Table 4.6. Since the

estimate is considered reasonable (Szumilas, 2010) for the Mallard’s model but unusually

large for the Myna’s model, this would suggest that nearly all urban areas within the

Myna’s study region were occupied by the Myna and resulted in a case of complete sep-

aration (Mansournia et al., 2018). Therefore, if the Western Cape or Eastern Cape were

included in the Myna’s study region, hence introducing metropolitan areas in the form of

Cape Town and Gqeberha where there are little to no Myna sightings, then it is expected

that the Population.Density coefficient would shrink drastically.

(a) Mallard lhours (b) ltotspp Mallard

(c) Mallard NDVI

Figure 4.7: Plot of static detection fitted relationships: Mallard
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The detection covariates in the full model present the same signs and result in the same

inference as drawn from Table 4.7. These graphics support the findings that: lhours has

no influence in the estimated detectability of the Mallard; the relationship between the

Mallard’s detectability and ltotspp is positive; while the detectability of the Mallard will

decrease as the average greenness (NDVI) of a given pentad increases.

With these results in mind, the equations to formally define the Mallard’s static occupancy

model for 2010 are expressed in terms of the occupancy and detection probabilities as:

logit (ψi) = −4.20− 2.97 (SoilPHi)− 1.36
(
SoilPH2i

)
− 1.92 (SurfaceTempi)− 0.91

(
SurfaceTemp2i

)
− 0.71 (Precipitationi) + 0.15

(
Precipitation2i

)
+ 0.14 (Permanent Wateri) + 0.45 (Population.Densityi)

(4.3)

logit (pij) = −1.82 + 0.04 (lhoursij) + 0.17
(
lhours2ij

)
+ 0.45

Ä
ltotsppij

ä
− 0.18

Ä
SeasonSpringij

ä
− 0.45 (SeasonSummerij) + 0.22 (SeasonWinterij)

− 0.20 (NDVIi)

for i = 1, 2, . . . , 3725

j = 1, 2, . . . , 146.

(4.4)

Assessment of model fit

The assessment of the model goodness-of-fit through the evaluation of the observed and

predicted occupancy maps for the Mallard in 2010 is provided by Figure 4.8. This graphic

includes the same features as that described for the plotted map of the Myna’s occupancy

(Figure 4.5) and suggests that the chosen model provides an adequate fit to the data since

detections of the Mallard are at the pentads corresponding to high predicted occupancies.

Similarly, areas with no detections correspond to areas with low predicted occupancies.

These maps would suggest that the Mallard is an infrequently observed species and the

only site-level covariates, from the pool of potential variables included in the analysis, that

seem to have an influence on occupancy are Permanent Water and Population.Density.

This implies one of two things: either the Mallard’s occupancy is only positively influenced

by these two covariates; or there is one or more key variables missing from the model that

would be significant in predicting their occupancy. Nonetheless, the results of these maps

provide evidence that the fitted static occupancy model is able to adequately describe the
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data in terms of both the occupancy and detection parameters of the Mallard.

Figure 4.8: Predicted and observed occupancy map: Mallard

4.3 Dynamic occupancy models

4.3.1 Myna

Model selection procedure

The dynamic occupancy modelling of the Myna made use of the results extracted from

the static occupancy modelling process, via the covariates fitted to describe occupancy

and detectability in the best fitting static model (Table 4.6), to model the occupancy

and detection components of the dynamic models. The only noticeable difference in these

covariates is that the static measurements for the Population and NDVI variables were

substituted for their yearly counterparts.

The hypothesis-driven approach to modelling the vital rate parameters included a candi-

date set of seven formulated hypotheses that were symmetric in the sense that a covariate

was used to estimate both the colonization and extinction parameters in the same dynamic

model. These hypotheses were fitted to the six different data structures and the five best

fitting models for each structure, based on the AIC statistic and the AIC weights, are

provided by Table 4.10.
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Structure Hypothesis K AIC ∆AIC AICWt

Env.Clim.Urban

(Env.Clim.Urban)
40

38149.66

(73107.00)

0.00

(0.00)

1

(1)

Clim.Urban.Wind

(Clim.Urban.Wind)
36

38174.07

(73132.68)

24.41

(25.68)

0.00

(0.00)

Clim.Urban

(Clim.Urban)
34

38288.31

(73231.83)

138.65

(124.83)

0.00

(0.00)

Humid.Urban

(Humid.Urban)
30

38302.28

(73247.81)

152.62

(140.81)

0.00

(0.00)

Common10

(Common50)

Temp.Rain.Urban

(Temp.Rain.Urban)
32

38327.12

(73272.52)

177.46

(165.52)

0.00

(0.00)

Env.Clim.Urban

(Env.Clim.Urban)
40

57985.38

(94861.05)

0.00

(0.00)

1

(1)

Clim.Urban.Wind

(Clim.Urban.Wind)
36

58049.45

(94915.91)

64.08

(54.86)

0.00

(0.00)

Clim.Urban

(Clim.Urban)
34

58147.74

(95062.46)

162.37

(201.42)

0.00

(0.00)

Humid.Urban

(Humid.Urban)
30

58256.17

(95167.08)

270.79

(306.03)

0.00

(0.00)

Intermediate10

(Intermediate50)

Temp.Rain.Urban

(Temp.Rain.Urban)
32

58316.31

(95226.60)

330.93

(365.55)

0.00

(0.00)

Env.Clim.Urban

(Env.Clim.Urban)
40

72811.30

(110430.60)

0.00

(0.00)

1

(1)

Clim.Urban.Wind

(Clim.Urban.Wind)
36

72899.43

(110520.50)

88.14

(89.91)

0.00

(0.00)

Clim.Urban

(Clim.Urban)
34

72979.98

(110570.40)

168.68

(139.75)

0.00

(0.00)

Humid.Urban

(Humid.Urban)
30

73198.62

(110814.8)

387.32

(384.20)

0.00

(0.00)

All10

(All50)

Temp.Rain.Urban

(Temp.Rain.Urban)
32

73237.00

(110858.1)

425.70

(427.48)

0.00

(0.00)

Table 4.10: Dynamic model selection procedure: Myna

These results suggest that, from the set of hypothesized models, the best fitting model

(Env.Clim.Urban) does not change if the structure of the data is altered in terms of the

total number of visited sites. Similarly, for the structures with the same number of visited
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sites, an increase in the maximum length of the detection history from 10 to 50 does not

affect the model selection outcome.

Assessment of model fit

The goodness-of-fit of the Env.Clim.Urban model was then evaluated via the chi-square

statistic described by Table 2.2, using each of the six data structures, for which the sum-

marized results are provided below by Table 4.11. The mean bootstrapped chi-square

statistic (χ̃2
B) was calculated for each structure using 2000 simulations (nsim) with run

times varying from 27 to 330 hours. The All50 structure was only bootstrapped for 100

simulations, since the computational burden to run this test was extremely high, and

extrapolating the run time of the All10 structure would indicate that it would take sig-

nificantly longer than 330 hours to complete the All50 test. The results pertaining to the

All50 structure are simply provided to indicate that from no more than 100 simulations

the test starts to indicate that the model does not provide a good fit to the data.

The null hypothesis corresponding to the chi-square statistic (the model provides an ad-

equate fit to the data) is rejected for every data structure when implementing a signifi-

cance level of 5%, however, the overdispersion estimates for the three data structures with

seasonal detection histories of max length 10 per site are not unreasonable as they are

estimated to be 2.29, 2.26 and 2.29, respectively. The estimates associated with seasonal

detection histories of maximum length 50 are significantly higher and show that these best

fitting models do not provide a good fit to the observed data.

Structure χ2
O χ̃2

B ĉ p-value nsim
Run time

(hours)

Common10 46557.35 20300.92 2.29 0.01 2000 27

Intermediate10 45924.63 20282.86 2.26 0.01 2000 45

All10 46452.02 20267.29 2.29 0.02 2000 330

Common50 2.66e+18 1.68e+16 158.26 0.00 2000 48

Intermediate50 1.09e+18 1.80e+16 60.49 0.00 2000 123

All50 6.96e+17 1.66e+16 42 0.00 100 68

Table 4.11: Dynamic model goodness-of-fit: Myna

The results of Table 4.11 suggest that, if the length of the detection history is increased, the

same hypothesized model is unable to capture the variability in the detections and results

in markedly different conclusions about the model’s goodness-of-fit. Further analysis was
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conducted for the All10 data structure since it included the most sites (thus the most

information) from the three structures with reasonable dispersion parameters. The model

selection procedure was repeated using the Quasi-AIC (QAIC) statistic to account for the

overdispersed data but did not chose a model different to the one previously selected. The

results corresponding to this procedure can be found in the Appendices by Table B.1.

Model estimates

The standard errors corresponding to the estimates of the Env.Clim.Urban model were

adjusted upwards to account for the measured overdispersion. For the purposes of further

evaluating the potential difference in estimated coefficients, caused by altering the data

structures, the parameter coefficients for the Common10 (C10) and Intermediate10 (I10)

are included adjacent to the coefficients, standard errors, z-scores and p-values relating to

the All10 (A10) data structure, provided by Table 4.12.

The (initial) occupancy parameter is estimated for the year 2010 and, although additional

sites that were not surveyed at all in the first study year were included in the estimation

of occupancy, the same covariates were found to be statistically significant. The only

notable exception was the SurfaceTemp covariate, which was previously significant but

found to be insignificant in the dynamic modelling process, but could likely just be due

to the inflation of the standard errors. The increase in the number of sites visited gives

inconclusive results pertaining to the occupancy parameter as no definitive pattern can be

observed in the coefficients.

Parameter
Estimate

SE z p-value
C10 I10 A10

Occupancy (ψ1)

Intercept ( 1.29) ( 1.49) 1.39 0.40 3.46 0.00

Pressure (-1.15) (-0.85) -0.69 0.24 -2.93 0.00

Pressure2 ( 0.07) (-0.03) 0.20 0.11 1.85 0.06

SoilPH (-3.22) (-2.58) -2.39 0.32 -7.53 0.00

SoilPH2 (-1.87) (-1.17) -1.11 0.19 -5.97 0.00

SurfaceTemp ( 1.17) ( 0.88) 0.59 0.38 1.57 0.12

SurfaceTemp2 (-0.33) (-0.45) -0.65 0.20 -3.31 0.00

Precipitation ( 2.19) ( 0.56) 0.16 0.50 0.33 0.74

Precipitation2 (-0.73) (-0.35) -0.34 0.18 -1.88 0.06

Wind.Speed (-0.34) ( 0.07) -0.75 0.38 -1.98 0.05

Wind.Speed2 (-0.94) (-0.77) -0.99 0.24 -4.17 0.00

TreeCanopy ( 0.35) ( 0.49) 0.63 0.25 2.54 0.01
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TreeCanopy2 (-0.03) (-0.19) -0.25 0.09 -2.71 0.01

Population.Density (14.31) ( 7.77) 13.16 2.08 6.32 0.00

Colonization (γ)

Intercept (-1.41) (-2.31) -2.94 0.16 -18.68 0.00

Yearly Pressure (-0.89) (-1.02) -0.79 0.15 -5.31 0.00

Yearly Temp ( 1.04) ( 1.03) 0.97 0.14 6.73 0.00

Yearly Rain ( 0.04) ( 0.35) 0.43 0.12 3.69 0.00

Yearly Wind ( 0.88) ( 0.42) 0.37 0.10 3.66 0.00

Yearly Pop ( 0.35) ( 0.42) 0.58 0.21 2.81 0.00

Yearly Soil (-0.06) (-0.11) -0.03 0.07 -0.47 0.63

Yearly NDVI ( 0.41) ( 0.20) 0.39 0.12 3.38 0.00

Extinction (ϵ)

Intercept (-2.73) (-2.11) -2.17 0.19 -11.64 0.00

Yearly Pressure ( 0.83) ( 0.90) 0.99 0.16 6.34 0.00

Yearly Temp (-0.40) (-0.47) -0.70 0.17 -4.14 0.00

Yearly Rain ( 0.05) (-0.24) -0.31 0.15 -2.10 0.04

Yearly Wind (-0.63) (-0.13) -0.28 0.13 -2.18 0.03

Yearly Pop (-1.81) (-3.00) -2.45 0.40 -6.21 0.00

Yearly Soil ( 0.29) ( 0.40) 0.38 0.08 5.00 0.00

Yearly NDVI ( 0.00) ( 0.12) 0.12 0.11 1.14 0.25

Detection (p)

Intercept ( 0.42) ( 0.39) 0.33 0.04 9.24 0.00

lhours (-0.07) (-0.06) -0.07 0.02 -3.44 0.00

lhours2 (-0.06) (-0.06) -0.06 0.01 -5.09 0.00

ltotspp ( 0.19) ( 0.24) 0.27 0.02 12.22 0.00

ltotspp2 ( 0.02) ( 0.01) 0.01 0.01 1.86 0.07

SeasonSpring (-0.05) (-0.03) 0.01 0.04 0.18 0.84

SeasonSummer ( 0.02) ( 0.02) 0.04 0.04 1.00 0.31

SeasonWinter (-0.02) ( 0.01) 0.02 0.04 0.37 0.73

Yearly NDVI (-0.04) (-0.06) -0.05 0.02 -2.67 0.01

Yearly Pop ( 0.24) ( 0.25) 0.26 0.01 25.44 0.00

Table 4.12: Dynamic occupancy model estimates: Myna

The increase in total sites does not result in an observable difference in the estimates

relating to the detection probability. This is to be expected since the detection histories
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are the same length for the three data structures and an increase in surveyed sites is

unlikely to alter the estimated detection probability of the Myna at a given site but could

possibly affect its precision.

Regarding the estimation of the vital rate parameters, all covariates used to estimate the

probability of colonization in this model are statistically significant apart from Yearly Soil

and the same covariates used to estimate (local) extinction are statistically significant bar-

ring Yearly NDVI. Since these covariates are symmetric it would be reasonable to assume

that the signs of the estimates will oppose one another for the different processes if the

covariate is truly significant. This assumption is based on the rationale that, for a hypo-

thetical increase in a covariate, if the probability of colonizing a site increases, it should

decrease the probability of extinction at that same site. The results of the table would

suggest that this is indeed the case for the Yearly Pressure, Yearly Temp, Yearly Rain,

Yearly Wind, and Yearly Pop covariates since these estimates are both statistically sig-

nificant and have opposing signs for the different processes.

These results indicate that an increase in the annual air pressure (Yearly Pressure) at

a particular site is likely to decrease the likelihood of the Myna colonizing that site and

increase its probability of extinction. By contrast, an increase in the annual temperature

(Yearly Temp), precipitation (Yearly Rain), wind speed (Yearly Wind) or population

(Yearly Pop) at a given site is expected to increase the probability of the Myna colonizing

that site and decrease its probability of extinction. The fitted covariate relationships,

which are generated by holding all other variables constant and show the yearly average

probability across all sites for both the colonization and extinction parameters, can be

found as Figures 4.9 and 4.10 on the subsequent pages.

There seems to be little variation in the estimates between the different data structures

which suggests that, assuming the length of the detection histories remain constant, an

increase in the number of visited sites does not markedly influence the model estimates.

The estimates for the vital rate parameters relating to the A10 data structure can be

formally expressed as:

logit (γit−1) = −2.94− 0.79 (Yearly Pressureit) + 0.97 (Yearly Tempit)

+ 0.43 (Yearly Rainit) + 0.37 (Yearly Windit)

+ 0.58 (Yearly Popit)− 0.03 (Yearly Soilit)

+ 0.39 (Yearly NDVIit)

(4.5)
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logit (ϵit−1) =− 2.17 + 0.99 (Yearly Pressureit)− 0.70 (Yearly Tempit)

− 0.31 (Yearly Rainit)− 0.28 (Yearly Windit)

− 2.45 (Yearly Popit) + 0.38 (Yearly Soilit)

+ 0.12 (Yearly NDVIit)

for i = 1, 2, . . . , 6911

t = 2, 3, . . . , 10.

(4.6)

(a) Colonization (Pressure) (b) Extinction (Pressure)

(c) Colonization (Temperature) (d) Extinction (Temperature)

(e) Colonization (Precipitation) (f) Extinction (Precipitation)

Figure 4.9: Fitted relationships of dynamic occupancy vital rates: Myna (Part 1)
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(a) Colonization (Wind) (b) Extinction (Wind)

(c) Colonization (Population) (d) Extinction (Population)

(e) Colonization (Soil Moisture) (f) Extinction (Soil Moisture)

(g) Colonization (NDVI) (h) Extinction (NDVI)

Figure 4.10: Fitted relationships of dynamic occupancy vital rates: Myna (Part 2)
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In addition to evaluating the estimated model coefficients, which do not display distinct

trends between the various data structures, it is worth investigating how the precision of

the estimate is influenced when the degree of temporal overlap (total number of surveyed

sites) is altered and the maximum length of the detection history is set to 10.

Figure 4.11 illustrates the (logit) standard errors of every covariate used in the estimation

of the four model parameters whereby the index of 1-14, 15-22, 23-30 and 31-40 represent

the covariates used to estimate the initial occupancy (ψ1), colonization (γ), local extinction

(ε) and detection parameter (p), respectively.

Figure 4.11: Precision of the estimate (Myna)

The trend observed within these standard errors across each estimated parameter is that

the precision of the estimate is higher when the degree of temporal overlap is larger. Based

on this result it can be concluded that, while holding the maximum length of the detection

history constant, an increase in the number of sites included in the study will result in an

increase in the precision of the estimate.

The variation between the different structure’s estimated standard errors is largest for

the initial occupancy parameter and smallest for the detection parameter. Further, the
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large spike observed in the standard error corresponding to the 14th fitted covariate

(Population.Density) would suggest that, albeit the model indicates that the covari-

ate is important in the estimation of initial occupancy, the high variation within this

estimate advocates for conservative inference if the estimated coefficient is to be used in

any real decision-making process.

The Myna’s predicted (derived) occupancy across the study region over the 10-year period

is provided by Figure 4.12 and indicates that the target species’ distribution is expanding

over time. This graphic would suggest that the probability of the Myna’s occupancy within

the study region is predicted to increase from approximately 47% in 2010 to 50% in 2019,

and that the variation in the estimated yearly occupancy (vertical lines) fluctuates by

roughly 1-2%.

Figure 4.12: Myna’s predicted occupancy for the study period 2010-2019

A comparison of this plot to the naive occupancy rates provided by Table 4.3 would suggest

that the fitted dynamic model predicts approximately the same occupancy each year for

the study region. The naive estimates showed a general increase in the Myna’s yearly

predicted occupancy, and the dynamic model was also able to uncover a slight expansion

in the species range with the help of the information provided by the fitted covariates.
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4.3.2 Mallard

Model selection procedure

The dynamic occupancy modelling of the Mallard similarly made use of the results ex-

tracted from the static occupancy models via the covariates fitted to describe the occu-

pancy and detection parameters in the best fitting static model (Table 4.8). Further,

the static Population and NDVI variables were treated the same as the Myna’s dynamic

models and were substituted for their yearly counterparts.

Structure Hypothesis K AIC ∆AIC AICWt

Clim.Urban

(Clim.Urban)
29

7564.26

(19678.87)

0.00

(0.00)

1

(1)

Wet.Urban

(Wet.Urban)
25

7583.47

(19704.51)

19.21

(25.64)

0.00

(0.00)

Anthropogenic

(Anthropogenic)
21

7584.82

(19712.08)

20.56

(33.21)

0.00

(0.00)

Humid.Env

(Humid.Env)
25

7614.30

(19729.59)

50.04

(50.72)

0.00

(0.00)

Common10

(Common50)

Weather

(Weather)
25

7614.53

(19732.65)

50.27

(53.78)

0.00

(0.00)

Clim.Urban

(Clim.Urban)
29

9201.22

(21543.37)

0.00

(0.00)

1

(1)

Wet.Urban

(Wet.Urban)
25

9215.39

(21565.65)

14.16

(22.28)

0.00

(0.00)

Anthropogenic

(Anthropogenic)
21

9217.22

(21570.25)

16.00

(26.88)

0.00

(0.00)

Wetlands

(Weather)

23

(25)

9257.75

(21601.23)

56.52

(57.85)

0.00

(0.00)

Intermediate10

(Intermediate50)

Weather

(Humid.Env)

25

(25)

9258.11

(21607.80)

56.89

(64.43)

0.00

(0.00)

Clim.Urban

(Clim.Urban)

29

(29)

9680.83

(22031.78)

0.00

(0.00)

1

(1)

Anthropogenic

(Wet.Urban)

21

(25)

9700.44

(22057.17)

19.60

(25.39)

0.00

(0.00)

Wet.Urban

(Anthropogenic)

25

(21)

9701.03

(22058.31)

20.19

(26.54)

0.00

(0.00)
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Weather

(Weather)
25

9740.21

(22094.46)

59.38

(62.68)

0.00

(0.00)

All10

(All50)

Humid.Env

(Humid.Env)
25

9747.22

(22108.76)

66.39

(76.98)

0.00

(0.00)

Table 4.13: Dynamic occupancy model selection procedure: Mallard

The approach to modelling the vital rate parameters was also symmetric and implemented

using a hypothesis-driven approach, for which seven hypotheses were formulated and fitted

to the same six data structures. The five best fitting models for each structure, based on

the AIC and weighted AIC selection criteria, is provided by Table 4.13.

The power of the model selection procedure to choose a common hypothesized model

(Clim.Urban) as the best fitting model for each structure was the same as observed for

the Myna. This indicates that the model selection procedure is unlikely to be affected by

an alteration to the degree of temporal overlap (in terms of both the number of sites as

well as the maximum length of the detection history) used in the study.

Assessment of model fit

The Clim.Urban model’s goodness-of-fit was subsequently assessed via the same methods

described for the Myna’s best fitting model but, as illustrated by Table 4.14, produces

fewer desirable results.

Structure χ̃2
O χ̃2

B ĉ P-value nsim
Run time

(Hours)

Common10 324089.3 20012.16 16.2 0 2000 3

Intermediate10 474614.7 20015.41 23.71 0 2000 40

All10 700496.6 20146.45 34.77 0 2000 300

Common50 1.99e+30 1.17e+16 1.70e+14 0 2000 50

Intermediate50 2.89e+30 5.25e+15 5.50e+14 0 2000 136

All50 3.57e+30 8.17e+14 4.37e+15 0 100 62

Table 4.14: Dynamic model goodness-of-fit: Mallard

This table depicts a situation whereby, regardless of the implemented structure, the

model’s goodness-of-fit is poor. The dispersion parameters are unreasonably large and

indicates that even the models corresponding to the data structures which restrict the
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maximum length of the detection histories to 10 seasonal surveys do not provide a reason-

able fit to the data. The All50 structure was again run using only 100 simulations as a

means of simply highlighting that, even for a relatively small number of simulations, this

structure’s model provides a poor fit to the data.

The p-values corresponding to the chi-square statistic indicate that the null hypothesis (of

an adequate model fit) for each structure is rejected and the lowest estimated dispersion

parameter is 16.2. This possibly signifies that one or more important predictors of occu-

pancy are missing from the model, or the closure assumption associated with the model

has been violated, and no firm conclusions can be made regarding the occupancy and range

dynamics of the Mallard. Such an ill-fitting model does not allow for informative inference

of the model estimates, yet the interpretations pertaining to the best fitting model are still

discussed after adjustment for the dispersion parameter is made. Although the caveat of

these interpretations is that they are extremely conservative and firm conclusions cannot

be drawn from the results.

Model estimates

The standard errors corresponding to the estimates of the hypothesized model were ad-

justed upwards to account for the estimated overdispersion. The estimates, standard

errors, z-scores and p-values associated with the All10 data structure’s best fitting model

(Clim.Urban) adjacent to the Common10 (C10) and Intermediate10 (I10) estimates, are

presented by Table 4.15 with the motivation of assessing the contrast in estimated coeffi-

cients when it is known that the model provides an acutely poor fit to the data.

Parameter
Estimate

SE z p-value
C10 I10 A10

Occupancy (ψ1)

Intercept (-4.44) (-5.19) -5.10 2.86 -1.79 0.07

SoilPH (-4.52) (-5.85) -5.01 5.67 -0.88 0.38

SoilPH2 (-1.84) (-2.53) -2.14 2.86 -0.75 0.45

SurfaceTemp (-1.70) (-1.82) -2.29 2.82 -0.81 0.42

SurfaceTemp2 (-1.35) (-1.22) -1.33 1.79 -0.74 0.46

Precipitation (-0.94) (-1.03) -1.04 1.22 -0.85 0.39

Precipitation2 ( 0.19) ( 0.15) 0.01 0.83 0.01 0.99

Permanent Water ( 0.21) ( 0.08) 0.08 0.26 0.32 0.75

Population.Density ( 0.28) ( 0.32) 0.36 0.34 1.06 0.29
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Colonization (γ)

Intercept (-3.74) (-4.22) -4.65 0.78 -5.97 0.00

Yearly Temp ( 0.23) ( 0.20) 0.13 1.05 0.13 0.90

Yearly Rain (-0.11) (-0.03) 0.13 0.63 0.20 0.84

Yearly Pressure (-0.55) (-0.49) -0.46 1.03 -0.44 0.66

Yearly Wind ( 0.40) ( 0.37) 0.37 0.81 0.46 0.65

Yearly Pop ( 0.12) ( 0.12) 0.14 0.12 1.13 0.26

Extinction (ε)

Intercept (-1.54) (-1.43) -1.45 1.04 -1.39 0.16

Yearly Temp (-0.68) (-0.49) -0.63 1.30 -0.49 0.63

Yearly Rain ( 0.29) ( 0.21) 0.24 1.05 0.23 0.82

Yearly Pressure ( 0.34) ( 0.18) 0.19 0.90 0.21 0.83

Yearly Wind (-0.36) (-0.23) -0.25 0.77 -0.33 0.74

Yearly Pop ( 0.07) ( 0.06) 0.05 0.12 0.42 0.68

Detection (p)

Intercept (-1.37) (-1.41) -1.46 0.41 -3.56 0.00

lhours ( 0.16) ( 0.14) 0.15 0.24 0.62 0.53

lhours2 ( 0.02) ( 0.03) 0.02 0.13 0.17 0.86

ltotspp ( 0.00) ( 0.04) 0.06 0.25 0.25 0.80

Yearly NDVI (-0.18) (-0.19) -0.19 0.24 -0.80 0.42

SeasonSpring (-0.02) (-0.03) -0.02 0.54 -0.05 0.96

SeasonSummer (-0.03) (-0.02) -0.03 0.49 -0.06 0.95

SeasonWinter (-0.04) (-0.05) -0.03 0.53 -0.07 0.95

Table 4.15: Mallard parameter estimates for structures capped at 10

The initial occupancy of the Mallard was estimated for the year 2010, representing the

first study season, and where the static model (Table 4.6) indicated that the covariates

fitted to the occupancy parameter were all significant, the dynamic counterpart suggests

that none of the fitted covariates are significant in the estimation of the Mallard’s initial

occupancy probability. This is to be expected, based on the goodness-of-fit results (Table

4.14), as the estimated standard errors were adjusted by a factor of 34.77 to account for

the overdispersion present in the data.

Similarly, the covariates used to estimate the detection probability are all statistically
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insignificant, with the estimated p-values ranging from 0.42 to 0.95. Little can be gleaned

from these coefficients due to the model’s poor fit, and the coefficients do not markedly

vary between the data structures since the maximum length of the detection history is the

same.

Analysis of these results in conjunction with Table 4.12 implies that, whether or not the

fitted model provides a reasonably adequate (Myna) or markedly poor fit (Mallard) to the

data, the effect of increasing the number of total sites visited each season does not affect

the detection probability when the maximum length of the detection history is relatively

small and kept constant.

The results of the colonization and extinction parameters indicate that, after the necessary

adjustment to the standard errors, none of the fitted covariates are statistically significant.

The coefficients of the three data structures are almost identical and (by scrutinising these

results in conjunction with Table 4.12) a conservative conclusion would be that, regardless

of the model’s goodness-of-fit, there is little variation in the estimated coefficients when

the detection histories are of the same length and the total number of surveyed sites is

altered.

Although the covariates are all insignificant, the signs of these coefficients (with the excep-

tion of Yearly Pop) oppose one another depending on whether they are used to estimate

the colonization or extinction probability. These estimates depict the same pattern ob-

served in the Myna’s dynamic model for almost all effects and could possibly suggest that,

as seen from the results of the significant vital rate parameters of Table 4.12, the measured

covariates are able to account for variability in the Mallard’s range dynamics but there is

another unseen fundamental problem with the study design that prevents the model from

providing an adequate fit to the data.

Some conservative inference can be made regarding the range dynamics by consulting the

fitted relationships of the vital rate parameters provided by Figure 4.13. It is apparent

that the probability lines are flat, and increases in the annual temperature (Yearly Temp),

precipitation (Yearly Rain), pressure (Yearly Pressure) or wind speed (Yearly Wind)

variables will have no effect on the colonization probability at a site. By contrast, an

increase in Yearly Temp or Yearly Wind will decrease the probability of extinction and

increases in either of Yearly Rain or Yearly Pressure result in an increased probability

of extinction at a site.
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(a) Colonization (Temperature) (b) Extinction (Temperature)

(c) Colonization (Precipitation) (d) Extinction (Precipitation)

(e) Colonization (Pressure) (f) Extinction (Pressure)

(g) Colonization (Wind)
(h) Extinction (Wind)

(i) Colonization (Population)
(j) Extinction (Population)

Figure 4.13: Fitted relationships of dynamic occupancy vital rates: Mallard
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The equations for the vital rate parameters corresponding to the A10 data structure can

be mathematically expressed as:

logit (γit−1) =− 4.65 + 0.13 (Yearly Tempit) + 0.13 (Yearly Rainit)

− 0.46 (Yearly Pressureit) + 0.37 (Yearly Windit)

+ 0.14 (Yearly Popit)

(4.7)

logit (ϵit−1) =− 1.45− 0.63 (Yearly Tempit) + 0.24 (Yearly Rainit)

+ 0.19 (Yearly Pressureit)− 0.25 (Yearly Windit)

+ 0.05 (Yearly Popit)

for i = 1, 2, . . . , 7041

t = 2, 3, . . . , 10.

(4.8)

Investigation of how the precision of the estimate is influenced by an alteration to the

number of sites included in the study, when the maximum length of the detection history

is set to 10, is provided by Figure 4.14.

Figure 4.14: Precision of the estimate (Mallard)
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Similar to the case of the Myna (Figure 4.11), this graphic shows the (logit) standard

errors of every covariate used in the estimation of the four model parameters whereby

the index of 1-9, 10-15, 16-21 and 22-29 represent the covariates used to estimate the

initial occupancy (ψ1), colonization (γ), local extinction (ε) and detection parameter (p),

respectively.

The trend observed within these standard errors across each estimated parameter indicates

that the precision of the estimate is higher when the number of sites included in the study

is decreased. This is the opposite result to what was seen for the Myna and is likely

due to the Mallard’s much higher dispersion parameters corresponding to these three

data structures (16.2, 23.71 and 34.77). The large standard errors observed for all fitted

covariates, especially those used to estimate initial occupancy, support the prior results

which would suggest the dynamic model provides a poor fit to the Mallard data.

The Mallard’s predicted occupancy across the study region over the 10-year period is

provided by Figure 4.15. The figure depicts a slight decrease in the predicted occupancy

over the years, however, it is important to note that the y-axis only ranges from 0-0.1.

Figure 4.15: Mallard’s predicted occupancy for the study period 2010-2019
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A comparison of this plot with the naive occupancy rates provided by Table 4.3 would

suggest that the fitted dynamic model shows a slightly higher (approximately 2%) pre-

dicted occupancy each year in comparison to the naive occupancy rates. Although the

observed trends are slight and arguably negligible the results of Table 4.3 indicate that

the distribution of the Mallard is expanding, but the dynamic model would suggest that

the Mallard’s distribution is slightly contracting during this 10-year period. Since the

predicted occupancy is questionable due to the dynamic model’s markedly poor fit to the

data, and the naive occupancy rates are likely to be inaccurate due to stochastic volatility,

it is difficult to ascertain how the distribution of the Mallard is changing within the study

region during this 10-year period.
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Chapter 5

Summary and Conclusions
The practical objectives of this dissertation were fulfilled through the fitting of static

and dynamic occupancy models to the observed data. The factors which influenced the

occupancy of the Myna (using the static modelling framework) included proximity to urban

environments, atmospheric pressure, pH of the soil, temperature of the surface, tree canopy

heights, wind speeds and rainfall. While the detection probability was influenced by the

number of hours spent actively bird-watching, the total number of other species observed

at the same site (which acts as a proxy for birding expertise or general birding conditions),

the season in which the visit took place, the greenness of a site and the proximity to urban

environments.

Similarly, the static models were indicative that the Mallard’s occupancy was determined

by the pH of the soil, temperature of the surface, rainfall, proximity to urban environ-

ments and access to permanent bodies of water, respectively. While its detectability was

determined by the number of hours spent actively bird-watching, the total number of

other species observed at the same site, the season in which the visit took place and the

greenness of a site.

The results of the dynamic occupancy modelling were indicative that reasonable results

could be obtained for the Myna, but there was likely a fundamental problem with the study

design that inhibited the ability to fit a reasonable model to the observed Mallard data.

The Myna’s range dynamics over the 10-year study period were significantly influenced by

yearly changes at a site in recorded atmospheric pressure, air temperature, rainfall, wind

speeds and measured population. Although the results of the Mallard were insignificant

and not conclusive, conservative inference pertaining to the Mallard’s best fitting dynamic

model suggested that the same yearly-site covariates fitted to the Myna’s best model have

the potential to influence the Mallard’s range dynamics, but the poor fitting model did

not allow for an in-depth evaluation and conclusive inference concerning these results.

The final practical objective concerned the distribution in the target species’ occupancy

over the study period for which the dynamic model predictions of yearly occupancy did

not suggest there was a marked expansion or contraction in either of the invasive species

over the 10-year period in their respective study regions. This is somewhat intuitive since

the time scale at which analysis took place is comparatively negligible when considering

the evolutionary rate at which species spread throughout an area (Du Plessis et al., 1995).
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The theoretical objectives of this study were fulfilled through the fitting of the dynamic

occupancy models. The objectives of interest focused on the potential impact of altering

the imbalanced data structure on the results of the dynamic models, and how the estimated

results changed if these alterations significantly impacted the observed analysis. The

observed results were indicative that increasing the total number of sites included in the

study (thus altering the degree of temporal overlap) had no apparent impact on the final

results, however, an increase in the maximum length of the observed detection histories

played a significant role on the assessment of model fit and the parameter estimates of the

final model. The precision of the model estimates was also influenced by an alteration to

the degree of temporal overlap, for which the inclusion of more surveyed sites in a study

lead to more accurate estimates.

Regardless of the alterations to the data structures, the dynamic modelling framework

did not have the power to identify the cause of the Mallard’s poor model fit, and is

assumed to be influenced by dominant large-scale nomadic movement patterns driven by

rainfall that the framework was unable to accurately model (Measey et al., 2020). Thus,

the final takeaway from this study is that the results of occupancy model’s goodness-

of-fit were greatly influenced by the presence of large-scale nomadic movement patterns

of a species in combination with an ill-defined primary sampling period, the estimated

occupancy probability was empowered by the addition of as many visited sites that the

design will allow, and the length of the seasonal detection histories had a major impact on

the model goodness-of-fit that cannot be ignored during the formation of the study design.

Additionally, when using a large amount of sampling the occupancy models tended to suffer

when modelling a species that was inconspicuous and more rarely sighted, as was observed

in the case of the Mallard.

5.1 Static models

Previous literature pertaining to static occupancy models (MacKenzie et al., 2002) sug-

gested that increasing the number of surveys improves both accuracy and precision of

the estimated occupancy probability, although there is minimal utility in conducting up

to 10 in comparison to five total surveys. Further, the work of MacKenzie et al. (2002,

2006) found that a higher quantity of analysed sites will similarly enhance the estimated

parameter’s estimated accuracy when the fitted model is known to provide a good fit to

the data.

The results pertaining to the simulation study conducted by MacKenzie and Bailey (2004),

as a means of evaluating the power of their procedure in identifying poor model fit, gave

evidence that their approach (implemented in this study) had good power when the number
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of surveys conducted was larger than five. Their simulation study was also able to identify

poor fit caused by the exclusion of an important site-specific detection covariate when the

estimated detection probability was low, however, the procedure was not able to identify

an inadequate model due to heterogeneous occupancy probabilities across sites.

Previous work found that violation of the closure assumption, caused by non-random

(migratory) movement patterns, leads to high bias and inconclusive inference regarding

the factors affecting the estimated parameters (Kendall, 1999). Further, this study found

that these biased estimates will tend to underestimate the occupancy parameter in the

case of emigration and overestimate the parameter in the case of immigration of the target

species.

Since the results pertaining to the dynamic occupancy of the Mallard gave substantial

evidence that the models provided a poor fit to the observed data, it is likely that this

outcome was the consequence of a violation of the closure assumption. This is based

on the recent understanding that the Mallard is a migratory bird in the South African

region (Measey et al., 2020). It is thus reasonable to conclude that the seemingly adequate

results of the static occupancy model pertaining to the Mallard were biased and altogether

inconclusive.

The choice, relating to the static occupancy models, of leaving the length of the detection

histories unconstrained (maximum of 146 at one specific site) was likely an erroneous one,

as the probability of occupancy was guided by these histories and the covariates selected

from this static analysis were then used to estimate the detection and initial occupancy

probabilities when the detection histories were restrained to much shorter lengths. It is

recommended that further research should set the length of seasonal detection histories

to match in both the static and dynamic occupancy modelling frameworks to remove the

concern of potential biases or model selection results caused by differences in the seasonal

detection history length.

5.2 Dynamic models

Myna

The Myna’s dynamic model selection procedure, when the hypothesized models are able

to provide a relatively adequate fit to the data, was not influenced by alterations to the

total number of visited sites or the length of the detection histories. However, the results

suggested that there could possibly be differences in the best selected model when the

number of sites is fewer than 775 and the length of the detection histories is greater than

10. Possible future studies could create an experimental design using less than the number
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of sites studied in the ”Common Sites” data structure to determine at which point the

model selection process is affected by alterations to the length of the detection histories.

The assessment of the Myna’s dynamic occupancy model fit suggested that an increase in

the length of the detection histories from 10 to 50 results in a drastic change to the observed

chi-square statistic and dispersion parameter. Further, depending on the time constraints

of the researcher, the high computational burden of the MacKenzie and Bailey (2004)

parametric bootstrapping technique will result in restricted analysis due to an increase in

the detection history length to 50 seasonal surveys per site.

The analysis of these dynamic models would suggest that the coefficients of the model

estimates do not display marked differences when there is an increase in the number

of visited sites, given the detection histories are restricted to 10. However, based on

the large dispersion parameters corresponding to those data structures with detection

history lengths of 50, it can be inferred that all the estimates would be insignificant, and

the insufficient power to model the variability introduced by increasing the length of the

detection histories would lead to inconclusive results.

Mallard

The Mallard’s dynamic model selection procedure, when the hypothesized models cannot

provide an adequate fit to the data, indicated that the model selection procedure was

unlikely to be affected by an alteration to the total number of sites included in the study.

However, the slight differences in the third to fifth best fitting models for the structures

assuming the same number of sites, but altering the length of the detection histories,

implies that an increase in the length of the detection histories may have the power to

alter the model selection procedure when it is known that none of the hypothesized models

provide an adequate fit to the data.

The assessment of the Mallard’s dynamic model fit suggested that, regardless of increasing

the length of the detection histories from 10 to 50, the observed chi-square statistic and

dispersion parameter imply that the fitted model, regardless of the data structures, did not

provide a reasonable fit to the observed data. Further, after adjusting for the dispersion

parameter, none of the fitted covariates were significant.

There are a few potential reasons which could give rise to the poor model fitting relating

to the Mallard’s observed data. Based on the aforementioned literature (Stephens et al.,

2020), it is highly likely that the closure assumption has been violated due to unmeasured

migration of the Mallard within the specified study season and thus it is probable that

the temporal window used to define a season was erroneous. The assumption of no false
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positives may also have been violated, since the consequence of the Mallard’s hybridisation

with indigenous species makes the identification of purebred Mallards all the more difficult,

especially to the untrained eye (Measey et al., 2020). It is also plausible that a set of

important predictors of Mallard occupancy were omitted from the set of covariates.

The most logical approach to address the bias induced from the violation of the closure

assumption would be to restrict the data to include surveys within the temporal window

when it is known that the availability of the target species is uninterrupted (such as

within a breeding season) (MacKenzie et al., 2006). Alternatively, a different approach

would be to implement the suggestions of Kendall (1999), which state that the survey

data can be pooled into two surveys per season and subsequently modelled with survey-

specific detection probabilities. A potential avenue of recourse for the problem of species

misidentification would be to train the citizen scientists to detect harder to observe species.

In addition to the above avenues of recourse, a general recommendation, especially for

the case of citizen science data using a grid-based design, is that future studies should

implement spatial occupancy models as a means of accounting for intuitive correlation

between neighbouring pentads (Johnson et al., 2013).

This dissertation has emphasized the important decisions that need to be made pertaining

to the design of an occupancy study, specifically for studies which utilise citizen science

data. The consequences of an ill-fitting model based on a poor design has been observed

and discussed and has brought to the fore the difficulties of conducting an occupancy anal-

ysis on a migratory avian species as opposed to their sedentary counterpart. MacKenzie

et al. (2003) suggested that the dynamic model’s ability to estimate all relevant parameters

precisely and accurately was improved when the number of sites, seasons, surveys within

a season and detection probability within a survey were increased. This dissertation has

presented results which support the claim that an increase in the quantity of sites will im-

prove the model estimates, however, caution must be exercised when increasing the length

of the detection histories and should generally be kept to 10 repeated visits to a given site

within the study window.
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Appendix A

Data collection and extraction

supplement
Catalogue
(Years)

Variable Units Description

TerraClimate
(1958-2020)

Avg.Temp ◦ C Average air temperature 1

AET mm Actual evapotranspiration
Precipitation mm Precipitation accumulation
Soil.Moisture mm Soil moisture
Wind.Speed m/s Wind speed

GCOM
(2018-2021)

SurfaceTemp K Temperature of land surface

USGS
(2010)

Elevation m Height above sea level

NASA/JPL
(2005)

TreeCanopy m Tree heights

Copernicus
(2015, 2019)

Urban Cover %
Percent of pentad classified

as urban land cover

Permanent Water %
Percent of pentad classified
as permanent water cover

Seasonal Water %
Percent of pentad classified
as seasonal water cover

GLDAS
(2000-2022)

Pressure Pa Atmospheric pressure

iSDA
(2001-2016)

SoilPH pH pH of the soil

NOAA
(1981-2022)

NDVI Index Normalized difference vegetation index

GPWv411
(2010, 2015)

Population.Density km2 Number of persons
per square kilometre

WorldPop
(2000-2020)

Population Count
Estimated number of people
residing in each grid cell

Table A.1: Summary of extracted covariates and the catalogues from which they were
acquired

1This variable was derived from summing and averaging the minimum and maximum air temperatures
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https://developers.google.com/earth-engine/datasets/catalog/IDAHO_EPSCOR_TERRACLIMATE?hl=en
https://developers.google.com/earth-engine/datasets/catalog/JAXA_GCOM-C_L3_LAND_LST_V2?hl=en
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Data collection and extraction supplement

(a) Myna (2013) (b) Mallard (2013)

(c) Myna (2016) (d) Mallard (2016)

(e) Myna (2019) (f) Mallard (2019)

Figure A.1: Presence/absence data for the invasive species in 2013, 2016 & 2019
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Data collection and extraction supplement

Data Cleaner algorithm

1.
Extract the presence/absence data for the target species for the whole of
South Africa in a particular year.

2. Remove submitted cards with no hours spent actively bird watching.
3. Correct for erroneous records within the total hours variable.
4. Correct for erroneous records within the total species variable.
5. Import the relevant year-specific environmental data.

6.
Standardize the environmental data to remove problems with regard to
measurement scale.

7. Extract environmental data for provinces of interest.

8.
Remove pentads from presence/absence data that fall outside of the region
of interest.

9. Convert total hours and total species variables to their logarithmic form.
10. Create Julian date variable.

11.
Create a categorical variable called Season using meteorological date of
observation.

12. Scale the observation-level covariates.

13.
Join the environmental, observational and presence/absence data to create
the structure needed to conduct occupancy analysis.

Table A.2: Guide to the data cleaning algorithm
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Appendix B

Supplementary Results

(a) Elevation (2010) (b) NDVI (2010)

(c) Permanent Water (2015) (d) Population.Density (2010)

(e) Pressure (2010) (f) Wind.Speed (2010)

Figure B.1: Additional environmental covariates
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Supplementary Results

Figure B.2: Correlation plot for the 2019 environmental covariates for which the filled
proportion of the pie charts denote the absolute correlation coefficient between 0 and 1.
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Structure Hypothesis K QAIC ∆QAIC QAICWt

Common10

Env.Clim.Urban 39 16706.20 0.00 0.96

Clim.Urban.Wind 35 16712.35 6.16 0.04

Clim.Urban 33 16759.93 53.73 0.00

Humid.Urban 29 16772.29 66.09 0.00

Positive 31 16774.60 68.40 0.00

Intermediate10

Env.Clim.Urban 39 25702.33 0.00 1.00

Clim.Urban.Wind 35 25726.19 23.86 0.00

Clim.Urban 33 25767.17 64.84 0.00

Humid.Urban 29 25810.49 108.16 0.00

Positive 31 25839.61 137.28 0.00

All10

Env.Clim.Urban 39 31709.22 0.00 1.00

Clim.Urban.Wind 35 31743.00 33.77 0.00

Clim.Urban 33 31772.61 63.39 0.00

Humid.Urban 29 31861.16 151.93 0.00

Positive 31 31880.69 171.47 0.00

Table B.1: Updated dynamic occupancy model selection procedure: Myna

3

3The updated model selection procedure could only be run for the Myna since the dispersion estimates

were considered too large (> 4) to run by the AICcmodavg package.
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